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Abstract

A growing number of service firms now collect customer satisfaction ratings, along with
objective service performance measures, for each service transaction. However, little
is known about whether these two types of data are substitutes or complements, from
both a conceptual and an applied point of view. This paper answers this question
via the use of unique data consisting of individual-level cross-sectional and time-series
measures of objective service performance, customer satisfaction, and purchase behav-
ior. Using theory from the customer satisfaction literature, the data are applied to a
two stage model of customer satisfaction and interpurchase time. The results suggest
that the two sources of data provide complementary insights. In other words, customer
satisfaction data provide information on business outcomes over and above that ob-
tained from objective service performance data. The benefit of using and the cost of
collecting these data are also quantified. The results are consistent across two different
- quick service restaurant and auto rental - service industries, suggesting that they may
be generalizable.
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Firms in multiple industries use customer satisfaction as a measure of their service per-
formance. Traditional customer-satisfaction surveys are expensive and time-consuming (re-
quiring face-to-face, telephone or mail interviews) and therefore most firms carry out these
surveys relatively infrequently (typically annually or even less frequently). However, with
the emergence of Web 2.0 technology, customers can respond to a satisfaction survey with a
click of a mouse, and their responses can be recorded and processed instantly. The ease of
data collection has urged a growing number of service firms to solicit customers’ responses
to a satisfaction survey after each service encounter or transaction. Besides this, web-based
transaction level satisfaction surveys also provide other benefits to firms - lower cost data
collection and entry, easy access to all or most of their customers and the ability to present
survey information in different formats (Couper 2000).

The large volume of such transaction-specific customer satisfaction surveys reported by
companies that carry them out shows their prevalence. For example, Mindshare Technologies
(a customer satisfaction survey specialist) reported in 2011 that it carried out 175,000 surveys
every day, or more than 60 million surveys annually. ForeSee, an offshoot of the American
Customer Satisfaction Index, carried out 15 million surveys in 2011 (Grimes 2012). Con-
comitant with the ability to carry out these surveys expeditiously, advances in information
technology are increasingly providing service firms with the capability to monitor each ser-
vice encounter on objective metrics easily and in a very cost effective manner. For example,
UPS uses real-time delivery tracking (Lund and Marinova 2014), McDonald’s monitors its
drive-through service time (Hess, Ganesan, and Klein 2003) and airlines track the percent-
age of on-time flights (Grewal, Chandrashekaran, and Citrin 2010). These high quality, high
frequency data have multiple benefits - they provide “objective” metrics, they can be gener-
ated without contact with customers and usually no third party (e.g., a customer satisfaction

survey firms) needs to be involved in the data collection.



However, little is known about whether these two sources of data - customer satisfaction
and objective service performance - are substitutes or complements, from both a conceptual
and an applied point of view. In this paper, we leverage unique high-frequency data from
two distinct service settings - quick service restaurants and auto rental - to answer this
question. Unlike most previous customer satisfaction research that uses low-frequency, cross-
sectional self-reported data, our data consist of individual-level cross-sectional and time-series
measures of objective service performance, customer satisfaction and purchase behavior.

The use of these data has several benefits. First, observing objective service performance
allows us to examine the additional value of customer satisfaction data relative to an ob-
jective benchmark. This is important as previous research has theorized that factors other
than objective performance (e.g., brand trust, brand image, advertising, price image etc.)
also impact customer satisfaction and repurchase behavior (Bolton and Lemon 1999; Rust,
Lemon, and Zeithaml 2004). Second, our data avoid the problem of relationship inflation
among variables induced by high common-methods variance (Fishbein and Ajzen 1975) that
was prevalent in previous analyses where customer satisfaction ratings, objective service per-
formance and purchase behavior were typically obtained from diverse channels (as opposed
to from a single source). Lastly, the panel structure of our data allows us to control for a
within-individual selection bias (as the ratio of completed surveys to transactions in such
settings is relatively low) for such high-frequency satisfaction data. This bias can arise if the
choice of whether to answer a satisfaction survey by a given customer is correlated with the
quality of the service encounter. While limited previous research has looked at the across-
individual selection bias (Godfrey, Seiders, and Voss 2011; Mithas, Krishnan, and Fornell
2005), there is virtually no work that has controlled for within-individual selection biases.

We answer our research question by modeling individual and transaction level outcomes

- rating incidence, satisfaction rating and interpurchase time - using a two-stage model. In



the first stage, we use a system of simultaneous equations with the first equation capturing
drivers of customers’ propensity to rate (a binary Probit model) and the second equation
capturing the drivers of satisfaction rating (a linear regression model). In the second stage,
we model customers’ interpurchase time as a function of objective service performance and
the aspects of customer satisfaction not explained by the objective service performance via
a control function approach (i.e., via the use of the residual) (Petrin and Train 2010), along
with other covariates, using a proportional hazard model. To allow for the heterogeneity in
customer responses, we cast our model in a hierarchical Bayes framework.

Our results show that objective service performance affects both customer satisfaction
and interpurchase time directly. More importantly, we find that the component of customer
satisfaction that is not explained by the objective service performance has a significant impact
on interpurchase time. This finding suggests that these two sources of data are complements
and not substitutes. We obtain these results after correcting for within-individual selection
and document the negative correlation between rating incidence and satisfaction rating.
Our results also suggest that, in the context of transaction-level customer satisfaction data,
within-individual selection likely to induce larger biases than across-individual selection. We
also show that our results generally replicate via a set of robustness checks (e.g., using
different measures of dependent and independent variables) and are generalizable across the
two data sets from different service industries.

In summary, this paper makes the following contributions. First, at the conceptual level,
it adds to the customer satisfaction literature by examining the interplay between objective
service performance, customer satisfaction and actual purchase behavior. Specifically, it
poses and answers the question as to whether objective service performance and customer
satisfaction data are substitutes or complements. Second, it does so in the growing setting

of individual-level times-series cross-sectional transaction-specific customer satisfaction and



objective service performance data - a setting that has not received as much attention in
the literature. This setting brings in unique challenges such as the possibility of bias in
customer responses due to within-individual selection. Third, the results show that these
two sets of data are complementary i.e., customer satisfaction data, measured frequently
at the customer transaction level, do indeed provide additional value over and above the
value obtained from objective service performance data. In addition, the within-individual
selection bias is statistically and economically significant and needs to be controlled for.
Fourth, from a managerial point of view, it shows that the complementary nature of customer
satisfaction data can improve the prediction of business outcomes even when the firm has
access to high-quality objective service performance data. The paper also illustrates, via a
counterfactual analysis, how a firm can obtain a bound on the economic value of collecting
customer satisfaction data. Finally, the replication of the results across two distinct and
different service industries suggests that they could be generalized to other service settings.

The remainder of the paper is organized as follows. We first present an overview of
the theoretical and methodological issues relating to service performance and customer
satisfaction, based on the literature. Next, we present our model and estimation procedure.
We then describe the institutional setting, the data and the operationalization of the
variables across the two different industries. We next present our estimation results, a
series of robustness checks, and results from policy simulations. Finally, we conclude with a

discussion of our key findings, research limitations, and directions for future research.

CONCEPTUAL BACKGROUND

Customer Satisfaction: Its Measurement and Antecedents

Previous research has defined customer satisfaction as a post-purchase evaluation of a



product or service performance resulting from the customer’s comparison of the actual per-
formance in relation to pre-purchase expectation (Churchill and Surprenant 1982). Customer
satisfaction has been conceptualized either as an overall attitude towards a brand or product
(e.g., see the description of the American Customer Satisfaction Index - ACSI - in Fornell
et al. 1996) or a transaction-specific reaction (Oliver 1980; Keiningham et al. 2014a; Knox
and Van Oest 2014). The former refers to the customer’s cumulative attitude based on all
encounters and experiences with the organization. The latter references customer satisfac-
tion with a specific, discrete service encounter and has typically been measured by asking
survey participants to consider the most recent experience they had (Olsen and Johnson
2003). In this research, we focus on the latter obtained via online surveys after each service
encounter, a practice that has become prevalent among firms’ satisfaction tracking programs.
The popularity of transaction-specific measures stems from its ability to capture changes in
customers’ perception of service over time (Keiningham et al. 2014a).

