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Abstract

While customer engagement and self-efficacy in perceiving customer value have been scantily
addressed, the interaction of sensitivity to privacy in digitalizing services remains underexplored. The
study depends on self-determination and social exchange theories and examines a
moderated-mediation research model using survey data from 326 consumers across China. The results
show that the measurement and structural models of customer engagement have a positive and
statistically significant relationship with self-efficacy and perceived customer value in adopting service
digitalization behaviors. The findings also confirm the conditional mediating role of consumers’
self-efficacy between customer engagement and customer value. Using the moderated analysis,
consumers’ sensitivity to privacy significantly dampens the links between customer engagement and
self-efficacy (perceived customer value). It further suggested implications for theory, practices, and
some limitations to step up the research scope in service digitalization.
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1. Introduction

More than ever, service digitalization is becoming a prominent servicescape, replacing physical
marketing. Service automation is characterized by a blurry blending of technology-enabled digital and
biological domains (Pradeep et al., 2019); consumer-led cocreation beyond the direct reach of service
providers (McColl-Kennedy et al., 2017); and putting the effort, stress, and responsibility for service
outcomes on the consumer (Anderson et al., 2016). So, it goes against the traditional view that services
can’t be replaced by machines (Autor & Dorn, 2013) and advances toward the servicescape of Artificial
Intelligence (Al) that encourages engagement with customers (Huang & Rust, 2021), which leads to
great service results. Consumers may have doubts or become hesitant about valuing Service
Digitalization (SD); for example, consumers remain unwilling and uncertain to accept robot-based
services (Deutsch et al., 2019); the diverse scope of how actor-context-system-outcome integrates
(Helkkula et al., 2018) has raised the critical question of what intervenes in customer value. Service
digitalization, therefore, demands a synergetic view of service touch points that provide a consumer with
an opportunity to responsibly communicate and interact with service platforms.

Customer value is a key factor that affects process output, customer experience, and evaluating products
and services. However, there isn’t much research on how customer engagement, self-efficacy, and
sensitivity to privacy affect customer value in adopting service behavior (Grewal et al., 2020; Hollebeek
et al., 2020; Bieler et al., 2021). There is more knowledge about marketing concepts that focus on
customer value. For example, the key challenges of service are to provide incremental and fair value
(Williams et al., 2020); service providers try to anticipate service gaps and diagnose a problem to fix a
system that keeps some consumers from seeing value (Boenigk et al., 2021).

However, service outcomes subject to co-creation and engagement have been subtle and sparse to date on
the involvement of cognitive processes in service research (Bieler et al., 2021). Features of an inclusive
servicescape, such as consumers’ self-efficacy and engagement, may have contributed to perceived
customer value. Besides, analyzing the servicescape from consumers’ broader perspective (Xiao &
Kumar, 2021; Huang et al., 2021) can identify service gaps or immense possibilities on how SD might
facilitate achieving higher or lesser customer value. An innovative service landscape involves diverse
actors, situations, contexts, and priorities that demand broadening our scope of understanding (Helkkula
et al., 2018); blurred boundaries of service encounters (Harvey et al., 2020) impact service value.
Specifically, the nature of Service Digitalization (SD) demands high participation of consumers (Ng et
al., 2019), consumer-led cocreation (Sweeney et al., 2015), and active cognitive involvement of
consumers (Bieler et al., 2021). Other research needs on digital tradeoffs on consumers’ privacy concerns
versus effectiveness in customization in the service environment (MSI, 2018) have been assumed to
moderate with the proposed research model. Similarly, the active interaction of customer engagement in

automated service is in its nascent stage and disparate in the research stream (Hollebeek et al., 2020); the
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service platform has continually changed in the turbulent environment (Grewal et al., 2020). For example,
the question of how consumers’ privacy sensitivity may interact with service engagement and individual
consumers’ differences in adopting a new servicescape impacts valuing SD. Specifically, the current
research is based on the gaps to enhance our understanding of to what extent customer engagement,
self-efficacy, sensitivity to privacy, and under what conditions to realize the higher or lesser value of SD.
The study has three theoretical and managerial implications. First, it examines the direct extent of
relationships between customer engagement and both customer self-efficacy and value in response to
research gaps and paradoxes (Hollebeek et al., 2020; Grewal et al., 2020; Bieler et al., 2021) that have left
a theoretical void. Further, it reveals evidence of an indirect effect of consumer self-efficacy between
perceived customer value and engagement in SD marketing research. Third, the research sheds light on
the influence of consumers’ sensitivity to privacy moderation between the study’s constructs. Finally, it
presents recommendations for practitioners’ implications on service design and effectiveness from
consumers’ broader perspectives.

The remaining part of this article proceeds as follows: The study is organized as a first component to
incorporate the theoretical foundation, literature review, hypotheses development, and research frame.
Next, it discusses the study’s methodology, which elaborates on procedures for data collection,
measurement instruments, and sampling techniques. In the subsequent section, it presents the findings
and discussions that follow with theoretical and managerial implications, as well as the study’s

limitations, as fertile ground for future research.

