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ABSTRACT

Firms devote large amounts of resources toward customer retention practices since relationship
duration is a key driver in enhancing customer lifetime value. We posit that customer inertia
plays an important role in determining service duration. In analysing service duration, we
incorporate inertia into existing models that feature customer satisfaction, loyalty, and
switching costs. A structural equation model is used to show the effect of latent mediation eftect
of inertia. We find that the mediating role of inertia is significant and the latent interaction
effect of loyalty and inertia on service duration is also significant.

INTRODUCTION

Firms derive revenue from the creation and sustenance of long-term relationships with their
customers and marketing serves the purpose of maximizing customer lifetime value (CLV),
which refers to the net present value of future profit from a customer. CLV is a forward-looking
metric that takes into account the variable nature of customer behavior and enables firms to
treat individual customers differentially from each other depending on their marketing
preferences and their contributions to the company. One of the key drivers of CLV is the
customer’s relationship duration (Castéran et al., 2017; Gupta et al., 2006). Therefore, to
maximize customer lifetime value, firms devote large amounts of resources toward customer
retention practices (see Kumar and Reinartz (2016) for a comprehensive review of CLV and
retention research). The importance of customer retention derives from a simple cost-benefit
equation (Hill and Alexander, 2017; Ennew et al., 2015). The costs of customer acquisition are
generally higher than the costs of retention, and this phenomenon is especially prevalent in the
service sector. Small reductions in customer defection rates can thus produce significant
improvements in both profitability and market share (Kumar and Reinartz, 2018; Kumar, 2008;
Reichheld and Sasser 1990). To gain a better understanding of customer retention, studies have
tocused on developing models of relationship duration to predict retention rates (Fader et al,,
2018; IFFader and Hardie, 2009), identifying factors that explain the variation in profitable
lifetime duration (Reinartz and Kumar 2003), and modeling customer retention that accounts
for duration dependence, customer heterogeneity, and cohort effects (Schweidel et al., 2008).
From a statistical viewpoint, modeling service duration typically uses some form of hazard
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functions (Schweidel et al., 2008; Meyer-Waarden, 2007; Bolton, 1998) or uses distributional
assumptions regarding retention rates (IFader et al., 2018; FFader and Hardie, 2007; Reinartz and
Kumar, 2003).

Other important drivers in extending service duration or lifetime duration are customer
satisfaction and loyalty (Yang and Peterson, 2004; Lee et al,, 2001, Bolton, 1998) and the
moderating role of switching costs (Nagengast et al., 2014; Barroso and Picén, 2011; Chebat et
al., 2010). Previous research has shown that customer loyalty and retention depend on customer
satisfaction (Wang et al., 2019; Oliver, 1997) and empirical evidence suggests a link between
service performance and satisfaction (Kumar and Reinartz, 2018) and between satistaction and
loyalty (Schirmer et al., 2018; Lee et al., 2001). Bolton (1998) argues that service duration is
related to customer satisfaction and the length of customers' prior experience with the
organization. Considerable research has also examined the moderating effect of switching costs
(see Pick and Eisend, 2018 for meta-analysis). In general, prior research finds an inverted U-
shaped moderating effect of switching costs on the satisfaction and repurchase link (Nagengast
et al., 2014), and lifetime duration is positively associated with the switching costs derived from
(1) a loss of benefits, (ii) a loss of relationship, and (iii) economic risk costs related to uncertainty
(Barroso and Picén, 2011). Pick and Eisend (2013) report that the effect of perceived switching
costs on actual switching behavior is smaller than expected, suggesting that there is another

driver of switching behavior.