The general consensus in the marketing literature is that satisfaction is a function of dis-
confirmation, the discrepancy between performance and expectation (Anderson and Sullivan
1993; Oliver 1980; Parasuraman, Zeithaml, and Berry 1988; Weaver and Brickman 1974).!
Previous literature has found consistently that positive disconfirmation relative to expec-
tation (i.e., performance exceeds expectation) increases customer satisfaction and negative
disconfirmation decreases customer satisfaction (Oliver 1980). Some research also reports
asymmetric disconfirmation effects where the negative disconfirmation effect is stronger than
the positive counterpart (Anderson and Sullivan 1993; Gijsenberg, van Heerde, and Verhoef
2015; Knox and Van Oest 2014).

There exist different approaches to operationalizing the disconfirmation construct. First,

early research measured the objective discrepancy between expectations and performance

I Previous research has found mixed or weak effects of expectation and perceived performance on customer
satisfaction (e.g., Churchill and Surprenant 1982; Voss, Parasuraman, and Grewal 1998).



outcomes in an experimental setup to derive a difference score (Weaver and Brickman
1974). Second, Parasuraman, Zeithaml, and Berry (1988) propose a multi-item scale called
SERVQUAL to measure perceived service performance where disconfirmation is derived as
a difference score between perceived performance and performance expectation ratings on
different service aspects. To maintain the independence between the expectation and dis-
confirmation constructs, other research captures individuals’ summary judgment of overall
disconfirmation using a rating scaled anchored at “better than expected” and “worse than
expected” (Churchill and Surprenant 1982; Oliver 1980). It is also possible that these self-
reported measures may not match individuals’ pre-consumption expectations due to cognitive
dissonance, assimilation, or contrast (Oliver 1977). Our operationalization of disconfirma-
tion is in line with the objective discrepancy approach with the novel feature that it is based
on observational data.

In addition to disconfirmation, later research has also emphasized the importance of con-
sistent service performance in maintaining customer satisfaction. For example, McCollough,
Berry, and Yadav (2000) conduct scenario-based experiments to show that customer sat-
isfaction is lower after service failure and recovery (even with high-recovery performance)
than in the case of consistent error-free service. Rust et al. (1999) demonstrate that it
is not necessary to exceed customer expectations to increase preference and receiving an
expected level of bad service does not reduce preference. The reason is that despite their de-
sire for better-than-expected service, customers also prefer consistent service performance.?
This paper adds to the literature on the antecedents of satisfaction by showing how discon-
firmation and performance inconsistency derived from objective service performance affect

transaction-specific satisfaction ratings over time.

2Under very specific conditions, increased performance inconsistency can lead to positive outcomes
(Bolton, Lemon, and Bramlett 2006; Sriram, Chintagunta, and Manchanda 2015).



Impact of Satisfaction on Purchase Behavior

Satisfaction research has consistently shown the impact of customer satisfaction on pur-
chase intention (Anderson and Sullivan 1993) and downstream business outcomes such as
service usage (Bolton 1998; Bolton and Lemon 1999), customer retention (Mittal and Ka-
makura 2001; Seiders et al. 2005; Voss et al. 2010), share of customer wallet (Cooil et al. 2007;
Keiningham et al. 2014a; Van Doorn and Verhoef 2008), and firms’ financial performance
(Fornell, Rust, and Dekimpe 2010; Grewal, Chandrashekaran, and Citrin 2010; Luo, Hom-
burg, and Wieseke 2010). In contrast to linking customer satisfaction to observed customer
behavior or firm performance, the use of perceived service performance, customer satisfac-
tion and purchase intention based on self-report information gathered from the same survey
is likely to inflate the relationship(s) among these constructs (i.e., high common-methods
variance) (Fishbein and Ajzen 1975).

To establish the relationship between customer satisfaction and business outcomes, the
vast majority of studies rely on measuring customers’ attitude-based satisfaction from one or
multiple cross-sectional surveys and aggregate business outcomes (Rust and Zahorik 1993;
Van Doorn and Verhoef 2008; Verhoef 2003) (See Table 1 for the summary). For example,
Van Doorn and Verhoef (2008) administered three consecutive annual surveys to investigate
the impact of satisfaction on customer share of wallet. In contrast, our research matches
satisfaction ratings to each service transaction and hence better track changes in firms’ per-
formance in response to customer satisfaction. Recent research links transaction-specific
satisfaction to self-reported share of wallet for some randomly chosen transactions in a re-
tail context (Keiningham et al. 2014a). However, this paper does not examine the role of
objective service performance and disregards within-individual selection. Keiningham et al.
(2014b) also study how service severity (i.e., negative objective performance) affects satis-

faction and subsequently market share but using aggregate cross-sectional data. Finally, our



work is also related to other research that focuses on securing different objective service per-
formance measures to study their relationships with actual business outcomes (e.g., Bolton,
Lemon, and Bramlett 2006; Knox and Van Oest 2014; Lund and Marinova 2014; Sriram,
Chintagunta, and Manchanda 2015). However, this research does not study transaction-

specific customer satisfaction in the same framework.
[Table 1 about here.]

Selection Bias in Satisfaction Ratings

In general, not all customers reply to satisfaction surveys, opening up the possibility
of the results being biased by self-selection. Failing to account for this selection bias that
arises from systematic survey nonresponse will lead to biased inferences with regard to the
observable factors that drive the outcome variable of interest. To address this concern,
some previous customer satisfaction literature has controlled for the effect of unmeasured
characteristics related to the selection process. Godfrey, Seiders, and Voss (2011) take into
account, across-individual selection by first modeling customer’s propensity to be included in
the satisfaction survey and then using the obtained inverse Mills ratio as a control variable
that links customer satisfaction to repurchase. Mithas, Krishnan, and Fornell (2005) use a
propensity score matching approach to control for the selection bias.

In transaction-specific survey settings, each individual can be solicited for her ratings
multiple times in a year. This frequent surveying could lead to the decision to participate
becoming a function of the service quality. For example, a consumer may rate a provider
only on occasions when she had an unsatisfactory service experience. Thus, the decision to
rate and the rating itself will not be independent due to the presence of a within-individual
selection bias. The results from any analysis that does not explicitly correct for this bias
could be misleading for the firm. In this paper, we test for the existence and magnitude of

this bias via our model. To the best of our knowledge, our research is the first to address
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the issue of within-individual selection process in the satisfaction literature.

MODEL AND ESTIMATION

Model Specification

We model satisfaction rating incidence, satisfaction rating and interpurchase time as
three separate but related processes, by constructing a set of simultaneous equations at the
individual consumer level. In the first stage, we model two individual-level decisions at each
service encounter: whether to provide satisfaction ratings and if so, what rating to give.
We use a binary probit and a linear regression to model these two decisions respectively,
while allowing for the errors across these two equations to be correlated. This allows us to
explicitly control for a within-individual selection bias arising from factors that affect both
decisions but are unobserved by researchers (see Narayanan and Manchanda (2012) for a
similar situation in a different institutional setting). For customer i’s receiving service from
location j on service occasion t, the system of equations is specified as follows:
(1) INCjy, =g+ auX Y + e}, INCyjp =1 where INCj;, >0, INCjj; =0 otherwise
(2) SAT = Poi + 51iX524T + Boi I M Ry + EZSJ'?T
where INCY,, INCj; and SAT;; represent the underlying latent variables represent-
ing customer ¢’s decisions of whether to rate, rating incidence, and overall satisfaction
score, respectively. IMR;; illustrates the inverse Mills ratio generated from Equation
1. XN = {DIS;;y, VAR, CPNyj;, NT R} and X" = {DIS;j,VAR;;, CPNyj} are
sets of explanatory variables for each equation. Note that the residuals from Equation 2,
rfjfT = SAT;; — (Blin;-fT + Bl M R;j), are retained and used as a proxy for customer
satisfaction based on factors other than objective service performance.

In the second step, we model the probability of purchase conditional on interpurchase
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time with a semi-parametric survival model (Cox 1975), incorporating objective service per-
formance measures and customer satisfaction. Specifically, our approach focuses on a daily
purchase decision, that is, customers decide every day whether they plan to purchase as
a function of the timing of their last purchase and transaction details at previous service
encounter. This model specification treats the no-purchase days for each customer as the
survival days, whereas it treats the purchase days as the failure days (for a comparison of
alternative specification, see Manchanda et al. 2006). This semi-parametric approach is ap-
pealing as it does not require the specification of the underlying purchase time distribution
(Gupta 1991). Let h(7|XINT) denote the hazard rate at time 7 for an individual having

covariate values XM at time 7. This hazard rate is assumed to take the form:

(3)  A(TIXET) = ho(T) exp(yirie” + 12X,

In the above expression, ho(T) represents a constant baseline hazard that corresponds to
interpurchase time between purchase occasion t and ¢t — 1, instead of calendar-time, 7.