2. Theoretical Background

2.1 Theoretical Foundation

The theoretical basis of the study is the Self-Determination theory and Social Exchange theory, which are
the ground rationale for opting for a theory as suggested by Wacker (1998). These justifications are to
serve as a framework, a lens for theory development, and clarity to explain in a pragmatic world. Given
these rationales, the following explanation focuses on SDT and SET, given the study’s implications.
2.1.1 Self-Determination Theory (SDT)

The self-Determination Theory (SDT) is a well-known motivational theory because it has a significant
impact on the level and caliber of motivation that a person’s particular domain has when engaging in an
activity (Ryan & Deci, 2017). It categorizes external motivation as an individual engaging to perform for
a benefit or avoid punishment, while internal motivation is caused when he or she acts to gain value,
importance, comfort, and interest as an attachment to his or her performing an activity. Both types of
motivation exhibit a continuum; for instance, when a person has excess internal motivation, they
demonstrate higher motivation than an externally motivated individual does. More specifically, the SDT

implies that extrinsic motivation recognizes that a consumer performs an activity not for reasons to
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satisfy others but for intrinsically motivated behavior that inherently shows self-interest or enjoyment in
operating it. SDT scholars find it interesting that intrinsic motivation is what drives a person to do
something even when they don’t like it (Deci & Ryan, 1985). Intrinsic inclination helps with
psychological growth, internalization, and wellbeing, but Ryan and Deci (2000) argue that individual
differences or conditions can lead to counter-behaviors that can stop development, internalization, and
wellbeing. Further, the SDT notes that an individual’s growth, internalization, and wellbeing are subject
to the person’s basic psychological needs for autonomy, competence, and relatedness. The person’s
autonomy can demonstrate a consumer’s sense of ownership, represented by psychological freedom,
competence, which refers to the extent of mastery of skills, and relatedness, which encompasses senses
of interconnectedness or networking to fulfill demands.

2.1.2 Social Exchange Theory (SET)

Social Exchange Theory (SET) comprises four constituents of an individual’s social behavior:
reinforcement tools, exchange, social relations, and reciprocity (Davlembayeva & Alamanos, 2022).
First, the underpinning tools of reinforcement are the individuals’ motivation to engage in social
interaction. A rewarding relationship outcome originates from positive connotation while putting
resources in place to enable the capability to own reward and inducing people to exchange relations
(Emerson, 1976). Second, the exchange component refers to mechanisms of exchange postulating
resource exchange based on cost-reward analysis (Blau, 2017; Cropanzano & Mitchell, 2005). Third,
social exchange relations induce social structures and capital interactions on the parties’ contingency of
outcomes, forms of social entities embedded in norms, rules, information exchange, and obligations.
Fourth, reciprocity mechanisms in social exchange create obligations between the parties (Molm, 1997;
Cropanzano & Mitchell, 2005; Emerson, 1976), signifying interdependence, mutual and complementary
arrangements, and negotiated rules that eventually become a breeding ground for trust, loyalty, and
mutual commitment.

2.1.3 Literature Review and Hypothesis Development

Customer Engagement

Customer engagement has been a disputable concept among scholars. For instance, Harmeling et al.
(2017, p. 312) view Customer Engagement (CE) as “motivate, empower, and measure customer
contributions to marketing functions”; Hollebeek (2011, p. 6) defines “the level of a customer’s
motivational, brand-related, and context-dependent state of mind that is characterized by specific levels
of cognitive, emotional, and behavioral activity in brand interactions”. Regardless of the ongoing debate,
CE in SD is likely to influence three key components of customer involvement in realizing services. One
key element is customer interaction with the servicescape, which focuses on achieving needs. The second
element of engagement in SD possibly involves the willingness of consumers to participate in

co-creation responsibly when processing a service. The final element focuses on consumers’ level of
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motivation that is portrayed using active cognitive, affective, and behavioral engagement in operating a
service platform per the specified service design.

Customer engagement has both behavioral and relational implications for service digitalization. Barari et
al. (2021) posit that customer engagement, from a behavioral perspective, has both organic and promoted
pathways. An organic path may show the extent of the relationship between SD, while aspects of
promoted pathways signify a functional or experiential practice of a service platform or brand. In
addition, it also entails a relationship component in satisfying the emotional attachment of service
partners’ alignment, either directly or indirectly, to impact marketing outcomes (Pansari & Kumar, 2017).
Others view the marketing outcomes as subject to the extent of customer-firm touchpoint interaction
(Kumar et al., 2019); the development of organic relationships over time (Palmatier et al., 2019); and the
influence of customers’ experience or functioning of the service touchpoints (Beckers et al., 2018). SD
that possibly encourages high customer engagement can largely create a better attachment towards the
servicescape, thus leading to perceived customer value. Drawing upon the SDT (Deci & Ryan, 1985;
Ryan & Deci, 2000), internal and external clues of motivation predict consumers’ behavioral intention
when the SD can provide better possibilities for engagement. According to the underpinnings of SET
(Blau, 2017; Cropanzano & Mitchell, 2005), customer engagement promotes social exchange and
interaction to conceive higher customer value. Thus, the study postulates that

Hypothesis 1: There is a positive link between Customer Engagement (CE) and Perceived
Self-Efficacy (PSE) in service digitalization.

