
International Journal of Research in Marketing 36 (2019) 385–399

Contents lists available at ScienceDirect

IJRM
International Journal of Research in Marketing

j ourna l homepage: www.e lsev ie r .com/ locate / i j resmar

s
o
u
r
c
e
:
 
h
t
t
p
s
:
/
/
d
o
i
.
o
r
g
/
1
0
.
2
4
4
5
1
/
a
r
b
o
r
.
1
8
8
7
1
 
|
 
d
o
w
n
l
o
a
d
e
d
:
 
2
4
.
4
.
2
0
2
4

Full Length Article
Making a first impression as a start-up: Strategies to overcome
low initial trust perceptions in digital innovation adoption
Elisa Konya-Baumbach a,⁎, Monika C. Schuhmacher b, Sabine Kuester a, Victoria Kuharev b

a University of Mannheim, 68131 Mannheim, Germany
b Justus-Liebig-University Giessen, 35394 Giessen, Germany
a r t i c l e i n f o
⁎ Corresponding author.
E-mail addresses: konya-baumbach@bwl.uni-mannh

kuester@bwl.uni-mannheim.de, (S. Kuester), victoria.ku

https://doi.org/10.1016/j.ijresmar.2019.01.008
0167-8116/© 2019 Elsevier B.V. All rights reserved.
a b s t r a c t
Article history:
First received on February 7, 2018 and was
under review for 4 months
Available online 10 February 2019
High failure rates of digital innovations by start-ups indicate that consumers' initial trust percep-
tions are make-or-break for their survival. Hence, start-ups have to design adequate business
models to manage consumers' initial trust perceptions of digital innovations. Five experiments
explore how start-ups can signal trustworthiness in order to overcome low initial trust percep-
tions and boost adoption. We find three specific design strategies of start-ups' digital business
models – customer ratings, benefit communication, and revenue model – to be effective to over-
come low initial trust perceptions and to increase adoption of digital innovations. The findings
demonstrate that initial trust serves as a critical mediator in the relationship between these de-
sign strategies and consumers' adoption intentions. Additionally, the chosen revenue model has
differential effects on privacy concerns, which mediate the relationship between revenue model
and initial trust. The present empirical insights help start-ups to craft businessmodel design strat-
egies for successful digital innovation launch.
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1. Introduction

Increasingly, companies focus on developing and launching digital innovations (DIs) (Huang & Rust, 2013). DIs are Internet-
enabled service innovations (Dotzel, Shankar, & Berry, 2013), such as the online cloud-service Dropbox at the time of its market
introduction in 2008, which revolutionized the established file storage industry. DIs can change the way people live, work, and
communicate (Higgins, 2015). Recent research even indicates that these digital advancements create notable gains in consumer
welfare, which traditional accounts of economic activities do not seem to capture (Brynjolfsson, Eggers, & Gannamaneni, 2018).
As DIs are drivers of future economic success, researchers call for research on consumers' acceptance of DIs (Kannan & Li, 2017;
Kuester, Konya-Baumbach, & Schuhmacher, 2018; Kunz & Hogreve, 2011). Start-ups have become especially important in
launching DIs but more than 90% of these endeavors fail (Marmer et al., 2011). This failure rate indicates that start-ups seldom
get a second chance to make a first impression but also makes successful DIs by start-ups notable.

Ultimately, the success of an innovation depends on consumers adopting it (Hauser, Tellis, & Griffin, 2006). At the same time,
achieving a high level of DI acceptance is challenging for companies (Prins, Verhoef, & Franses, 2009). Whether consumers even-
tually adopt a DI largely depends on their first impression of the DI's trustworthiness. Uncertainty generally surrounds innovations
(Meuter, Ostrom, Roundtree, & Bitner, 2000) and this uncertainty is even more pronounced in case of DIs due to their digital na-
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ture (Coulter & Coulter, 2003; Featherman & Pavlou, 2003). This uncertainty may find expression in privacy concerns, fear of per-
sonal data misuse, and in doubts regarding performance of DIs (Featherman & Pavlou, 2003; Meuter et al., 2000). Consumers' un-
familiarity with the launching company further aggravates these conditions (McKnight, Choudhury, & Kacmar, 2002) as in the case
when the DI is launched by a start-up.

The initial touchpoint in a consumer's journey represents a critical stage with regard to consumer perceptions (Lemon & Verhoef,
2016). Nevertheless, research about consumers' initial perceptions of DIs – especially initial trust perceptions – is scant. Prior research
indicates that trust may help to resolve perceptions of uncertainty (Ha & Stoel, 2009; Morrison & Firmstone, 2000; Nienaber &
Schewe, 2014). This finding also holds true for services (Coulter & Coulter, 2003) and in the digital environment (Kannan & Li,
2017). In fact, some researchers found evidence for a general positive influence of trust on the use of electronic services (Beldad,
De Jong, & Steehouder, 2010) and e-commerce (Ha & Stoel, 2009; McKnight et al., 2002; Morrison & Firmstone, 2000; Nienaber &
Schewe, 2014).

However, in case of an unknown product, such as a DI by an unknown start-up, prior customer experiences do not exist.
McKnight et al. (2002, p. 335), define trust in an “unfamiliar trustee”, with whom consumers have had no prior experience,
as initial trust. Initial trust may constitute a valuable piece of information in the otherwise information-poor adoption decision
setting. In this setting, start-ups face the challenge to evoke initial trust for their DIs in order to boost consumer adoption.
Based on signaling theory (Spence, 1973), this study proposes that start-ups can signal trustworthiness via specific business
model design strategies when launching DIs.

Empirical evidence obtained in the context of e-commerce suggests that consumers use any information available to form
initial trust about an unknown e-vendor (McKnight et al., 2002; Schlosser, White, & Lloyd, 2006). In the case of a DI by an
unknown start-up, consumers have no prior experience and lack comprehensive information. So far, there is no research on the
creation of consumers' initial trust in the context of DIs by start-ups. Our research addresses this deficiency by investigating
how to overcome low initial trust perceptions to boost adoption of DIs.

Due to the digitalization, we observe a rise of new forms of business models. Especially start-ups launching DIs make use of
specific design strategies for business models. In their explorative study, Kuester et al. (2018) investigate go-to-market strategies
for DIs of start-ups. They propose trust to serve as a mediator in the relationship between the DI's signals of trustworthiness, in-
cluding customer ratings and payment modalities, and DI adoption. For example, Google's or Facebook's revenue model is based
on consumers ‘paying’ services with their personal data. But little is known about whether and how these business model design
strategies are able to overcome the low initial trust perceptions of start-ups' DIs. By investigating the influence of different design
strategies for digital business models on initial trust perceptions we close this research gap.

The present work provides valuable contributions to the extant literature. First, this study extends adoption research to the
growing field of DIs. Specifically, this study contributes to research on adoption of start-ups' DIs (Kuester et al., 2018) by showing
the necessity of overcoming consumers' low initial trust perceptions for successful commercialization of DIs by start-ups. Second,
the present findings expand current knowledge on the role of trust in the online context (Schlosser et al., 2006). The insights high-
light the importance of initial trust perceptions in the go-to-market strategies–adoption relation. Specifically, the findings establish
initial trust as a critical mediator in the relationship between design strategies of digital business models functioning as signals and
adoption intentions. Finally, our work contributes to the effectiveness of the design of digital business models by illustrating that
start-ups are able to overcome low initial trust perceptions regarding their DIs with the targeted use of specific strategies. Using
signaling theoretical reasoning, we test the effectiveness of different business model design strategies as signals of trustworthiness:
customer ratings, benefit communication, and revenue model.

2. Adoption of digital innovations

Research on innovation adoption has long been established in the field of marketing (e.g., Taylor & Todd, 1995; for an
overview, see Arts, Frambach, & Bijmolt, 2011). However, adoption research has not kept pace with digitalization. Most adoption
studies focus on researching product innovations (Feiereisen, Wong, & Broderick, 2013; Müller-Stewens, Schlager, Häubl, &
Herrmann, 2017). Other studies are concerned with service innovations (Prins et al., 2009), with very little research pertaining
to digital services (Ha & Stoel, 2009) or specifically accounting for the role of trust (Nienaber & Schewe, 2014). Research on the
adoption of DIs and the design of effective digital business models in this regard is scarce. Although the adoption and commercial-
ization of DIs is a genuine consumer research and marketing topic, research on DIs mainly originates in information systems
(Featherman & Pavlou, 2003; Hampton-Sosa, 2017). Only a few studies derive recommendations for the commercialization of
digital products (Talke & Snelders, 2013) or digital services (Prins & Verhoef, 2007). Although more and more start-ups are
launching DIs (Marmer et al., 2011), researchers have neglected the special context of DI adoption by an unknown company, as
represented by a start-up.

Our study embraces a multidisciplinary vantage point and bridges the gap between marketing and information systems by
exploring how start-ups can overcome low initial trust perceptions of their DIs. Reviewing relevant literature in these fields,
Table 1 depicts quantitative studies on the adoption of (digital) innovations and shows how the present study contributes to
the existing body of adoption research.

Although the use of innovative digital business models is increasing, especially by start-ups, research on go-to-market strategies
for DIs is largely lacking. As an exception, Kuester et al. (2018) investigate go-to-market strategies for DIs of start-ups but point out
that there is no “[...] study that explores the marketing mix components of EIs [e-innovations] or of innovations launched by start-
ups” (Kuester et al., 2018, p. 67). Furthermore, the majority of studies that investigate the launch of innovations focuses on



Table 1
Selected studies on quantitative adoption research.

Selected studies Research
field

Focus Innovation
context?

Focus on
digital?

Including
trust?

Start-up
context?

On design of digital
business model
components?

