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Abstract  

Shopping-related voice assistant applications are on the rise, but their acceptance 
differs depending on the country. This paper examines customers’ acceptance of a voice 
commerce application developed by a global fast moving consumer goods company 
based on a survey of online shoppers (n = 824) conducted in Germany, U.K. and the 
U.S. The main objective of the study is to identify which factors influence the ac-
ceptance of the voice commerce application, and whether there are differences between 
Germany, the U.S. and U.K. An integrated explanatory model was developed based on 
the Unified Theory of Acceptance and Use of Technology 2 (UTAUT2) with the ante-
cedents: hedonic motivation, performance expectancy, effort expectancy and social in-
fluence.  The original model was expanded to include the construct of perceived risk 
with the dimensions privacy and functional risk. The main result is that there are dif-
ferences between the three countries regarding the factors that influence the acceptance 
of the voice commerce application. Only two factors have a significant influence in all 
three countries: performance expectancy and social influence, with performance expec-
tancy demonstrating the strongest effect. From the perceived risks, only privacy risk 
has a negative influence on the intention to use the voice application in Germany. This 
study indicates that researches on the consumers’ acceptance from one country should 
not be applied readily to another. It is rather advisable to consider the unique circum-
stances of each country.  

Keywords: voice commerce · voice application · voice assistant · hedonic motiva-
tion · performance expectancy · effort expectancy · social influence · privacy risk ·func-
tional risk · intention to use · smart speaker  

1 Introduction 

Many consider voice commerce a revolution in online retailing. It enables new types 
of services to emerge and offers companies the opportunity to establish an exclusive 
and personal relationship with their customers [19]. Driven by mobile commerce, the 
usage of smart speakers, digital assistants and the ongoing implementation of the “In-
ternet of things”, this topic has become of significant relevance [11]. Voice commerce 
is a special form of e-commerce. It describes the interaction between users and com-
mercial platforms and applications that utilize natural language speech recognition to 
enable self-service transactions over connected devices [18]. The devices used are 
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equipped with conversational communication interfaces and intelligent software pro-
grams and are operated by the user using natural language [26]. The devices can be so-
called smart speakers (such as Amazon Echo, Google Home or HomePod from Apple), 
but also computers or smartphones into which the software application of a voice as-
sistant such as Alexa (Amazon), Google Assistant, Siri (Apple) or AliGenie (Alibaba) 
is integrated. Compared to previous voice-controlled human-computer interactions, the 
communication skills of artificial intelligence (AI) empowered voice assistants are far 
more advanced. Natural language processing enables people to talk to a computer / 
device like to a person and to receive contextual answers from them [6]. The two voice 
assistants covering commerce the most (in the western world) are Alexa and Google 
Assistant. Companies looking to sell their products using either of the voice assistants 
(VA) must develop a so-called shopping solution (for Alexa, these are called “skills” 
and for Google, “actions”). 

For the consumer, the main benefits of using voice assistants are: convenience (they 
allow personalized, hands and eyes free usage [10] and are easy to use [12]), efficiency 
(less mental effort) and usage enjoyment [24]. The interaction and conversation with 
the artificial voice while shopping can be fun for the user. Over time, users can develop 
an emotional closeness to the devices and build a sense of a social relationship, similar 
to when interacting with people [7]. Consumers are also fascinated by the ability of the 
voice application to learn (due to the artificial intelligence of the voice assistant soft-
ware) [9]. Alongside the benefits of using voice assistance, consumers hold several 
concerns regarding a lack of trust in the technology and a fear of losing privacy. The 
main barriers include: concerns about personal data (refusing to be actively recorded or 
personal data to be used) [10, 16], concerns about the functionality of the voice assis-
tants (e.g. voice-only voice assistants don’t allow users to visualize information/choices 
or they do not understand the user and his/her reactions) [12]. Further concerns relate 
to the utility of voice assistants as well as the quality of the information provided [10].  

Online retailers and consumer brands manufacturers expect the convenience and 
user experience offered by the voice assistants to have great potential in electronic com-
merce [19]. Over 60% of consumers in the U.S. who have an intelligent voice assistant 
have already used it for purchases. For the year 2022, revenue in the area of voice com-
merce for the U.S. market is estimated at over $ 40 billion [18]. Looking at the relevance 
of different branches in voice commerce, FMCG is a favorite product range for voice-
assisted purchases [25]. 