Hypothesis 2: In service digitalization, Customer Engagement (CE) is positively related to Perceived
Customer Value (PCV).

Consumer Self-Efficacy

In operating a service system, self-efficacy has been viewed differently, underscoring a similar concept.
A consumer’s confidence and mastery of specific activities or processes in a service system (Ellen et al.,
1991; Maddux et al., 1982) is the capacity to operate SD. Ellen et al. (1991) described self-efficacy as a
person’s competence to perform a task or behavior; Mohar and Bitner (1995) view it as a level of energy
put into a behavior; and Balau (2017) views self-efficacy as an individual’s capabilities, a self-emotional
state focused on improving one’s development, performance, and quality of life.

Self-efficacy is consumers’ beliefs about their capabilities to exercise at designated standards the
performance of a service digitalization. Bandura (1994) believes that self-efficacy determines how
people think, feel, get motivated, and behave, and yet, assurance of individual capability has remained a
difficult task on issues of sustaining behavior. Consumers doubts about their capabilities can be a threat,
and they may lose faith in operating SD. As a result, consumers may demonstrate less effort and
commitment to learning a servicescape. Extant literature conjures on sources of efficacy, namely,

mastery of experience, referring to a sense of efficacy; vicarious experience about creating and
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strengthening self-belief; social persuasion, encompassing strengthening people’s belief to succeed; and
modifying self-belief, examining the situation of reducing stress and negative reactions (Bandura, 1997,
2006, 2012). Thus, this study anticipates self-efficacy to have an intervening role in adopting SD
behavior with its operational definition of a consumer’s motivation, readiness, and determination to
operate a digitalized servicescape. According to SDT (Ryan & Deci, 2000), consumers’ competence and
internalization reinforce SD behavior, given that servicescape capabilities significantly influence service
outcomes. Besides the SET (Molm, 1997; Emerson, 1976), social exchange relations and obligations
induce interactions within the specified social structure that may underpin consumers to acquire skills to
generate fruitful outcomes. Therefore, the study predicts that:

Hypothesis 3: Perceived Self-Efficacy (PSE) has a mediating effect between Customer Engagement
(CE) and Perceived Customer Value (PCV).

Consumers’ Sensitivity to Privacy

Consumers raise privacy tensions regarding the extent, when, and in what form their data will be exposed
to others (Quach et al., 2022). Considering the conception of privacy tension, Hung and Wong (2009)
categorized consumer privacy into three types: information, communication, and individual. Consumers
have the right to regulate the access, use, and dissemination of privacy data, which can be a contentious
issue with service providers. Next, communication privacy aims to protect personal messages and
interactions, and finally, individual privacy involves personal space for intrusion, emotional
manipulation, interference, and unsolicited marketing (Westin, 1967) that affect individual consumers’
wellbeing.

Consumers’ sensitivity to privacy includes a feeling of worry or fear that evokes protective action
(Walker, 2016), the severity of privacy risks (Lwin et al., 2007), privacy-protecting strategies such as
control over personal information, and permission for use (Walker, 2016). Consumers are continually
calling for privacy protection, a remedy some consumers frequently invoke by switching service
providers (Cisco, 2020), which can be a strategy to minimize privacy concerns. Remarkably, Quach et al.
(2020) posed a question about how to create value in deploying customer data in SD.

Since modern life involves scattering millions of digital traces, data, and personal details (Brayne, 2021),
consumers express their sensitivity to private data. As requirements for SD, consumers are required to
submit personal data willingly, or the technology-enforced cookies collect data from individual
consumers, and yet, it can be of use by intruders to inflict a consumer inconvenience or privacy breaches.
A recent study by the Pew Research Center revealed that over 80% of Americans feel concerned about
the lack of control over privacy data. Likewise, Ipsos (2021) found that only 3% believe they have
control over the disclosure and removal of their data from online service platforms. Hence, to maintain
healthy customer-provider relationships, it is interesting to assess the customer experience during SD.

Specifically, excessive privacy concerns in SD weaken relationships between customer engagement and
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consumers’ self-efficacy or conceive higher customer value. According to the SDT (Deci & Ryan, 1985),
consumers’ concern for privacy falls around autonomy, relatedness, and competence as critical
underpinning factors for responsible social exchange between service providers and customer
relationships. Moreover, the SET (Molm, 1997) norm of reciprocity plays a critical role in a healthy
social relationship on the grounds of trust, mutual commitment, and loyalty, urging specific obligational
roles in privacy data collection, deployment, monitoring, and impact on the association with the service
provider and customers.

Hypothesis 4: Sensitivity to Privacy (SPr) moderates the effect of Customer Engagement (CE) on
Perceived Self-Efficacy (PSE), such that higher consumers’ sensitivity to privacy weakens the
relationship between customer engagement and self-efficacy.