Karahanna, Straub, & Chervany, 1999, MISQ
Yu, Lin, & Liao, 2017, CHB

Information
systems

Information
technology

No Yes No No No

Hoeffler, 2003, JMR
Wood & Moreau, 2006, JM
Herzenstein, Posavac, & Brakus, 2007, JMR
Castaño, Sujan, Kacker, & Sujan, 2008, JMR
Alexander, Lynch Jr., & Wang, 2008, JMR
Feiereisen et al., 2013, JPIM
Kuester, Feurer, Schuhmacher, & Reinartz, 2015, IJRM
Müller-Stewens et al., 2017, JM
Schuhmacher, Kuester, & Hultink, 2018, JPIM

Marketing Products Yes No No No No

Krieger et al., 2003, JSM
Prins et al.2009, IJRM

Marketing Services Yes No No No No

Nienaber & Schewe, 2014, IJIM Marketing Services Yes No Yes No No
Parry & Kawakami, 2015, JPIM Marketing Products Yes Yes No No No
Meuter et al., 2005, JM Marketing Services Yes Yes No No No
Featherman & Pavlou, 2003, IJH-CS
Hampton-Sosa, 2017, CHB

Information
systems

Services Yes Yes No No No

Talke & Snelders, 2013, JPIM Marketing Products Yes Yes No No Promotion
Prins & Verhoef, 2007, JM Marketing Services Yes Yes No No Promotion
Ha & Stoel, 2009, JBR Marketing Services Yes Yes Yes No No
Pavlou & Fygenson, 2006, MISQ Information

systems
Services Yes Yes Yes No No

Present study Marketing Services Yes Yes Yes Yes Promotion
Revenue model
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promotion (Fruchter & Van den Bulte, 2011; Hariharan, Talukdar, & Kwon, 2015; Le Nagard-Assayag & Manceau, 2001) or pricing
(Kuester et al., 2015; Park, MacLachlan, & Love, 2011).

3. Signaling trustworthiness

The present study draws on signaling theory (Spence, 1973) to explore how start-ups can overcome consumers' low initial
trust perceptions of their DIs. Signaling theory describes how a signal sender and receiver may behave in a situation of asymmetric
information. Signal senders are better informed than outsiders about an individual (Spence, 1973) or an organization (Ross, 1977).
These insiders may communicate their information to other parties in the form of a signal (Connelly, Ireland, & Reutzel, 2011). To
be effective, signals need to be observable to outsiders and costly to the effect that obtaining the signal is more expensive for low
than for high quality actors (Connelly et al., 2011; Spence, 1973). Signal receivers may then interpret signals to draw conclusions,
for example, about the expected quality of the signal sending individual (Spence, 1973) or company (Ross, 1977). As a result, sig-
nal receivers are able to gain information so that information asymmetries between signal sender and receiver decrease.

Based on this logic, there are two main mechanisms to reduce information asymmetries between start-ups offering DIs and
potential customers. On the one hand, start-ups can actively provide information to consumers by sending specific signals
(Kuester et al., 2018). Start-ups may send these signals to indicate quality (Schuhmacher et al., 2018) or trustworthiness of
their DIs (Kuester et al., 2018). Such signals can reduce perceived information asymmetry, which in turn reduces uncertainty, to
favorably impact innovation adoption (Kuester et al., 2018). On the other hand, consumers can actively search for signals to reduce
their uncertainty accruing from information disadvantages with regard to a start-up's DI in their adoption decision. For example, in
e-commerce consumers look for and use any information available to form initial trust perceptions about an unknown e-vendor
(McKnight et al., 2002; Schlosser et al., 2006). Consequently, the receiver interprets the signal to make a decision based on the
information obtained from the signal.

In the following, we apply signaling theory to explain how start-ups launching DIs can use design strategies of digital business
models to signal trustworthiness. Start-ups can mitigate information asymmetries that exist at the time of a DI's launch, thereby
enhancing initial trust perceptions and, ultimately, adoption. Whereas start-ups know the true quality of their DI, consumers may
not. In fact, DIs by start-ups imply high levels of uncertainty for consumers because of the DIs' digital nature (Coulter & Coulter,
2003; Featherman & Pavlou, 2003), complexity or (in)compatibility (Boulding & Kirmani, 1993; Rogers, 2003), novelty (Meuter
et al., 2000), intangibility (Huang & Rust, 2013), and due to perceived liabilities of start-ups (Baum & Silverman, 2004;
Huyghebaert & van de Gucht, 2007). Regarding consumers' decision-making process with regard to DIs, signals may serve as heu-
ristic cues that help consumers to make inferences about the respective DI.

Kuester et al. (2018) argue that several signals can indicate trustworthiness such as revealing the DI's origin, ensuring personal
data safety, or stressing customer referrals. The present study specifically investigates customer ratings, revenue model, and benefit
communication regarding their effectiveness in serving as trustworthiness signals. Initial trust perceptions induce behavioral
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Fig. 1. Organizational framework.
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reactions of consumers such as purchase behavior (e.g., McKnight et al., 2002) and adoption intention which refers to a
“consumer's expressed desire to purchase a new product in the near future “(Arts et al., 2011, p.135). Based on previous findings
on trust in general (Wu et al., 2011), we argue that the higher the initial trust perception the higher the adoption intention for a
DI by a start-up. Fig. 1 provides an overview of the organizational framework of all studies.

4. The influence of customer ratings on initial trust perceptions

In Study 1, we investigate the effectiveness of customer ratings to overcome low initial trust. First, we are interested in whether
the number of available favorable customer ratings impacts perceived initial trust, and in turn, adoption intention. In this regard,
we compare the effect of having a low number versus a high number of positive customer ratings (Study 1a). Second, we explore
the impact of the (positive) valence of customer ratings (Study 1b).

4.1. Study 1a: The impact of the number of available positive customer ratings

Given the specific context of DIs by start-ups, we propose positive customer ratings as a signal to communicate trustworthiness.
Customer ratings are used to signal the quality of a company and/or product (Dellarocas, 2006). De Langhe, Fernbach, and
Lichtenstein (2016) found consumers to use the average rating but also the number of ratings as direct quality cues. We argue that
the number of positive customer ratings can serve as an effective trustworthiness signal for start-ups' DIs. Applying signaling theory
logic (Connelly et al., 2011; Spence, 1973), a small number of positive customer ratings is less costly for both start-ups offering low
quality or high quality DIs. Thus, signaling trustworthiness via a small number of positive customer ratings will be less effective
and unlikely to favorably impact low initial trust. In contrast, start-ups offering high quality DIswill automatically receive a high num-
ber of positive customer ratings over time. Hence, by showing a high number compared to a low number of positive customer ratings,
start-ups are better able to signal the trustworthiness of their DIs. We hypothesize:

Hypothesis 1. A DI by a start-up with a high number of positive customer ratings leads to higher initial trust perceptions than a
DI by a start-up with a small number of positive customer ratings, ultimately resulting in higher adoption intentions.

4.1.1. Method

4.1.1.1. Participants and design. Augmented reality (AR) is often a central application of DIs, specifically for start-ups (Soldamatic,
2017). For the purpose of this study, we thus chose an AR-based city guide developed by a start-up and available for three inter-
national cities. The DI was not available for any major European city at the time of the study, making it unlikely that participants
knew the guide, which we coined CityTour AR. For our experiment, we used the design of the available app modifying its name
and visuals. We recruited participants via a European online consumer panel and randomly assigned them to the 2 (number of
positive customer ratings: low vs. high) × 1 between-subjects factorial design. We obtained 212 completed questionnaires.
Following Buchanan and Scofield (2018), we used the character reading limit to estimate reading time and measured time
spent on filling out the survey to detect speeders (Mason & Suri, 2012). Excluding 38 speeders from our data resulted in a final
sample of 174 participants (51.1% female, average age: 47.9 years) allocated equally across cell sizes.

4.1.1.2. Procedure.We asked all participants to imagine that their next trip would be a city trip and while preparing for the trip they
were searching on the Internet for a digital, app-based city guide. Further, they were asked to imagine that they would go to their

Image of Fig. 1
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app store to search for suitable city guides. We then highlighted one search result: an innovative digital, AR-based city guide called
CityTour AR. We informed the participants that CityTour AR was the first product by the start-up CityTour explaining that the app
offered the visualization of city tours using AR. We further instructed the participants to read the app store description of CityTour
AR. We implemented the customer rating manipulation into the visualization of CityTour AR in a way typical for an app store. In
both conditions, the participants saw an overall positive, average customer rating score of 4.5 stars for CityTour AR. We selected the
score of 4.5 based on the ratings of other city tour apps. Furthermore, in the condition ‘low number of customer ratings’, the par-
ticipants learned that so far two people had rated the CityTour AR app. In the condition ‘high number of customer ratings’, partic-
ipants were informed that the score was an average of 8786 customer ratings. Prior to this manipulation, we checked average low
numbers and high numbers of similar apps already available in the market.

After exposure to the app store description of CityTour AR, the participants completed four 7-point items measuring consumers'
intention to adopt the DI (adapted from Castaño et al., 2008) and rated their initial trust in CityTour AR (adapted from Sekhon,
Ennew, Kharouf & Devlin 2014; see Appendix A for the measurements). Further, participants completed manipulation checks regard-
ing the customer ratings using a 7-point scale (1 = “disagree strongly” and 7 = “agree strongly”). Participants evaluated control var-
iables and provided sociodemographic information. After completing the questionnaire, we thanked and dismissed the participants.

4.1.2. Results

4.1.2.1. Manipulation check. CityTour AR was perceived to be new (M = 4.72). As intended, participants in the low number of
customer ratings condition indicated that fewer users had rated the app (M = 4.83) compared to participants in the high number
condition (M = 3.59; F = 30.016, p b .001). Further, participants understood that CityTour AR is the first product by the start-up
CityTour (M= 5.40), indicated the customer ratings as positive (M= 4.79), the DI (M= 5.07) and its launch as realistic (M= 5.09),
and that they were not familiar with the app (M = 1.29).

4.1.2.2. Main result. An ANOVA shows no significant effect of the number of positive customer ratings on initial trust perceptions
(MLowNumber = 4.25; MHighNumber = 4.31; F (1, 172) = 0.072, p N .05). An ANCOVA with the covariates perceived usefulness
(“Overall, I think CityTour AR is useful.”) and product category relevance (“Online services are relevant for me.”) yielded the
same pattern of results, (F (1,172) = 0.154, p N .05). Thus, we do not find support for H1.