X" = {DISj;,VAR;j-, CPN,j., INT;;-, AMT;;,} indicates a set of covariates that en-
ter in the proportional hazard formulation multiplicatively. As such, v = {71;,72i} can be
viewed as the individual-specific proportional effect of customer satisfaction and XM on
the hazard rate. The exponential function simplifies the estimation of +; as no constraints
need to be imposed to ensure nonnegativity (Helsen and Schmittlein 1993).

Following the previous literature (Weaver and Brickman 1974) that takes a more objec-
tive approach, we operationalize disconfirmation, DIS;;;, as the difference between current
objective service performance and prior customer expectations of the performance. Given

the availability of multi-period panel data, we specify the evolution of customer expectation

to follow an anchoring and adjustment process (Nerlove 1958) and derive it as a function
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of objective service performance that varies over time.® Previous literature reveals that this
adaptive expectation framework provides a reasonable fit to observed customer behavior
(e.g., Erdem 1998). In this setup, the greater the weight on the objective performance, the
more significant the effect of immediate past experience on current expectation, or the more

adaptive the expectations (Johnson, Anderson, and Fornell 1995).

(4) D]Sijt = PERFUt - EXPZ'jt where EX.PZ'jt =0 PERFijt_l + (]. - (5) EXlDijt—l

In the above expression, PERF;;; and EX P;;; represent objective service performance and
customer expectation of the performance, respectively. The parameter ¢ is an empirically
derived factor that determines the relative weights assigned to the prior expectation and the
current service performance. To determine the exponential smoothing factor, §, we perform
a grid search (e.g., Fader, Lattin, and Little 1992). We let ¢ vary from 0 to 1 with increments
of 0.1. Note that previous research has typically constructed the disconfirmation variable
using survey-based measures (as opposed to objective measures as we use) of expectation
(Boulding et al. 1993; Parasuraman et al. 1988).4

Service performance inconsistency, VAR;;;, is operationalized as an individual-level cu-
mulative standard deviation of delivery time up to the current service encounter (e.g., Sriram,

Chintagunta, and Manchanda 2015). In addition, we include customer coupon redemption,

3Note that our approach to derive customer expectations helps us circumvent the mere-measurement
effect. Previous research argues that prompting customer expectations sensitizes negative feelings. For
example, Ofir and Simonson (2007) show that customers who had been solicited their expectations by the
researchers gave the store lower post-shopping satisfaction ratings than did those who had not.

4For example, Boulding et al. (1993) proposes two different classes of survey-based expectation measures
- “will” expectation and “should” expectation. Will expectation is specified as a weighted average of prior
expectations and actual service performance (closer to our measure), while should expectation is updated
only when the firm’s service performance exceeds a customer’s prior should expectations. The authors find
that while will expectation increases perceived quality, should expectation decreases it. Given the use of
survey-based expectation and their focus on the relationship between expectation and perceived quality, we
cannot compare our results directly with theirs. Nonetheless, we created another measure of expectation
instead of our current one (i.e., will expectation) where we updated expectation only when delivery time was
shorter than expectation (i.e., should expectation). We find disconfirmation based on should confirmation
to also decrease customer satisfaction.
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CPN,j;, and log-transformed dollar purchase amount, AMT;j;, as control variables. The

INC
ijt

SAT

and €7, are assumed to have a multivariate normal

error terms in Equation 1 and 2, €
distribution with mean vector of zero and covariance matrix of (1, 1; p12). This error structure
explains the correlation between unobserved components in customer rating behavior and

controls for the within-individual selection problem. We fix the scale of the latent utilities

INC
ijt

SAT ;
and €73 be unity.

by imposing the restriction that the variances of €

To address the potentially endogenous relationship between rating incidence and satis-
faction rating, we use the number of transactions since the last time customer i provided a
satisfaction rating, NT'R;;;, as an exclusion restriction. This variable works as an excluded
variable as it has been shown to impact participation in the survey but not the rating itself
e.g., frequent solicitations to answer (similar) surveys has been shown to lower participation
(Bickart and Schmittlein 1999). This is because with increasing contact, respondents’ over-
all attitudes toward the survey become less favorable, and they feel that the opportunity to
provide their opinions in a survey is not a “rarity” and, therefore, not a valuable experience
(Groves, Cialdini, and Couper 1992).°

We use random coefficients to control for unobserved heterogeneity at the individual level.
Specifically, we cast our model in a hierarchical Bayesian framework to obtain individual-
specific parameters in the rating incidence, satisfaction rating, and interpurchase time equa-
tions. Finally, it is also possible that there may be unobserved factors related to store
characteristics (e.g., store size, the date when the store opened etc.) that systematically
affect the dependent variables of interest. However, we expect that such differences in store

characteristics will be captured by the individual-specific random intercepts as the orders

from each customer are almost always confined to a certain store based on his/her address.

SNote that for this variable to act as the excluded variable, the amount of serial correlation for rating
incidence and satisfaction rating should not be high simultaneously. This condition holds as the serial
correlation for rating incidence is 0.09 for the entire sample while that for satisfaction rating is 0.36.
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Estimation

In order to estimate our proposed model, we first fit the satisfaction rating model (Equa-
tion 2) together with the rating incidence model (Equation 1), employing the Heckman se-
lection framework (Heckman 1979). Specifically, we obtain the inverse Mills ratio, IMR;j; =
dlai + i X [)) /@ (s + 01;: X [)C) from (Equation 1) and use the value as a control vari-
able in Equation 2 to address within-individual selection. With the parameter estimates from
Equation 2 in hand, we obtain the residuals, rfjfT = SAT; ;1 — (Boi + 51iX5-;4T + ol M R;jy),
that capture the information contained in the satisfaction rating over and above objective
service performance and coupon redemption. Using the set of purchase occasion observations

C', we estimate a proportional hazard model (Equation 3) with a log-likelihood function (Cox

1975; Golder and Tellis 2004) as follows:

(5) LLi(v) = Z [irijr + Y21 X35, — log Z exp (i Tirjr + Yor Xjr))

i g
c dAINTy . 2INT;j,

We capture the heterogeneity in {o, £;,7:} across individuals by allowing them to be
distributed multivariate normal with mean {mg,, mg, m,} and variance {V,, Vs, V,}. The
hyperparameters {mg,, mg, m,} and {V,, Vs, V,} are distributed multivariate normal and
inverse Wishart, respectively. We draw these parameters by constructing an MCMC chain
where a Gibbs sampler (for parameters whose full conditionals can be derived) is used in
combination with data augmentation (e.g., Kai 1998) for the purchase incidence equations
and a Metropolis-Hastings sampler for the interpurchase time equation. As our MCMC
sampler is fairly standard, we omit the details for in the interest of brevity (though these

are available from the authors on request).
STUDY 1: QUICK SERVICE RESTAURANT INDUSTRY

Institutional Background
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We obtained data from a large American company in the quick service restaurant indus-
try. The company has an international presence and operates own stores as well as franchises.
The food delivery context is of interest to us because the service component, especially de-
livery time, of the transaction influences both customer satisfaction and purchase behavior
(Verma, Thompson, and Louviere 1999). Timely service has been widely accepted as a key
to success in the service industry because it is the first interaction in the sequence of experi-
ences that customers have with the firm (Bitner 1992). Firms can also improve service time
as a means of differentiation based on convenience (Lund and Marinova 2014). The nature
and order of these experiences thus can have an impact on overall service satisfaction (Chase
and Dasu 2001). This is true in our setting as well with the company’s managers confirming
that delivery time is the main determinant of service performance for their customers. As
a result, the company has made a significant investment in tracking food preparation and
delivery time. Specifically, the company requires each store to record four different time
stamps for each order: when the order is placed (TS1), when the order comes out of the
oven (TS2), when the driver leaves the store (T'S3), and when the driver returns to the store
(T'S4). The delivery time for each order is calculated to be [(TS4 — TS3)/2 — TS1] + 2
minutes.® Based on both the previous literature and our specific setting, we use delivery
time as the key objective service performance measure in our analysis. Other measures of
service performance (e.g., number of service failures, telephone CSR service quality, frontline
employee interactions, product quality) are also potential determinants of customer satisfac-
tion and business outcomes. However, in this industry (and in our setting), none of these
are obtained at each transaction level.