Hypothesis 5: Sensitivity to Privacy (SPr) moderates the effect of Customer Engagement (CE) on
Perceived Customer Value (PCV), such that higher consumers’ sensitivity to privacy weakens the

relationship between customer engagement and customer value.

3. Conceptual Framework

Inferring from the research gaps and literature review, a proposed research framework (Figure 1) to
examine customer involvement and sensitivity to privacy affect customer value in service digitalization
Consistent with cocreation conceptions and extant literature, it postulates direct causal links between
customer engagement and perceived self-efficacy and customer value. Moreover, it predicts testing the
mediating roles of self-efficacy between customer engagement and value in service digitalization.
Finally, it attempts to explore the moderating effect of consumers’ sensitivity to privacy influences on the

study’s constructs.
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Figure 1. Proposed Research Frame

4. Methodology

4.1 Measurement and Questionnaire Development

In this study, the measurement tools were based on empirically validated scales from previous studies.
The researcher measured all questionnaire items using a five-point Likert scale, designated by 1 as
strongly disagreeing and 5 as strongly agreeing. Customer engagement had three indicators or
measures—that is, cognitive, affective, and behavioral measures—from Boyd et al. (2019)
operationalized into nine questionnaire items; three indicators (capabilities, credibility, and enthusiasm)
for self-efficacy were adopted from Bandura (1986) tailored into nine items to suit the study’s objectives.
To measure consumers’ sensitivity to privacy, measures of privacy intrusion, privacy risk, and privacy
control were itemized into nine questionnaire elements by Xu et al. (2008). The researcher adopted
measurements of perceived customer value from Smith & Colgate (2007): functional/instrumental,
experiential/hedonic, symbolic/expressive, and cost/sacrifices. These measurements were slightly
modified into the twelve questionnaire items. Initially, the questionnaire was pretested by three
marketing researchers, which provided some enrichment. Next, it collected a pilot test of 30 sample
questionnaires to confirm reliability and consistency across respondents (Malhorta, 2004). The reliability
coefficient confirms above-0.8 standing high reliability (0.7-0.9) following Hilton et al.’s (2004)

categorization.
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4.2 Study Settings and Sample

The study targeted consumers across Chinese universities who have experienced digitalized services.
Based on Henry’s (1990) suggestion of a sampling technique that provides higher accuracy than a census,
the study harvested a sampling frame of 7338 contact details of online consumers from six regional
research panels, except for South China. Following Saunders et al.’s (2009) recommendation, a sample
should have up-to-date and complete details. Using Cochran’s (1977) and Saunders et al.’s (2009) guide
on sample determination, the study required a sample of 462 consumers. The process is in line with the
concept that, when a sampling frame is unavailable, the researchers can establish a sampling frame for
the specific study, ensuring validity (Saunders et al., 2012) and undertaking marketing research at less
cost from a population even when the sampling frame is indefinite (Kotler & Armestrong, 2015).

The study adopts multi-stage probability sampling, namely cluster sampling, which helps allocate
proportionally to regions (the research panel), and random sampling techniques help pick each case.
Taking into account what methodologists say, Jackob et al.’s (2005) collection of online contact
addresses of the research target and Fredrick’s (1941) probability sampling allow all cases to have a
chance of being sampled. Coding of the sampling frame (letters representing a consumer’s region and a
sequential ID for each respondent) using the Microsoft Excel Rand function identified the potential
respondents of the study. Next, it sent the survey questionnaire links using a consumer’s online addresses
because of feasibility and popular data collection (Malhotra & Briks, 2007); suitable data collection from
the targeted respondents (Boyer et al., 2002). Table 1 presents the distribution of the sample per region
and the response rate. The total of 326 respondents’ data were collected out of 462 expected samples with
aresponse rate of 71%, which exceeded Mendenhall et al.’s (2003) suggestion above 50% and Dellman’s

(2000) response range of 35-47% for online surveys.

Table 1. Distribution of Samples

Frame Sampled Respondents
Northern China 743 47 33
North-East China 1621 102 72
North-West China 1283 81 57
South-Central China 1823 115 81
South-West China 1193 75 53
East China 675 43 30
South China

7338 462 326

15
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5. Findings and Analyses

5.1 Demographics of Respondents

Table 2 presents the descriptive statistics of the survey’s participants. Male respondents make up 56.1%
and females make up 43.9% of the sample, similar to the UNESCO (2020) statistics that females in
tertiary education account for 43%. The most sampled (51.8%) age band was 31-40, followed by 23% of
26-30. Similar to Mwencha et al. (2014) and Saleh and Bista (2017), the majority profile of the
respondents’ highest level of academic achievement reported a Master’s degree of 55.8% and 35% for a
Ph.D. Besides, according to the literature by Liou (1998), when a population differs substantially in age,
ability, and other demographic factors, it is possible to break the equivalence assumptions. Furthermore,
a run of multivariate regression estimates on the study’s control variables shows an insignificant effect on
customer value: sex (p = -0.003, t-value = -0.090, p-value = 0.928), age (B = -0.002, t-value = -0.664,
p-value = 0.520), and the highest academic level of respondents (B = -0.035, t-value = -1.28, p-value =
0.200), implying free from bad control (Angrist & Pischke, 2009) that the control variables didn’t have

causal links with the study’s dependent variable.

