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Abstract
The purpose of this paper is to explore the role of WeChat mobile-payment (m-payment)-based smart technologies in improv-
ing the retail customer experience and to develop an integrated framework of the smart retail customer experience including 
antecedents, consequences, and moderators. Based on the stimulus-organism-response (SOR) paradigm, we investigated the 
relationships among socio-technical stimuli, the smart retail customer experience, and relationship quality. We also developed 
hypotheses regarding the moderating role of customer lifetime value (CLV), which is considered an important customer char-
acteristic. The proposed framework was empirically tested based on transaction and survey data of 462 WeChat m-payment 
retail customers. The results showed the following. (1) WeChat m-payment-based smart retail technology can enhance the 
customer experience by improving customer-perceived relationship orientation, employee-customer interaction, and com-
munication effectiveness. (2) CLV has a positive moderating effect on the relationship between socio-technical stimuli and 
the customer experience. (3) The customer experience has a positive influence on relationship quality in the retail industry. 
Retail managers should make full use of smart retail technologies to improve the customer experience. In addition, they 
should emphasize the increase in CLV, as this increase enhances the positive relationship between socio-technical stimuli 
and the customer experience, making customer experience management more efficient.

Keywords  Retail customer experience · Smart retail technologies · WeChat mobile payment · Social-technical stimuli · 
Customer lifetime value (CLV)

1  Introduction

The customer experience is a growing priority for both 
practice and research. An increasing number of retail firms 
view the customer experience as a strategic differentiator 
that can give them sustainable competitive advantages. Cus-
tomers make purchase decisions based on their experiences. 

According to a Forbes survey, 86% of customers will pay 
more for a better customer experience [1]. However, signifi-
cant disparities exist between what firms believe they offer 
their customers and what customers actually experience 
during their customer journey [2]. Improving the customer 
experience is a challenge for practitioners and academic 
researchers [3].

The concept of "customer experience" was first intro-
duced in 1982 by Hobrook and Hirschman [4], emphasiz-
ing "experiential perspectives of consumption." To date, 
researchers have conducted exploratory studies on the con-
cept and dimensions [3, 5], the measurement [6, 7], the ante-
cedents and consequences [8–10], and the moderators [11] 
of the customer experience. In particular, the contemporary 
retailing landscape triggered by smart retail technologies 
(SRTs) has posed new challenges to customer experience 
management (CEM). The concept of smart retail emerged 
from the smart city phenomenon. "Smartness" refers to 
enhancing processes and efficiency on the retailer side and 
improving satisfaction and utility on the consumer side [12, 
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13]. Over the past few years, an increasing number of tradi-
tional retail stores have incorporated smart retail technolo-
gies into their day-to-day practice and created smart part-
nerships between retailers and consumers [13]. The various 
smart retail technologies include touch screens, interactive 
displays, nearfield communication, tablets, and QR codes, 
among others. A recent report predicted that smart retail 
technology's global market size would grow by approxi-
mately 20% to reach $35.64 billion by 2020 [14]. With the 
rapid development of smart technologies, it is worth explor-
ing how these technologies contribute to the retail customer 
experience. Although researchers believe that these cutting-
edge technologies can improve the customer experience 
[15], empirical evidence supporting this belief is scarce. Few 
studies have explored the effect of smart technologies on 
retail customer experience. To address this research gap, the 
purpose of this paper is to examine the role of smart technol-
ogies in improving retail customer experience and to develop 
an integrated framework of smart retail customer experience 
that includes antecedents, consequences, and moderators.

This research focuses on a broadly adopted smart retail 
technology in China, i.e., the WeChat mobile-payment 
(m-payment)-based smart retail system. WeChat Pay is 
one of China's most popular payment methods, providing a 
smart and efficient payment solution for both consumers and 
merchants. It is used by hundreds of millions of consumers 
every day, especially by shops in brick-and-mortar stores. 
In addition, WeChat Pay empowers retailers to connect with 
consumers before, during, and after sales through innovative 
marketing platforms in the WeChat ecosystem. For exam-
ple, brick-and-mortar retailers can push customized instant 
messages, including advertising, coupons, and promotion 
information, soon after payment. WeChat m-payment offers 
comprehensive support to help brick-and-mortar stores build 
a smart retail system. Therefore, in this paper, we propose 
a smart retail customer experience framework based on 
WeChat m-payment and empirically test it based on a data-
set of 462 consumers shopping in a large brick-and-mortar 
Chinese retailer.

In the next sections, we review the theoretical back-
ground, lay out the conceptual framework, develop the 
research hypotheses, describe the methods and discuss 
the results and implications of our research for theory and 
practice.

2 � Theoretical background

2.1 � Technology and customer experience

With the rapid development of smart retailing, the role of 
technology has received increasing research attention. From 
self-service technologies (SSTs) [8] to virtual, augmented, 

and mixed reality technologies [15], researchers have high-
lighted the importance of technology for the customer expe-
rience. For example, Flavián et al. [15] proposed that tech-
nology might support or empower the customer experience 
and produce new experiences along the customer journey. 
Thomas [16] asserted that the advent of new digital tech-
nologies is the catalyst for personalized experiences. Parise 
et al. [17] also contended that digital technology can trans-
form the customer experience. Rodríguez et al. [18] believed 
that technology-based resources can contribute to supporting 
the customer experience during the shopping process.

This research domain can be divided into three frequent 
themes, i.e., online customer platforms, SSTs, and emerg-
ing digital technologies [19]. Online servicescapes and plat-
forms have created opportunities for a variety of customer-
organization interactions [20]. For example, researchers have 
studied the quality of website services and mobile services 
in driving effective customer experiences [21, 22]. SSTs 
expand customer interaction with organizations and allow 
customers to personalize their experiences [8]. Emerging 
digital technologies play an increasingly important role in 
improving the customer experience. An increasing num-
ber of studies have focused on customer experiences aris-
ing from the use of emerging technologies. For example, 
Chylinksi et al. [23] conceptualized augmented reality mar-
keting and believed that it can improve customer experiences 
and decision making. Dacko [24] discussed how mobile aug-
mented reality apps contribute to smart retail settings and 
offer users experiential value. Flavián et al. [15] described 
the impact of virtual, augmented and mixed reality tech-
nologies on customer experience. Dieck and Han [25] also 
looked at the role of immersive technologies such as aug-
mented and virtual reality as part of the CEM (CEM) pro-
cess. Hoyer et al. [26] believed that new technologies such 
as the Internet of Things, augmented reality, virtual reality, 
mixed reality, virtual assistants, chatbots, and robots are dra-
matically transforming the customer experience.

Given the rapid development of new retail technologies, 
understanding their role in the customer experience is essen-
tial to both researchers and practitioners. Although there is a 
growing connection between technology and customer expe-
rience research, the current literature is rather fragmented 
and few studies have explored the effect of smart technolo-
gies on the retail customer experience. An integrated frame-
work including antecedents, consequences, and moderators 
is needed to understand the customer experience in today’s 
technological environment.