Researchers have shown that trust perceptions positively affect purchase intentions in various contexts (Büttner & Göritz,
2008; Schlosser et al., 2006). As hypothesized, we expect the number of positive customer ratings to influence adoption intentions
via perceived initial trust. Accounting again for the two control variables, we examined this mediation by carrying out a mediation
analysis using the bootstrap test (5000 resamples) by Preacher and Hayes (2004). In line with our H1, we find a significant, pos-
itive impact of initial trust perception on adoption intention (b = 0.490; p b .001) (see Table 2). Consistent with our previous
results, the overall indirect path from customer ratings to adoption intention through initial trust is not significant (b = 0.034)
with a 95% confidence interval including zero [−0.147; 0.195]. Holding initial trust constant, the direct path between customer
ratings and adoption intention is also not significant (b= −0.037; [−0.362; 0.289]; p N .05). The number of positive customer ratings
has no impact on adoption intention, neither directly nor indirectly via perceived initial trust.

4.2. Study 1b: Valence of customer ratings

In light of these results, we propose that being able to show positive customer ratings – independent of the number of ratings
– increases initial trust perceptions compared to not being able to show any customer ratings at all. In other words, signaling
customer ratings does not seem to depend on the number of available ratings, but possibly on the positive valence of these ratings.
Therefore, we aim to test the notion that communicating positive customer ratings as compared to communicating no customer
rating helps to overcome low initial trust perceptions.

4.2.1. Method

4.2.1.1. Participants and procedure. For this follow-up study, we chose the same AR-based city guide app as in the main experiment,
CityTour AR by the start-up CityTour. All else being equal, this time the participants could not see any customer ratings in the
Table 2
Mediation model for the effect of number of positive customer ratings (NCR) on adoption intention (AI) through perceived initial trust (PIT).

Regression analysis Bootstrap analysisa

Effect b t p Indirect effect 95% CI

NCRb ➔ PIT 0.069 0.392 0.696 0.034 −0.147 0.195
PIT ➔ AIc 0.490 6.805 0.000
NCR ➔ AI −0.037 −0.221 0.825

a Based on 5000 bootstrap resamples.
b Dummy-coded (0 = low number of customer ratings, 1 = high number of customer ratings).
c R2 = 0.638; we further controlled for perceived usefulness and product category relevance.
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visualization of the app. Again, we recruited participants via a European online consumer panel. After exposure to the app
store description of CityTour AR, the participants completed the same questionnaire as in the main experiment (see Appendix A
for measurements). Overall, we recruited 101 participants. Following the same procedure as in the main study, we excluded 11
speeders from further analysis, resulting in an additional sample of 90 participants (37.8% female, average age: 48.5 years).

4.2.2. Results

4.2.2.1. Manipulation check. As intended, the participants in the no customer ratings condition indicated that less users had rated
the app compared to participants in the customer ratings condition (F = 5.375, p b .05). Further, participants understood that
CityTour AR is the first product by the start-up CityTour (M = 5.41) and indicated its launch as realistic (M = 5.14) and that
they were not familiar with the app (M = 1.27).

4.2.2.2. Main result. An ANCOVA including the two covariates product category relevance and perceived usefulness shows a signif-
icant impact of providing positive customer ratings compared to having no customer ratings at all (MNoRatings = 3.87; MRatings =
4.28, F = 4.973, p b .05). The impact of initial trust on adoption intention remains positive (b = 0.434) and significant (p b .001)
in the mediation analysis (Preacher & Hayes, 2004) (see Table 3). The indirect path from customer ratings to adoption intention
via initial trust is significant (b = 0.170) with a 95% confidence interval excluding zero [0.047; 0.310]. Holding initial trust
constant, the direct path between customer ratings and adoption intention is not significant (b = −0.201; [−0.500; 0.067],
p N .05), providing evidence for an indirect only (i.e., full) mediation (Zhao, Lynch, & Chen, 2010).

4.3. Discussion

Contrary to both our expectation and prior research (De Langhe et al., 2016), the number of positive customer ratings is a
design strategy of a digital business model that affects neither consumers' perceived initial trust nor their adoption intention. In
fact, consumers seem to weigh the average positive rating more heavily than the actual number of ratings (De Langhe et al.,
2016). Thus, showing positive customer ratings, independent of the number of available ratings, turns out to be an effective signal
to communicate trustworthiness of a start-up's DI, ultimately boosting adoption intention. We demonstrate that the strategy of
showing positive customer ratings compared to not providing customer ratings at all does not directly, but indirectly influence
adoption intentions via initial trust perceptions.

5. Study 2: The influence of benefit communication on initial trust perceptions

Research has highlighted message content in communications as a signal driving innovation adoption (Schuhmacher et al.,
2018; Talke & Snelders, 2013). Following this notion, we propose that the design of the message content can be a signal to com-
municate the trustworthiness of a start-up's DI. The extant literature identified different types of message content when introduc-
ing innovations (Lee, Yin, Wong, & Calantone, 2011), one of them being benefit-based message content. Benefit-based ads express
the subjective and symbolic benefits of a product and can demonstrate fit with consumer needs. Several studies show the effec-
tiveness of benefit-based message content over other message content types (e.g., Lee & O'Connor, 2003; Talke & Snelders, 2013).
For example, Lee and O'Connor (2003) find that communicating innovation benefits to consumers is an effective signal for per-
suading consumers to abandon the old technology. However, research has neither distinguished the signaling value of different
types of benefits nor explored their effectiveness when signaling trustworthiness.

Following the notion of Lee and O'Connor (2003), for start-ups' DIs the digitalization of a former offline service may represent
a new technology. Thus, when communicating the benefit of the DI, start-ups can signal to consumers that the DI is beneficial be-
cause of its digital nature and emphasize aspects such as transparency, speed, or simplicity as genuine digital benefits. This way,
start-ups aim to persuade consumers to abandon the offline services and turn to the DI. For example, the digital nature of AirBnB
allows the guest to connect to the local host even prior to a trip, a potential benefit to be used when launching AirBnB. Commu-
nicating such digital benefits can evoke positive customer experiences.

However, Kuester et al. (2018) propose that start-ups should specifically emphasize the origin of their innovation to signal a
DI's trustworthiness. With regard to start-ups' DIs, an origin-based benefit could refer to the product category or industry that
Table 3
Mediation model for the effect of existence of positive customer ratings (ECR) on adoption intention (AI) through perceived initial trust (PIT).

Regression analysis Bootstrap analysisa

Effect b t p Indirect effect 95% CI

ECRb CRb ➔ PIT 0.390 2.667 0.008 0.170 0.047 0.310
PIT ➔ AIc 0.434 6.854 0.000
ECR ➔ AI −0.201 −1.328 0.185

a Based on 5000 bootstrap resamples.
b Dummy-coded (0 = no customer ratings, 1 = customer ratings).
c R2 = 0.568; we further controlled for perceived usefulness and product category relevance.
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the DI originates from. Typically, DIs do not create new product categories but rather innovate in existing product categories. For
example, AirBnB originates from the tourism industry, hence, an origin-based benefit to signal trustworthiness for AirBnB could
have been to communicate integrity, a benefit often communicated by hotels.

Again, in the case of a start-up's DI launch consumers face a situation of high uncertainty. We propose that consumers look for
trustworthiness signals, which can communicate the origin of a DI (Kuester et al., 2018). Benefit communication based on the or-
igin of the DI refers to aspects of the innovation consumers are familiar with, which should lead to higher initial trust perceptions.
In contrast, digital benefits refer to the new aspect of the DI based on the fact, that it is of digital nature and, thus, communicating
digital benefits could reinforce the feeling of uncertainty towards a DI from a start-up. Hence, we hypothesize that communication
of an origin-based benefit is more effective in overcoming low initial trust perceptions than that of a digital benefit.

Hypothesis 2. The communication of an origin-based benefit compared to a digital benefit leads to higher initial trust perceptions,
which ultimately results in higher adoption intentions.

5.1. Method

To test H2, we ran a quasi-field experiment in cooperation with an insurance start-up, which we refer to as Insutech to
anonymize the start-up. Insutech is about to launch a DI, which is a smart app to help consumers keeping an overview of their
portfolio of insurance products and to offer consumers new products geared towards their needs using machine learning algo-
rithms. Insutech targets consumers aged 20 to 50. Having recently ensured sufficient financing, the founders of Insutech decided
to run banner ads to promote their smart app. As banner ads provide limited space for content, they decided to communicate
one benefit only. In the realm of the cooperation with Insutech, we set out to investigate the effectiveness of different benefits
in the banner ads.

5.1.1. Pilot
We invited consumers from the targeted age group to join us for an interview to find out about the perceived key benefit of

the smart Insutech app, randomly recruiting 19 participants (53% female, average age 34 years). As we expected, the participants
either focused on benefits that referred to the insurance aspect of the app, i.e., the origin of the app, or to the digital aspect of
the Insutech app. Specifically, the following origin-based benefits came up: safe, trustworthy, personal, and contactable. Of these
benefits, personal was mentioned most often (7). With regard to digital benefits, interviewees mentioned simple, fast, objective,
transparent, flexible with transparent being mentioned most often (11). We also assessed that neither personal was perceived as
a digital benefit nor transparent was perceived as an origin-based benefit. Based on this pilot, we decided to test two specific ben-
efits: 1) personal as an origin-based benefit and 2) transparent as a digital benefit. An advertisement agency designed a banner ad
accordingly.

5.1.2. Participants and design
For the online experiment we used a 2 (benefit: personal vs. transparent) × 1 factorial between-subjects design with 93 indi-

viduals recruited from a European consumer panel (47.3% female, average age: 36.9 years). Detecting speeders as before, we ex-
cluded two participants yielding a final sample of 91 individuals. We randomly assigned the participants to one of the two groups
resulting in nearly equal cell sizes.

5.1.3. Procedure
The study simulated the launch of the smart Insutech app using a mock banner ad. All participants first read the standardized

introductory information before we asked them to imagine the following situation: “Imagine you surf the Internet when the fol-
lowing banner ad for a new, digital app called XYZ (real name disguised due to non-disclosure agreement with Insutech) pops up.
XYZ is a smart insurance broker, which is available as a digital application.” The banner ad showed one sentence at the top, for the
origin-based benefit “Good to know that digital becomes personal.” and for the digital benefit “Good to know that being insured
becomes transparent.” Furthermore, the banner showed a screen shot of a smartphone with the name of the smart Insutech app
and the tagline “the smart insurance specialist” as well as “Check, manage, and optimize your insurances for free”. The banner also
informed that the app is available in the app and play store. The remainder of the questionnaire comprised the same questions as
in Study 1 (see Appendix A for measurements).