In addition to investing in its own tracking, the company has also invested in making

the service experience transparent to the customer. Specifically, the company provides its

6The two-minute addition is based on a calibration exercise carried out by the company. We are able to
replicate the results if we subtract two minutes from each delivery time.
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customers with a unique online order experience through its online “order tracker.” After an
order (online, phone, or walk-in) is placed, the customer can monitor the status of the order
directly from the company’s website - she can track when the food preparation is complete
(at the store) and when the order gets sent out for delivery. On the website the customer
is prompted to fill out a five-point scale satisfaction survey with respect to her order. As
customers make these satisfaction assessments immediately after the delivery, we assume
that judgments of the service encounter are affected by only the actual service performance
experienced in that transaction (e.g., Zhang and Kalra 2014). The survey consists of six

questions as below:

e Q1: How likely are you to recommend us to your family and friends?
e (Q2: How fast and nice was your phone order?

e (Q3: How would you rate your online ordering experience?

e Q4: How would you rate your delivery experience with driver?

e (Q5: How would you rate your carryout experience?

e (Q6: How would you rate the quality of your order?

Data Description

The data span a total of 743,609 delivery orders from 99,156 unique customers (house-
holds)” who provided satisfaction ratings at least once during the sample period at 625 stores
in Texas and Virginia from January to December 2011.%8 The transaction details include store
ID, order date, order ID, delivery time, customer ID, coupon redemption, pick-up method

(carryout vs. delivery), purchase amount and satisfaction ratings. Given our interest in

7As our data are at the household level, we cannot separately identify whether repeat purchases by the
household represent true repeats by the same person or are new purchases by someone else in the household.
We therefore use the term “customer” and “household” interchangeably.

8The overall proportion of delivery orders is 57.8%. We also have an additional 6,655,320 delivery orders
from 1,136,700 customers who did not provide any ratings during the sample period. We use the data from
these “non-raters” to check whether there is a potential across-individual selection bias in the “Robustness
Checks” section.
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delivery time as the objective performance measure, we restrict our attention to delivery
orders. We do not observe substantial within-household heterogeneity in ordering methods.
Approximately 90% of customers in the data use the same method of order during the sam-
ple period (27.5% of carryout-only and 62.1% delivery only). In addition, within-household
heterogeneity in store choices is also minimal. This is because once a customer enters his/her
address online, the website automatically locates the stores that are closest to his/her ad-
dress. This results in only 4.6% of all the transactions where customers order from different
stores over time. As we derive performance inconsistency from the observed objective perfor-
mance (i.e., delivery time), we also need to observe at least three observations per customer,
e.g., we need two observations in Ty and T} to compute performance inconsistency and link
it to purchase behavior in 75. We thus limit the sample to 484,440 transactions from 74,080
customers who purchased three or more times. As can be seen from Table 2, there is no
significant difference in transaction details and behavior between the households in sample

with at least three purchases and the entire sample.
[Table 2 about here.]

From the six questions in the online survey, we use the mean response across Q3 (How
would you rate your online ordering experience?) and Q4 (How would you rate your delivery
experience with driver?) on a 5-point scale to construct a measure of overall transaction-
specific customer satisfaction. Morgan and Rego (2006) show that this measure of overall
transaction-specific satisfaction provides greater value in predicting future business perfor-
mance and is conceptually distinct from the Net Promoter Score or average number of rec-
ommendations. The mean and median of this measure over the sample period are 4.68 and
5, respectively. We do not use Q1 and Q6 because the former is more like a recommendation
measure (like the Net Promoter Score) and the latter is about overall perceived quality. Q2

and Q5 appear to capture responses about phone and carryout order, which are not relevant
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to our study context.” Figure 1 shows the distribution of our overall satisfaction measure
and its correlation with delivery time. As shown, customers’ evaluations are skewed towards
the highest score and our focal objective service performance - delivery time - is negatively
correlated with this overall satisfaction measure (the correlation coefficient is —0.19 and a
regression of overall satisfaction on delivery time shows that the latter has a significant and

negative effect).

[Figure 1 about here.]

Customer satisfaction ratings were provided in 2.2% of all transactions. While this
may seem low, this is consistent with industry statistics (based on feedback from the data
provider). Conditional on individuals providing a rating during the sample period (i.e.,
“raters”), participation went up quite dramatically with 21.6% of transactions being rated,
i.e., 1.8 times per individual on average. Table 3 presents the summary statistics (1) from
transactions with satisfaction ratings and (2) from transactions without satisfaction ratings.
Overall, there are no statistically significant differences in transaction details across the two
different samples. However, interpurchase time is 55.6% longer and the number of transac-
tions since the last rating is 25.4% smaller for transactions with satisfaction ratings relative
to those without ratings. In order to exploit the panel nature of the data and to correct
for within-individual selection, we use the transactions both with and without satisfaction

ratings for these households in our analysis.
[Table 3 about here.]

As noted earlier, our chosen sample excludes “non-raters” (i.e., households that had
not participated in the satisfaction survey even once during our data period). Table 4

presents the key variables of the transactions made by (1) “raters” and (2) “non-raters.”

90ver 90% of Q2 and Q5 are missing mostly because phone-order/carryout customers do not seem to go
to the firm’s website to track their order status even if they have access to the tracker.
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The descriptive statistics suggest that the differences between “raters” and “non-raters” on
the key metrics are not as substantial as those between transactions with and without ratings
from customers who rated at least once. As a robustness check, however, we later try to
correct for across-individual selection to detect its presence and compare its magnitude to

that of the within-individual selection (See the “Robustness Checks” section).

[Table 4 about here.]

Results

Customer Rating Behavior. In this section, we show the results from the proposed model
of customer rating behavior that includes both the decision to rate and the actual rating, con-
ditional on the rating decision. Table 5 reports the results from two different specifications:
(1) the Heckman selection framework of rating incidence and satisfaction rating to control
for within-individual selection and (2) a null model where we ignore within-individual selec-
tion (i.e., only use a linear regression model for satisfaction rating). In both specifications,
we account for unobserved customer heterogeneity using the hierarchical Bayes framework.

Model 1 is the proposed model and Model 2 is the null model.

[Table 5 about here.]

Overall, we find that objective service performance does have a significant impact on
customer satisfaction rating. The parameter estimates in Table 5 suggest that both dis-
confirmation and performance inconsistency are key determinants of customer satisfaction
rating. First, with greater disconfirmation (delivery time is longer than expected) customers
are more likely to participate in surveys and provide lower satisfaction ratings. These re-
sults confirm findings from the previous literature that proposes a significant relationship
between disconfirmation and customer satisfaction (e.g., Oliver 1980). Furthermore, incon-

sistent service performance significantly decreases both survey participation and customer
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satisfaction, suggesting that minimizing customer uncertainty plays an important role in
maintaining customer satisfaction.

Model 1 confirms that there is a selection bias in within-household ratings over time
as the coefficient of the inverse Mills ratio is significant and negative, and as such, it is
important to correct for the within-individual selection. The negative coefficient suggests
that customers are less likely to provide a rating when they feel satisfied with the service
they received.!® Note that ignoring this correlation results in 1.8% of underestimation of
disconfirmation elasticity and 4.5% overestimation of performance inconsistency elasticity to
customer satisfaction. The number of transactions since the previous rating - the proposed
instrument to identify the selection process - significantly increases customers’ participation
in satisfaction survey. The more recently customers rated, the less likely they are to provide
ratings again.

Customer Purchase Behavior. Next we focus on whether customer satisfaction provides
additional information over and above the information present in objective service perfor-
mance. Specifically, we link the residuals from Equation 2, along with disconfirmation and
performance inconsistency, to the probability of purchase conditional on interpurchase time,
using only those observations for which we have satisfaction ratings. We then compare the
proposed model with a series of alternative models in order to answer our research question.
Table 6 reports the results.

[Table 6 about here.]