Table 1. Summary of Select Service Duration Studies

Literature Study Focus Model Type Industry
ine i hort-level i .
Fader et al. Examlng inereasing cohort-level retention Beta-discrete- Contract-based
rates which is due to cross-sectional . .
(2018) . Weibull business
heterogeneity
Kumar, Bhagwat, and Show how lost customers’ first-lifetime Telecommunica

Zhang (2015)

Fader and Hardie
(2009)

Schweidel, Fader, and
Bradlow (2008)

Donkers, Verhoef, and
De Jong (2007)
Fader and Hardie
(2007)
Meyer-Waarden
(2007)

Buckinx and Van den
Poel (2005)

Thomas, Blattberg, and
Fox (2004)

Reinartz and Kumar
(2008)

Reinartz and Kumar
(2000)

Bolton (1998)

experiences are related to their second-
lifetime duration

Develop a model of relationship duration to
predict retention rates beyond the observed
retention rates

Model customer retention that accounts for
duration dependence, subscriber
heterogeneity, cohort effects

Predict CLV in multiservice industry

Provide an alternative approach to survivor
analysis for estimating customer tenure
Examine the impact of loyalty programs on
customer lifetime duration

Identify which of the currently behaviorally
loyal customers are likely to (partially) churn
in the future

Study the probability of customer
reacquisition and the duration of the second
lifetime

Develop a CLV framework and identify
factors that explain the variation in profitable
lifetime duration

Test whether long-life customers are always
profitable

Develop a model of the duration of provider—
customer relationship and the role of
customer satisfaction

Censored Tobit

Shifted beta

geometric
Proportional hazard
Probit
Shifted beta
geometric

Proportional hazard

Logit

Split hazard

NBD/Pareto

NBD/Pareto

Proportional hazard

tions service

Any industry

Telecommunica
tions service

Insurance
services
Contract-based
business

Supermarket
CPG retailer

Newspaper
industry

Catalog
retailer, high-
tech services

Catalog retailer

Cellular service
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Table 1 provides an overview of the select studies that analyzed service duration or lifetime
duration in different types of industry. Considering that a large amount of literature has studied
lifetime duration, we find only a few studies that explicitly model service duration with
customer inertia (Wang et al.,, 2018; Amoroso et al., 2017) and its relationship to switching
costs (Gray et al.,, 2017; Lee and Neale, 2012). Inertia is defined as a propensity to remain at the
status quo when there is no external motive to change (Gal, 2006). While switching costs
constitute a higher-order construct related to external quality (Barroso and Picén, 2011) from
the perspective of the customer, the level of inertia is an internal characteristic of the customer.
From a decision-making perspective, Samuelson and Zeckhauser (1988) present the status quo
bias to explain why individuals disproportionately make decisions to stay with the status quo
rather than switch to an alternate course of action. The purpose of our study is to add to our
understanding of existing customers' service duration by incorporating customer inertia into an
existing framework that features satisfaction, loyalty, and switching costs, and examine the role
of inertia as one of the drivers of service duration. We test the direct and indirect effects of
inertia on service duration, which mediates the relationship between (i) loyalty and service
duration, and (ii) switching costs and service duration based on a structural equations model.

CONCEPTUAL FRAMEWORK

Effects of Customer Satisfaction and Loyalty on Service Duration

Figure 1 presents the proposed structural model of the latent constructs. An essential
component of CRM, customer satisfaction results from delighting customers and providing
positive surprise that exceeds their expectations (Gee et al., 2008; Mithas et al., 2005). Prior
research provides ample evidence supporting a positive correlation between satisfaction and
attitudinal loyalty. However, the direct effect between customer satisfaction and service
duration is tenuous, since customer satisfaction does not guarantee behavioral loyalty. In other
words, satisfied customers can and do defect to other competitors (Lee et al., 2001; Jones and
Sasser, 1995). Therefore, we expect that there is an indirect relationship between satisfaction
and service duration through loyalty.

A substantial portion of marketing research suggests that in order to retain customers, a
business must foster loyalty and develop long-term relationships with customers. By nurturing
a bond with their customers and enhancing customer value, firms build customer loyalty, which
is widely considered in marketing as a prerequisite for customer retention and profitability
(Reichheld et al., 2000). Using extensive — and often expensive — loyalty programs, firms try to
measure, enhance, and manage customer profitability based on the assumption that loyal
customers cost less to serve, are willing to pay higher prices, and spread positive word of
mouth, which may reduce marketing expenditures (Faed, 2013; Gee et al., 2008; Meyer-
Waarden, 2007). However, there is also empirical evidence that not all loyal customers are
profitable, and not all profitable customers are loyal (e.g., Kumar and Reinartz, 2018; Kumar,
2008). Loyal customers expect to be rewarded for their loyalty with costly perks such as price
discounts (Wieseke et al., 2014) and exclusive promotions (Barone and Roy 2010). In other
words, customer retention or duration may not necessarily guarantee to profitability. In our
context of service duration, the above findings suggest that the relationships between loyalty
and other variables have limitations, and we expect that the direct effect of attitudinal loyalty
on service duration may be weak. As such, we will examine the indirect effect of loyalty on
service duration mediated by perceived switching costs and inertia.
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Direct and Indirect Effects of Switching Costs on Service Duration

