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Customer Satisfaction-Based Mispricing:
Issues and Misconceptions
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e appreciate the opportunity to respond to the commentaries and additional analyses by Fornell et al.

[Fornell, C., S. Mithas, E. V. Morgeson III. 2009a. The economic and statistical significance of stock returns
on customer satisfaction. Marketing Sci. 28(5) 820-825] and Ittner et al. [Ittner, C., D. Larcker, D. Taylor. 2009.
The stock market’s pricing of customer satisfaction. Marketing Sci. 25(5) 826-835]. Both studies have multiple
theoretical and econometric limitations that challenge the validity of their arguments and findings (e.g., neither
study allows for time-varying risk factor loadings in their assessments of mispricing although the composition
of firms in their analyzed portfolios changes over time, Fornell et al. mischaracterize the efficient markets
hypothesis, and Ittner et al. do not use standard panel data econometric methods and models). Generalizations
about customer satisfaction, like any other construct, should be assessed by appropriate econometric methods
and should withstand rigorous scrutiny. We believe an open, frank dialogue can help clear up misconceptions,
air central issues, and advance better understanding of methods and analyses for assessing the financial market
implications of marketing metrics such as customer satisfaction.

Key words: customer satisfaction; mispricing; value relevance
History: Received: July 17, 2009; accepted: August 5, 2009.

1. Introduction
Before responding to the Fornell et al. (2009a) and
Ittner et al. (2009) (FMM2009 and ILT2009, respec-
tively) comments, allow us to first restate what we
examine and conclude in Jacobson and Mizik (2009b)
(hereafter referred to as JM2009b). J]M2009b was moti-
vated by the rudimentary question: What are the
conditions that explain when and why customer sat-
isfaction might be mispriced by the financial markets?
We could not fully answer this question because we
find so little evidence of customer satisfaction-based
mispricing. We find that (i) analyses allowing for
time-varying risk factor loadings show little evidence
to suggest the existence of widespread satisfaction-
based mispricing (see Table 3 of JM2009b), and
(ii) disaggregate analyses highlight a small number
of firms in the computer and Internet sector as a
major source of earlier mispricing findings, suggest-
ing that evidence of potential mispricing is limited to
this small group of firms.

Unfortunately, FMM2009 obfuscate both consider-
ations; e.g., they provide no substantive discussion
of our Table 3 findings and their new empirical

analysis neglects both of the above issues. In contrast
to FMM2009, we argue the following:

* Researchers need to engage in formal hypothe-
sis testing. Statistical significance (or the lack thereof)
of empirical findings is central to marketing science.
Claims should not be based on statistically insignif-
icant coefficients and more-likely-than-not criteria. It
is tests with correct type I errors that distinguish
marketing science-based generalizations from both
unsubstantiated assertions and from false claims;

* Although FMM2009 are confused about power
considerations (e.g., they misinterpret Kothari and
Warner 2001 by mistaking “rejection frequencies” as
“failure to reject frequencies”), we agree that statisti-
cal power is an important consideration and discuss
a number of steps that can enhance power in mispric-
ing studies;

¢ Particularly when portfolios are rebalanced over
time or the period of study involves a lengthy time-
frame, time-varying risk factor loadings should be an
element of the expected return model. If the firms
included in a portfolio change over time, then the
risk characteristics of the portfolio can be expected
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to change over time as well, thus rendering time-
invariant risk model tests of mispricing invalid (Ang
and Kristensen 2009); and

e Disaggregate analyses are important and can
help identify the sources of the aggregate-level effects.