Table 2. Profile of Respondents

Frequency Percent
Sex Male 183 56.1
Female 143 43.9
Total 326 100
Age Category 20-25 14 4.3
26 — 30 75 23.0
31-35 89 27.3
36 —40 80 24.5
41 -45 44 135
46 - 50 22 6.7
Above 51 2 .6
Total 326 100
Highest Academic Level Diploma 5 15
First Degree 22 6.7
Master’s Degree 182 55.8
PhD 114 35.0
Post PhD 3 9
Total 326 100
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5.2 Measurement Model Validation

In the procedure of verifying the measurement model, the study adopts Anderson and Gerbing’s (1988)
two-step approach: Confirmatory Factor Analysis (CFA) and reliability, convergent, and discriminant
validity. The CFA was analyzed using SPSS-AMOS version 21 to ensure the validity of measurement
models with the latent constructs, which established a goodness of fit of x2/df = 89.773/32 =2.805, RMR
=0.01, GFI =0.942, AGFI = 0.900, NFI = 0.940, RFI = 0.916, CFI = 0.961, IFI =.961, TLI = 0.944, and
RMSEA = 0.075, as suggested by Hu and Bentler (1999). Table 3 presents the standardized regression
weights between measures and latent constructs that ensured the association had been well loaded. For
instance, indicators of customer engagement range from standard regression estimates of f =.72 to 0.735,
as CE1 to CE3 represent capability, credibility, and enthusiasm, respectively. The procedure for testing
convergent validity consists of composite reliability and average variance extraction. The Composite
Reliability (CR) coefficients are approaching 0.80, which exceeds Hair et al.’s (2011) standards of 0.70.
Moreover, the four latent constructs and their respective measurements indicate the Average Variance of
Extraction (AVE) above the 0.5 thresholds set by Fornell and Larcker (1981). MacCallum et al. (1993)
and MacKenzie et al. (2005) suggested the diagnostics of reliability coefficient (o) should be above 0.7,
and the tests carried out at 9 items of the questionnaire for the three latent variables and twelve items for

PCV (bolded font) show above 0.8 and at measurement levels ranging from 0.758 to 0.791.

Table 3. Output Measurement Model (CFA, Convergent, and Reliability Coefficients)

Stand. Reg. CR AVE a o items

Weights level
CEl <--- CE 0.718*** 0.768 0.524 0.767 0.835
CE2 <--- CE 0.734***
CE3 <--- CE 0.72%**
PSE1 <--- PSE 0.727*** 0.784 0.548 0.786 0.826
PSE2 <--- PSE 0.715%**
PSE3  <--- PSE 0.778***
PCV1  <-- PCV 0.671*** 0.800 0.501 0.791 0.836
PCV2  <--- PCV 0.756***
PCV3  <-- PCV 0.73***
PCV4 <--- PCV 0.669***
SPrl <--- SPr 0.621*** 0.77 0.534 0.758 0.805
SPr2 <--- SPr 0.873***
SPr3 <--- SPr 0.673***

17
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Note: *** p < 0.001, CR = Composite Reliability, Standard Reg. Weights = Standardized Regression
Weights, AVE = Average Variance Extracted, a = Reliability Coefficient

Table 4 presents discriminant validity test outputs using Pearson’s correlation coefficients and square
roots of AVE. The intercorrelation values are significant at a significance level of the p-value less than
0.01, where the highest and lowest values are 0.71 and 0.19, respectively. It is free from poor
discriminant validity because the factors’ correlations are less than 0.85 (Brown, 2006). It is in line with
the intercorrelation of the constructs that fall less than unity to ensure discriminant validity (Bagozzi &
Yi, 1991). The AVE square root for each construct should be greater than the correlation coefficients
between any of the constructs involved to confirm discriminant validity (Fornell & Larcker, 1981). In
addition, the Variance Inflation Factor (VIF) indicates a maximum value of 2.7, implying no problem of
multicollinearity because the VIF value didn’t fall above the threshold of 10 (Myers, 1990).

Table 4. Analyses of Discriminant Validity

Correlations

Mean Std. VIF PCV CE PSE SPr
Deviation
PCV 3.98 42 2.527 0.707
CE 3.98 43 2.689 664" 0.724
PSE 4.00 42 1.121 712" 732" 0.740
SPr 3.96 46 2.228 186" 325" 2117 0.731

** Correlation is significant at the 0.01 level (2-tailed). N = 326

The diagonal bolded font values are square roots of AVE

5.3 Common Method Bias (CMV)

Since only one respondent completed the cross-sectional questionnaire, there may be a common method
bias (Podsakoff et al., 2003). Hence, the study employed Harman’s one-factor test; the study’s variance
of explanatory factor analysis for the prime factor shows 25.98%, signifying the study’s dataset had no
significant common method bias. In line with Williams et al.’s (1989) recommendation, the CMV should
be less than the threshold of 40%.