Research modeling service duration, as shown in Table 1, rarely operationalized switching costs
as predictors. Indeed, only a few studies (Nagengast et al., 2014; Barroso and Picén 2012)
explicitly examined the relationship between switching costs and service duration, This
relationship is referred to as the lock-in effect (Nagengast et al. 2014), and proposes a strong
positive association between switching costs and duration. In general, the longer the duration of
the relationship, the lower the likelihood of switching due to the effective loss of the advantages
associated with the social and financial bonds (Chiu et al., 2005; Reinartz and Kumar, 2003).
Barroso and Picén (2012) postulate that the duration of the relationship is positively associated
with the costs derived from: (i) a loss of benefits; (ii) a loss of personal relationships; and (iii)
economic risk costs related to uncertainty. Consistent with prior findings, we expect that
perceived switching costs are positively associated with service duration.

Though it is common to relate switching costs to customer loyalty and portray them as
effective switching deterrents, Lee and Neale (2012) relate switching costs to consumer inertia
and show that while switching costs may result in customer retention, they can engender
positive or negative word-of-mouth, depending upon whether the inertia stems from
satisfaction or indifference, respectively. Furthermore, Polites and Karahanna (2012) argue that
inertia can be formed as the result of switching costs, specifically as the result of the time and
effort required to adapt to a new course of action. Therefore, perceived switching costs can
strengthen individuals’ inertia, and thus make the individuals’ switches from a status quo less
likely to happen. We expect perceived switching costs to increase inertia, which increases
service duration.

Effects of Inertia on Service Duration

Inertia is an attitudinal tendency to maintain the status quo, regardless of the existence of
alternatives, and thus hinders the switching behaviors of consumers (Gray et al., 2017; Li, 2015;
Lee and Neale, 2012; Gal, 2006). This implies that individuals’ inertia positively influences their
intention to stay with the status quo. Regarding the causal path, we expect that higher levels of
customers’ attitudinal loyalty will lead them to perceive the time and effort needed to learn
another alternative as high. In turn, this leads to a high level of inertia and thus longer service
duration. To summarize, we expect the causal relationships from attitudinal loyalty to
perceptions of switching costs to inertia to service duration to be positive.

In the context of mobile service industry, Kim and Kang (2016) argue that when consumers of a
mobile service are familiar with their service content, they are comfortable staying with the
service to avold spending any extra time and effort learning about a new provider, and develop
an emotional attachment to the current service. Consequently, inertia combined with attitudinal
loyalty represents users’ intrinsic motivation to continue to use the service and thus has the
significant impact on service duration.

On a separate note regarding construct measurement, while there are similarities between
brand loyalty and customer inertia, there are notable differences. Though committed behavioral
brand loyalty and inertia are recognized as two distinct psychological mechanisms with
different marketing implications, both manifest as consumers’ staying behavior. Inert
repurchase reflects a non-conscious process (Huang and Yu 1999), typical of low involvement.
Inertia, however, is distinguished from committed brand loyalty in that the latter involves a
conscious decision to repurchase from the same provider (Huang and Yu 1999). Repeat
purchase or staying behavior due to inertia is unstable, with little or no brand commitment
(Wu, 2011), driven simply by the convenience inherent in repetitive behavior (Paul et al., 2008;
Ehrenberg, 1988). Consumers will stay with the brand as long as this relationship provides
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consumers with a certain minimum level of satisfaction (Wang et al,, 2019; Assael 1998).
Despite leading to the same behavior, the psychological mechanisms and marketing
implications of inertia and committed brand loyalty are different (Yanamandram and White
2004). Repeat purchase due to inertia is much more responsive to marketing activities because
consumers with low involvement are more sensitive to marketing variables (Huang and Yu
1999). Measures of inertia in marketing research are similar to behavioral measures of brand
loyalty, posing an ongoing challenge to differentiate these two constructs from one another. Lee
and Neale (2012) proposed indifference, defined as the extent to which individuals perceived
competing options as similar and were happy to use any brands (Sharma and Patterson, 2000),
as a supplement to distinguish consumers’ staying behavior from loyalty. We present the
discriminant validity of the latent constructs later.