The key result from the proposed model is that the residual has a positive impact on the

purchase probability, after controlling for objective service performance.!* This implies that

1ONote that the negative coefficient of the inverse Mills ratio can also potentially be driven by dissatisfied
customers participating in the survey. However, the data suggest that most of the participation effect
associated with satisfaction rating is attributable to satisfied customers. For example, the negative effect
of delivery time on customer satisfaction is not significant when customers provide relatively lower ratings,
while delivery time significantly increases survey participation.

HNote that this direct impact of customer satisfaction on purchase might be attributed to the mere-
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customer satisfaction and objective service performance are complements, not substitutes. In
addition, inconsistent service performance decreases the probability of purchase. The avail-
ability of a coupon also decreases the probability of purchase. Finally, lagged interpurchase
time tends to lower the probability of purchase.

The proposed model uses constructed and/or transformed measures such as the resid-
uals from the satisfaction equation, disconfirmation, performance inconsistency etc. How-
ever, firms could work directly with the raw subjective and objective measures. Models 2
and 3 use these measures directly. The results from Model 2 suggest that conditional on
customer’s decision to rate, the satisfaction rating (the raw subjective measure of service
performance) positively impacts purchase behavior - satisfied customers are more likely to
purchase, compared to the dissatisfied customers. The results from Model 3 present a strong
direct relationship between the probability of purchase and delivery time (the raw objective
measure of service performance). Model 4 uses only disconfirmation and performance incon-
sistency (without the residuals) measures and the results are qualitatively similar to those
from Model 1. Model 5 ignores the theoretically motivated constructs of disconfirmation
and performance inconsistency, using the delivery time along with the residual. Turning to
model fit, we find that our proposed model provides the best predictive performance with
respect to root mean square error (RMSE) and mean absolute error (MAE).

Collectively, the results highlight the value of collecting both objective and subjective
measures of performance. The combined set of measures helps link objective service per-
formance to purchase behavior and identify the effect of customer satisfaction over and
above that of objective service performance. These findings rationalize this firm’s decision

to continue collecting customer satisfaction data even when they have access to high-quality

measurement effect where measurement of customer intentions or customer participation in surveys could
positively influence customer repeat purchase behavior (Dong, Janakiraman, and Xie 2014). However, this
explanation is unlikely in our context because the correlation between survey participation and interpurchase
time (0.16) is in the opposite direction as suggested by mere-measurement literature.
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objective service performance data, as the two sets of data are complementary. In Study
2, we check to see if we replicate this finding. Finally, in the section titled, “The Effect of
Changes in Service Performance,” we show how firms can compute the economic value of

collecting customer satisfaction data and provide an estimate for the firm in question.

Robustness Checks

In this section, we report results from a series of robustness checks. First, we investigate
the impact of objective service performance and customer satisfaction on purchase amount
instead of the probability of purchase conditional on interpurchase time. Second, we test
alternative measures of customer expectation to calculate disconfirmation. Third, we explore
the asymmetric effect of disconfirmation on customer satisfaction. Finally, we examine the
relative importance of across-individual and within-individual selection biases.!?

Customer Purchase Amount. We first examine whether the results are robust to an
alternative business outcome - the dollar amount of each order. Similar to the approach
in Equation 3, we treat the residuals from the customer satisfaction equation (Equation
2) as an independent variable in a linear regression with the dependent variable being the
log-transformed dollar purchase amount, which has been used extensively in marketing for
modeling sales and expenditure (Blattberg and Neslin 1990). The results are reported in
Table 7 (Column (1)). Similar to the findings in Table 6, both objective service performance
and the residuals significantly increase the dollar purchase amount of each order. These
results confirm the role of satisfaction ratings in providing incremental value in predicting

another aspect of consumer purchase behavior in addition to interpurchase time.

[Table 7 about here.]

12WWe are also able to run a robustness check where we can explicitly control for product quality for a
very small sample of transactions. We replicate many of our main results, including those pertaining to the
impact of disconfirmation and performance inconsistency. Details are available from the authors on request.
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Alternative Measures of Customer Expectation. Throughout the paper we operationalize
customer expectation as an exponentially smoothed average of service performance up to
the previous service encounter. As a robustness check, we use two alternative measures of
customer expectation: most recent service encounter and a simple moving average across all
previous service encounters. The former is motivated by the fact that customers may find
it hard to recall all their prior experiences perfectly and to construct a summary measure
due to factors such as the high cognitive effort required for adjusting prior expectations,
low involvement and low purchase frequencies (e.g., Mitra and Golder 2006). The latter
is based on the assumption that all past service encounters contribute equally to customer
expectation. This is in contrast to the exponential smoothing approach used in the proposed
model which gives higher weights to service performance that occurs more recently. Based
on these alternative expectation measures, we calculate disconfirmation as in Equation 4.
As shown in Table 7 (Column (2)), the results using the most recent service encounter as
customer expectation are generally consistent with our main results as higher disconfirma-
tion (i.e., worse-than-expected service performance) increases survey participation, decreases
customer satisfaction but does not directly affect probability of purchase. The results using
the simple moving average are qualitatively similar (they are omitted for the sake of brevity).

Asymmetric Impact of Disconfirmation on Customer Satisfaction. Prospect theory (Kah-
neman and Tversky 1979) suggests that people are less influenced by absolute values of cer-
tain factors than by changes in these values. Moreover, such changes will have a stronger
effect when they are negative as compared to positive. In light of this theory, previous service
literature (e.g., Gijsenberg, van Heerde, and Verhoef 2015; Knox and Van Oest 2014) has
documented that satisfaction is likely to be more sensitive to negative disconfirmation than
positive disconfirmation. To test this asymmetric effect of disconfirmation, we follow previ-

ous satisfaction literature (Anderson and Sullivan 1993) and decompose the disconfirmation
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variable, DIS;;;, into positive disconfirmation, PD;;;, and negative disconfirmation, ND;;

and re-run the proposed model with these two disconfirmation constructs:

(6) NDijt = DISZ‘jt and P-Dijt = O, if TIMEUt >= EXF)ijt

(7) PDijt = D[Sijt and NDijt =0, if TIMEUt < EXPijt

As shown in Table 7 (Column (3)), we find that customer satisfaction is significantly
influenced by both negative and positive disconfirmation. Notably, consistent with previ-
ous literature, negative disconfirmation (i.e., worse-than-expected service performance) has
a stronger impact on customer satisfaction than positive disconfirmation (i.e., better-than-
expected service performance). In particular, the parameter estimate of negative disconfir-
mation is 14.7 times larger than that of positive disconfirmation (this difference is significant
at p=0.01 level).

Selection Issue Across Individuals. The proposed model accounts for non-rated (for sat-
isfaction) transactions via the selection equation within individuals. There is also the pos-
sibility that customers who have never rated are different from those who rated at least
once, leading to an across-individual selection problem. Thus, if the firm acts on the sat-
isfaction ratings, they may not be acting optimally with respect to their entire customer
base. We estimate an across-individual selection model where we include both “raters” and
“non-raters” in the sample. To match the same number of observations we use in the models
reported in Table 5 and 6, we draw a sample of 74,080 customers from the population of
all customers who made at least three purchases during the data period. As a result, some
customers in the sample are “raters” (i.e., rated satisfaction at least once) and the others are
“non-raters” (i.e., never rate in this period). We use the last transaction of each customer to

create the sample of observations. This sample is very similar to cross-sectional survey data
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commonly used in the industry and the previous literature to obtain satisfaction ratings.
Table 8 (Column (2)) reports the results of the model estimated on this sample. The results
show that across-individual selection is not significant, while disconfirmation significantly
affects survey participation and satisfaction ratings. These results suggest that the behavior
of “raters” and “non-raters” are not significantly different and within-individual selection is
a more crucial problem for firms to consider when analyzing transaction-specific satisfaction

ratings in panel settings.

[Table 8 about here.]

The Effect of Changes in Service Performance

Our results show that customer satisfaction data contain useful information even after
the inclusion of objective service performance data from a statistical point of view. In this
section, we turn to quantifying the value of collecting customer satisfaction from a managerial
point of view. To do so, we first set up a simulation to assess the impact of improved or
delayed delivery time on customer satisfaction and interpurchase time. The delivery time
is manipulated as follows: starting from the initial delivery time for each customer, we
increased /decreased delivery time by k% each period (bounded by a minimum of 2 minutes
and maximum of 2 hours, based on the data) where k ranges from 1 to 50. Next, based on the
manipulated delivery time, we calculated the proportional changes in predicted interpurchase
time, using the parameters estimated from the proposed model. These proportional changes
represent the impact of service delay/improvement over time on interpurchase time. Note
that these changes also imply a change in performance inconsistency - as the delivery time

varies (up or down), performance inconsistency goes up and the firm will get penalized.'®

13As both disconfirmation and performance inconsistency have an impact on customer behavior, our
manipulation has to ensure a change in both. This is why we decrease or increase delivery for each successive
purchase occasion in the manner described above. In contrast, a flat decrease or increase will not change
performance inconsistency.
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Thus, the impact of changed delivery times is a tradeoff between the direction of the change
and the amount of additional performance inconsistency.