Voice commerce applications can be used for more than simply purchasing products 
or services. Rather, they are relevant to all phases of the customer journey. Activities 
like “making a shopping list”, “researching a product/service”, “searching for a prod-
uct/service", “comparing products/services" and “price comparison for products/ser-
vices” are the most important reasons for using voice assistance in an e-commerce con-
text [17]. However, this “market mediation“ function may also jeopardize brand man-
ufacturers by changing their relationship to consumers. Voice assistants become “gate 
keepers”, whose built-in AI recommends specific brands to consumers based on their 
known preferences and purchasing behavior. Consumer brands fear a reduction in brand 
visibility via organic search results and in turn the rise of retailers’ private labels [13]. 
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Despite the attention given to voice commerce from practitioners and industry re-
ports, there is little academic research on the topic. There are some papers on the ac-
ceptance of voice assistants in general, but few empirical researches that relate to shop-
ping (voice commerce). Most of these studies were merely carried out in one country, 
usually with a sample of students or university employees. The extent to which the 
results would differ between countries due to local peculiarities was not examined. 
Closing this research gap is the aim of this study.  

The research object for this study is a German fast moving consumer goods (FMCG) 
manufacturer. The company in question is globally successful, with Germany, U.S. and 
the U.K. among its most important markets for beauty care products. The manufacturer 
pursues indirect distribution, does not have its own online shop and sells its products 
exclusively through offline and online retailers (e.g. Amazon). For this reason, the com-
pany does not aim to sell products via voice commerce. Instead, its goal is to develop a 
voice commerce application that calls consumers attention to its products early on in 
the customer journey to raise the visibility of the brand. For the purposes of this study, 
a prototype of a voice application was developed (use case) that dialogues with the user 
to suggest tailored beauty care solutions. With the help of Amazon skills or Google 
actions, the products can then be purchased through an associated online retailer. The 
present paper aims to answer the following research questions: 
(1) Is there an intent to use the voice application? 
(2) Which factors influence the intention to use the voice application and to what ex-
tent? 
(3) Are there differences between the studied countries Germany, U.S. and U.K.? 

2 Conceptual Framework 

2.1 Technology Acceptance and Perceived Risk 

Studies on the acceptance of voice assistants are based in part on the Technology 
Acceptance Model (TAM) by Davis et al. [4] as well as the Unified Theory of Ac-
ceptance and Use of Technology (UTAUT) and UTAUT2 by Venkatesh et al. [27, 28]. 
The UTAUT2 is the evolution of the UTAUT. It integrates eight established behavioral 
models of psychology and technology: The Theory of Reasoned Action, the Technol-
ogy Acceptance Model, the Motivational Model, the Theory of Planned Behavior, the 
Combined TAM and TPB, the Model of PC Utilization, the Innovation Diffusion The-
ory and the Social Cognitive Theory [28]. The UTAUT2 represents an improved ver-
sion of the UTAUT used to investigate use intentions (behavioral intention), thus better 
predicting the adoption (use behavior) of a technology [14]. The four determinants of 
UTAUT performance expectancy, effort expectancy, social influence and facilitating 
conditions were extended by hedonic motivation, price value and habit. The effect of 
performance expectancy on behavioral intention are moderated by the variables of age 
and gender. The effects of all other predictors (effort expectancy, social influence, 
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facilitating conditions, hedonic motivation, price value and habit) on behavioral inten-
tion are moderated through the variables age, gender and experience [28]. 

When it comes to technology acceptance research, perceived risk has proven to be 
an important barrier. Featherman/Pavlou [5] used seven risk dimensions in their model 
and integrated the TAM in their study to find out how important perceived risk is for 
the decision to introduce e-services. The seven risk dimensions are: performance, fi-
nancial, time, psychological, social, privacy and overall risk. Martins et al. [14] applied 
the model of Featherman/Pavlou [5] to the UTAUT of Venkatesh et al. [28] and devel-
oped a Unified Theory of Acceptance and Use of Technology and Perceived Risk 
Application. 

2.2 Literature Review 

Most studies on the acceptance / adoption of voice assistants do not relate explicitly 
to voice commerce [3, 7, 8, 10], or are of a qualitative nature [9, 16, 24]. Some current 
quantitative studies from the U.S., U.K. and Germany are presented below.  

Liao et al. [10] conducted a survey with 1.178 users and non-users of voice-con-
trolled intelligent personal assistants (IPAs) in the U.S. to investigate (1) the motiva-
tions and barriers to adopting IPAs and (2) how concerns about data privacy and trust 
in company compliance with social contract related to IPA data affect acceptance and 
use of IPAs.  The adoption (or rejection) decisions are influenced by classical constructs 
in TAM and UTAUT: perceived usefulness, performance expectancy and effort expec-
tancy associated with IPA use. Respondents who refused to consider purchasing a 
Home IPA (i.e. smart speaker) had significantly higher concerns about the use of data 
and a significantly lower confidence that the data is sufficiently secure.  