Based on the discussions above, we examine the causal relationship between inertia and service
duration and test whether: (i) customer satisfaction indirectly increase service duration through
loyalty, (ii) loyalty indirectly increases service duration through perceived switching costs and
inertia, (iii) loyalty and inertia interact to influence service duration, and (iv) perceived
switching costs positively impact service duration directly and indirectly through inertia.

DATA AND ANALYSIS

We collected the data for this study via a web-based survey on mobile service experience.
Amazon’s Mechanical Turk (MTurk) was used for recruiting participants for the data. It
integrates participant compensation system, a large participant pool, and a streamlined process
of study design. Buhrmester et al. (2011) report that (a) MTurk participants are slightly more
demographically diverse than are standard Internet samples and are significantly more diverse
than typical American college student samples, (b) participation is affected by compensation
rate and task length, but participants can be recruited rapidly and inexpensively, (c) realistic
compensation rates do not affect data quality, and (d) the data obtained are at least as reliable as
those obtained via traditional methods. We received 461 responses, and we discarded 115
problematic responses because the respondents failed to pass the examination of reverse
questions we included in the questionnaire. In total, we obtained 346 valid responses for the
data analysis procedure. Among our survey respondents, the average service duration was 21
months, with about 25% (86 respondents) having switched mobile service providers in the last
three years. 57% of the respondents were males, and 42% of them were between 25 and 34 years
old. The distribution of service providers in our sample is consistent with industry market
shares, with 62% of the participants paying less than $200 a month. Regarding data usage, the
plurality of them (46%) had a data plan of 10GB or more.

The instruments used to measure latent constructs in our study were adapted from prior
studies and revised to fit with the specific context of the current study. To measure customer
loyalty, we use a subset of the original measures used in Mols (1998) and Yang and Peterson
(2004, which capture attitudinal loyalty (Uncles and Laurent 1997; Reichheld and Sasser 1990),
willingness to recommend the current provider to friends and associates (Lee et al., 2001), and
future behavioral intent (Barroso and Picén 2012; Dick and Basu 1994). FFor our customer
satisfaction measurement, we used Lee et al. (2001), which evaluates the relevant attributes of
service, which enables marketing managers to target specific features to be improved compared
to a broad, overall satisfaction measurement. IFor perceived switching cost, we adapted the scale
from Jones et al. (2000) to operationalize switching costs as the time, efforts, and monetary
costs involved in switching mobile service provider. Lastly, the three items from Lee and Neale
(2012) were used to measure inertia, which is the extent that customers actively thought about
switching or customers’ propensity to remain at the status quo. The scales from relevant
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previous studies were adapted, and all items used a 7-point Likert scale anchored on strongly
disagree and strongly agree.

For the structural equations modeling, we used the R-package lavaan for the test of
discriminant validity and the CFFA model fit indices, and all models with the interaction terms
were run in Mplus (Muthén and Muthén 1998-2017) with Full Information Maximum
Likelihood (FIML) estimation procedures using a numerical integration algorithm that permits
estimation of interactive effects. In the following section, we report the results of a
measurement model that specifies relationships between the latent constructs and their
indicator variables including the reliability and validity of the measures and a structural model
that specifies causal relationships between the latent constructs themselves.

The Measurement Model

Confirmatory factor analysis is used to describe the nature of the relationship between the
latent variables, or factors, and the manifest indicator variables that measure those latent
variables. The model presented in this study consisted of one observed outcome variable,
duration times, and four latent variables: customer satisfaction, loyalty, perceived switching
costs, and inertia.