2.2 � Mobile payment and customer experience

Thanks to the widespread use of mobile phones, m-payment 
is one of the most popular payment tools in society today. 
M-payment may be defined as transactions in which mobile 
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devices, such as cell phones, tablets, or PDAs, are used to 
initiate, authorize and confirm an exchange of financial value 
in return for goods or services [27]; transfers of funds in 
return for goods or services in which a mobile device is 
functionally involved in executing and confirming payment 
[28]; or a solution utilizing mobile devices to perform trans-
actions [29]. In essence, m-payment is cashless payment 
made for a product or service using mobile devices such as 
smartphones or tablets.

As a new retail technology that has emerged in recent 
years, m-payment has revolutionized the way people pay in 
brick-and-mortar stores. Replacing cash and credit cards, 
m-payment offers a more convenient, flexible, and time-
saving way of paying. Researchers believe that because 
m-payment allows users to complete their payments anytime 
and anywhere and in a safer, faster, and more convenient 
manner [30–32], it has a positive impact on the retail shop-
ping experience. Cox and Sanchez [33] believed that mobile 
wallets can transform the customer experience. According 
to Tayor [27], m-payment has the potential to redefine brick-
and-mortar stores by making checkouts simpler and faster.

With the rapid development of mobile technologies, 
m-payment is now more than just payment; it has become 
an ecosystem or platform that combines payment, marketing 
(i.e., offers and coupons), loyalty, and money management 
[33]. Taking China as an example, the country’s two leading 
m-payment service players, Alibaba’s Alipay and Tencent’s 
WeChat Pay, have built ecosystems around their m-payment 
tools. These ecosystems can provide comprehensive sup-
port to help stores become “smarter”. In this study, we focus 
on the WeChat m-payment-based smart retail system and 
investigate how this emgering retail technology may affect 
the customer experience.

2.3 � Moderators of customer experience

Moderators may play a dominant role in the creation of the 
customer experience. However, few researchers have investi-
gated this topic [34]. According to the conceptual framework 
proposed by Verhoef et al. [8], customer experience modera-
tors can include situation moderators (such as stores’ type 
and location, culture, economic climate, season, and compe-
tition/entrance) and consumer moderators (such as consum-
ers’ shopping goals, sociodemographics, and attitudes). Jain 
et al. [10] summarized customer experience moderators into 
three categories: customers, including demographic, psycho-
graphic, personal, social, and cultural characteristics; macro-
environment, including economics and technology; and situ-
ational, including competition, type of store, product/service 
category, location, and purchase timing. In a review by Var-
shneya et al. [34], possible customer experience moderators 
included income, age, gender, culture, mood, sensitivity, 
perceived risk, locus of control, and familiarity. Esbjerg 

et al. [11] proposed that shopping motives (task-oriented 
vs. recreational) may moderate the relationship between the 
store environment and shopping trip experiences. Le and 
Nguyen-Le [35] empirically tested the moderating role of 
internet usage in the relationship between channel integra-
tion quality and the customer experience.

The limited literature on moderators shows that customer 
characteristics play an indispensable role in customer expe-
rience research. For example, sociodemographic character-
istics such as age, gender, and income and psychographic 
characteristics such as mood, attitude, shopping motives, 
perceived risk, locus of control, and familiarity are consid-
ered critical moderators of the customer experience [10, 11, 
34]. Beyond these sociodemographic and psychographic 
characteristics, the moderating effect of customer trading 
behavior characteristics remains to be verified.

An important variable reflecting customer trading behav-
ior characteristics is customer lifetime value (CLV), which 
refers to the net present value of profit that a customer can 
bring to a firm during the customer’s lifetime of transactions 
with the firm [36]. Researchers believe that CLV works as 
the basis for firms to segment their customers and allocate 
marketing resources [37]. Segmenting customers based on 
their lifetime value and designing corresponding marketing 
schemes can bring more profits to retailers than segmenting 
customers based on sociodemographic characteristics [36, 
38]. In this paper, we investigate the moderation effect of 
CLV.

3 � Conceptual framework and hypothesis 
development

In this section, we propose an integrated framework of smart 
retail customer experience in the new technology environ-
ment. Our framework is based on the stimulus-organism-
response (SOR) model. Proposed by Mehrabian and Russell 
in 1974 [39], the SOR model proposes that environmental 
stimuli (S) affect the internal emotional states of an indi-
vidual (O), which then influence his or her approach or 
avoidance behaviors (R). Donovan and Rossiter [40] first 
introduced the SOR model in retail settings, testing two cen-
tral emotional states—pleasure and arousal—as significant 
mediators between store atmosphere and intended shopping 
behavior.

In recent years, the SOR model has been adapted by 
researchers to study the customer experience [41–45], which 
Lemon and Verhoef [3] defined as a "Customer's cognitive, 
emotional, behavioral, sensorial and social response to a 
firm's offerings during the customer's entire purchase jour-
ney". Klaus and Maklan [6] believed that the customer expe-
rience is "the metal perception of interaction," which in turn 
drives a set of benefits, emotions, judgments, and intentions. 
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According to Verhoef et al. [8], the customer experience 
"involves the customer's cognitive, affective, emotional, 
social and physical responses to the retailer". Therefore, 
the customer experience is essentially the internal state of 
an individual (O). In this context, the organism’s environ-
mental stimuli (S) are touchpoints that customers interact 
with during the customer journey, and response (R) refers 
to customer behaviors, such as repurchase intention, brand 
engagement, and word of mouth (WoM). In our research, the 
touchpoints brought by the adoption of smart retail technolo-
gies work as stimuli (S) in the customer experience (O), and 
the experience brought by smart retail technologies further 
affects the response of customers (R) (see Fig. 1).

3.1 � Antecedents of smart retail customer 
experience: STS as an environmental stimulus

Most research on the antecedents of the customer experi-
ence is based on the store attribute perspective, emphasizing 
the influence of store attributes such as retail assortment, 
accessibility, layout/scale, atmosphere, price, location and 
promotion on the retail customer experience [9, 46, 47]. In 
this study, we explore the antecedents of the smart retail 
customer experience in the context of new technologies from 
a new research perspective, i.e., a socio-technical system 
(STS) perspective, to help us understand the role of smart 
technologies and their working mechanism in the retail cus-
tomer experience.

According to the STS perspective, a firm consists of two 
interacting systems, i.e., the social system and the technical 
system. The social system is concerned with people, and the 
technological system is concerned with processes, tasks, and 
technology [48, 49]. As an STS, a retailer provides customer 
touchpoints in terms of social and technical aspects during 
the customer journey. These social-technical touchpoints 
communicate something positive or negative about the firm. 
Customers’ interaction with these touchpoints can influence 
their customer experience [10]. For example, Smith et al. 
[41] investigated the interplay between technical and social 
systems within an organization that potentially affect the 
customer service experience.

Leavitt [50] proposed the diamond model of STS that 
includes four essential interacting components within an 

STS: technology, structure, people, and tasks (see Fig. 2). 
Our paper mainly focuses on the influence of technology 
on the other three components, i.e., structure, people, and 
tasks, to investigate the working mechanism of the retail cus-
tomer experience. We propose that smart retail technology 
can affect a firm's structure, people, and tasks. More specifi-
cally, we focus on the retailer's relationship orientation as the 
touchpoint of the structure dimension, employee-customer 
interaction as the touchpoint of the people dimension, and 
communication effectiveness as the task dimension.