McLean/Osei-Frimpong [15] take a Uses and Gratification Theory (U&GT) ap-
proach to explain the use of in-home voice assistant with a sample of 724 users in the 
U.K. The results from a structural equation model illustrate that individuals are moti-
vated by the utilitarian benefits, symbolic benefits and social benefits provided by voice 
assistants. The hedonic benefits do not motivate the use of in-home voice assistants. 
Additionally, the research establishes a moderating role of perceived privacy risks in 
dampening and negatively influencing the use of in-home voice assistants. 

Wagner et al. [30] investigated (1) the role of anthropomorphism in the context of 
digital voice assistants and (2) the determinants of the UTAUT2 for digital voice assis-
tants by conducting an online survey with 283 users. The results of the structural equa-
tion modelling show (1) that anthropomorphism in general plays a role concerning the 
behavioral intention for voice assistants with a humanlike-fit having the highest impact 
on a human driven likeability. (2) The relevant drivers of the intention to use voice 
assistants (referring to the UTAUT2 model) are performance expectancy, hedonic mo-
tivation and habit. Facilitating conditions, effort expectancy and social influence had 
no significant influence on the intention to use voice assistants. 

Two relevant voice commerce studies based on UTAUT2 were conducted at the 
University of Applied Sciences Niederrhein in Germany. Puschmann et al. [22] used 
multiple regression analysis to study the acceptance of voice assistants in e-commerce 
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(n = 429). The key findings of the analysis are that performance expectancy and hedonic 
motivation have the strongest influence on the intention to use voice assistants for pur-
chases (behavioral intention). Meanwhile, effort expectancy and social influence only 
have a low influence on purchasing intentions. Facilitating conditions had no signifi-
cant influence on the intention to use, while perceived risk had a weak negative effect 
on it. The influence of the moderators (age, gender and experience) on the relationship 
between predictors and behavioral intention proved significant for only two predictors 
(performance expectancy and hedonic motivation): The older a person is, the weaker 
the influence of performance expectancy on behavioral intention. Meanwhile, the effect 
of performance expectancy and hedonic motivation on behavioral intention is weaker 
for women than for men.  

By means of a representative online survey of German online shoppers (n = 684), 
Zaharia/Würfel [33] studied the factors influencing the acceptance of smart speakers 
throughout the customer journey. The explanatory model developed for the study was 
based on UTAUT2 and expanded to include the construct of perceived risk. The exam-
ined structural equation model revealed performance expectancy and hedonic motiva-
tion as the strongest factors influencing the willingness of online shoppers to use smart 
speakers (behavioral intention). Prior experience and the perceived price value of smart 
speakers had little effect on the intention to use them in voice commerce. Effort expec-
tancy had no direct effect on behavioral intention, while perceived risk had a negative 
effect on the intention to use. Furthermore, the intention to use smart speakers was 
shown to be higher during the information phase than in the purchasing phase.  

2.1 Model and Hypotheses 

The present study builds on the results of Zaharia/Würfel [33] and Puschmann et al. 
[22]. The basic model is the UTAUT2, extended to include the construct perceived risk. 
Ideally, the acceptance of voice commerce applications would be measured on the basis 
of actual use behavior. However, the application in question exists only as a prototype 
shown to respondents for the first time in the context of the study. Instead, the depend-
ent variable for measuring acceptance is behavioral intention (BI). Users are meant to 
utilize the selected voice commerce application during the pre-sales phase.  

In developing the model for this study, three independent variables were eliminated 
from the UTAUT2 model (facilitating conditions, price value and habit): According to 
Puschmann et al. [22] and Wagner et al [30], the variable facilitating conditions is a not 
significant factor. Price value as an independent variable is not relevant to this study 
because the software is free of charge, and a consumer need not buy a smart speaker to 
use the voice commerce application. Furthermore, the actual voice application (the use 
case) cannot be related to habit, as it was not used by the consumer prior to the study. 
The model developed can be seen in Figure 1. Perceived risk (functional and privacy) 
is assumed to have a negative effect on the intention to use the presented voice appli-
cation (behavioral intention). The factors performance expectancy (PE), effort expec-
tancy (EE), social influence (SI) and hedonic motivation (HM) have a positive influence 
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on the behavioral intention (BI). Age and gender moderate the influence of PE, EE, SI 
and HM on BI. 