Table 2: Reliability and Convergent Validity of the Measurement Model

Measurement Mean Factor  Cronbach’s CR AVE
(Std dev) loading alpha

Satisfaction (Lee et al., 2001) 0.87 0.88 0.60

Network coverage 5.09 (1.62) 0.75

Call clarity 5.45 (1.47) 0.72

Billing accuracy 5.42 (1.58) 0.80

Easy access to provider 5.31 (1.60) 0.84

Customer service quality 4.95 (1.66) 0.79

Perceived Switching Cost (Jones et al,, 0.79 0.80 0.60

2000)

It takes me a great deal of time and

effort to get used to a new service 3.66 (1.91) 0.76

provider.

It costs me too much to switch to
another service provider.

In general, it would be a hassle
switching to another service provider.

4.02 (1.99) 0.85

4.97 (1.98) 0.82

Loyalty (Mols, 1998) 0.95 0.96 0.85
I say positive things about my provider
to other people.

I would recommend my provider to
those who seek my advice.

I would encourage friends and relatives
to use my provider.

I intend to continue to do business with
my provider.

4.74(1.64) 0.93
4.84 (1.64) 0.95
4.80 (1.74) 0.95

5.34 (1.59) 0.82

Inertia (Lee and Neale 2012) 0.72 0.75 0.52
I never think about switching to another
provider.

I constantly look out for attractive deals
from the other providers.

I cannot be bothered to think about
switching to another provider.

4.38 (2.04)  0.86
4.564(1.98)  0.67

4.28 (1.91) 0.78
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Table 2 reports the means, standard deviations, and standardized factor loadings for the
indicator variables. The maximum likelihood procedure provides approximate standard errors
for these coefficients and allows large-sample tests of the null hypothesis that the coefficients
are equal to zero in the population. All factor loadings were significant, which provides evidence
supporting the convergent validity of the indicators (Anderson and Gerbing 1988). The
reliability of the indicators of the constructs is presented in Table 2. All Cronbach’s alpha
coefficients exceed the acceptable threshold level of 0.7 (Nunally and Bernstein, 1994). The
alpha value for inertia is higher than the 0.67 value reported in Lee and Neale (2012). We
conclude that the coefficients generally support the reliability of the constructs and their
indicators.

Then, the convergent and discriminant validity of the measurement model were examined
(Henseler et al., 2015; Hair et al., 2010; Fornell and Larcker, 1981). First, the convergent
validity was evaluated by examining the factor loadings of the indicators and the composite
reliability (CR) statistics and the average variance extracted (AVE) estimates of the first-order
latent constructs. As shown in Table 2, all factor loadings were greater than the restrictive
criterion of 0.6 and were statistically significant. Additionally, all CR values and all the AVE
values were greater than their recommended level, which are 0.6 and 0.5, respectively. We thus
determined that the measurement model had adequate convergent validity.

To assess discriminant validity, we first checked the Fornell-Larcker criterion by comparing
the square root of the average variance extracted (AVE) with the correlation of latent
constructs. A latent construct should explain the variance of its own indicator better than the
variance of other latent constructs. Therefore, the square root of each construct’s AVE should
have a greater value than the correlations with other latent constructs. We confirm that all
squared correlations between the factors were smaller than the corresponding AVE estimates,
which indicates that the constructs were more strongly related to their respective indicators
than to the other constructs in the model (Fornell and Larcker, 1981). Table 38 reports the
results of Heterotrait-Monotrait (HTMT) analysis. Henseler et al. (2015) propose an
alternative approach using a simulation study since the Fornell-Larcker criterion does not
reliably detect the lack of discriminant validity in common research situations. It assesses the
average correlation among indicators across constructs relative to the average correlation
among indicators within the same construct (see Henseler et al. (2015) for detailed explanations
of the HTMT criterion for discriminant validity assessment in variance-based structural
equations modeling). The HTMT values in Table 3 are interpreted as estimates of inter-
construct correlations. We used the htmt function in semTools/R to calculate the HTMT
matrix and correlations are estimated using the lavCor function in the lavaan package.