5.4 Measurement Invariance

Byrne (2016) notes that measurement invariance focuses on one or more parameters to examine
equivalence in both groups. The assessment of measurement invariance by gender in terms of factor
loadings (measurement weights), structural variances and measurement errors, and goodness-of-fit

indices is presented in Table 5, which shows relatively good fit models across both male and female
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respondents. Specifically, the nested model of comparison for measurement invariance test confirms the
models operate the same way in different subgroups (male or female) and shows the data’s unbiasedness
and suitability for making SEM decisions, similar to the studies carried out by Lakshman et al. (2020)
and Tan and Pektas (2020).

Table 5. Nested Model Comparison-Measurement Invariance by Sex

Model DF CMIN P RMSEA IFI CFl ANFI  AIFI ARFI  ATLI
Unconstrained Model 118  264.291 .000 .062 921 .920

Measurement weights 23 71.864 .001 .063 911 910 .014 .015 .004 .005
Structural covariances 10 34.966 .000 .065 897  .896 .018 .019 .007 .008
Measurement residuals 13 36.898 .000 .066 .883  .883 .019 .020 .003 .003

Where: Unconstrained Model: All parameters are freely predicted. Measurement weights: all factors are
equated (constrained). Structural covariances: factor loading, variance, and covariance are constrained
(equated). Measurement residuals: factor loading, variance, covariance, and error variance are equated

(constrained).

5.5 Results of Hypotheses

The study employed the Hayes (2018) PROCESS procedure for SPSS version 3.5.3 to test the proposed
moderated-mediation effect, Model 8, using the percentile bootstrap of 5000 samples at 95% Confidence
Interval (CI) output because similar studies such as Khan et al. (2019), Akhtar et al. (2019), Keh and Sun
(2018), and Edwards and Konold (2020) have adopted the procedure. Table 6 presents the output of the
analysis that assumes statistical significance when the bootstrap (Cl) is free from zero, and the model
summary portrayed indicates statistical significance, implying the effect of the cluster and other variables
in the model. Specifically, the statistical significance of the R? of 53.8% and 56.1% depicts that service
digitalization roles of customer engagement as mediated by perceived self-efficacy (moderated by
consumers’ sensitivity to privacy) impact perceived customer value, confirming the research model.
Results of the moderated-mediation analysis show direct, indirect, and interaction effects as per Edwards
Konold’s (2020) analysis techniques.

Direct Effect

The empirical result (Table 6) indicates consumers’ engagement has a positive influence on perceived
self-efficacy in service digitalization (al = Pcg _ psg - 0.91, t = 3.79, [0.44, 1.38], p <.001) and is
statistically significant to support Hypothesis 1. The conditional direct total effect of CE — PCV,
regression weight, misses statistical significance (p < 0.18), given that the model is incomplete on the
relationship between CE and PCV because it deemphasizes the mediation process (Hayes, 2022),

implying the relationship as a full mediation of hypothesis (Mathieu & Taylor, 2006), providing a clue to
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the PSE role as a full mediator. Hence, model 8 programmed conditional PROCESS specifies two
regression equations, one for the mediator and the dependent variable (Igartua & Hayes, 2021). It is
recommended that the multilevel conditional process include the effect of the moderator (SPr) as a
predictor (Hayes & Rockwood, 2020). Thus, the table shows -1SD (standard deviation), mean, and +1SD
effect on direct relations of CE to PCV, where the average conditional direct effect represents c'; = Bcg _
pcv = 0.30,t=5.43, [0.19, 0.40], p <.001, where the CI is different from zero to support hypothesis 2.

Table 6. Moderated Mediated Results: Model 8 Process Output

Mediator V (PSE) Dependent V (PCV)
Coef SE t p 95% ClI Coef SE t p 95% Cl
f LLCI ULCI f LLCI ULCI
Constant 050 094 053 060 -136 235 333 09 3.67 0.0 155 511
1 0
Av_CE a 091 024 379 0.00 0.44 1.38 -03 02 -135 01 -0.78 0.15
2 4 8
Int_1 az -00 006 -07 047 -016 0.07 ¢ 016 00 272 0.0 0.04 0.27
4 3 6 1
Av_SPr a 014 024 060 055 -032 0.61 ¢, 06 02 -276 00 -1.08 -0.18
3 3 1
Av_PSE b, 048 0.0 9.06 0.0 0.38 0.59
5 0
Model S. R? = 53.8%, MSE = .084, F(3,322) = 125, p R?=56.1%, MSE = .078, F(4,321) = 102.7, p
=.000 =.000
Conditional Direct Effect of CE on PCV (c¢';)
Cl at 95%
Effect SE t p LLCI ULCI
0.23 0.06 3.64 0.00 0.10 0.35
0.30 0.06 5.43 0.00 0.19 0.41
0.37 0.06 6.20 0.00 0.25 0.49

Indirect Effect

Hypothesis 3: The analysis examined the mediating relationship between perceived self-efficacy,
customer engagement, and perceived customer value. The empirical findings in Table 6 illustrate that the
Bee  pse and Ppsg , pey are significant as requirements for the predicted indirect relationship. As Preacher

et al. (2007) posit that the unifying effect boils down to the conditional indirect effect of CE as mediated
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with PSE affecting PCV, -1SD, mean, and +SD (Table 8) indicates bootstrapping indirect effects (Bcg
psk _ pcv = 0.36, bootSE =.06, Cl = [.25 t0.49], supporting full mediation hypothesis 3.