5.2. Results

5.2.1. Manipulation check
We again ran manipulation checks using 7-point Likert scale finding that participants acknowledged the smart service as new

(M = 5.00). Participants perceived the service in the personal benefit condition as more personal (MPersonal = 4.86, MTransparent =
3.28, F (1, 89) = 32.123, p b .001) and in the transparent benefit condition as more transparent (MTransparent = 4.62, MPersonal =
3.23, F (1, 89) = 25.898, p b .001). Finally, participants perceived the scenarios to be realistic (M = 4.31) and were not familiar
with the app (M = 1.32).



Table 4
Mediation model for the effect of benefit communication (BC) on adoption intention (AI) through perceived initial trust (PIT).

Regression analysis Bootstrap analysisa

Effect b t p Indirect effect 95% CI

BCb ➔ PIT 1.014 5.122 0.000 0.477 0.142 0.835
PIT ➔ AIc 0.470 3.516 0.001
BC ➔ AI −0.685 −2.431 0.017

a Based on 5000 bootstrap resamples.
b Dummy-coded (0 = digital benefit, 1 = origin-based benefit).
c R2 = 0.476; we further controlled for perceived usefulness and product category relevance.
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5.2.2. Main effect
An ANOVA of participants' initial trust perceptions shows a main effect of the benefit communication in the hypothesized

direction. We find higher initial trust perceptions in the origin-based benefit condition using personal as a benefit (M = 4.37)
than in the digital benefit condition using transparent as a benefit (M = 3.20; F (1, 89) = 32.323, p b .001, partial η2 = 0.268).
Thus, we find support for H2. To check the robustness of our findings, we again conducted an ANCOVA including the two covar-
iates product category relevance and perceived usefulness, supporting the results of the ANOVA.

Furthermore, we expect that origin-based benefit communication implies higher adoption intentions because the signal com-
municated leads to higher perceived initial trust. We examined the proposed relationship by carrying out a mediation analysis
again using the bootstrap test (5000 resamples) (Preacher & Hayes, 2004) (see Table 4). We find a positive (b = 0.470) and sig-
nificant (p b .01) impact of perceived initial trust on adoption intention. In support of the proposed mediation, the overall indirect
path from benefit communication to adoption intention through initial trust is significant and positive (b = 0.477) with a 95%
confidence interval excluding zero [0.142; 0.835]. Holding initial trust constant, the direct path between benefit communication
and adoption intention is significant and negative (b= −0.685; [−1.245;−0.125]), providing evidence for a competitivemediation.
Competitivemediation occurs when both the indirect and the direct effect are significant and have opposing signs (Zhao et al., 2010).

5.3. Discussion

Signaling an origin-based benefit results in higher initial trust perceptions than signaling a digital benefit. More generally,
signaling a benefit that refers to the origin of the product category, such as being personal in our case, increases the initial trust
perception compared to a benefit related to the digitalization of the offline service, such as being transparent in our case. Initial
trust perceptions, in turn, positively effect adoption intentions. Hence, in order to overcome low initial trust perceptions, start-
ups should focus on communicating origin-based benefits. At the same time, communicating a digital benefit directly results in
a slightly higher adoption intention compared to an origin-based benefit. However, not accounting for initial trust perceptions
as a mediator between the communicated benefit type and adoption intention could mislead start-ups in their focus on benefits
in advertising campaigns. Accounting for the strong impact of initial trust perceptions on adoption intentions, start-ups should not
neglect the power of benefits signaling the fundamental advantages of the origin of the digital service. Focusing on the roots of the
product category and thus providing an origin-based benefit can help to overcome low initial trust perceptions of DIs by start-ups,
which then drives consumers' adoption intentions.

6. The influence of the revenue model on initial trust perceptions

Study 3 explores the effectiveness of the revenue model in increasing initial trust perceptions of a start-up's DI. When design-
ing a business model, start-ups can employ different revenue models, including pay-per-use or hidden revenue models
(Gassmann, Frankberger, & Csik, 2014). We refer to the former as monetary revenue model and to the latter as data-based revenue
model. Depending on the revenue model, consumers ‘pay’ for a DI with different currencies. We refer to a monetary revenue
model as a model in which a start-up charges a monetary price and refrains from collecting or selling usage data. In contrast,
we define a data-based revenue model as a model in which a start-up charges no monetary price but collects or sells usage
data. For example, Facebook offers its digital services free of charge while selling usage data to third-party providers. In this
sense, consumers ‘pay’ with their data. We address the question of which of the two revenue models has a greater impact on
perceived initial trust and, ultimately, on adoption intention. In Study 3a, we investigate whether the design strategy of the rev-
enue model impacts perceived initial trust, and in turn, adoption intention. In doing so, we compare the effect of applying a mon-
etary versus a data-based revenue model. In Study 3b, we focus on the role of privacy concerns in the revenue model–initial trust
relationship.

6.1. Study 3a: The impact of the revenue model

Research investigating the signaling value of prices reveals that prices serve a dual role as indicator for both a monetary
sacrifice and quality (Kardes, Cronley, Kellaris, & Posavac, 2004; Suri, Kohli, & Monroe, 2007). The proposed positive link between
price and perceived quality can be explained by the “you get what you pay for” heuristic (Kardes et al., 2004). This heuristic
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reduces consumers' effort associated with judging quality in the absence of quality information (Shah & Oppenheimer, 2008).
Völckner and Hofmann's (2007) meta-analysis reveals that consumers are more likely to draw positive price-quality inferences
if they are unfamiliar with the product, as is the case for DIs by start-ups. At the same time, the higher the launch price, the higher
the amount of money that consumers lose when the product turns out to be a bad buy (DelVecchio & Smith, 2005; Ram & Sheth,
1989). Thus, for start-ups' DIs about which consumers have little knowledge, charging a price can potentially backfire on initial
trust perceptions.

There is a lack of research on how consumers perceive ‘data money’. Bhat's (2015) study indicates that consumers increasingly
perceive giving away data to third party-providers as unethical and as a sacrifice, even though it is common practice. Thus,
we argue that in contrast to paying a price, consumers do not perceive data money as a quality signal but rather as a sacrifice.
A data-based revenue model should be less effective as a signal for trustworthiness. In other words, we expect that consumers
perceive start-ups that do not charge a price but require consumers to pay with their data as less trustworthy. In sum, a DI by
a start-up charging a monetary price in a monetary revenue model should lead to higher initial trust perceptions than a DI of a
start-up charging a data price in a data-based revenue model. Thus, we hypothesize:

Hypothesis 3. A DI by a start-up using a monetary revenue model leads to higher initial trust perceptions than a DI by a start-up
using a data-based revenue model, ultimately resulting in higher adoption intentions.

6.1.1. Method

6.1.1.1. Participants and design. As in Study 1, we used CityTour AR as the DI recruiting 177 participants per e-mail sent to students
and staff of a major European business school. Detecting speeders as before, we excluded four participants from the data analysis,
obtaining a final sample of 173 individuals (71.3% female; Mage = 33.10). Participants were randomly assigned to a 2 (revenue
model: monetary vs. data-based) × 1 between-subject factorial design. The cell size was 83 in the monetary revenue model con-
dition and 90 in the data-based revenue model condition.

6.1.1.2. Procedure. The procedure of the experiment was similar to the one employed in Study 1. In addition to general information
on CityTour AR's functionalities, participants were provided with the pricing and data safety policy of CityTour AR. In the monetary
revenue model condition, the price for the app was set at 10.99€ based on prices for competitive city tour apps available in app
and play stores. Furthermore, participants received the following information: “Charging you a price of 10.99€, we are able to assure
you that your datawill not be sold to third-party providers.” In the data-based revenuemodel condition, therewas nomonetary price
charged for the use of the CityTour AR app but a data price. The description read: “We offer you CityTour AR free of charge. However,
based on this pricing policy, we want to inform you, that we sell your usage data to third-party providers.” The remainder of the
questionnaire was the same as in Study 1 (see Appendix A for measurements) with adjusted manipulation checks.

6.1.2. Results

6.1.2.1. Manipulation check. Participants perceived the DI as new (M = 4.37). As intended, participants in the monetary revenue
model condition indicated that the DI was not for free and participants in the data-based revenue model condition indicated
that the DI was for free (“The use of CityTour AR is for free”, MPrice = 1.07, MData = 5.52, F (1, 171) = 313.741, p b .001). Further,
participants rated the data safety to be higher in the monetary revenue model condition (M = 1.77) than in the data-based rev-
enue model condition (M = 6.36) as assessed by the item “My personal and usage data of the CityTour AR app will be sold to
third-party providers.” (F (1, 171) = 358.169, p b .001). Finally, the scenarios were perceived as realistic (M = 4.84) and partic-
ipants indicated not to be familiar with CityTour AR (M = 1.05).

6.1.2.2. Main effect. In line with H3, an ANOVA of participants' initial trust perceptions showed a main effect of monetary price as
compared to data price. We found higher initial trust perceptions in the monetary revenue model condition (M = 3.33) than in
the data-based revenue model condition (M = 2.39; F(1, 171) = 24.135, p b .001, partial η2 = 0.124). Again, an ANCOVA with
the two covariates product category relevance and perceived usefulness yielded similar results.

Furthermore, we expect that the monetary revenue model signal does not imply higher adoption intentions as long as the sig-
nal does not lead to higher perceived initial trust. A mediation analysis (Preacher & Hayes, 2004) revealed a positive significant
impact of initial trust on adoption intention (see Table 5). In support of our prediction, the overall indirect path from the revenue
model signal to adoption intention through initial trust is significant and positive (b = 0.505) with a 95% confidence interval ex-
cluding zero [0.310; 0.799]. Holding initial trust constant, the direct path between the revenue model signal and adoption inten-
tion is not significant (b = −0.229; [−0.612; 0.155]), providing evidence for an indirect only (“full”) mediation (Zhao et al.,
2010).