Table 3: Heterotrait-Monotrait (HTMT) Matrix

Satisfaction Loyalty Switching Inertia
Costs
Satisfaction
Loyalty 0.685
Switching Costs 0.107 0.076
Inertia 0.889 0.584 0.283

If the oft-diagonal values in Table 3 are below 0.9, discriminant validity has been established
between two latent constructs. As reported in Table 3, the correlations between the latent
constructs are acceptable, which indicates no collinearity problems among them. We conclude
that the measurement model exhibits adequate discriminant validity.
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The Structural Model

The structural model tested in this study is presented in Iigure 1. Consistent with previous
research, we find that (i) customer satisfaction positively influences loyalty to the service
provider and (ii) perceived switching costs have a direct positive effect on how long customers
stay with their providers (Barroso and Picén 2012). Those results are consistent with previous
findings regarding the associations between satisfaction, loyalty, and perceived switching cost
(Nagengast et al. 2014; Lee and Neale 2012; Barroso and Picén 2012; Yang and Peterson 2004;
Lee et al. 2001). Regarding managerial implications, they share the same goal, (i) building
customer satisfaction and loyalty, and (ii) managing switching costs through service aspects of
the marketing mix. Some of our new findings, however, reveal the role of inertia when the
outcome variable is service duration.

Though the satisfaction-loyalty link is significant, we find that there is no significant direct
effect between loyalty and service duration. Our findings present a classic case of mediation, in
which loyalty influences duration times through inertia. The result is similar to the findings in
Li (2015) regarding the moderating effect of inertia on the relationship between recovery
satisfaction and repurchase intentions. As customers become more loyal to the current provider,
it strengthens customers’ propensity to remain at the status quo. It can also be interpreted as
the endowment effect that randomly assigned owners of an object value their possession more
than randomly assigned non-owners (Kahneman et al. 1990). Gal (2006) notes that, because the
status-quo bias and endowment eftect are such similar phenomena, the logic regarding inertia as
an explanation of the status-quo bias extends trivially to the endowment effect. We also find a
significant effect of the interaction between loyalty and inertia on service duration. The path
coefticient from loyalty to service duration is negative, though insignificant, so the product term
has a negative sign. Intuitively, the negative sign results from the type of interaction showing
that the duration times are higher for low-loyalty/high-inertia customers than high-
loyalty/low-inertia customers.

/// \\\
f/ LOYALTY \
X )

\\\ INERTIA /,/

—_——

01(.98) J/ INERTIA \ -1.01(.02)*
6500 k \
/ 2.04(.03)*

25 (.03)*
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———————— “ooo-coo—-i SERVICE DURATION
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Figure 1: Conceptual Model and Structural Equation Model Estimates
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The mediating role of inertia is also found to be significant between perceived switching cost
and duration times. The significant path coefficients show not only a direct effect from
perceived switching cost onto service duration (Barroso and Picén 2012), but also the indirect
effect of switching costs on service duration through inertia. In other words, higher perceived
switching costs induce inertia, which in turn results in increasing service duration. It may shed
some light on the current situation of the mobile service industry. In recent years, U.S. wireless
operators have sought to reduce the switching costs with promotional offers that cover early
termination fees and lease buyouts and decrease the price of monthly plans. According to
Consumer Reports (2017), satisfaction with the value and customer service provided by three of
the four largest U.S. wireless carriers is low. In this situation, conventional wisdom among
academics and practitioners indicates that dissatisfied consumers whose financial switching
costs have been reduced or eliminated are likely to switch to a different carrier. The latest data,
however, do not support this notion, as churn in the wireless telecom sector is approximately
1.9% across the top four wireless carriers that control over 90% of the market. Despite low
levels of satisfaction and a considerable reduction in monetary switching costs, very few
consumers switch providers. Our results provide empirical evidence that marketers’
understanding of consumer switching behavior will be heightened by incorporating consumer
inertia into existing models that feature customer satisfaction, loyalty, and switching costs.