 

 
 
Fig. 1: Explanatory model for the acceptance of a voice commerce application  
 
Perceived risk is defined as the degree to which a user thinks that using a technology 

will have negative implications for him or her and has a negative impact on the intention 
to use a technology [14]. Consumers have been shown to hold several concerns about 
the usage of voice assistants. Liao et al. [10] found that perceptions of whether IPA 
providers adhere to privacy and security rules affects users' likelihood of using IPAs, 
even if only 7% of respondents cited privacy concerns as the main reason for not using 
IPAs. An exploratory German study names the following negative beliefs toward voice 
commerce [24]:  
• limited transparency (no visual representation, no comparison function, limited 

product information)  
• low technical maturity (limited interactivity, speech recognition errors)  
• limited control (potential misuse by strangers, no manual input modality, risk of 

misunderstanding) 
• lack of trust (vendor’s competence / benevolence, technology reliability).   

The different facets of perceived risk can be summarized by the two dimensions of 
functional perceived risk (FPR) and privacy perceived risk (PPR). For the moderators 
age and gender, it is found that the major demographic using voice assistants is 33-45 
years old [2] and male [23]. Ipso facto, it is assumed that this group perceives less 
functional and privacy risk than older people and women. This leads to the following 
hypotheses: 
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H1: The influence of FPR on BI is negative. 
H1a: The influence of FPR on BI is weaker for younger people. 
H1b: The influence of FPR on BI is stronger for women. 
H2: The influence of PPR on BI is negative. 
H2a: The influence of PPR on BI is weaker for younger people. 
H2b: The influence of PPR on BI is stronger for women. 
 
Performance expectancy (PE) means the degree to which a consumer expects to ex-

perience a performance advantage (utility) from using a voice commerce application. 
Consumers expect an advantage in terms of convenience and time savings by using 
voice assistants [33]. Furthermore, the available functions of the voice assistants have 
a positive influence on the adoption of the technology [9]. This leads to the assumption 
that a positive PE increases the usage intention of the use case. For the moderators age 
and gender, studies demonstrate that women are less task-oriented than men. This sug-
gests that it is less important for them to implement a task in a targeted way. For age it 
is mentioned that younger people tend to attach greater importance to extrinsic rewards 
[28]. This leads to the following hypotheses: 

H3: The influence of PE on BI is positive. 
H3a: The influence of PE on BI is stronger for younger people.  
H3b: The influence of PE on BI is weaker for women than men. 
 
Effort Expectancy (EE) refers to the amount of effort expected when using a tech-

nology. In the voice commerce context, it is defined as the degree to which a consumer 
considers an application easy to learn and operate [29, 33]. According to UTAUT2 the 
assumption is that a high usability of the voice commerce application will have a posi-
tive influence on BI. For the moderator gender it was found that there is a gender dif-
ference and that ease of learning a technology is more important for women than for 
men [31]. For age it can be detained that younger people have a higher cognitive ca-
pacity for innovation [9]. This leads to the following hypotheses: 

H4: The influence of EE on BI is positive. 
H4a: The influence of EE on BI is stronger for younger people.  
H4b: The influence of EE on BI is stronger for women. 
 
Social influence (SI) means the degree to which a consumer experiences important 

people (family and friends) recommending the voice assistant application [22]. Yang et 
al [32] explain that four social influenced indicators affect the individual's intention to 
use a technology: subjective norm, image, visibility and voluntariness. The presented 
use case cannot refer to image, visibility or voluntariness effects, but it can refer to 
subjective norms. Subjective norms means that individuals are influenced by other peo-
ple and prefer them as a source for information and guidance [32]. People mention an 
increased interest in voice assistants, if a friend has told them about it [9]. This leads to 
the assumption that BI towards the use case is increased by SI. This effect is moderated 
by age and gender because women and older people tend to attach greater importance 
to the opinions of others [27]. This leads to the following hypotheses: 
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H5: The influence of SI on BI is positive. 
H5a: The influence of SI on BI is stronger for older people.  
H5b: The influence of SI on BI is stronger for women. 
 
Hedonic motivation (HM) refers to the perceived pleasure an individual experience 

from using a technology [9]. In the voice commerce context, HM is defined as the de-
gree to which a consumer considers using voice commerce applications as fun, enter-
taining, exciting and pleasant [33]. According to previous research, it is assumed that a 
high degree of fun and satisfaction while using the voice application will lead to a 
higher intention to use it (BI). Age and gender moderate the fun and enjoyment arising 
from new technology use. It tends to be stronger for men, as men have a greater interest 
in innovative systems and are more open-minded to integrating them [1]. This is em-
phasized by studies showing that voice assistants are used by a majority of men [23]. 
Furthermore, younger people are more curious about discovering new technologies and 
older people are more skeptical of technological innovation [21]. This leads to the fol-
lowing hypotheses: 

H6: The influence of HM on BI is positive. 
H6a: The influence of HM on BI is stronger for younger people.  
H6b: The influence of HM on BI is weaker for women. 