We examine the results from the above simulation in three different ways. First, we look at
the impact on customer satisfaction as the objective service performance changes. Relative to
a baseline case of no performance inconsistency, as can be seen from Figure 2a, a decrease in
objective service performance (increased delivery times) lowers satisfaction significantly (up
to 8.1%). On the other hand an increase in service performance (decreased delivery times)
improves customer satisfaction, though to a lesser extent. In the case of a decrease in service
performance, both disconfirmation and performance inconsistency lower satisfaction. In
contrast, when service performance improves, disconfirmation improves customer satisfaction
but that improvement is offset by the decrease in customer satisfaction as a result of increased
performance inconsistency.

Next, we examine the situation where the firm does not collect any customer satisfaction
data, a “what-if” scenario (cf. Wu et al. 2015). Thus, the firm has to predict the purchase
probability conditional on interpurchase times using only objective service performance data.
We first compute the hazard rate using only the (changed) objective service performance data
and contrast it to the baseline case (no disconfirmation and no performance inconsistency).
The results (Figure 2b) show that an increase of 50% in delivery time lengthens the inter-
purchase time by 2.3%. At the mean purchase amount per order of $23.34 in the data, this
results in a revenue loss of approximately $7.2 million to the firm.

Finally, we pin down the incremental benefit of obtaining customer satisfaction data (in
the presence of objective service performance data). We predict the the purchase probability
using interpurchase times while excluding the residual from Equation 2 and compare it to
the prediction with the residual as objective service performance increases (or decreases).

Recall that the residual captures information over and above that in the objective service
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performance data. As can be seen from Figure 2¢, when we take away the residual term
from our proposed model, the predicted interpurchase time can be overstated up to 47.1%.
Interestingly, as the change in delivery time gets larger and larger, the overstatement of
the interpurchase time declines. This is because, for large changes, the objective service
performance dominates the change in customer satisfaction, reducing the impact of the
residual. A translation of the overstatement in interpurchase time into economic terms (at
the mean order value) yields an amount of $207,520.40, a not inconsequential number.
Overall, this exercise illustrates that collecting customer satisfaction data, even in the
presence of objective service performance data, makes economic and business sense for this
firm. At the minimum, these data improve the firm’s understanding of customer response,
leading to a better calibration of business outcomes. Such an exercise also provides bounds

on the amount that firms should be willing to spend to collect these data.

[Figure 2 about here.]

STUDY 2: AUTO RENTAL INDUSTRY

Institutional Background

In the auto rental industry, customer demand for different types (i.e., classes) of cars
typically does not match the available inventory at rental locations (Carroll and Grimes
1995). This mismatch between demand and supply often results in free car-class upgrades,
where customers receive a higher-class car for no extra charge (we describe the hierarchy of
car-classes below). For example, when demand for a lower car-class exceeds the available
inventory and the forecasted demand for higher car-class is low, auto rental companies often
provide free upgrades, using non-utilized higher-class cars as a “cheap” way to avert cus-

tomer complaints and increase customers’ positive reactions (Hoffman, Kelley, and Chung
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2003; Jiang, Hoegg, and Dahl 2013). Based on social exchange and equity theory (Wal-
ster, Berscheid, and Walster 1973), a service failure/recovery encounter can be viewed as an
exchange in which the organization attempts to provide a gain, in the form of a recovery
effort, to make up for the customer’s loss and result in customer satisfaction (e.g., Smith,
Bolton, and Wagner 1999; Knox and Van Oest 2014). Given the prevalence and frequency
(54.6% in our data) of overbooking and free upgrades, however, we assume that customers
perceive overbooking as a minor outcome failure' and as a result, consider a subsequent free
car-class upgrade to be a better-than-expected service performance or a gain rather than a
loss recovery.!®

The auto rental firm tracks transaction-specific customer satisfaction from an online
survey. In order to complete the survey, customers are provided with a hyperlink via email
or on their printed receipt. Because the customers provide satisfaction data after each rental
experience, we assume that their ratings reflect transaction-specific satisfaction with respect
to the most recent service performance. The 10-point scale (except Q3: 5-point scale)

satisfaction survey consists of the following eight questions:

14Gervices marketing literature recognizes two types of service encounter failures: outcome and process.
The outcome dimension of a service encounter involves what customers actually receive from the service,
whereas the process dimension involves how they receive the service, that is, the manner in which it is
delivered (Smith, Bolton, and Wagner 1999). This paper focuses on outcome failures i.e., free upgrades.

15We verify our assessment (that a free car-class upgrade reflects better service performance) using data
from an online survey. Specifically, we collected data from 450 U.S resident Mechanical Turk respondents
in July 2016. We presented three service scenarios related to overbooking and recovery - car-class upgrade,
hotel upgrade and car-class downgrade. We elicited responses to a variety of items, drawn from Maxham
and Netemeyer (2002) and Smith, Bolton, and Wagner (1999), on a 7-point scale (a detailed list of survey
questions and their ratings is available from the authors on request). We find that the mean service failure
severity rating (7 being the severest service failure and 1 the weakest) are the lowest for car-class upgrade
at 2.09 (the mean for car-class downgrade is 3.82 and that for hotel upgrade is 3.28), suggesting that car
overbooking is not perceived by consumers as being a serious failure to be recovered from (perhaps due to
its prevalence). Respondents also rated car upgrades as a better mechanism to resolve overbooking issues
(mean = 5.33) than hotel upgrades (mean = 5.09) and car downgrades (mean = 3.71). Car upgrades were
also seen as higher on distributive justice relative to hotel upgrades (mean = 5.57) and car downgrades
(mean = 2.74). All means are different from each other at the p=0.01 level. These results provide evidence
consistent with the belief that car upgrades are more likely to be perceived as better-than-expected service
performance rather than as service failures.
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Q1: Please rate your overall experience.

Q2: How likely is it that you would recommend Hertz to a friend or colleague?

Q3: How likely are you to rent in the future?

Please rate your experience with us in the following areas:
— Q4: Courtesy of staff.
— Q5: Speed of service.
— Q6: Condition of vehicle & equipment.
— QT: Transaction and/or billing as expected.

— Q8: Value for the money.

Data Description

The data used in this study come from a major car rental company in the United States.
The data follow a panel of 454,597 unique loyalty club members from May 2010 through
October 2012. The entire sample involves 2,981,503 rental car transactions across 3,422
locations (684 airport and 2,729 off-airport with 79.2% of the total transactions at airport
locations) in the US.'® Each location offers up to 23 different car classes, but five car classes
- Compact (B), Intermediate (C), Standard (D), Full-Size (F), and Mid-Size SUV (L) -
account for 90% of all transactions. Each record in the individual-level data corresponds
to one rental and provides information on club membership ID,!7 store/rental location ID,
the rental’s check-out/in date, order number, pickup/return location, car class, rental price,
price code (corporate/leisure), customer tier code and booking channel code. The data also

record the car class reserved, the class received and the class charged for each customer

16From the original data that contain 6,283,105 observations we drop the transactions with invalid customer
ID and missing car-class information. We also delete outliers (> 99*" percentile) of rental duration, advance
booking, rental price, and purchase frequency.

1"We identify unique customers by a combination of membership IDs and birth dates on their driver’s
licenses. By doing this, we rule out the possibility that the purchase history under a single membership
consists of multiple customers (i.e., drivers). 17.5% of the club members first appear in the data set on or
after May 2010.
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transaction. If the firm provided a higher car class than the one reserved and paid for, the
transaction is considered a free upgrade - this occurs for 54.6% of all transactions.

Given that we need to use customer variation in objective service performance to create
our measures (e.g., performance inconsistency), we focus on customers who purchased three
or more times and provided satisfaction ratings at least once during the sample period. This
results in 1,982,404 transactions from 126,246 customers. As can be seen from Table 9,
except for the number of rentals, this sub-sample is very similar to the complete sample on

behavioral metrics.