3.1.1 � Technology adoption and relationship orientation

Relationship orientation is defined as "an organization 
engaged in proactively creating, developing and maintain-
ing committed, interactive and profitable exchanges with 
selected customers over time" [51]. Relationship marketing 
has become a dominant strategy for retail firms. Instead of 
focusing on one-off transactions, retailers are now devoting 
more effort to maintaining and enhancing long-term cus-
tomer relationships. First, the relationship-oriented market-
ing strategy should be customer-centered. To establish and 
maintain long-term customer relationships, retailers should 
fully understand customer needs, provide personalized ser-
vices and personal care based on these needs [52] and finally 
establish emotional connections and long-term relationships 
with customers. Second, the relationship-oriented marketing 
strategy should be based on interaction. Interaction is the 
premise of establishing a relationship between retailers and 
customers [53], and the quality of interaction determines the 
quality of relationship marketing [54].

Fig. 1   Conceptual framework based on SOR model

Fig. 2   Leavitt's Diamond Model of STS [50]
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Adopting the WeChat m-payment-based smart retail 
system helps firms capture real-time data on their custom-
ers and allows retailers to push customized instant mes-
sages, such as coupons or promotion information, accord-
ing to their customers' shopping behavior. This empowers 
firms with new capabilities to increase the relationship 
orientation perceived by their customers. More specifi-
cally, the WeChat m-payment-based smart retail system 
makes it possible to capture, integrate and analyze mas-
sive customer behavior data, such as trading and comment-
ing data. By collecting massive customer data, retailers 
can learn more about customers' needs and preferences 
through data mining to truly be customer-centric. In addi-
tion, the WeChat m-payment-based smart retail system 
gives retailers the ability to interact with customers in real 
time, which makes the interaction between customers and 
retailers easier and more convenient. When a customer can 
interact directly with a firm, it is easier for the customer 
to establish an emotional connection with the firm, and 
both parties are more inclined to understand and cooperate 
with each other; this contributes to relationship orientation 
[55]. Therefore, we hypothesize the following:

H1  Technology adoption has a positive effect on relation-
ship orientation.

3.1.2 � Technology adoption and employee‑customer 
interaction

Employees are the most important social elements in an 
organization. According to Larivière et al. [56], employees 
are enablers, innovators, coordinators, and differentiators 
in “service encounter 2.0”. The core of retail service lies 
in the interaction between employees and customers [57]. 
The application of emerging technologies in an organiza-
tion can enhance employees’ work skills and affect their 
attitudes and behaviors by giving them advanced tools 
and equipment and helping them think, analyze and take 
actions. Therefore, emerging technologies can reshape 
the role of employees in the process of interaction with 
customers.

Taking advantage of the WeChat m-payment-based smart 
retail system, frontline staff can offer individual customers 
personal attention and services. On the one hand, this sys-
tem can collect massive purchase and payment data on cus-
tomers. Analyzing these data gives frontline staff a better 
understanding of customers. On the other hand, employees 
can recognize an individual customer according to his or her 
payment ID, offer personalized services during the buying 
process and even continue to interact with the customer after 
his or her purchase with the help of the WeChat ecosystem. 
Therefore, we posit the following:

H2   Technology adoption has a positive effect on employee-
customer interaction.

3.1.3 � Technology adoption and communication 
effectiveness

Marketing is the primary task of retailers, and the essence of 
marketing is to communicate with customers through effec-
tive media. With the development of relationship market-
ing, marketing communication has gradually changed from 
product-driven mass market communication to customer-
oriented integrated marketing communication with stronger 
pertinence and interactivity [58]. SRTs can change the way 
retailers communicate and improve communication effec-
tiveness in the following ways. First, SRTs can increase 
retailers’ customer insight, which refers to the understanding 
of customer motivation and behavior. Smart retail technolo-
gies allow retailers to continuously obtain massive customer 
data and information and transform the original data into 
customer insights through dynamic analysis systems. Sec-
ond, SRTs can enhance retailers’ ability to formulate com-
munication plans. With the help of emerging technologies, 
retailers can develop communication plans based on cus-
tomer insight, better measure the effects of marketing com-
munication, and adjust their communication plans accord-
ing to these effects. Last, smart retail technologies allow 
retailers to use different communication tools and different 
platforms for different customer segments, thus improving 
the effectiveness of retailers’ marketing communication. The 
WeChat m-payment-based smart retail system can collect 
massive customer data according to customers’ payment ID, 
thus facilitating customer data collection and information 
management. Rich knowledge of customers enables retailers 
to communicate the “right” information to the “right” people 
at any time or any place, further enhancing personalized 
communication and promotion. Therefore, we hypothesize 
the following:

H3  Technology adoption has a positive effect on commu-
nication effectiveness.

3.1.4 � Technology adoption and retail customer experience

Smart technology shapes the new retail environment and 
has the potential to improve the customer experience. 
Researchers have emphasized the importance of technol-
ogy for the customer experience. For example, Foroudi 
et al. [59] asserted that the customer experience depends on 
firms’ technical innovation capability. Rodríguez et al. [18] 
believed that technology use represents core elements for 
developing a satisfying customer experience. The authors 
proposed a model called Shopping Experience Design, 
which emphasizes the role of technology in delivering a 
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superior customer experience. Flavián et al. [15] studied 
the effect of virtual-reality, augmented-reality, and mixed-
reality technologies on customer experience. They proposed 
that these technologies might not only enhance the customer 
experience but also produce new experiences.

SRTs can help improve the customer experience in four 
different ways. First, emerging technologies can provide cus-
tomers with more convenient and fast shopping services. 
Second, these technologies can provide customers with per-
sonalized shopping experiences. Third, these technologies 
can enhance the interactive experience of customers during 
shopping. Last, these technologies can not only improve 
the customer experience but also create an unprecedented, 
new experience for customers. This paper focuses on the 
WeChat m-payment -based smart retail system and analyzes 
the relationship between technology adoption and the cus-
tomer experience. WeChat m-payment is cash free, and it is 
a faster, safer, and more convenient way for customers to pay 
for goods or services at brick-and-mortar stores. In addition, 
the WeChat m-payment-based smart retail system enables 
retailers to acquire, store, and analyze customer big data, 
improves interaction, and presents opportunities for more 
personalized high-quality services, thus improving the cus-
tomer experience. We therefore hypothesize the following:

H4  Technology adoption has a positive effect on the retail 
customer experience.

3.1.5 � Relationship orientation and retail customer 
experience

Relationship orientation reflects an organization's engage-
ment in developing and maintaining a long-term relation-
ship with customers. Pressey and Mathews [60] proposed 
seven dimensions central to relationship marketing in a retail 
context: a high level of trust, a high level of commitment, 
a long relationship, open communication channels, having 
customers’ best interest at heart, a commitment to qual-
ity, and an attempt to retain customers. All of these efforts 
made by firms help improve the customer experience. More 
specifically, relationship orientation is customer-centric. 
It involves understanding customer needs and organizing 
business activities based on these needs [61]. Relationship 
orientation can be reflected in all aspects of the customer’s 
shopping process, such as providing personalized products 
and services according to customers’ needs, providing after-
sales service, treating customers sincerely, and establish-
ing emotional connections with customers. These aspects 
undoubtedly have a positive role in improving the customer 
experience. Therefore, we hypothesize the following:

H5  Relationship orientation has a positive effect on the 
retail customer experience.