3 Research Design  

3.1 Presenting the Use Case 

In order to develop a voice commerce application for this study, a qualitative survey 
was conducted as a first step. Researchers studied voice commerce applications already 
on the market (from competitors, retailers or best practices from other industries) and 
interviewed experts. This resulted in a mockup voice application (use case) that recom-
mends tailored product solutions by dialoging with users. The voice application is a 
hair advisor based on visual content that targets consumers looking for new hair styles 
and hair trends. Users will use it in the bathroom or in favorite spaces like the living 
room or kitchen on display devices like smartphones, Google Nest Hub and Amazon 
Echo Show. The skill was launched for both the voice assistants Alexa and Google 
Assistant. The user contacts the skill or action by name and call to action i.e. 
“Alexa/Google open the Hair Application”. The skill can also be found by asking 
“Alexa/Google show me the newest hairstyle”, “Alexa/Google, I want to color my 
hair”, “Alexa/Google how can I braid/curl/straighten my hair?”. The aim is to attract 
customers by identifying their preferred looks before they begin searching for products. 
The products linked to each look (e.g. hair color) are then suggested to the user. The 
user can look up product information for each product and put items on their shopping 
list if using the Amazon voice assistant. In Google’s case the phrase “put it on a shop-
ping list” will advise the user on where to purchase the product by showing and redi-
recting the customer to the top three online retail shops where the product is available.  
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3.2 Data Collection 

The quantitative data of the research was obtained from a sample of 824 participants 
in an online survey conducted in September 2019. The studied countries were Germany 
(DE; n = 281), United Kingdom (U.K.; n = 286) and the United States (U.S.; n = 257). 
The sample represents the FMCG company’s target group: men and women from each 
country ages 16-65 years who are open to new technologies (e.g. voice commerce/voice 
assistants) and who have a basic interest in hair styling. Quotas were set in order to 
reach a sufficient case number within each gender and age group. For age it was equally 
33% through the main age groups 16-29, 30-49 and 50-65 years. For gender the quotas 
were 90% women and 10% men to cover the target group.  

The survey starts with presenting the use case (mockup) to the respondent followed 
by questions on the actual use of voice assistance and voice skills. Further questions 
target each individual construct. The constructs were measured using multi-item scales 
on a 5-point Likert Scale (1 = “I strongly disagree” / 5 = “I strongly agree”). The oper-
ationalization of the constructs can be seen in Appendix 1. 

4 Results 

The descriptive evaluation answered the first research question “Is there an intent to 
use the voice application?”. The top-two analysis shows that, in total, 54% of consum-
ers agree with the statement “I intend to use the application in the future”. However, 
responses differ at a country level. The highest share of people who state intentions to 
use the application are in the U.S. (70%) followed by U.K. (51%). Germans seem to be 
the most hesitant with only 41%. To learn more about the general usage, two additional 
questions were stated in the survey asking the respondents for the actual use of voice 
assistance and voice skills. Most respondents do not yet use voice assistance (36 %) nor 
voice skills (40%).  

To verify the constructs, a confirmatory factor analysis (CFA) was performed on the 
total database. A data quality check and testing of univariate exploratory factor analysis 
(EFA) was done in advance [34]. The total result can be summarized as very good, 
having used basically proven operational questions from existing models. The follow-
ing test results are valid (see table 1): 
1. Cronbach's Alpha refers to the joint consideration of the Item-to-Total-Correlation 

(ITC). Depending on the number of items α limits are between ≥0.5 -≥0.7 (2 items 
α ≥ 0.5; 3 items α ≥0.6; more than 4 items α ≥ 0.7.) The limit values are maintained 
for all constructs. 

2. By using exploratory factor analysis, the constructs are tested for reliability and 
validity. The factor loadings should show a correlation between item and factor of 
at least 0.7. The indicator reliability should be above the value of 0.5 in the form 
of communalities. The test by univariate EFA is positive for all items.  

3. By performing CFA (AMOS), the significance of the factor loads and the stand-
ardized factor loads are determined. From this the quality criteria of the average 
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variance extracted (AVE ≥ 0.5) and the factor reliability (FR ≥ 0.6) are calculated 
and tested. All factor loads could be tested as significant. 

4. The Fornell-Larcker criterion determines the discriminant validity of the construct 
to the other constructs, thus demonstrating the quality of the factor. To substantiate 
this, the average variance of a factor must be higher than the factors squared cor-
relation and other measured factors. This can be supported for all factors used in 
the model. 