[Table 9 about here.]

From the eight questions on a 10-points scale in the online survey, we use Q4 (courtesy of
staff), Q5 (speed of service), Q6 (condition of vehicle/equipment), Q7 (transaction/billing),
and Q8 (value for money) to construct the overall measure of customer satisfaction. We
do not use the first three questions because they are measures either of customer loyalty
or akin to the Net Promoter Score, and thus conceptually distinct from customer satisfac-
tion. Consistent with Study 1, we take the average of the ratings on these five questions to
construct our customer satisfaction measure. This measure has a mean and median of 7.53
and 8.2, respectively. Figure 3 shows the distribution of the satisfaction measure and its
correlation with free upgrade. A regression analysis of satisfaction ratings on free upgrades
shows a positive and significant effect of free upgrades. On average, customers provides a

satisfaction rating 1.34 times, or on 8.6% of all transactions.
[Figure 3 about here.]

Table 10 reports summary statistics on the key variables, including free upgrade, daily
rental price, rental duration, and interpurchase time. We break up the data into the transac-

tions with and without satisfaction ratings, in order to check if there is a systematic difference
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between these two groups of observations. We find that the average interpurchase time and
the number of transactions since last rating to be substantially different across the two sam-
ples, with the former being longer and the latter being smaller relative to transactions with
no rating. As in Study 1, these differences suggest the possibility of a within-individual
selection problem. We thus use the transactions both with and without satisfaction rat-
ing to correct for selection. Note that customers were included in this dataset only if they

)

were “raters,” i.e., they participated in the survey at least once during the 24-month sample

period. We therefore cannot examine across-individual selection in this Study.
[Table 10 about here.]

Results

The results from our proposed model (1) are reported in Table 11. In this table, we
also include the results from a null model (2) where we do not correct for within-individual
selection. In both specifications, unobserved customer heterogeneity is captured using the

hierarchical Bayesian framework.

[Table 11 about here.]

As can be seen from the table, we find a significant effect of objective service performance
on satisfaction rating. In particular, with greater disconfirmation (better-than-expected free
upgrade offer) customers are more likely to provide higher satisfaction ratings. Furthermore,
inconsistent service performance significantly decreases both survey participation and cus-
tomer satisfaction. Second, the results show that both objective service performance and
customer satisfaction (based on other factors than objective service performance) have a
direct and positive effect on the probability of purchase conditional on interpurchase time.
These results confirm that satisfaction ratings provide additional information over and above
what can be obtained from objective service performance and that the two act as comple-

ments, not substitutes. Unlike the case of delivery time, the worst service performance
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customers can experience in the car-class upgrade context is to receive a car from the car-
class that they originally reserved. Performance inconsistency thus captures fluctuation in
performance only on the positive side. We speculate that this may drive performance incon-
sistency to have positive instead of negative effect on interpurchase time. We also confirm
that within-individual selection needs to be addressed, that is, less satisfied customers are
significantly more likely to rate. Note that ignoring this within-individual selection leads
disconfirmation elasticity to customer satisfaction to be underestimated by 1.7% and per-
formance inconsistency elasticity to be overestimated by 35.7%. Our instrument to identify
the selection process, the number of transactions since the previous rating, significantly in-
creases customers’ participation in satisfaction rating. Overall, these results are consistent
with those obtained from Study 1 - a quick comparison of the results and their consistency

can be seen in Table 12.
[Table 12 about here.|

Given that our data in this study come from a single firm in a highly competitive industry,
as a robustness check, we restrict our analysis to only corporate customers i.e., using only
the transactions with “corporate” price codes in the data. Due to the nature of the corporate
contracts, these customers are less likely to be affected by competition.'® As shown in Table
11 (Column (3)), most of the results from these corporate customers are similar to those
from the larger sample.!® Notably, we replicate the finding that both direct and indirect

(through customer satisfaction) effects of objective service performance are significant.

CONCLUSION

This paper examines two contemporaneous and growing trends in the service industry -

18We thank an anonymous reviewer for suggesting this analysis.

19Rental price does not have a direct impact on survey participation and purchase probability for these
customers. This is probably due to fact that as customers are locked into a service provider (due to the
corporate contract), price is not as important.
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the collection of individual-level transaction-level customer satisfaction data and the avail-
ability of transaction-level objective service performance data. The research focus of the
paper is to determine if these two data sources provide complementary or substitute insights
to firms in terms of business outcomes. A potential issue with the analysis of such customer
satisfaction data is within-individual selection, where the decision of which transaction to
rate by an individual could be systematically related to the level of satisfaction. We leverage
unique high-frequency individual-level transaction, satisfaction and objective service perfor-
mance data from two different service industries to look at the relationship between these
two types of data. We build a two-stage model where the explanatory variables are drawn
from the theoretical literature on customer satisfaction. In the first stage, we examine each
customer’s decision to rate and conditional on that, the rating provided. The panel nature
of our data allows us to control for within-individual selection in this stage. In the second
stage, we fit consumers’ interpurchase times using a proportional hazard model. To deter-
mine whether customer satisfaction and objective service performance data are complements
or substitutes, we use the residuals from the first stage as a predictor of purchase behavior.
These residuals represent the information available in the customer satisfaction ratings over
and above the information provided in the objective service performance.

Our results suggest that these two sources of data are complementary with both the
residual and (a function of) the objective performance data having a significant impact on
the purchase outcomes. These findings are robust to a variety of assumptions regarding
different independent and dependent variables as well as functional forms. In addition, we
also find that there is a selection bias in the decision to rate. To the best of our knowledge, the
finding that these two sources of data are complementary has not been documented before.
Other results suggest that customer satisfaction is a function of both the level of the objective

service performance and its consistency, leading to an asymmetric impact of increase versus
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decreasing objective service performance. We conduct a counterfactual analysis where firms
do not have access to the customer satisfaction data (but do have access to the objective
service performance data) and find that the prediction of business outcomes suffers in an
economically meaningful manner. We are also able to provide a bound on the value of
collecting customer satisfaction data. The fact that we find a similar pattern of results in
the two very different service settings suggests that these results may be generalizable across
multiple service industries.

Our research opens up avenues for further research, some driven by the limitations of our
data. First, from a theoretical point of view, the source of the additional information in the
customer satisfaction data needs to be investigated more carefully. It is possible that the
satisfaction information may capture aspects of the transaction not reflected in the objective
service data and/or may be conceptualized in the customer’s mind as operating over a longer
time period. Second, the availability of competitive data may allow us to develop boundary
conditions for the relationship between the two sources of data. While we do offer a robust-
ness check to competition in Study 2, we cannot provide an explicit control for competition
given our data. Third, given that our data are secondary, we can control for self-selection
only via the exclusion restriction. A perfect control for selection can only be implemented
via an experimental procedure where customers are somehow assigned randomly to “rater”
and “non-rater” conditions. Finally, the precision and ease of obtaining objective service
performance measures may differ across service settings, leading to differences in the benefit
of collecting customer satisfaction data. We hope that future research can implement our

approach in many more settings to document these differences.
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Table 2: Descriptive Statistics (Study 1)

(a) Transactions from raters (n = 632,600)

41

Mean SD  Median Min. Max. Skewness Corg;—1
Delivery Time (minutes) 369 13.1 35 3 119 0.78 0.24
Purchase Amount (dollar) 23.24 10.03 21.11  0.01 8285 4.7 0.45
Coupon Redemption 0.51 0.5 1 0 1 -0.03 0.43
Interpurchase Time (day) 29.81 37.24 15 1 345 2.69 0.15
Number of Transactions Since Rating; 1  4.57  4.91 3 1 106 4.48 0.9

(b) Transactions from raters with 3 or more purchases (n = 484,440)

Mean SD  Median Min. Max. Skewness Cors;—1
Delivery Time (minutes) 36.84 12.83 35 3 119 0.81 0.24
Purchase Amount (dollar) 23.34 10.09 21.24 0.01 8285 4.9 0.45
Coupon Redemption 0.5 0.5 1 0 1 -0.02 0.44
Interpurchase Time (day) 28.21 35.27 15 1 345 2.73 0.15
Number of Transactions Since Rating; 1  4.98 5.15 4 1 106 4.26 0.9