3.1.6 � Employee‑customer interaction and retail customer 
experience

Several researchers have emphasized employee-customer 
interaction as a critical driver of the customer experience. 
Through qualitative research, Stein and Ramaseshan [62] 
observed that employee-customer interaction is an important 
customer experience touchpoint. Experienced and knowl-
edgeable employees, personalized service, and friendly 
greetings can contribute to a positive customer experience. 
According to Kim and Choi [63], the perceived quality of 
employee-customer interaction is a vital determinant of the 
customer experience. Srivastava and Kaul [64] believed that 
social interaction between customers and employees posi-
tively and directly affects the customer experience. In addi-
tion to in-store face-to-face encounters, other retail channel 
interactions, such as those on telephone, email, and online 
forums, can also influence the customer experience [62]. 
For example, McLean and Osei-Frimpong [65] studied the 
effect of a web-based service representative on the customer 
experience. Enhanced interactivity between employees 
and customers enables customers to obtain more relevant 
information, better understand products and services, and 
obtain more feedback, support and help during the shopping 
process; this improves the customer experience. Thus, we 
hypothesize the following:

H6  Employee-customer interaction has a positive effect on 
the retail customer experience.

3.1.7 � Communication effectiveness and retail customer 
experience

Marketing communication is a crucial touchpoint during the 
customer journey. According to Brakus et al. [66], brand 
experience is the feeling, emotion, cognition and behav-
ior that emerge in reaction to brand-related stimuli, and 
marketing communication is one of the important stimuli 
related to a brand. Although marketing communication is 
generally considered to influence the customer experience 
in the search and evaluation stage before purchase, Stein and 
Ramaseshan [62] found through semistructured interviews 
that marketing communication also plays an important role 
in the purchase and post-purchase stages. For example, one 
interviewee said that receiving purchase confirmation and 
delivery notification emails from retailers after a purchase 
brings peace of mind and self-confidence and optimizes the 
shopping experience. The influence of marketing commu-
nication on the customer experience runs through custom-
ers’ entire shopping journey. In addition, according to [62], 
advertisements and promotional or informative messages 
are basic communitive elements. Researchers have mainly 
focused on promotional information as stimuli in the retail 
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customer experience [9], while studies on the other two ele-
ments are rather scarce. The influence of retailers’ marketing 
communication on the customer experience is worth explor-
ing. Therefore, from the perspective of retailers’ communi-
cation effectiveness, we propose the following hypothesis:

H7  Communication effectiveness has a positive effect on 
the retail customer experience.

3.1.8 � Mediating effects of relationship orientation, 
employee‑customer interaction, and communication 
effectiveness

Smart technology can empower a retailer with new capa-
bilities to optimize its management and structure [12, 67], 
enhance employee competence [68], and improve its com-
munication [69]. Specifically, the WeChat m-payment-based 
smart retail system can help retailers capture a massive 
amount of customer data, push customized instant messages, 
offer personalized services and interaction, and communi-
cate the "right" information to the "right" people. All of 
these capabilities empowered by the WeChat m-payment-
based smart retail system help improve relationship orien-
tation, employee-customer interaction, and communication 
effectiveness. As social-technical touchpoints, relationship 
orientation, employee-customer interaction, and communi-
cation effectiveness can further influence the customer expe-
rience [62, 70]. Therefore, we hypothesize the following:

H8   Relationship orientation mediates the relationship 
between technology adoption and the retail customer 
experience.

H9  Employee-customer interaction mediates the relation-
ship between technology adoption and the retail customer 
experience.

H10   Communication effectiveness mediates the relation-
ship between technology adoption and the retail customer 
experience.

3.2 � Consequences of smart retail customer 
experience: relationship quality as a response 
to customer experience

Researchers have explored the influence of the customer 
experience on customer attitudes and behaviors, such as sat-
isfaction, loyalty, WoM, shopping frequency, and repurchase 
intentions [9, 10, 71]. Few studies have empirically tested 
the influence of the customer experience on the relationship 
quality between retailers and customers. Relationship quality 
is defined by Henning-Thuran and Klee [72] as “the degree 
of appropriateness of a relationship to fulfill the needs of 

the customer associated with the relationship.” It is a key 
concept in relationship marketing and serves as an indicator 
of the strength of customers’ long-term relationship with a 
service provider [73]. Relationship quality consists of two 
basic dimensions, i.e., trust and satisfaction [73]. Trust refers 
to the level of customer confidence in a firm’s integrity and 
reliability [74]. Satisfaction is defined as “the degree to 
which interactions between the customer and service pro-
vider meet customer expectations” [75]. Researchers have 
found that customer experience significantly influences trust 
[74, 76] and satisfaction [17, 45]. In addition, some studies 
have directly focused on the effect of the customer experi-
ence on relationship quality. For example, Rajaobelina [77] 
examined the impact of the customer experience on rela-
tionship quality in travel agencies. Jin et al. [75] studied 
the influence of experiential value on relationship quality 
in a full-service restaurant setting. However, to the best of 
our knowledge, there is no empirical study investigating the 
impact of the customer experience on relationship quality 
in the retail industry. Therefore, we propose the following 
hypothesis:

H11  The customer experience has a positive effect on the 
relationship quality between customers and a retailer.

3.3 � Moderators of smart retail customer 
experience: customer lifetime value

Exploring moderators helps scholars and practitioners 
understand different customers’ experiences in different 
situations. Very little empirical research has examined 
customer experience moderators, although prior studies 
have identified customer moderators such as demographic, 
psychographic, and personal characteristics [8, 10]. In this 
paper, we focus on the characteristics of customer trading 
behavior. We propose the moderating effect of an important 
variable reflecting the trading behaviors of retail customers, 
i.e., CLV, testing whether the effects of STS touchpoints on 
the customer experience vary with the level of CLV.

CLV reflects customers’ trading behaviors. Customers 
with a higher lifetime value are more inclined to buy more 
products with a higher value from a retailer for a long time 
in the future. In the human memory, a memory of any event 
fades over time. Since customers with a higher lifetime value 
purchase more often from a retailer, their positive percep-
tions and evaluations of the retailer are reinforced as their 
number of purchases increases, while their perceptions of 
unpleasant service interactions fade and become more neu-
tral over time [78]. Prior studies have found that behavioral 
loyalty may affect customers’ perceptual responses, such 
as their perception of service quality [79], their perceived 
importance of brand attributes [80, 81], and their satisfac-
tion [82]. For example, Bird et al. [83] found that loyal 
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customers usually have more positive brand image percep-
tions than disloyal customers in the FMCG category. In the 
B2B category, loyal customers are also found to evaluate 
their suppliers more positively [84]. Since CLV reflects the 
profits a retailer can generate from a customer during the 
customer’s entire lifetime of transactions with the retailer, 
customers with a higher level of CLV usually have built a 
longer relationship with the retailer, which means they are 
loyal customers. Therefore, the evaluation and perception of 
customers with a higher level of CLV to a service or product 
provider are more favorable than those of customers with a 
lower level of CLV. In addition, customers with a higher life-
time value are more familiar with the retailer than customers 
with a lower lifetime value who buy less from the retailer. 
According to [82], a higher level of familiarity improves 
customers’ positive perceptions toward a retailer. Therefore, 
when CLV increases, customer perceptions and evaluations 
of STS touchpoints enabled by smart retail technologies 
will become more positive. Therefore, we hypothesize the 
following:

H12  CLV moderates the relationships between the customer 
experience and (a) relationship orientation, (b) employee-
customer interaction, and (c) communication effectiveness 
such that these relationships are more positive when CLV 
increases.