6.2. Study 3b: The role of privacy concerns in the revenue model-trust relationship

Due to data protection regulations such as the European Union's General Data Protection Regulation (GDPR) effective as of May
2018, companies have to state general terms and conditions about whether and how they use individuals' usage data. For example,



Table 5
Mediation model for the effect of revenue model (RM) on adoption intention (AI) through perceived initial trust (PIT).

Regression analysis Bootstrap analysisa

Effect b t p Indirect effect 95% CI

RM ➔ PITb 0.911 5.440 0.000 0.505 0.310 0.799
PIT ➔ AIc 0.554 6.734 0.000
RM ➔ AI −0.229 −1.179 0.240

a Based on 5000 bootstrap resamples.
b Dummy-coded (0 = data price, 1 = monetary price).
c R2 = 0.599; we further controlled for perceived usefulness and product category relevance.
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the music-streaming service Spotify specifies in their app store description that they collect usage data for market research pur-
poses (“This app features Nielsen's audience measurement software which will allow you to contribute to market research [...]”)
and the e-commerce company Zalando explains website visitors: “We want you to have the best user experience possible. To
help us deliver this, we use tools to track and analyse user behaviour and compile statistics.” Given the implications for consumers'
privacy concerns, it seems warranted to zoom in on the central issue of how start-ups can overcome low initial trust for their DI
by focusing on the chosen (monetary or data-based) revenue model. We expect that the revenue model–initial trust relationship is
mediated by privacy concerns. We argue that choosing a monetary revenue model and indicating that usage data will not be
collected and used, perceived privacy concerns will be lower and, in turn, increase initial trust. In contrast, when employing a
data-based revenue model and indicating that usage data is collected and used, privacy concerns will be higher, impacting initial
trust negatively.

6.2.1. Method

6.2.1.1. Participants and design. For the purpose of this experiment, we used an interior design planner, which was developed by a
start-up. This planner displays 2D and 3D perspectives of living spaces including furnishing to allow consumers to directly order
selected furniture. At the time of the experiment, this interior design planner, which we coined mydesign3D from the start-up
mydesign, was available in the U.S., but not in any European country making it unlikely that participants knew it. We used the
visual appeal of the original website with a modified name and the translated description for our experimental setup. Again,
we recruited participants via a European online consumer panel and randomly assigned them to a 2 (revenue model: monetary
vs. data-based) × 1 between-subject factorial design. Of the 227 participants, we excluded 27 speeders as before, resulting in a
final sample of 200 participants (59.5% female; Mage = 42.72) equally allocated to the two groups.

6.2.1.2. Procedure. The procedure of the experiment was similar to Study 3a. In addition to general information on mydesign3D's
functionalities, we provided participants with the pricing and data safety policy of mydesign. In the monetary revenue model
condition, the price for the DI was set at €14.99. Furthermore, participants received the following information: “To provide you
with the best possible user experience, we want to assure you that we use tools neither to collect nor to analyze your user behav-
ior.” In the data-based revenue model condition, there was no monetary price charged for the use of mydesign3D but a data price.
Compared to Study 3a, we used a subtler manipulation for the data-based revenue model manipulation of data-sharing, based on
the declaration that European companies, such as Spotify or Zalando, nowadays have to display according to the GDPR. The
description read: “We want to provide you with the best possible user experience. Thus, we make use of tools to collect and
analyze your user behavior.” We then assessed privacy concerns using a scale by Liao, Liu, and Chen (2011), while the remainder
of the questionnaire was the same as in Study 3a (see Appendix A for measurements).

6.2.2. Results

6.2.2.1. Manipulation check. As intended, participants in the monetary revenue model condition indicated that the DI was not for
free and in the data-based revenue model condition participants indicated that the DI was for free (“The use of mydesign3D is
for free”, MPrice = 1.63, MData = 6.10, F (1, 198) = 427.949, p b .001). Finally, the scenarios were perceived as realistic (M = 5.31)
and participants indicated to not be familiar with mydesign3D (M = 1.34).

6.2.2.2. Main effect. An ANOVA of participants' privacy concerns showed a main effect of monetary price as compared to data price.
We found lower privacy concerns in the monetary revenue model condition (M = 3.22) than in the data-based revenue model
condition (M = 4.32; F(1, 198) = 21.847, p b .001, partial η2 = 0.089). Again, an ANCOVA with the two covariates product cat-
egory relevance and perceived usefulness yielded similar results.

Further, we again ran a mediation analysis (Preacher & Hayes, 2004) that supported our prediction by disclosing a negative
significant impact of both the monetary revenue model signal on privacy concerns and of privacy concerns on initial trust percep-
tions (see Table 6). In fact, the overall indirect path from the revenue model signal to initial trust perceptions through privacy con-
cerns is significant and positive (b = 0.345) with a 95% confidence interval excluding zero [0.175; 0.548]. Holding privacy



Table 6
Mediation model for the effect of revenue model (RM) on perceived initial trust (PIT) through privacy concerns (PC).

Regression analysis Bootstrap analysisa

Effect b t p Indirect effect 95% CI

RM ➔ PCb −1.265 −5.632 0.000 0.345 0.175 0.548
PC ➔ PITc −0.273 −6.238 0.000
RM ➔ PIT −0.084 −0.564 0.574

a Based on 5000 bootstrap resamples.
b Dummy-coded (0 = data price, 1 = monetary price).
c R2 = 0.436; we further controlled for perceived usefulness and product category relevance.
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concerns constant, the direct path between the revenue model signal and initial trust perceptions is not significant (b = −0.084;
[−0.376; 0.209]), providing evidence for an indirect only (“full”) mediation (Zhao et al., 2010).

6.3. Discussion

The findings demonstrate that consumers indeed seem to perceive paying with usage data as a sacrifice, as previous research
shows (Bhat, 2015). The results additionally reveal that the data sacrifice weights heavier than the money sacrifice in terms of the
implied privacy concerns as well as initial trust perceptions. Charging a monetary price is effective in establishing trust for a DI by
a start-up. Specifically, consumers perceive the DI by a start-up to be more trustworthy when the start-up charges a monetary
price for its DI in the realm of a monetary revenue model instead of obtaining it free of charge but knowing that the company
collects usage data. Following the logic of signaling theory (Spence, 1973), we demonstrate that a monetary revenue model spe-
cifically excluding data collection reduces privacy concerns and, thus, more effectively signals trustworthiness leading to higher
perceived initial trust and, ultimately, boosting adoption intention of a start-up's DI as compared to a data-based revenue model.

7. Overall discussion and research contribution

Although trust has been an important topic in both information systems and e-commerce research (Wu et al., 2011), previous
studies paid little attention to how trust is incorporated into consumers' decision-making processes, particularly in the context
of the adoption of DIs by start-ups. Due to the digital nature of DIs by start-ups, these innovations are surrounded by substantial
uncertainty originating from privacy concerns, fear of data misuse, or doubts regarding performance (Featherman & Pavlou, 2003;
Meuter et al., 2000). Perceptions of uncertainty are further aggravated by consumers' unfamiliarity with the unknown company
(McKnight et al., 2002) as represented by the start-up. Thus, because these innovations imply high levels of uncertainty for con-
sumers (Coulter & Coulter, 2003), consumers' initial trust perceptions of DIs constitute an important prerequisite, and potentially a
heuristic cue, for DI adoption. At the same time, it is far from straightforward for start-ups how to evoke initial trust because ef-
fective trust-building strategies, such as using well-established brand names, are not readily available. Hence, consumers are even
more dependent on signals, like heuristic quality cues, to make initial trust inferences as well as adoption decisions. We therefore
conducted five consumer experiments specifying how start-ups can overcome low initial trust perceptions and boost adoption by
designing specific aspects of digital business models as signals of trustworthiness.

We demonstrate that initial trust is as a critical source of information for consumers in the otherwise information-poor initial phase
of the DI adoption process. The present study contributes to previous research on innovation adoption of start-ups' DIs (Kuester et al.,
2018) empirically demonstrating the necessity of overcoming consumers' low initial trust perceptions for successful commercialization
of DIs launched by start-ups.

Furthermore, this study highlights the mediating role of initial trust perceptions in signal-adoption intention relations. So far,
research claims and investigates a direct impact of signals on consumer acceptance and adoption (Schuhmacher et al., 2018). In
information poor situations such as when making adoption decisions for a DI by a start-up, this study establishes initial trust per-
ception as a critical mediator in the relationship between design strategies of digital business models functioning as signals and
adoption intentions. Finally, we illustrate that start-ups are able to overcome low initial trust perceptions regarding their DIs
with the targeted use of specific signal strategies. Our findings indicate that consumers seem to consider individual design strat-
egies of digital business models as heuristic cues in making their judgments about initial trust regarding DIs. Specifically, we cover
multiple strategies for start-ups to overcome initially low trust perceptions of their DIs. Applying signaling theory (Spence, 1973),
our study contributes to the effectiveness of the design of specific digital business models.

First, we find that consumers show higher initial trust when a start-up's DI exhibits positive customer ratings than when it
does not. Our findings contribute to prior research on the role of average customer ratings and the number of customer ratings
(De Langhe et al., 2016) by indicating that the overall positive rating of the DI seems to serve as a trustworthiness signal, indepen-
dent of the total number of ratings.

Second, we extend research investigating the influence of themessage content on adoption intention (Lee & O'Connor, 2003). Even
though studies highlight the importance of benefit-based communication for innovations (Talke & Snelders, 2013), research has not
explored the differential effectiveness of various benefits. We shed a first light on the type of benefits that help to overcome low initial
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trust. Specifically, we show that the communication of origin-specific benefits, such as being personal for an insurance-related DI, leads
to higher initial trust perceptions than focusing on digital benefits, such as transparency for an insurance-related DI.

Third, we see a rise in the use of data-based revenue models in contrast to monetary revenue models. Start-ups tend to imple-
ment data-based revenue models, seemingly offering their DI for free, with the intention to increase consumer adoption. Our study
takes a first step towards investigating the effectiveness of such data-based revenue models finding that in order to overcome low
initial trust perceptions of DIs start-ups are better off refraining from data-based revenue models and usage data collection. In-
triguingly, employing a monetary revenue model seems to result in lower privacy concerns and ultimately higher initial trust per-
ceptions than employing a data-based revenue model where consumers ‘pay’ with their data.