Assessing Model Fit

When the structural model includes the latent moderated interaction terms, model fit indices
generally used to interpret the fit of structural equation models are not easily obtained. We use
a two-step method for assessing the overall fit of the proposed model (Maslowsky et al., 2015;
Klein & Moosbrugger, 2000). First, we obtain CFI, TLI, RMSEA, and x2 values from the null
model where the interaction is assumed to be zero. The latent interaction term does not have a
mean, variance, or covariance with other parameters and therefore should not affect the fit of
the measurement model (Muthén, 2012). Second, using a log-likelihood ratio test, the relative
fit of the null model and the proposed model, where the interaction is estimated, is compared. In
the case of modeling one latent interaction, there would be one additional parameter estimated
in the proposed model, so the difference in free parameters is one. The test statistic for a log-
likelihood ratio test is calculated using the following equation:

= =2 [(log-likelthood for the null model) — (log-likelihood for the proposed model)]

Which is approximately distributed as x2 and D can be tested with df = 1. If the log-likelihood
ratio test is significant, we can conclude that the null model results in a significant loss of fit
relative to the proposed model. The null model fits the data well: x2 (97) = 314.7 (p-value =
.00), RMSEA = .08 (95% CI = .071-.091), CFI = .924, and TLI = .906. The proposed model
was then estimated. The relative fit was determined via a log-likelihood ratio test, yielding a
log-likelihood difference value of D = 6.16. Using a chi-square distribution, this log-likelihood
ratio test proved significant (p < .05), indicating that the null model without the interaction
effect represents a significant loss in fit relative to the proposed model. As discussed above, the
loyalty X inertia interaction effect on service duration was significant, and the mediating role of
inertia is also found to be significant.

Two alternative model specifications were tested against the proposed model: M1 with a direct
path from customer satisfaction to perceived switching cost and duration times and M2 with a
reversed path from inertia to perceived switching cost that indirectly affects duration times. We
find that all path coefficients of M1 or M2 were not significant at the 5% significance level and
the log-likelihood ratio test was not significant. That is, there was no significant loss of fit of
the proposed model relative to the alternative models. It may seem that the results of the
comparison with M1 do not agree with the findings of Bolton (1998). However, Bolton (1998)
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examined the relationship between satisfaction and service duration based on a dynamic model
using proportional hazards regression while ours is a factor-based structural equations model
using cross-sectional data. In a proportional hazards regression, the predictor used is a scaled
logarithm of the number of months that the customer has subscribed to the service, which is the
outcome variable in this study.

DISCUSSION

For the continued success of a firm, it is critical to retain current customers and develop long-
term relationships. As Kumar (2008) noted, if customers’ relationship duration is increased by
15%, CLV goes up by 12%, which underscores the importance of the length of service duration.
By understanding the role of inertia as one of the key determinants of service duration, a firm
can develop marketing programs that are designed for a long-term eftect that can induce inertia
to increase service duration or to prevent customers from switching. Nevertheless, ensuring
superior service quality is a prerequisite, and it must be accompanied by well-designed loyalty
programs that reward customers with longer duration times.

Despite some managerially relevant findings, it is important to point out the limitations of this
study. First, it is related to the direction of the causal effects of the constructs on service
duration. It is plausible to argue that the length of relationship may have a significant direct or
indirect positive influence on either customer satisfaction or inertia. Consequently, future
research that focuses on the bi-directional influences using a longitudinal research design is
encouraged. Second, though our study investigates previously unexplored issues in lifetime
duration, it is solely based on the attitudinal measurements of the constructs, and it limits the
generalizability of the findings in a different industry setting. One way to enhance the
generalizability is to include transactional data so we can test how attitudes such as satistaction
and inertia might interact with the observed behavioral constructs. I'inally, given that we find a
significant interaction eftect of loyalty and inertia on service duration, the logical next step is to
explore a three-way interaction involving satisfaction or perceived switching costs. The current
approach to accommodate latent interactions is to obtain product indicators of observed
variables for interacting latent variables, but it is not practical to implement it in a higher-order
interaction case. We may need to adopt the component-based approach which does not require
the construction of additional indicators for latent interactions and can easily accommodate
both exogenous and endogenous latent interactions.
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