The research framework is presented in Fig. 3.

4 � Research method

4.1 � Sample and data collection

Our proposed theoretical framework includes both cus-
tomers' attitudinal variables and their behavioral variables. 
Thanks to the rapid development of WeChat m-payment, we 

achieved data collection and data matching by accurately 
pushing the questionnaire to target customers based on their 
WeChat payment ID with the help of an m-payment aggre-
gator. Specifically, we followed the steps below. First, we 
targeted customers who were following the retailer's WeChat 
official account. The WeChat official account is the channel 
of communication within the WeChat ecosystem. It provides 
firms and organizations with business services including 
sending followers messages, vouchers, and surveys.1 Sec-
ond, we targeted followers who had a purchase history 
dating back to August 2015. Third, the survey was sent 
automatically to customers after making a payment using 
WeChat Pay. More specifically, when potential respondents 
made a purchase and paid using WeChat Pay in any retailer's 
branch store, they received a push notification of the survey 
on his or her friend chat list immediately after payment. 
Respondents were told that they would receive a 50 RMB 
shopping coupon from the retailer after they filled out the 
questionnaire. According to our pretest before the data col-
lection process, most consumers agreed to participate when 
we raised the incentive coupon amount to 50 RMB.. In addi-
tion, as WeChat Pay is used by 93% of consumers in offline 
purchases in tier 1 and 2 cities in China,2 our sample selec-
tion was random and no sample selection issues affected the 
reliability of our results. The data collection process lasted 
one week. In total, 462 respondents completed the survey.

According to customers’ unique WeChat payment IDs, 
the historical transaction data from August 18, 2015, to May 
7, 2019, of these 462 respondents with the retailer could be 
tracked and extracted through the payment database of the 
m-payment aggregator. Finally, we merged the survey data 
and the transaction data of the 462 respondents and obtained 

Fig. 3   Conceptual framework: an integrated framework of smart retail customer experience

1  For more information about WeChat and WeChat official accounts, 
please refer to http://​www.​wechat-​help.​com/​offic​ial_​accou​nt/.
2  https://​99fir​ms.​com/​blog/​wechat-​stati​stics/.

http://www.wechat-help.com/official_account/
https://99firms.com/blog/wechat-statistics/
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a dataset comprising both their attitudinal and behavioral 
data. The majority of the consumers (approximately 70%) 
were women, 82% of the consumers had made more than 
ten purchases, and the accumulated purchase value at the 
retailer ranged from 12 RMB to as much as 45,248 RMB 
since January 2017.

4.2 � Measurement

All constructs except CLV were measured using five-point 
Likert scales anchored by "strongly disagree" and "strongly 
agree." The scales were drawn from measures previously 
validated in related research and were reworded to adapt 
them specifically to retailing. CLV was operationalized 
using a single-item measure. This concept is treated as 
observable characteristics such as age, sales, and profits; 
thus, a single-item measure is appropriate [85]. Table 1 
provides operational definitions and sources for these con-
structs. “Appendix 1” contains the scale items, loadings, and 
reliability statistics.

Technology adoption was measured using three reflective 
items adapted from Bhattacherjee's confirmation (of tech-
nology expectations) scale [86]. This scale was originally 
designed to measure the confirmation of expectations from 
information system (IS) adoption, i.e., users' perception of 
the congruence between their expectations of IS adoption 
and actual IS performance. We used this scale to capture 
the congruence between respondents’ expectation of the 
retailer's smart technology adoption, particularly the WeChat 
m-payment-based smart retail system, and its actual perfor-
mance, reflecting the retailer's technology adoption level as 
perceived by the respondents. Relationship orientation items 
were adapted from Aurier and Séré de Lanauze's perceived 

brand relationship orientation measures [87]. Employee-
customer interaction was measured using the reflective scale 
developed by [7]. The three reflective items of communica-
tion effectiveness were adapted from Sharma and Patterson's 
communication effective scale initially designed for profes-
sional services [88]. Customer experience was measured 
using reflective items adapted from Bagdare and Jain’s retail 
customer experience measures [89]. The scale captured four 
retail customer experience dimensions, i.e., mood, joy, lei-
sure, and distinctiveness. The items measuring relationship 
quality were adapted from Rajaobelina’s relationship quality 
scale, which was also reflective and emphasized two basic 
dimensions: trust and satisfaction [77].

As a behavioral variable, CLV is measured by customers’ 
transaction data. The basic CLV model is described as 
CLV =

∑n

i=1

(Ri
−C

i)
(1+d)i−0.5

 , where i represents the period of cash 
flow from a customer transaction; Ri is the revenue from the 
customer in period i; Ci is the total cost of generating reve-
nue in period i; n is the total number of periods of the pro-
jected life of the customer under consideration; and d is the 
discount rate [90]. Researchers have proposed various mod-
els to measure CLV. Some models have focused on measur-
ing CLV components, such as purchase frequency and con-
tribution margin, separately and then combined them to 
predict CLV. In contrast, some studies have proposed simul-
taneously modeling related elements to achieve more accu-
rate results [91]. In this paper, we measure purchase fre-
quency (F) based on the Pareto/GGG model [92] and 
measure monetary value (M) using the gamma-gamma dis-
tribution [93]. Assuming that purchases F and M are inde-
pendent of each other, CLV can be obtained by the product 
of the two submodels without considering the customer 

Table 1   Operationalization of constructs

Construct Operational definition Measurement

Technology adoption Customers' perceived congruence between their 
expectation of the retailer's smart technology adop-
tion and its actual performance

Multiple-item measurement adapted from Bhattacher-
jee’s [86] confirmation of IS expectations scale

Relationship orientation Customers’ perception of the retailer’s relationship 
orientation

Multiple-item measurement adapted from Aurier & 
Séré de Lanauze’s [87] perceived brand relationship 
orientation scale

Employee-customer interaction Customers’ perception of their interactions with 
employees of the retailer

Multiple-item measurement adapted from Terblanche’s 
[7] interaction with staff scale

Communication effectiveness Customers’ perception of the communication effec-
tiveness of the retailer

Multiple-item measurement adapted from Sharma & 
Patterson’s [88] communication effectiveness scale

Customer experience Customers’ perception of their shopping experience 
with the retailer

Multiple-item measurement adapted from Bagdare & 
Jain’s [89] retail customer experience scale

Relationship quality Customer’s evaluation of their long-term relationship 
quality with the retailer

Multiple-item measurement adapted from Rajaobelina’s 
[77] relationship quality scale

CLV Customers’ contribution to profit in the next 20 weeks Single-item measurement predicting the frequency 
(Pareto/GGG) and monetary value (gamma-gamma 
distribution) of each customer's future purchase



86	 Information Technology and Management (2022) 23:77–94

1 3

acquisition cost or discount rate [94]. “Appendix 2” shows 
the CLV of some customers.