Table 7. Conditional Indirect Effects of CE on PCV (Av_CE -> Av_PSE -> Av_PCV)
Effect BootSE BootLLCI BootULCI

0.368 0.0648 0.2498 0.5057
0.3583 0.0623 0.2474 0.4931
0.3485 0.063 0.2388 0.4851

Interaction Effect

Analyses of moderation were carried out to explore the effect of consumers’ sensitivity to privacy that
could influence relations between customer engagement and perceived self-efficacy (customer value).
First, hypothesis 4 considers the potential moderation effects of consumers’ sensitivity to privacy,
indicating that the high-sensitivity context effect of customer engagement on perceived self-efficacy
Table 6, Int_1, represents the interaction effect (CE*SPr), which appeared statistically insignificant (al =
B(cexser = -0.04, t-value = -0.073, and p = 0.47). However, the visualizing syntax of the conditional effect
for probing the interaction effect (Figure 2) shows that when consumers have high sensitivity to privacy
in a mean-centered manner (Aiken & West, 1991), it weakens the association between customer
engagement and perceived self-efficacy in service digitalization to support the hypothesis. Specifically,
the graph demonstrates that as consumers perceive higher rather than lower sensitivity to privacy in

service, digitalization dampens the relationship between customer engagement and perceived

self-efficacy.
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Customer Engagement Effect on Self-Efficacy As Moderated by Consumers’
Sensitivity to Privacy
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T T T
3.6 398 441

Av_CE
Figure 2. Customer Engagement Effect on Self-efficacy as Moderated by Consumers’ Sensitivity

to Privacy

Second, hypothesis 5 examines the moderation role of consumers’ sensitivity to privacy, indicating that
higher sensitivity to privacy influences the association of customer engagement and perceived customer
value (c's= Bcexspy = 0.16, t-value = 2.72, and p = 0.01) significantly during high versus low sensitivity
concerns in support of the hypothesis. The moderation graphic visualization (Figure 3) shows that when
consumers are more sensitive to privacy, it dampens the positive association between customer
engagement and perceived customer value. In addition, the slope is steeper when sensitivity is high rather

than low after plot intersection; however, it shows the reverse effect of interaction.
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Figure 3. Customers’ Engagement on Perceived Customer Value when Moderated with

Consumers’ Sensitivity to Privacy

Figure 4 is a graphic representation of the research model based on the ongoing development of

multilevel moderated-mediated analysis (Zyphur et al., 2019; Edwards Konold, 2020).
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Figure 4. Moderated-Mediation Model of Interplays between Customer Engagement and

Perceived Self-efficacy (Customer Value) Interacting with the Consumers’ High Sensitivity to
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6. Discussions, Implications, and Limitations

The results confirm the proposed hypotheses of customers’ involvement as mediated by consumers’
capacity and in the context of consumers’ sensitivity to privacy in service digitalization. However, the
extent and significance of a hypothesis warrant further discussion. The survey examines consumers’
engagement in service digitalization, hypothesizing and validating the intervening role of consumers’
self-efficacy in impacting perceived customer value. Besides, it tests the moderation effect of consumers’
sensitivity to privacy on the constructs that established the interaction of customer engagement, and
sensitivity to privacy affects perceived customer value after SPSS syntax for probing interaction (Hayes,
2018). It proved that consumers’ empowerment in service digitalization is a critical element to improving
perceived customer value as an impetus to theory on the intervening role of consumers’ self-efficacy.
The results suggest that while better customer engagement positively affects self-efficacy and customer
value, excessive concern for privacy dampens the relationship between customer engagement and
perceived self-efficacy (customer value). In particular, studies carried out on service marketing that
assumed similar constructs seem worth discussing in processes of service digitalization (Dhagarra et al.,
2020; Santini et al., 2020; Tam, 2019; Shoukat & Ramkissoon, 2022). Dhagarra et al. (2020), while
examining the Technology Acceptance Model (TAM), argued that patient privacy concerns are a direct
predictor of TAM behavior in health services. Unlike Dhagarra and colleagues’ study, this study
examined how and to what degree consumers’ privacy concerns interact with the entire service
digitalization; in cocreation, this is something that this study has ascertained.