In summary, our findings expand current knowledge on the role of trust in the online context and extend adoption research
to the growing field of DIs. Our study identifies multiple design strategies of digital business models for start-ups to overcome
low initial trust perceptions of their DIs. By taking the perspective of the consumer adoption process (Arts et al., 2011), we
hone our understanding of consumer decision making with regard to DI adoption.

8. Managerial implications

As digitalization continues to advance, consumers increasingly have access to DIs by start-ups. At the same time, consumer
journeys are getting more complex and comprehensive (Anderl, Becker, von Wangenheim, & Schumann, 2016; Lemon &
Verhoef, 2016). Accordingly, consumers' perceptions of the trustworthiness of DIs by start-ups at initial touchpoints play an in-
creasingly important role. We show that trustworthiness can serve as a competitive advantage online, especially for start-ups.
Our work offers useful implications for start-ups launching DIs regarding specific design strategies of digital business models
and their signaling power. Specifically, start-ups should pay close attention to three digital business model design strategies:
customer ratings, benefit communication and revenue model.

First, our studies reveal that the (positive) valence impacts initial trust perceptions and adoption intention independent of the
amount of positive ratings available. Hence, start-ups introducing a DI should highlight and specify some positive customer ratings
on their websites, in app stores or press releases and do not need to invest money to achieve a high number of positive customer
ratings. Actually, several start-ups apply this strategy. For example, the Swedish Surplus Food App Karma offers a platform for
customers to connect to restaurants and cafes to address the problem of food waste. Karma does not emphasize its positive aver-
age customer ratings, but rather focuses on individual customer ratings by citing favorable comments to signal Karma's trustwor-
thiness. One such citation reads: “This way of reducing food waste is smart and beneficial for both restaurants and cafes but also
for us customers. I follow a few places and I'm really satisfied! Strongly recommended!”

Second, when communicating the benefits of their DIs, start-ups should bear in mind that some benefits are more helpful than
others in increasing initial trust while other benefits are more effective in boosting adoption intention. Start-ups should carefully
calibrate the communication of these benefits to the target audience, depending on their primary goal: increasing adoption
intentions via increased initial trust perceptions or directly. Since start-ups mostly depend on both directly boosting short-term
acceptance to reach a critical mass of consumers and establishing a sustainable high adoption rate via overcoming low initial
trust in the long-term, they could consider communicating both benefits at the same time. For example, the healthcare innovation
Liveline from Iceland offers a platform to keep a full record of personal data gathered in one place and always updates the newest
data while being accessible from anywhere. In their communication, Liveline focuses on both types of benefits: full visibility and
accessibility as digital benefit and security as origin-based benefit.

Third, when deciding on a revenue model for their DI, start-ups should be aware that selling their users' data to third parties is
counterproductive as a signal for trustworthiness. By charging a monetary price for the DI instead of using consumer data, there
will be less privacy concerns with regard to the DI by the start-up. Lower privacy concerns imply higher initial trust perceptions,
which drive DI adoption rates as compared to charging a ‘data price’. Thus, start-ups should aim to follow a monetary revenue
model and, more importantly, should clearly state that they refrain from private data collection and usage if the establishment
of trust is the start-up's primary objective. In this case, start-ups should even use their strong data protection policies as a unique
selling proposition in their marketing communication. An example of a start-up following this strategy is the Swiss-based messen-
ger app Threema. Instead of offering their services with a data-based revenue model, they follow a monetary revenue model. The
start-up specifically highlights on its website that it is exclusively financed by app purchases and, thus, does not sell any data to a
third party. Ultimately, if start-ups consider offering a “free” service option in the realm of a data-based revenue model to lure
consumers and to eventually get them to convert to a monetary priced service option, the “free” service option can potentially
backfire.

9. Further research

The present research focuses on how to overcome low initial trust perceptions for start-ups' DIs. In our first study, we find that
the number of positive customer ratings is not effective in signaling the trustworthiness of a DI by a start-up. Future research
should test whether these results also hold true for the opposite case of negative customer ratings. Additionally, our results find
no difference in the impact of a low number compared to a high number of customer ratings on initial trust perceptions. Further
research should explore whether there is a possible (inverted) U-shaped relationship between the number of customer ratings and
perceived initial trust.
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In our study on benefit communication, the competitive mediation opens up space for further research on the direct effect of
digital benefit communication on adoption intention. According to Zhao et al. (2010), competitive mediations may point to a yet
unidentified mediator in the direct path. It is thus likely that there is a potential mediator accounting for this direct effect, for
example, perceived simplicity (Rogers, 2003). Future research should aim to explore potential mediators. Moreover, competitive
mediation potentially indicates that a moderator has not been taken into account (Demming, Jahn, & Boztug, 2017), suggesting
a moderated mediation. First, in line with previous literature, innovativeness could be such a potential moderator. On the one
hand, product innovativeness might moderate the mediation (Kuester et al., 2015) because the more radical an innovation, the
more uncertain the situation for potential consumers and thus, the stronger the mediation through initial trust. Accordingly, the
more incremental an innovation, the weaker the mediation via initial trust. On the other hand, consumer innovativeness might
moderate the mediation (Schuhmacher et al., 2018) rendering the mediation more pronounced for less innovative consumers
and weaker for more innovative consumers. Hence, for less innovative consumers, origin-based benefits should positively influence
adoption intention, whereas for more innovative consumers, digital benefits should be more beneficial. Second, this study is the
first to address the effectiveness of communicating different types of benefits when launching a DI. Future research could explore
the effectiveness of other types of benefits that can be communicated to signal trustworthiness.

Study 3 sheds light on the effectiveness of different revenue models for DIs by start-ups. In addition to the revenue models we
tested, other digital revenue models exist including freemium, subscription, or advertisement-based revenue models (Gassmann
et al., 2014). Future research could explore the effectiveness of these different revenue models with regard to perceived initial
trust, adoption intentions, or other behavioral outcomes. In addition, researchers could explore consumers' perceptions of paying
with their usage data when using DIs and identify factors that influence these perceptions, such as consumer innovativeness or
digital fluency.

Appendix A

Table A.1
Measurements of Core Constructs (Study 1a/Study 1b/Study 2/ Study 3a/Study 3b).
Measurement / Items
 Cronbach’s alpha
 CITC
Adoption intentiona

(adapted from Castaño et al., 2008)

.96/.96/.95/.93/.96
I would like to try ___.
 .91/.95/.87/.84/.91

I would actively seek ___ to download it.
 .90/.95/.83/.80/.90

I would like to use ___.
 .94/.94/.91/.89/.92

I would buy ___.
 .91/.95/.88/.88/.92
Initial trusta

(adapted from Sekhon et al., 2014)

96/.96/.93/.93/.93
I perceive ___ to be trustworthy.
 .87/.95/.80/.87/.81

I trust ___.
 .90/.95/.83/.89/.84

I am certain, that I can trust ___.
 .89/.95/.77/.79/.81

___ is interested in my well-being.
 .82/.95/.77/.69/.67

I trust ___ to have my best interest at heart.
 .83/.95/.78/.74/.74

___ is very reliable.
 .84/.95/.81/.80/.82

I trust ___ to do what it says it will do.
 .84/.95/.71/.68/.73
Privacy concerna

(adapted from Liao et al., 2011)

.--/.--/.--/.--/.943
I am concerned that the data I submit to ___ will be misused.
 .--/.--/.--/.--/.86

I am concerned that ___ will sell my personal and usage data to third parties.
 .--/.--/.--/.--/.86

I am concerned about submitting personal information to ___ because of what they might do with it.
 .--/.--/.--/.--/.90

I am concerned about my data being used by ___ in a way I did not foresee.
 .--/.--/.--/.--/.84
Note: a 7-point Likert scale with anchors 1 = “disagree strongly” and 7 = “agree strongly”.
CITC = corrected item-total-correlation.

References

Alexander, D. L., Lynch, J. G., Jr., & Wang, Q. (2008). As time goes by: Do cold feet follow warm intentions for really new versus incrementally new products? Journal of
Marketing Research, 45(3), 307–319. https://doi.org/10.1509/jmkr.45.3.307.

Anderl, E., Becker, I., von Wangenheim, F., & Schumann, J. H. (2016). Mapping the customer journey: Lessons learned from graph-based online attribution modeling.
International Journal of Research in Marketing, 33(3), 457–474. https://doi.org/10.1016/j.ijresmar.2016.03.001.

Arts, J. W. C., Frambach, R. T., & Bijmolt, T. H. A. (2011). Generalizations on consumer innovation adoption: A meta-analysis on drivers of intention and behaviour.
International Journal of Research in Marketing, 28(2), 134–144https://doi.org/10.1016/j.ijresmar.2010.11.002.

Baum, J. A. C., & Silverman, B. S. (2004). Picking winners or building them? Alliance, intellectual, and human capital as selection criteria in venture financing and
performance of biotechnology startups. Journal of Business Venturing, 19(3), 411–436https://doi.org/10.1016/S0883-9026(03)00038-7.

Beldad, A., De Jong, M., & Steehouder, M. (2010). How shall I trust the faceless and the intangible? A literature review on the antecedents of online trust. Computers in
Human Behavior, 26(5), 857–869. https://doi.org/10.1016/j.chb.2010.03.013.

https://doi.org/10.1509/jmkr.45.3.307
https://doi.org/10.1016/j.ijresmar.2016.03.001
https://doi.org/
https://doi.org/
https://doi.org/10.1016/j.chb.2010.03.013


398 E. Konya-Baumbach et al. / International Journal of Research in Marketing 36 (2019) 385–399
Bhat, F. (2015). Ad blocking's unintended consequences. Harvard Business Review Online (August 12, 2015).
Boulding, W., & Kirmani, A. (1993). A consumer-side experimental examination of signaling theory: Do consumers perceive warranties as signals of quality? Journal of

Consumer Research, 20(1), 111–123. https://doi.org/10.1086/209337.
Brynjolfsson, E., Eggers, F., & Gannamaneni, A. (2018). Usingmassive online choice experiments to measure changes inwell-being.NBERWorking Paper No. 24514 April

https://www.nber.org/papers/w24514.
Buchanan, E. M., & Scofield, J. E. (2018). Methods to detect low quality data and its implication for psychological research. Behavior Research Methods, 50,

2586–2596.
Büttner, O. B., & Göritz, A. S. (2008). Perceived trustworthiness of online shops. Journal of Consumer Behaviour, 7(1), 35–50. https://doi.org/10.1002/cb.235.
Castaño, R., Sujan, M., Kacker, M., & Sujan, H. (2008). Managing consumer uncertainty in the adoption of new products: Temporal distance and mental simulation.