4.3 � Data analysis

To test our hypotheses, we applied PLS-SEM to create the 
underlying path model and estimate its relationships using 
SmartPLS 3.2. PLS-SEM is a useful tool to develop and 
test theory in management research. We chose to use PLS-
SEM over covariance-based methodologies for the follow-
ing reasons. (1) Our number of observations was relatively 
small. PLS-SEM works particularly well for models with a 
large number of constructs but a small sample size [85]. The 
guideline for the minimum sample size requirement for PLS-
SEM follows the “ten times rule” [95], which means that 
the minimum sample size should be ten times the most sig-
nificant number of arrowheads directed at a latent variable 
anywhere in the PLS path model. According to the sampling 
rule of thumb, we could safely conclude that our sample size 
of 462 was adequate for this research. (2) Our model con-
tains both reflective constructs and a single-item construct. 
PLS-SEM can easily incorporate reflective and formative 
measurement models, as well as single-item constructs, with 
no identification problems, which made PLS-SEM an appro-
priate tool for our study. (3) PLS-SEM has greater statistical 
power, meaning that PLS-SEM is “more likely to render a 
specific relationship significant when it is in fact significant 
in the population” [85].

5 � Results

5.1 � Measurement model evaluation

Before testing the structural model, we first evaluated the 
reliability and validity of the scales. The values are reported 
in “Appendix 1”. Reliability was assessed by examining 
indicator reliability and construct reliability. All item load-
ings were significant (p < 0.001) and greater than 0.7, ensur-
ing indicator reliability. Construct reliability was assessed 
by examining composite reliability (CR), and all constructs 

exhibited satisfactory internal consistency reliability, with 
all CR values above the recommended threshold of 0.7.

We used average variance extracted (AVE) to establish 
convergent validity, and all constructs had an AVE value 
higher than the recommended threshold of 0.5. Discriminant 
validity was tested according to the Fornell-Larcker crite-
rion, which compares the square root of AVE values with 
latent variable correlations. Discriminant validity is estab-
lished when the square root of the AVE of each construct 
is greater than its highest correlation with other constructs 
[96]. The results in Table 2 show no problems concerning 
discriminant validity.

5.2 � Structural model evaluation

After establishing confidence in the reliability and validity 
of the measurement, we examined the structural model.

First, we assessed the structural model for collinearity 
issues. A variance inflation factor (VIF) above 5.0 is usually 
considered to indicate collinearity [85]. Table 3 shows that 
there are no collinearity problems in the structural model.

Second, we examined the predictive capabilities of the 
structural model. The PLS-SEM’s structural model was 
assessed by the model’s predictive capabilities instead of the 
goodness of fit. The most commonly used criteria to evaluate 
a structural model's predictive capabilities are R2 and Q2. R2 
measures a model’s predictive accuracy, with a higher value 
indicating a higher level of accuracy. In disciplines such as 
consumer behavior, R2 values of 0.2 are considered high 
[85]. Q2 measures a model’s predictive relevance and can 
be obtained by using a blindfolding procedure. Q2 values 
larger than zero indicate a model’s predictive relevance for 
a particular endogenous latent variable. Table 4 shows that 
the structural model has good predictive capabilities.

Finally, we assessed the significance of the path coef-
ficients representing the hypothesized relationships. Sig-
nificance statistics were produced by bootstrapping 5,000 
subsamples of the data.

STS antecedents of customer experience. As proposed by 
H1-H3, technology adoption has a positive effect on relation-
ship orientation (0.691, t-value = 26.919, p-value < 0.001), 
employee-customer interaction (0.727, t-value = 26.081, 

Table 2   Correlations and 
discriminant validity

Square-root of AVE on the diagonal in bold; correlations below the diagonal

1 2 3 4 5 6

1 Technology adoption 0.9210
2 Relationship orientation 0.6913 0.9340
3 Employee-customer interaction 0.7269 0.7652 0.9108
4 Communication effectiveness 0.7248 0.7614 0.8214 0.8944
5 Customer experience 0.6592 0.7344 0.7974 0.8136 0.9101
6 Relationship quality 0.7044 0.7339 0.8265 0.8185 0.8196 0.9196
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p-value < 0.001), and communication effectiveness (0.725, 
t-value = 27.736, p-value < 0.001). With regard to H4, 
Table 5 shows the direct effect of technology adoption on 
the customer experience, which is nonsignificant (0.009, 
t-value = 0.1728, p-value = 0.8628). To better understand 
this result, we further analyzed the indirect effect of tech-
nology adoption on the customer experience in the follow-
ing mediation test section. With regard to H5-H7, the influ-
ences of relationship orientation (0.163, t-value = 3.334, 
p-value < 0.001), employee-customer interaction (0.323, 
t-value = 5.309, p-value < 0.001), and communication 
effectiveness (0.417, t-value = 8.292, p-value < 0.001) on 
customer experience are significant.

In testing mediating effects, many scholars have followed 
the causal steps approach proposed by Baron and Kenny 
[97]. However, Baron and Kenny’s approach to determin-
ing mediating effects has been widely challenged in recent 
years [98]. When testing mediating effects, researchers rec-
ommend following [99] and bootstrapping the sampling 

distribution of the indirect effect [85]. We employed pro-
cedures from [99] and tested a single multiple-mediation 
model instead of a separate simple mediation model. The 
results confirm that the impact of technology adoption on 
the customer experience is fully mediated by relationship 
orientation, employee-customer interaction and communica-
tion effectiveness (Table 5). The indirect effect of technology 
adoption on the customer experience through relationship 
orientation, i.e., technology adoption → relationship orien-

tation → customer experience, is 0.113 (0.691 × 0.163), and 
the associated test statistic is significant (t-value = 3.281, 
p-value < 0.001) (H8). The indirect effect of technology 
adoption on the customer experience through employee-
customer interaction, i.e., technology adoption → employee-
customer interaction → customer experience, is 0.235 
(0.727 × 0.323), and the associated test statistic is also sig-
nificant (t-value = 5.217, p-value < 0.001) (H9). Moreover, 
the indirect effect of technology adoption on the customer 
experience through communication effectiveness, i.e., tech-
nology adoption → communication effectiveness → cus-
tomer experience, is confirmed with a coefficient equal to 
0.303 (0.725 × 0.417) (t-value = 7.794, p-value < 0.001) 
(H10). The total indirect effect is the sum of the three spe-
cific indirect effects, that is, 0.113 + 0.235 + 0.303 = 0.651 
(t-value = 15.236, p-value < 0.001). Since the indirect 
effect is significant, the three mediators absorbed some of 
the direct effect and the direct effect turned nonsignificant 

Table 3   Collinearity 
assessment: VIF values

Result variables/Predictor variables 1 2 3 4 5 6

1 Technology adoption 1 1 1 2.485
2 Relationship orientation 2.908
3 Employee-customer interaction 3.818
4 Communication effectiveness 3.759
5 Customer experience 1
6 Relationship quality