 
The hypotheses were tested using multiple regression analysis. Multiple regression 

is linked to a number of assumptions about the nature of the data [34]. These assump-
tions were fulfilled for all three countries. Testing the model revealed that the variance 
of BI (the probability to use the voice application) can be explained by 67.8% (DE), 
74.4% (U.K.) and 65.8% (US) of the variance of the predictors. At a 0.01% level, the 
model contributes to explaining the regressor for all countries (ANOVA).  

The results of the regression analysis (see table 2) answer the second research ques-
tion: “Which factors influence the intended use?” Appendix 2 shows the effect model 
for each country. Germany is the only country showing an effect (negative) from per-
ceived risk. In all three countries, the effects of the predictors are weak to moderate.  
• For Germany, the intention to use the voice application is significantly influ-

enced by performance expectancy, social influence and hedonic motivation. 
Meanwhile, perceived privacy risk has a weak negative effect.  

• In the U.K. only performance expectancy, social influence and hedonic moti-
vation have a significant effect on the intention to use the voice application. 

• The results from the U.S. differ. Performance expectancy, effort expectancy 
and social influence have a significant effect on the intention to use the voice 
application. 

 
The analysis shows that all main hypotheses, with the exception of H1, could be 

supported for nearly all cases across the three countries (see Table 3). 
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Table 1 Confirmatory factor analysis results including quality criteria 

Construct α            
≥ 0.5-0.7  

Average variance 
(AVE)   ≥ 0.5  

FR      
 ≥ 0.6 

1-facto-
rial solu-

tion 

Explained 
variance in 

% 

Indica-
tor 

ITC         
≥ 0.3-0.5 

α if 
Item is 
deleted 

Sign. 
Factor 
loading 

Factor 
loading ≥ 

0.7 

Commonalities 
≥ 0.5  

Functional 
Perceived Risk 0.912 0.812 0.945 yes 79.124 

FPR_1 0.785 0.891 *** 0.880 0.775 
FPR_2 0.781 0.892 *** 0.878 0.770 
FPR_3 0.823 0.878 *** 0.904 0.817 
FPR_4 0.810 0.883 *** 0.896 0.803 

Privacy Per-
ceived Risk 0.796 0.657 0.847 yes 71.009 

PPR_1 0.556 0.804 *** 0.784 0.614 
PPR_2 0.703 0.65 *** 0.880 0.775 
PPR_3 0.669 0.69 *** 0.861 0.741 

Performance 
Expectancy 0.875 0.784 0.916 yes 80.199 

PE_1 0.787 0.799 *** 0.909 0.827 
PE_2 0.752 0.834 *** 0.890 0.792 
PE_3 0.748 0.835 *** 0.887 0.787 

Hedonic Moti-
vation 0.875 0.797 0.921 yes 80.135 

HM_1 0.807 0.78 *** 0.922 0.849 
HM_2 0.813 0.774 *** 0.925 0.855 
HM_3 0.665 0.906 *** 0.836 0.699 

Effort Expec-
tancy 0.900 0.780 0.934 yes 77.078 

EE_1 0.714 0.894 *** 0.833 0.694 
EE_2 0.811 0.859 *** 0.899 0.809 
EE_3 0.809 0.86 *** 0.898 0.807 
EE_4 0.777 0.871 *** 0.879 0.773 

Social Influ-
ence 0.868 0.745 0.921 yes 71.634 

SI_1 0.651 0.857 *** 0.799 0.638 
SI_2 0.733 0.826 *** 0.855 0.731 
SI_3 0.756 0.815 *** 0.869 0.756 
SI_4 0.739 0.823 *** 0.860 0.740 

Behavioral In-
tention  0.942 0.899 0.964 yes 89.588 BI_1 0.877 0.917 *** 0.946 0.895 

BI_2 0.846 0.941 *** 0.930 0.864 

(ns) = not significant/ *significance on 5% level/ ** high significance on 1% level/ *** highly significance on 0.1% level  
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Table 2 Results of the regression analysis 

Costruct Dimension B (Beta) Significance adjR² 
DE U.S. U.K. DE US U.K. DE U.S. U.K. DE U.S. U.K. 