The results confirmed hypotheses that customer engagement significantly contributes to service
digitalization self-efficacy and perceived customer value. It confirmed empirically the propositions of
customer engagement based on experience and then customer delight and revisit intention in tourism
services (Shoukat & Ramkissoon, 2022). Besides, the findings of this study support the assertion of the
meta-analysis that argued customer engagement in social media has substantial value for company
performance, behavior intention, and positive word-of-mouth (Santini et al., 2020). Similar to this study,
Mathieu and Taylor (2006) considered the intervening role of self-efficacy in organizational behavior
and contended that self-efficacy has a positive mediating effect between normative information and
performance in educational settings. Besides, Tam (2019) confirmed the moderating roles of
self-efficacy in patient participation and satisfaction in health services. In contrast, this study explored
the positive intervening role of service digitalization self-efficacy between customer engagement and
perceived customer value. Given consumers as vital players in service co-creation, it is essential to widen

the scope of the evidence-based moderated-mediation research model in service digitalization.

24
Published by SCHOLINK INC.



www.scholink.org/ojs/index.php/jetr Journal of Economics and Technology Research \ol. 5, No. 2, 2024

6.1 Research Implications

The research provides significant contributions on the theoretical front in establishing links between
consumer behavioral responses and cocreation with regards to service digitalization. Additionally, the
study also contributes to the extant literature on consumer behavior in digitalized services. Primarily, this
study extended beyond self-reporting bias by confirming the use of measurement and structural models
on consumers’ behavior to perceive value in service digitalization. It also evidenced the role of customer
engagement for self-efficacy in adopting service digitalization behavior, thus laying a foundation to
widen our scope on the significance of cocreation in the context of digital support services. Few studies
have addressed the roles of customer engagement and self-efficacy in service digitalization (Kipnis et al.,
2022). This study attempts to unpack the interplay of customers’ behavioral involvement that determines
its extent for improved service outcomes.

The study also showed that perceived self-efficacy is a link between customer engagement and perceived
value of service digitalization in response to marketing challenges to ensure incremental service value
(Williams et al., 2020) and fixing service gaps to think of enhanced value (Boenigk et al., 2021) in
service digitalization. The results of the study indicate that self-efficacy effectively intervenes between
customer engagement and perceived customer value, impacting service digitalization behavior. Finally,
the study explored the moderation effect of consumers’ sensitivity to privacy on the study’s constructs.
Theoretically, existing literature is rather inadequate, demanding broadening the scope of service
digitalization (Helkkula et al., 2018); blurred boundaries of the servicescape (Harvey et al., 2020);
consumer involvement; and issues of consumers’ wellbeing (Ng et al., 2019; Bieler et al., 2021).
Although the extent varies, privacy concerns have been found to have a critical interaction effect on
consumers’ behavior with digitally supported services. Thus, the current study contributes toward
understanding the role of privacy concerns in consumers’ behavior when adopting digitalized services.
Moreover, this study addresses the ongoing research paradox and gaps (Grewal et al., 2020; Hollebeek et
al., 2020; Bieler et al., 2021) that established the measurement and structural relationship of the
moderated-mediation model.

6.2 Managerial Implications

From managerial implications, the study presents the following key viewpoints: Firstly, in today’s
marketplace, digitalized services are engulfing the physical marketing that paves the way for service
co-creation and customer involvement. Customers, therefore, are key players in service provision, and
their engagement and operating skills in the servicescape play a paramount role in service outcomes.
Secondly, technology is an enabler of service quality, particularly in consumers’ eyes. Consumers’
self-efficacy is the driving force behind adopting digitalized service behaviors when they feel engaged
and perceive higher customer value. The study proved factors of engagement and self-efficacy have an

effect on conceiving customer value and adopting service digitalization. Thirdly, consumers are
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excessively concerned about their privacy, intrusions, risks, and associated control during interactions
with digitalized services. Several consumers have concerns about the prevalence of privacy breaches that
were found to have a negative influence on the perceived value of digital services. Practitioners must
devise a strategically sound plan for assessing the privacy data process of data collection, usage, and
monitoring to ensure consumers’ confidence and wellbeing in adopting digital services. Last but not least,
service marketing success depends on promoting efficient and effective digital services that empower
consumers for higher value perceptions, and equally, managers are mandated to strive for greater
adoption of service digitalization amongst consumers.

6.3 Limitations of the Study

The research has several limitations, and researchers are invited to extend its scope. The present
research’s main limitation is deploying the quantitative survey study that future researchers can
complement using longitudinal, experimental, case, and qualitative studies for triangulation purposes. To
further validate the present study, the proposed model may be examined in a different
context—developing and developed countries and diverse cultures—and incorporate cross-cultural
differences for generalizability. Additional opportunities for a study are to enrich the research model
using constructs that may have an effect on service digitalization, including but not limited to perceived
customization, customer delight, features of digital services, loyalty, customers’ demographics, and

social networks.

7. Conclusions

While service scholars have made fruitful efforts to address and unlock the mystery of knowledge gaps,
there remains unaddressed research (Kipnis et al., 2022; Boenigk et al., 2021; Ng et al., 2019; Bieler et al.,
2021; Dhagarra et al., 2020; Santini et al., 2020; Tam, 2019; Shoukat & Ramkissoon, 2022). The study
attempted to unleash some potential gaps in advancing concepts on consumers’ responses to service
digitalization. Nonetheless, service digitalization is in its infancy stage, and we have further research

endeavors to unlock the potential of service research.
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