Table 4   R2 value and Q2 value

Endogenous latent variables R2 Q2

Relationship orientation 0.478 0.398
Employee-customer interaction 0.528 0.416
Communication effectiveness 0.525 0.403
Customer experience 0.723 0.568
Relationship quality 0.672 0.541

Table 5   Direct, indirect, and total effects

n.s nonsignificant
***p < 0.01; **p < 0.05; *p < 0.10
a Following [99], the empirical t-value is the original path coefficient estimate divided by the bootstrapped standard error [85]

Effects Paths Coefficients t-valuea

Direct effects Technology adoption → customer experience .009 .1728n.s

Indirect effects Technology adoption → relationship orientation → customer experience H1*H5 = .113 3.281***
Technology adoption → employee-customer interaction → customer experience H2*H6 = .235 5.217***
Technology adoption → communication effectiveness → customer experience H3*H7 = .303 7.794***

Total indirect effect – .651 15.236***
Total effect – .659 21.961***
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(0.009, t-value = 0.1728, p-value = 0.8628). The total effect 
of technology on customer experience is 0.659, which is 
statistically significant (t-value = 21.961, p-value < 0.001); 
thus, H4 is supported. The size of the indirect effect in rela-
tion to the total effect (VAF, variance accounted for) equals 
98.8% (0.651/0.659). A large VAF of above 80% indicates 
that relationship orientation, employee-customer interaction, 
and communication effectiveness fully mediate the effect of 
technology adoption on the customer experience.

Consequences of customer experience After testing the 
STS antecedents of the customer experience, we investigated 
relationship quality as a consequence of the customer experi-
ence. The coefficient for this relationship is positive and sig-
nificant (0.820, t-value = 48.243, p-value < 0.001), providing 
evidence for H11.

Moderators of customer experience We tested the mod-
eration effects of CLV. H12a-c proposed a positive modera-
tion effect of CLV on the relationship between the customer 
experience and (a) relationship orientation, (b) employee-
customer interaction, and (c) communication effectiveness. 
As Table 6 shows, all three interaction terms—relation-
ship orientation*CLV (0.040, t-value = 1.971, p < 0.05), 
employee-customer interaction*CLV (0.033, t-value = 2.027, 
p < 0.05), and communication effectiveness*CLV (0.046, 
t-value = 2.347, p < 0.05)—have significant positive effects 
on the customer experience. Path coefficients, t-values, 
p-values and the results of hypotheses tests are presented in 
Fig. 4 and Table 6.

6 � Discussion and implications

Our goal in this study was to understand the customer 
experience in a new technological environment. Although 
the customer experience has drawn both academics’ and 
practitioners’ attention, much more research needs to be 
conducted to further understand the determinants, conse-
quences, and moderators of the customer experience, espe-
cially in today’s technology landscape. Drawing on the SOR 
framework [16] and STS theory [48], we built our research 
on the WeChat m-payment-based smart retail system and 
attempted to develop an integrated model of the smart retail 
customer experience. In addition, the present research pro-
vides empirical evidence for the moderating effect of CLV 
as a customer trading characteristic.

6.1 � Theoretical implications

Our study has several theoretical implications. First, our 
study built an integrated customer experience framework 
based on SOR theory and empirically tested the deter-
minants, consequences, and moderators of the customer 
experience. Previously, researchers have suggested that the 
SOR model can work as the theoretical basis for customer 
experience research. However, except for limited empirical 
studies such as Kumar et al. customer experience study in 
the healthcare sector [43], prior studies exploring the cus-
tomer experience on an SOR basis were mainly qualitative 

Table 6   Results of hypothesis tests

n.s nonsignificant
***p < 0.01; **p < 0.05; *p < 0.10

Paths Coefficient t-statistic Hypothesis 
supported?

STS touchpoints as stimuli of customer experience
H1 Technology adoption → relationship orientation .691 26.919*** Yes
H2 Technology adoption → employee-customer interaction .727 26.081*** Yes
H3 Technology adoption → communication effectiveness .725 27.736*** Yes
H4 Technology adoption → customer experience .659 21.961*** Yes
H5 Relationship orientation → customer experience .163 3.334*** Yes
H6 Employee-customer interaction → customer experience .323 5.309*** Yes
H7 Communication effectiveness → customer experience .417 8.292*** Yes
H8 Technology adoption → relationship orientation → customer experience .113 3.281*** Yes
H9 Technology adoption → employee-customer interaction → customer experience .235 5.217*** Yes
H10 Technology adoption → communication effectiveness → customer experience .303 7.794*** Yes
Relationship quality as response in customer experience
H11 Customer experience → relationship quality .820 48.243*** Yes
CLV as mediator
H12a Relationship orientation*CLV → customer experience .040 1.971** Yes
H12b Employee-customer interaction*CLV → customer experience .033 2.027** Yes
H12c Communication effectiveness*CLV → customer experience .046 2.347** Yes
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or conceptual [42, 100]. Our study may provide empirical 
support for SOR as a solid theoretical foundation for retail 
customer experience research. In addition, our SOR-based 
research supports the understanding of the retail customer 
experience from a holistic perspective.

Second, our study contributes to the existing literature 
on the determinants of the retail customer experience. Cus-
tomer experience determinants emerge during the customer 
journey through customer interaction with a large number 
of touchpoints. Previous studies have explored touchpoints 
such as store atmosphere [101], product assortment [46] and 
salespersons [102]. Instead of adopting a store attributes per-
spective, our study was based on STS theory and treated a 
retailer as an STS with four interacting components, i.e., 
technology, structure, people, and tasks. Since smart tech-
nology has brought significant changes to the retail field, we 
specifically emphasized the role technology plays in the sys-
tem. We analyzed how the WeChat m-payment-based smart 
retail system can empower a retailer with new capabilities to 
optimize its management and structure, enhance employee 
competence, and better complete tasks, in turn improving 
its customer-perceived relationship orientation, employee-
customer interaction, and communication effectiveness. 
Our empirical results demonstrated that customers' interac-
tion with these social-technical touchpoints influences their 
retail experience. More specifically, technology can enhance 
the customer experience by improving customer-perceived 
relationship orientation, employee-customer interaction, and 
communication effectiveness.

Third, we tested the moderating effect of customer trad-
ing characteristics, i.e., CLV. Prior studies have explored the 
moderating effects of customer sociodemographic charac-
teristics, such as age, gender, or income, or psychographic 
factors, such as mood, attitude, or shopping motives, on 
the customer experience [10, 11]. In the current study, we 
focused on the moderating role of customer trading char-
acteristics. The empirical results showed that the effects of 

relationship orientation, employee-customer interaction, and 
communication effectiveness on the customer experience are 
stronger when CLV increases. Our study demonstrated that 
CLV plays an important role in the customer experience 
framework. An increase in CLV helps enhance the effect of 
STS stimuli on the retail customer experience. By testing 
the moderating effects of CLV, we synthesized the central 
idea of the customer relationship management field into the 
CEM research. We add knowledge to the moderators of the 
customer experience.