Journal of Marketing Research, 45(3), 320–336. https://doi.org/10.1509/jmkr.45.3.320.
Connelly, B. L., Ireland, R. D., & Reutzel, C. R. (2011). Signaling theory: A review and assessment. Journal of Management, 37(1), 39–67. https://doi.org/10.1177/

0149206310388419.
Coulter, K. S., & Coulter, R. A. (2003). The effects of industry knowledge on the development of trust in service relationships. International Journal of Research in

Marketing, 20(1), 31–43. https://doi.org/10.1016/S0167-8116(02)00120-9.
De Langhe, B., Fernbach, P. M., & Lichtenstein, D. R. (2016). Navigating by the stars: Investigating the actual and perceived validity of online user ratings. Journal of

Consumer Research, 42(6), 817–833. https://doi.org/10.1093/jcr/ucv047.
Dellarocas, C. (2006). Strategic manipulation of internet opinion forums: Implications for consumers and firms.Management Science, 52(20), 1577–1593. https://doi.org/

10.1287/mnsc.1060.0567.
DelVecchio, D., & Smith, D. C. (2005). Brand-extension price premiums: The effects of perceived fit and extension product category risk. Journal of the Academy of

Marketing Science, 33(2), 184–196. https://doi.org/10.1177/0092070304269753.
Demming, C. L., Jahn, S., & Boztug, Y. (2017). Conducting mediation analysis in marketing research.Marketing ZFP – Journal of Research and Management, 39(3), 76–93.
Dotzel, T., Shankar, V., & Berry, L. L. (2013). Service innovativeness and firm value. Journal of Marketing Research, 50(2), 259–276. https://doi.org/10.1509/jmr.10.0426.
Featherman, M. S., & Pavlou, P. A. (2003). Predicting e-services adoption: A perceived risk facets perspective. International Journal of Human-Computer Studies, 59(4),

451–474. https://doi.org/10.1016/S1071-5819(03)00111-3.
Feiereisen, S., Wong, V., & Broderick, A. J. (2013). Is a picture always worth a thousand words? The impact of presentation formats in consumers' early evaluations of

really new products (RNPs). Journal of Product Innovation Management, 30(Suppl. 1), 159–173. https://doi.org/10.1111/jpim.12069.
Fruchter, G. E., & Van den Bulte, C. (2011). Why the generalized bass model leads to odd optimal advertising policies. International Journal of Research in Marketing, 28

(3), 218–230. https://doi.org/10.1016/j.ijresmar.2011.03.005.
Gassmann, O., Frankberger, K., & Csik, M. (2014). The business model navigator: 55 models that will revolutionize your business. Pearson.
Ha, S., & Stoel, L. (2009). Consumer e-shopping acceptance: Antecedents in a technology acceptancemodel. Journal of Business Research, 62(5), 565–571. https://doi.org/

10.1016/j.jbusres.2008.06.016.
Hampton-Sosa, W. (2017). The impact of creativity and community facilitation on music streaming adoption and digital piracy. Computers in Human Behavior, 69,

444–453. https://doi.org/10.1016/j.chb.2016.11.055.
Hariharan, V. G., Talukdar, D., & Kwon, C. (2015). Optimal targeting of advertisement for new products with multiple consumer segments. International Journal of

Research in Marketing, 32(3), 263–271. https://doi.org/10.1016/j.ijresmar.2015.01.002.
Hauser, J., Tellis, G. J., & Griffin, A. (2006). Research on innovation: A review and agenda formarketing science.Marketing Science, 25(6), 687–717. https://doi.org/10.1287/

mksc.1050.0144.
Herzenstein, M., Posavac, S. S., & Brakus, J. J. (2007). Adoption of new and really new products: The effects of self-regulation systems and risk salience. Journal of

Marketing Research, 44(2), 251–260. https://doi.org/10.1509/jmkr.44.2.251.
Higgins, J. (2015). Digital transformation of european industry and enterprises (research report strategic policy forum on digital entrepreneurship). Retrieved from

http://ec.europa.eu/growth/tools-databases/newsroom/cf/itemdetail.cfm?item_id=8189&lang=de, Accessed date: 15 August 2018.
Hoeffler, S. (2003). Measuring preferences for really new products. Journal of Marketing Research, 40(4), 406–420. https://doi.org/10.1509/jmkr.40.4.406.19394.
Huang, M. H., & Rust, R. T. (2013). IT-related service: A multidisciplinary perspective. Journal of Service Research, 16(3), 251–258. https://doi.org/10.1177/

1094670513481853.
Huyghebaert, N., & van de Gucht, L. M. (2007). The determinants of financial structure. New insights from business start-ups. European Financial Management, 13(1),

101–133. https://doi.org/10.1111/j.1468-036X.2006.00287.x.
Kannan, P. K., & Li, H. A. (2017). Digital marketing: A framework, review and research agenda. International Journal of Research in Marketing, 34(1), 22–45. https://doi.org/

10.1016/j.ijresmar.2016.11.006.
Karahanna, E., Straub, D. W., & Chervany, N. L. (1999). Information technology adoption across time: A cross-sectional comparison of pre- adoption and post-adoption

beliefs. MIS Quarterly, 23(2), 183–213. https://doi.org/10.2307/249751.
Kardes, F. R., Cronley, M. L., Kellaris, J. J., & Posavac, S. S. (2004). The role of selective information processing in price-quality inference. Journal of Consumer Research, 31

(2), 368–434. https://doi.org/10.1086/422115.
Krieger, A., Green, P., Lodish, L., D'Arcangelo, J., Rothey, C., & Thirty, P. (2003). Consumer evaluations of “really new” services: The traffic pulse system. Journal of Services

Marketing, 17(1), 6–36. https://doi.org/10.1108/08876040310461255.
Kuester, S., Feurer, S., Schuhmacher, M. C., & Reinartz, D. (2015). Comparing the incomparable? How consumers judge the Price fairness of new products. International

Journal of Research in Marketing, 32(3), 272–283. https://doi.org/10.1016/j.ijresmar.2014.09.006.
Kuester, S., Konya-Baumbach, E., & Schuhmacher, M. C. (2018). Get the show on the road: Go-to-market strategies for E-innovations of start-ups. Journal of Business

Research, 83C, 65–81. https://doi.org/10.1016/j.jbusres.2017.09.037.
Kunz, W. H., & Hogreve, J. (2011). Toward a deeper understanding of service marketing: The past, the present, and the future. International Journal of Research in

Marketing, 28(3), 231–247. https://doi.org/10.1016/j.ijresmar.2011.03.002.
Le Nagard-Assayag, E., & Manceau, D. (2001). Modeling the impact of product preannouncements in the context of indirect network externalities. International Journal

of Research in Marketing, 18(3), 203–219. https://doi.org/10.1016/S0167-8116(00)00031-8.
Lee, Y., & O'Connor, G. (2003). The impact of communication strategy on launching new products: The moderating role of product innovativeness. Journal of Product

Innovation Management, 20(1), 4–21. https://doi.org/10.1111/1540-5885.t01-1-201002.
Lee, Y., Yin, B. -W., Wong, Y., & Calantone, R. (2011). Understanding and managing international product launch: A comparison between developed and emerging

markets. Journal of Product Innovation Management, 28(S1), 104–120. https://doi.org/10.1111/j.1540-5885.2011.00864.x.
Lemon, K. N., & Verhoef, P. C. (2016). Understanding customer experience throughout the customer journey. Journal of Marketing: AMA/SI Special Issue, 80, 69–96.

https://doi.org/10.1509/jm.15.0420.
Liao, C., Liu, C., & Chen, K. (2011). Examining the impact of privacy, trust and risk perceptions beyondmonetary transactions: An integratedmodel. Electronic Commerce

Research and Applications, 10(6), 702–715. https://doi.org/10.1016/j.elerap.2011.07.003.
Marmer, M., Herrmann, B. L., Dogrultan, E., Berman, R., Eesley, C., & Blank, S. (2011). Startup genome report extra on premature scaling (research report startup

genome). Retrieved from http://startup-cosystem.compass.co/startupgenomereport2, Accessed date: 15 August 2018.
Mason, W. A., & Suri, S. (2012). Conducting behavioral research on Amazon's mechanical Turk. Behavior Research Methods, 44(1), 1–23. https://doi.org/10.3758/

s13428-011-0124-6.
McKnight, D. H., Choudhury, V., & Kacmar, C. (2002). Developing and validating trust measures for e-commerce: An integrative typology. Information Systems Research,

13(3), 334–359. https://doi.org/10.1287/isre.13.3.334.81.
Meuter, M. L., Ostrom, A. L., Roundtree, R. I., & Bitner, M. J. (2000). Self-service technologies: Understanding customer satisfaction with technology-based service

encounters. Journal of Marketing, 64(3), 50–64. https://doi.org/10.1509/jmkg.64.3.50.18024.
Meuter, M. L., Bitner, M. J., Ostrom, A. L., & Brown, S. W. (2005). Choosing among alternative service delivery modes: An investigation of customer trial of self-service

technologies. Journal of Marketing, 69(2), 61–83. https://doi.org/10.1509/jmkg.69.2.61.60759.