Behavioral In-
tention  

(Constant) 0.060 
-

0.377 
-

0.497       0.816 (ns) 0.122 (ns) 0.043 (ns) 

0.678 0.658 0.744 

(FPR) Functional 
Perceived Risk 0.121 0.030 0.053 0.097 0.039 0.044 0.016 * 0.379 (ns) 0.271 (ns) 

(PPR) Privacy 
Perceived Risk 

-
0.150 0.004 

-
0.094 

-
0.139 0.005 

-
0.072 0.001 *** 0.908 (ns) 0.068 (ns) 

(PE) Performance 
Expectancy 0.423 0.540 0.464 0.391 0.487 0.400 0.000 *** 0.000 *** 0.000 *** 
(HM) Hedonic 
Motivation 0.208 0.009 0.252 0.187 0.007 0.206 0.007 ** 0.919 (ns) 0.001 * 

(EE) Effort Ex-
pectancy 0.004 0.312 0.031 0.003 0.252 0.022 0.950 (ns) 0.000 ** 0.685 (ns) 

(SI) Social Influ-
ence 0.390 0.203 0.361 0.348 0.241 0.345 0.000 *** 0.000 *** 0.000 *** 

                                  

  
(ns) = not significant/ *significance on 5%-level/ ** high significance on 1% level/ *** highly significance on 0.1% level 
 

medium effect (> 0.3) weak effect (> 0.1)  
 

 
Table 3 Test result of the main hypotheses 

Hypothesis Assessment 
DE U.S. U.K. 

H1 The influence of FPR on BI is negative.  x x x 
H2 The influence of PPR on BI is negative. supported  x x 
H3 The influence of PE on BI is positive. supported   supported   supported  
H4 The influence of EE on BI is positive. x supported   x 
H5 The influence of SI on BI is positive. supported  supported  supported  
H6 The influence of HM on BI is positive. supported  x supported  

x = not supported 
 



adfa, p. 13, 2011. 
© Springer-Verlag Berlin Heidelberg 2011 

 
 
 

The effect of the moderators age and gender on respective predictor-criterion rela-
tionships was examined using multiple group regression analysis. For gender, the mod-
erating effect was not assessed by country since, after data cleaning, fewer than 30 men 
per country remained (D: n = 24 and U.K.: n = 28). In reviewing the requirements for 
the regression analysis, a problem arose in the VIF value for HM (5.571), meaning the 
moderator effect of age and gender for the influence of HM on BI could not be assessed. 
The hypotheses involving moderating effects could not be supported in most cases (see 
Appendix 3). 

The third research question “Are there differences between the studied countries 
Germany, U.S.  and U.K.?”, can be answered affirmatively. Differences arise both in 
the use intention as well as the triggers and barriers for the intention to use the voice 
commerce application.  

5 Discussion, Recommendations and Limitations 

The present study has shown that there are differences between Germany, the U.S. 
and the U.K. when it comes to acceptance of the voice commerce application. The 
highest intention to use was seen in the U.S. (70%) followed by the U.K. (51%). In 
Germany, only 41% stated an intention to use the voice commerce application. From 
the UTAUT2 antecedents only two were shown to have an influence in all three coun-
tries, namely performance expectancy and social influence.  

• Performance expectancy has the strongest effect in all countries and was shown 
to be higher for men.  

• The effect of social influence on the intention to use the voice commerce appli-
cation is higher in DE and the U.K. than in the U.S. For age differentiation, the 
influence of social influence was shown to be stronger for older people in Ger-
many. The social influence effect is in all three countries higher for women. 

• Effort expectancy has an influence only in the U.S. where it demonstrated the 
second strongest effect.  

• Hedonic motivation only has an influence in Germany and the U.K. 
• Privacy risk has a negative influence only in Germany. For all other countries, 

the risk predictors are not significant.  
This raises the question if, and to what degree, studies from one country can be ap-

plied readily to another. This study shows that it is advisable to consider the specific 
circumstances of each country when developing and implementing the application. 
Since users´ performance expectancy (i.e. the perceived benefit to him or her from us-
ing the voice commerce application) has the strongest effect on acceptance in all coun-
tries, success hinges on the ability to ensure performance of the voice commerce appli-
cation. The user will rate the voice application primarily according to how well it helps 
him/her to find the right product. This means that the intelligent software should make 
the right product suggestions based on the input from the consumer and provide the 
desired information.  
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Social influence is in all three countries very important for implementing the applica-
tion, especially for women. This key trigger should be pushed in all three countries. 
This can be done by using a recommendation function in the app. The intention to use 
the application can for example be influenced by sweepstakes on social media where 
people are asked to test the application and tell about it.  

Due to the differences between the three countries, the following country-specific 
measures are recommended: In the U.S., the effortlessness (easy to understand and op-
erate) of the application should be underlined. For the U.K. and Germany, where he-
donic motivation plays a role in acceptance, communication should focus on the fun 
experienced while using the application. In order to guarantee the perceived enjoyment 
of use and to avoid frustration, companies should ensure the integration of the voice 
channel with internal processes. In Germany in particular, the perceived privacy risk 
must be taken into account. Companies should be proactive to build trust and ensure 
and communicate the privacy and security of customer data. 