Fourth, our study contributes to the research method of 
integrating and matching customer transaction data with sur-
vey data. Transaction data reflect customers’ actual purchase 
behavior, whereas survey data reflect customers’ attitudes 
and perceptions, which help explain the motives underlying 
customer behavior. The integration of transaction data and 
survey data could provide new insight in customer research. 
However, data fusion research is still in its infancy, and there 
is still much to learn about the processes and benefits of 
integrating transaction data and survey data [103]. Our study 
provided a preliminary application of an integrated dataset 
and empirically tested the conceptual model of the customer 
experience.

6.2 � Managerial implications

Our study demonstrated that the customer experience is 
an important driver of relationship quality, which means 
that delivering a superior customer experience could result 
in more customer trust and higher customer satisfaction. 
Therefore, retail managers should realize the importance of 
this emerging idea and develop CEM initiatives. Our study 
makes the following recommendations:

Retailers should develop their capabilities to improve 
their communication effectiveness, optimize their relation-
ship-oriented management, and enhance their employee 
competence to build better interaction with customers. 

Fig. 4   Structural model: path coefficients and significance levels. (***p < 0.01; **p < 0.05; *p < 0.10; n.s nonsignificant)
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Retailers must understand the customer journey and rec-
ognize customer touchpoints that could create a superior 
customer experience. Our study demonstrated that rela-
tionship orientation, employee-customer interaction, and 
communication effectiveness are essential touchpoints for 
the retail customer experience. Among them, communica-
tion effectiveness has the most significant influence on the 
customer experience (standardized coefficient = 0.417), fol-
lowed by employee-customer interaction (standardized coef-
ficient = 0.323) and then relationship orientation (standard-
ized coefficient = 0.163).

Retailers should take advantage of smart technology to 
empower their organization. Although technology plays a 
vital role in improving the customer experience, our study 
showed that this effect is not direct but achieved through an 
organization's management, people, and tasks. Therefore, 
retailers should increase their ability to keep up with and 
make full use of smart technologies, such as the WeChat 
m-payment system, to reshape their management and struc-
ture, enhance employee competence, and improve task ful-
fillment efficiency. By doing so, retailers can optimize the 
data collection process, enhance data analysis quality, iden-
tify market trends and customer needs, and provide more 
interactive and personalized services.

Retailers should pay more attention to CLV. CLV is con-
sidered an important criterion for customer selection and 
resource allocation [104]. Our study demonstrated that 
marketing stimuli (touchpoints) influence the customer 
experience when CLV increases. Therefore, CLV plays an 
important role in CEM. Retailers should make every effort 
to improve CLV.

7 � Limitations and future research

Our study has several limitations, and these limitations point 
to directions for future research. We tested the moderating 
effects of CLV. This variable was calculated based on cus-
tomers' actual transaction data, which could measure the 
variable more objectively and accurately than their survey 
data. However, only transactions on WeChat Pay were used 
in the calculation of CLV. In future research, transactions on 
Alipay, another major m-payment service provider, could be 
merged with transactions on WeChat to obtain a complete 
picture of customers' shopping behavior. This study's cal-
culation of CLV was based on classical probability models, 
i.e., Pareto/GGG and gamma-gamma distributions. In future 
research, machine learning methods such as random forest, 
support vector machine, and gradient-boosted decision trees 
can be utilized to measure CLV with massive customer data. 
These methods usually have good predictive performance. 
The classical probability models and the modern machine 
learning method can also be combined to predict CLV.

Appendix 1

Scale items, loadings and reliabilities.

Scale Measures Loadinga

Technology adoption
CR = 0.944
AVE = 0.848

TE1 My experience with 
using the smart 
technology (e.g., 
WeChat m-payment-
based smart retail 
system, including two-
dimensional barcode 
payment, e-coupon, 
e-membership card, 
retailer's WeChat offi-
cial account, WeChat 
mini programs, etc.) of 
this retailer was better 
than what I expected

0.910

TE2 The service level 
provided by the smart 
technology (e.g., 
WeChat m-payment-
based smart retail 
system, including two-
dimensional barcode 
payment, e-coupon, 
e-membership card, 
retailer's WeChat offi-
cial account, WeChat 
mini programs, etc.) of 
this retailer was better 
than what I expected

0.937

TE3 Overall, most of my 
expectations of using 
the smart technol-
ogy (e.g., WeChat 
m-payment-based 
smart retail system, 
including two-
dimensional barcode 
payment, e-coupon, 
e-membership card, 
retailer's WeChat offi-
cial account, WeChat 
mini programs, etc.) 
of this retailer were 
confirmed

0.916

Relationship orientation
CR = 0.954
AVE = 0.872

RO1 This retailer pays atten-
tion to me

0.933

RO2 I enjoy genuine care 
from this retailer

0.949

RO3 This retailer tries to 
develop genuine affec-
tive ties with me

0.919
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Scale Measures Loadinga

Employee-customer 
interaction

CR = 0.951
AVE = 0.83

ECI1 The staff members of 
this retailer give me 
personal attention

0.893

ECI2 The staff members of 
this retailer are always 
willing to help me

0.930

ECI3 The staff members of 
this retailer provide me 
with prompt service

0.929

ECI4 The staff members of 
this retailer are courte-
ous

0.890

Communication effec-
tiveness

CR = 0.923
AVE = 0.800

CE1 The retailer can provide 
me with an easy and 
meaningful introduc-
tion to the products I 
am interested in

0.905

CE2 The retailer provides me 
with relevant promo-
tion information in a 
timely manner

0.878

CE3 The retailer provides 
me with professional 
advice when I'm not 
sure which is the best 
product to choose

0.899

Customer experience
CR = 0.967
AVE = 0.828

CX1 When shopping at this 
retailer, I feel excited

0.879

CX2 When shopping at this 
retailer, I feel engaged

0.906

CX3 When shopping at 
this retailer, I feel 
refreshed

0.912

CX4 My shopping experi-
ence at this retailer is 
unique

0.914

CX5 My shopping experi-
ence at this retailer is 
memorable

0.919

CX6 My shopping experi-
ence at this retailer is 
wonderful

0.929

Relationship quality
CR = 0.956
AVE = 0.846

RQ1 This retailer is really 
trustworthy

0.920

RQ2 This retailer is very 
competent in its field

0.946

RQ3 This retailer keeps its 
promises and commit-
ments

0.923

RQ4 Generally, I am very 
satisfied with my 
relationship with this 
retailer

0.888

CR composite reliability, AVE average variance extracted.
a All loadings significant at p < 0.001.

Appendix 2

CLV for twenty customers.

Customer ID F̂(Frequency) M̂(RMB) CLV (RMB)

1 22.83 30.45 695
2 125.37 29.35 3679
3 23.12 30.19 698
4 140.66 88.67 12,473
5 112.2 85.82 9629
6 51.61 62.12 3206
7 72.92 39.12 2853
8 32.2 91.57 2949
9 11.87 78.60 933
10 15.03 98.90 1486
11 22.9 57.30 1312
12 13.29 54.70 727
13 74.06 61.01 4518
14 100.84 34.23 3452
15 44.49 54.67 2432
16 63.83 29.48 1882
17 21.85 70.32 1537
18 30.02 103.96 3121
19 61.14 46.72 2857
20 33.58 59.58 2001
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