http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0030
https://doi.org/10.1086/209337
https://www.nber.org/papers/w24514
http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0045
http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0045
https://doi.org/10.1002/cb.235
https://doi.org/10.1509/jmkr.45.3.320
https://doi.org/10.1177/0149206310388419
https://doi.org/10.1177/0149206310388419
https://doi.org/10.1016/S0167-8116(02)00120-9
https://doi.org/10.1093/jcr/ucv047
https://doi.org/10.1287/mnsc.1060.0567
https://doi.org/10.1287/mnsc.1060.0567
https://doi.org/10.1177/0092070304269753
http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0085
https://doi.org/10.1509/jmr.10.0426
https://doi.org/10.1016/S1071-5819(03)00111-3
https://doi.org/10.1111/jpim.12069
https://doi.org/10.1016/j.ijresmar.2011.03.005
http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0110
https://doi.org/10.1016/j.jbusres.2008.06.016
https://doi.org/10.1016/j.jbusres.2008.06.016
https://doi.org/10.1016/j.chb.2016.11.055
https://doi.org/10.1016/j.ijresmar.2015.01.002
https://doi.org/10.1287/mksc.1050.0144
https://doi.org/10.1287/mksc.1050.0144
https://doi.org/10.1509/jmkr.44.2.251
http://ec.europa.eu/growth/tools-databases/newsroom/cf/itemdetail.cfm?item_id=8189&amp;lang=de
https://doi.org/10.1509/jmkr.40.4.406.19394
https://doi.org/10.1177/1094670513481853
https://doi.org/10.1177/1094670513481853
https://doi.org/10.1111/j.1468-036X.2006.00287.x
https://doi.org/10.1016/j.ijresmar.2016.11.006
https://doi.org/10.1016/j.ijresmar.2016.11.006
https://doi.org/10.2307/249751
https://doi.org/10.1086/422115
https://doi.org/10.1108/08876040310461255
https://doi.org/10.1016/j.ijresmar.2014.09.006
https://doi.org/10.1016/j.jbusres.2017.09.037
https://doi.org/10.1016/j.ijresmar.2011.03.002
https://doi.org/10.1016/S0167-8116(00)00031-8
https://doi.org/10.1111/1540-5885.t01-1-201002
https://doi.org/10.1111/j.1540-5885.2011.00864.x
https://doi.org/10.1509/jm.15.0420
https://doi.org/10.1016/j.elerap.2011.07.003
http://startup-cosystem.compass.co/startupgenomereport2
https://doi.org/10.3758/s13428-011-0124-6
https://doi.org/10.3758/s13428-011-0124-6
https://doi.org/10.1287/isre.13.3.334.81
https://doi.org/10.1509/jmkg.64.3.50.18024
https://doi.org/10.1509/jmkg.69.2.61.60759


399E. Konya-Baumbach et al. / International Journal of Research in Marketing 36 (2019) 385–399
Morrison, D. E., & Firmstone, J. (2000). The social function of trust and implications for e-commerce. International Journal of Advertising, 19(5), 599–623. https://doi.org/
10.1080/02650487.2000.11104826.

Müller-Stewens, J., Schlager, T., Häubl, G., & Herrmann, A. (2017). Gamified information presentation and consumer adoption of product innovations. Journal of
Marketing, 81(2), 8–24. https://doi.org/10.1509/jm.15.0396.

Nienaber, A. M., & Schewe, G. (2014). Enhancing trust or reducing perceived risk, what matters more when launching a new product? International Journal of
Innovation Management, 18(1), 1–24. https://doi.org/10.1142/S1363919614500054.

Park, J. H.,MacLachlan, D. L., & Love, E. (2011). Newproduct pricing strategyunder customer asymmetric anchoring. International Journal of Research inMarketing, 28(4),
309–318. https://doi.org/10.1016/j.ijresmar.2011.04.003.

Parry,M. E., & Kawakami, T. (2015). Virtualword ofmouth andwillingness to pay for consumer electronic innovations. Journal of Product InnovationManagement, 32(2),
192–200. https://doi.org/10.1111/jpim.12178.

Pavlou, P. A., & Fygenson,M. (2006). Understanding andpredicting electronic commerce adoption: Anextension of the theory of planned behavior.MISQuarterly, 30(1),
115–143. https://doi.org/10.2307/25148720.

Preacher, K. J., & Hayes, A. F. (2004). SPSS and SAS procedures for estimating indirect effects in simple mediation models. Behavior Research Methods, Instruments, &
Computers, 36(4), 717–731.

Prins, R., & Verhoef, P. C. (2007).Marketing communication drivers of adoption timing of a newE-service. Journal ofMarketing, 71(2), 169–183. https://doi.org/10.1509/
jmkg.71.2.169.

Prins, R., Verhoef, P. C., & Franses, P. H. (2009). The impact of adoption timing on new service usage and early Disadoption. International Journal of Research in
Marketing, 26(4), 304–313. https://doi.org/10.1016/j.ijresmar.2009.07.002.

Ram, S., & Sheth, J. N. (1989). Consumer resistance to innovations: The marketing problem and its solutions. Journal of Consumer Marketing, 6(2), 5–14. https://doi.org/
10.1108/EUM0000000002542.

Rogers, E. (2003). Diffusion of innovations (5th ed.). New York: Free Press.
Ross, S. A. (1977). The determination of financial structure: The incentive-signaling approach. The Bell Journal of Economics, 8(1), 23. https://doi.org/10.2307/3003485.
Schlosser, A. E., White, T. B., & Lloyd, S. M. (2006). Converting web site visitors into buyers: How web site investment increases consumer trusting beliefs and online

purchase intentions. Journal of Marketing, 70(2), 133–148. https://doi.org/10.1509/jmkg.70.2.133.
Schuhmacher, M. C., Kuester, S., & Hultink, E. J. (2018). Appetizer or main course: Early market vs. majority market: Go-to-market strategies for radical innovations.

Journal of Product Innovation Management, 35(1), 106–124. https://doi.org/10.1111/jpim.12379.
Sekhon, H., Ennew, C., Kharouf, H., & Devlin, J. (2014). Trustworthiness and trust: Influences and implications. Journal of Marketing Management, 30(3–4), 409–430.

https://doi.org/10.1080/0267257X.2013.842609.
Shah, A. K., & Oppenheimer, D. M. (2008). Heuristics made easy: An effort-reduction framework. Psychological Bulletin, 134(2), 207–222. https://doi.org/10.1037/0033.

2909.134.2.207.
Soldamatic (2017). Six augmented reality stats that will amaze you — Facts and figures of one of the most thriving technology trends worldwide. Retrieved from

http://www.soldamatic.com/en/6-augmented-reality-stats-will-amaze/, Accessed date: 17 August 2018.
Spence, M. (1973). Job market signaling. The Quarterly Journal of Economics, 87(3), 355–374. https://doi.org/10.1016/B978-0-12-214850-7.50025-5.
Suri, R., Kohli, C., & Monroe, K. B. (2007). The effects of perceived scarcity on consumers' processing of price information. Journal of the Academy of Marketing Science,

35(1), 89–100. https://doi.org/10.1086/374696.
Talke, K., & Snelders, D. (2013). Information in launch messages: Stimulating the adoption of new high-tech consumer products. Journal of Product Innovation

Management, 30(4), 232–249. https://doi.org/10.1111/jpim.12017.
Taylor, S., & Todd, P. (1995). Decomposition and crossover effects in the theory of planned behavior: A study of consumer adoption intentions. International Journal of

Research in Marketing, 12(2), 137–155. https://doi.org/10.1016/0167-8116(94)00019-K.
Völckner, F., & Hofmann, J. (2007). The price-perceived quality relationship: A meta-analytic review and assessment of its determinants. Marketing Letters, 18(3),

181–196. https://doi.org/10.1007/s11002-007-9013-2.
Wood, S. L., & Moreau, C. P. (2006). From fear to loathing? How emotion influences the evaluation and early use of innovations. Journal of Marketing, 70(3), 44–57.

https://doi.org/10.1509/jmkg.70.3.44.
Wu, K., Zhao, Y., Zhu, Q., Tan, X., & Zheng, H. (2011). A meta-analysis of the impact of trust on technology acceptance model: Investigation of moderating influence of

subject and context type. International Journal of Information Management, 31(6), 572–581. https://doi.org/10.1016/j.ijinfomgt.2011.03.004.
Yu, T. K., Lin, M. L., & Liao, Y. K. (2017). Understanding factors influencing information communication technology adoption behavior: The moderators of information

literacy and digital skills. Computers in Human Behavior, 71, 196–208. https://doi.org/10.1016/j.chb.2017.02.005.
Zhao, X., Lynch, J. G., & Chen, Q. (2010). Reconsidering Baron and Kenny: Myths and truths about mediation analysis. Journal of Consumer Research, 37(2), 197–206.

https://doi.org/10.1086/651257.

https://doi.org/10.1080/02650487.2000.11104826
https://doi.org/10.1080/02650487.2000.11104826
https://doi.org/10.1509/jm.15.0396
https://doi.org/10.1142/S1363919614500054
https://doi.org/10.1016/j.ijresmar.2011.04.003
https://doi.org/10.1111/jpim.12178
https://doi.org/10.2307/25148720
http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0270
http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0270
https://doi.org/10.1509/jmkg.71.2.169
https://doi.org/10.1509/jmkg.71.2.169
https://doi.org/10.1016/j.ijresmar.2009.07.002
https://doi.org/10.1108/EUM0000000002542
https://doi.org/10.1108/EUM0000000002542
http://refhub.elsevier.com/S0167-8116(19)30008-4/rf0290
https://doi.org/10.2307/3003485
https://doi.org/10.1509/jmkg.70.2.133
https://doi.org/10.1111/jpim.12379
https://doi.org/10.1080/0267257X.2013.842609
https://doi.org/10.1037/0033.2909.134.2.207
https://doi.org/10.1037/0033.2909.134.2.207
http://www.soldamatic.com/en/6-augmented-reality-stats-will-amaze/
https://doi.org/10.1016/B978-0-12-214850-7.50025-5
https://doi.org/10.1086/374696
https://doi.org/10.1111/jpim.12017
https://doi.org/10.1016/0167-8116(94)00019-K
https://doi.org/10.1007/s11002-007-9013-2
https://doi.org/10.1509/jmkg.70.3.44
https://doi.org/10.1016/j.ijinfomgt.2011.03.004
https://doi.org/10.1016/j.chb.2017.02.005
https://doi.org/10.1086/651257