There is a number of limitations in our research study that should be addressed in 
future research. The first limitation pertains to the research object: the results of the 
study are relevant for FMCG manufacturers in the area of beauty care products and 
their voice commerce application. Results for a different voice commerce application 
in another industry could turn out quite differently. The second limitation pertains to 
the countries included in the study. To generate the most relevant findings, the study 
focused on the three selected countries because they are the most important for e-com-
merce for the FMCG manufacturer. Still, other relevant markets should be considered 
for future study. China is an interesting option since it is indicated as open minded for 
new technologies.  

6  Conclusion 

Voice commerce applications carry opportunities and risks for consumers, but they 
are weighed differently depending on the country. This study examined customers’ ac-
ceptance of a voice commerce application developed by a global FMCG Company 
based on an online survey of online shoppers (n = 824) conducted in Germany, U.K. 
and the U.S. An integrated explanatory model was developed based on the UTAUT2. 
The original model was expanded to include the construct of perceived risk with the 
dimensions privacy and functional risk. The proposed conceptualization and operation-
alization of the constructs was analyzed by means of exploratory and confirmatory fac-
tor analysis and found to be very good (based on generally recognized quality criteria). 
The hypothesized relationships were examined with the help of regression analysis. The 
present study has shown that there are differences between the three countries regarding 
the factors that influence the intention to use the voice commerce application. Perfor-
mance expectancy and social influence have a significant influence in all three coun-
tries, with performance expectancy demonstrating the strongest effect in all countries. 
The influence of performance expectancy is higher for men while social influence is 
higher for women. From the perceived risks, only privacy risk has a weak but highly 
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significant negative influence on the intent to use the voice application in Germany. 
Perceived functional risk has no significant effect. Effort expectancy has an influence 
only in the U.S. where it has the second strongest effect. Hedonic motivation only has 
an influence in Germany and the U.K. This study shows that it is advisable to consider 
the specific circumstances of each country when developing and implementing voice 
commerce applications. 
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Appendix 1: Operationalization of the constructs 

Functional Perceived Risk 

FPR_1 I suspect the voice application (VA) could… 
…not perform well and create problems with my devices. 

FPR_2 …highly probably not provide desired results. 
FPR_3 …advise me wrong, because of malfunction. 
FPR_4 …advise me wrong, because the assistant will not understand me. 

Privacy Perceived Risk 

PPR_1 Using the VA with my voice assistant will cause my conversations to be over-
heard. 

PPR_2 Signing up for and using the application would lead to a loss of privacy because 
my personal information would be used without my knowledge. 

PPR_3 Internet hackers (criminals) might take control of my checking account if I use the 
VA. 

Performance Expectancy 

PE_1 When I think of the VA, I would assume… 
…that I would find it useful in my daily life. 

PE_2 ...it to enable me to answer my questions about hair styling and hair products more 
quickly. 

PE_3 ...it to increase my productivity because I can do several things at once. 
Effort Expectancy 

EE_1 The interaction with the application is clear and understandable. 
EE_2 It is easy for me to become skillful at using the application. 
EE_3 I find the application easy to use. 
EE_4 Learning how to use the application would be easy for me. 

Social Influence 

SI_1 Whether I will use the VA in the future could be influenced by…  
…friends or family members recommending it to me. 

SI_2 …Influencers recommending it to me via social media (e.g. Facebook or Insta-
gram). 

SI_3 …very important people recommending it to me via advertising. 
SI_4 ... colleagues and superiors whose opinion I value recommending it to me. 

Hedonic Motivation 
HM_1 Using the application is fun. 
HM_2 Using the application is entertaining. 

HM_3 The VA supports me in the shopping process (e.g. suggest products to me and put 
them in the shopping cart). 

Behavioral Intention  
BI_1 I intend to use the application in the future. 
BI_2 I will always try to use the application in my daily life. 
BI_3 I plan to use the application frequently. 
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Appendix 2: The effect model for each country 
 
Germany 
 

 
 
U.K. 
 

 
 
U.S.  
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Appendix 3: Test result of hypotheses for moderating effects 

Hypothesis DE U.S.           U.K. 
H1a: The influence of FPR on BI is weaker for younger people. x x x 
H1b: The influence of FPR on BI is stronger for women. x 
H2a: The influence of PPR on BI is weaker for younger people.  x x x 
H2b: The influence of PPR on BI is stronger for women. x 
H3a: The influence from PE on BI is stronger for younger people. x x x 
H3b: The influence of PE on BI is weaker for women than men. supported 
H4a: The influence of EE on BI stronger for younger people.  x x x 

H4b: The influence of EE on BI is stronger for women. x 
H5a: The influence of SI on BI is stronger for older people.  supported x x 
H5b: The influence of SI on BI is stronger for women. supported 
x = not supported 
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