Table 3: Descriptive Statistics: Within-Individual Selection (Study 1)
(a) Transactions from raters with 3 or more purchases: with rating (n = 116,096)

Mean SD  Median Min. Max. Skewness Cors;—1
Delivery Time (minutes) 3744  12.17 35 3 119 1.29 0.22
Purchase Amount (dollar) 23.34 942 2139 0.06 361.8 2.83 0.48
Coupon Redemption 0.55 0.5 1 0 1 -0.21 0.42
Interpurchase Time (day) 38.73  46.13 21 1 345 2.24 0.09
Number of Transactions Since Rating;—1  3.96 3.8 3 1 106 3.9 0.89

(b) Transactions from raters with 3 or more purchases: without rating (n = 368,344)

Mean SD  Median Min. Max. Skewness Cors;—1
Delivery Time (minutes) 36.65 13.03 35 3 119 0.69 0.25
Purchase Amount (dollar) 23.34 103  21.19 0.01 8285 5.39 0.44
Coupon Redemption 0.49 0.5 0 0 1 0.04 0.44
Interpurchase Time (day) 24.89 30.32 14 1 335 2.72 0.15
Number of Transactions Since Rating;—1 5.3 5.47 4 1 105 4.18 0.9
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Table 4: Descriptive Statistics: across-individual Selection (Study 1)

(a) Transactions from raters (n = 632,600)

Mean SD  Median Min. Max. Skewness Cors;—1

Delivery Time (minutes) 369 131 35 3 119 0.78 0.24
Purchase Amount (dollar) 23.24 10.03 21.11 0.01 828.5 4.7 0.45
Coupon Redemption 0.51 0.5 1 0 1 -0.03 0.43
Interpurchase Time (day) 29.81 37.24 15 1 345 2.69 0.15
Number of Transactions Since Rating; 1 4.57  4.91 3 1 106 4.48 0.9

(b) Transactions from non-raters (n = 6,655,320)

Mean SD  Median Min. Max. Skewness Cors;_1

Delivery Time (minutes) 35.38 14.66 35 3 119 0.41 0.33
Purchase Amount (dollar) 22.47 125 20.11  0.01 978.9 11.19 0.49
Coupon Redemption 0.36  0.48 0 0 1 0.59 0.39

Interpurchase Time (day) 37.25 45.83 20 1 358 2.36 0.13
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Table 5: Parameter Estimates from the Selection Model (Study 1)

Proposed Model

Without Selection

(1) (2)
Mean 2.5%CI 97.5%CI | Mean 2.5%CI 97.5%CI
Rating Incidence Model
Intercept -0.6775 -0.6918 -0.6628
Disconfirmation 0.2382  0.2187  0.2578
Performance Inconsistency -0.4305 -0.4897 -0.3761
Coupon Redemption 0.1738  0.1636 0.1842
Number of Transactions Since Rating;_1 | 0.0045  0.0020 0.0071
Satisfaction Rating Model
Intercept 4.7951  4.7796  4.8092 | 4.7456  4.7361  4.7549
Disconfirmation -0.3801 -0.3994 -0.3614 | -0.3734 -0.3925 -0.3534
Performance Inconsistency -0.4568 -0.5040 -0.4123 | -0.4771 -0.5247 -0.4315
Coupon Redemption 0.0118 0.0042  0.0200 | 0.0168 0.0095  0.0246
Inverse Mills Ratio -0.0406 -0.0498 -0.0305
Smoothing Factor (0) 0.3 0.3
DIC 321897 352908
Number of Observations 116096 116096

* The estimates of the hyperparameters (that capture unobserved heterogeneity) are omitted

in the interest of brevity.
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Table 8: Parameter Estimates from the Robustness Checks (Study 1, Continued)

Proposed Model

Across-Individual Selection

(1) (2)
Mean  2.5%CI 97.5%CI | Mean 2.5%CI 97.5%CI
Rating Incidence Model
Intercept -0.6775  -0.6918  -0.6628 | -1.9496 -2.0048 -1.8946
Disconfirmation 0.2382  0.2187  0.2578 | 0.1910 0.1126  0.2776
Performance Inconsistency -0.4305 -0.4897 -0.3761 | -0.0554 -0.2245  0.1063
Coupon Redemption 0.1738  0.1636 0.1842 | 0.3307  0.2866 0.3798
Number of Transactions Since Rating;—; | 0.0045 0.0020  0.0071 | -0.0746 -0.0843 -0.0662
Satisfaction Rating Model
Intercept 4.7951  4.7796  4.8092 | 5.0488 4.3236  5.7637
Disconfirmation -0.3801 -0.3994 -0.3614 | -0.3154 -0.5498 -0.0964
Performance Inconsistency -0.4568 -0.5040 -0.4123 | -0.4707 -0.9312  0.0340
Coupon Redemption 0.0118 0.0042  0.0200 |-0.0739 -0.2081  0.0603
Inverse Mills Ratio -0.0406 -0.0498  -0.0305 | -0.0811 -0.3594  0.1991
Smoothing Factor (0) 0.3 0.3
DIC 321897 4397
Number of Observations 116096 74080

* The estimates of the hyperparameters (that capture unobserved heterogeneity) are omitted

in the interest of brevity.



Table 9: Descriptive Statistics (Study 2)

(a) Transactions from all raters (n = 2,981,503)
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Mean SD  Median Min. Max. Skewness Corss—1
Upgrade Probability 0.55 0.5 1 0 1 -0.2 0.13
Purchase Amount (dollar) 349 1858 315 0 120 1.21 0.34
Rental Duration (day) 423  2.94 4 1 29 2.95 0.37
Interpurchase Time (day) 49.65  76.8 21 1 802 3.41 0.26
Number of Transactions Since Rating;—;  8.63  10.01 5 1 152 2.9 0.96

(b) Transactions from raters with 3 or more purchases (n = 1,982,404)

Mean SD  Median Min. Max. Skewness Cor;—1
Upgrade Probability 0.58 049 1 0 1 -0.3 0.13
Purchase Amount (dollar) 34.42 18.16  31.49 0 120 1.15 0.34
Rental Duration (day) 4.06  2.63 4 1 29 2.9 0.36
Interpurchase Time (day) 39.35 58.64 18 1 764 3.6 0.26
Number of Transactions Since Rating;—;  8.97  10.01 5 1 152 2.83 0.95

Table 10: Descriptive Statistics: Within-Individual Selection (Study 2)
(a) Transactions from raters with 3 or more purchases: with rating (n = 87,329)

Mean SD  Median Min. Max. Skewness Cor;—1
Upgrade Probability 0.55 0.5 1 0 1 -0.19 0.1
Purchase Amount (dollar) 33.57 18.82 30 0 120 1.27 0.32
Rental Duration (day) 447  3.14 4 1 29 2.63 0.35
Interpurchase Time (day) 77.63  92.09 42 1 762 2.19 0.19
Number of Transactions Since Rating; 1  6.99 7.45 4 1 136 3.57 0.98

(b) Transactions from raters with 3 or more purchases: without rating (n = 1,895,075)

Mean SD  Median Min. Max. Skewness Cor;—1
Upgrade Probability 0.58 0.49 1 0 1 -0.32 0.13
Purchase Amount (dollar) 34.51 18.08  31.58 0 120 1.14 0.34
Rental Duration (day) 4.01  2.57 4 1 29 2.92 0.36
Interpurchase Time (day) 35.26 52.23 16 1 764 3.82 0.25
Number of Transactions Since Rating;—;  9.18  10.22 6 1 152 2.76 0.95
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Table 12: A Comparison of Results across the Two Different Service Settings

(a) Quick Service Restaurant Industry

Rating Incidence Satisfaction Rating Purchase probability

Disconfirmation + -
Performance Inconsistency — - -

Customer Satisfaction +

(b) Auto Rental Industry

Rating Incidence Satisfaction Rating Purchase Probability

Disconfirmation™ + +
Performance Inconsistency — — 4
Customer Satisfaction +

* Disconfirmation of free upgrades expectation implies the opposite direction to disconfirmation of

delivery time in (a).



Figure 1: Summary of Satisfaction Score (Study 1)

(a) Distribution of Satisfaction Score
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Figure 2: The Effect of Changes in Service

(a) Percent Changes in Predicted Customer Satisfaction Score
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Figure 3: Summary of Satisfaction Score (Study 2)
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