ILT2009 seek to present a broader analysis of
the financial market pricing (as opposed to just
mispricing) of customer satisfaction. The entire value
implications of customer satisfaction involve both the
value relevance (i.e., contemporaneous pricing) and
the mispricing (i.e., future-term systematic stock price
adjustment) of customer satisfaction. Our differences
with ILT2009 relate primarily to how these types of
assessments should be carried out. ILT2009 overlook
some limitations in their modeling approaches. Fur-
thermore, some of their claims concerning what meth-
ods are typical in the accounting and finance literature
are at odds with what is actually done in this litera-
ture. In contrast to ILT2009, we argue the following;:

* Response modeling (Jacobson and Mizik 2009a)
is an advantageous means to directly assess the value
relevance of a metric. ILT2009 analyses of lagged
American Customer Satisfaction Index (ACSI) effects
on accounting performance measures are based on
models with questionable properties and their event
study analyses have limitations (e.g., downward bias
associated with measurement error in the unantici-
pated ACSI measure they use) related to the fact that
market participants will update their expectation of
customer satisfaction for a firm throughout the year
and not just at the ACSI announcement date (Kothari
2001);

* Mispricing studies are orthogonal to value-
relevance studies. The most direct tests of mispricing
are martingale assessments that investigate whether
information available to investors is predictive of
future-term abnormal returns (LeRoy 1989). Value rel-
evance is neither a sufficient nor necessary condition
for mispricing;

* Mispricing can be based on changes, levels, a
combination of changes and levels, or any set of trans-
formations of the available information set. Counter
to ILT2009’s assertions, an extensive research stream
in accounting and finance assessing potential mispric-
ing (e.g., Chan et al. 2001, Edmans 2009) has used
portfolio formation criteria based on autocorrelated-
level variables, not just unanticipated changes of the
metric; and

e ILT2009 tests of mispricing involve a lengthy
time period and portfolios whose composition varies
over time. As such, their analyses need to allow risk
factor loadings to vary intertemporally (Fama 1998).

2. Mispricing vs. Value Relevance
It is useful to distinguish assessments of mispric-
ing from assessments of a metric’s value relevance.

Analysis of value relevance assesses the extent to
which a metric contains information that has profit
implications the financial markets recognize. At their
most rudimentary level, analyses of value relevance
involve an assessment of the correlation between the
unanticipated component of a metric X and con-
temporaneous risk-adjusted stock return. Analysis of
mispricing assesses the extent to which the finan-
cial markets fail to react to information that has
long-term profit implications or overreact to infor-
mation that does not have long-term profit implica-
tions. If financial markets exhibit a delayed response
to a metric, the metric is mispriced. At their most
rudimentary level, tests of mispricing involve an
assessment of the correlation of the metric X (or infor-
mation contained in the series, such as the first differ-
ence in X) with future-period abnormal stock return.
Because risk-adjusted stock return is not autocorre-
lated, assessments of value relevance are orthogonal
to assessments of mispricing.

Thus, as we discuss on page 818 of JM2009b, find-
ings on mispricing have no implications with respect
to value relevance. Rather, our analysis in J]M2009b is
limited to mispricing, where we fail to find statistically
significant evidence of widespread satisfaction-based
mispricing.

Indeed, we would argue that empirical evidence
shows that customer satisfaction and its components
can have profit implications and influence financial
market outcomes. For example, the event study of
Nayyar (1995) reports that the financial markets value
the announcements of customer service increases pos-
itively and the decreases negatively. It is reasonable to
expect a contemporaneous financial market response
to changes in customer satisfaction that have profit
implications. In Jacobson and Mizik (2009a), we
undertake and report analyses of value relevance.
We find that the ACSI metric has value relevance
(i.e., changes in the metric exhibit a contemporaneous
bivariate association with risk-adjusted return) but not
incremental value relevance (i.e., changes in the met-
ric are not significantly related to contemporaneous
risk-adjusted stock return when changes in accounting
variables—in particular, changes in return on assets
(ROA)—are also included in the model).

3. FMM2009: Should Generalizations
About Customer Satisfaction Be
Subject to Rigorous Analysis and

Scrutiny?
FMM2009 object to findings that challenge or raise
questions about their previous work (see also Fornell
et al. 2009b). FMM2009 are averse to analyses assess-
ing the sensitivity of customer satisfaction-based mis-
pricing to alternative models of expected return (e.g.,
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allowing for time-varying risk factor loadings), anal-
yses seeking to examine potential differential effects
across contexts (e.g., engaging in disaggregate analy-
ses), and even analyses making use of standard finan-
cial market methods for assessing mispricing (e.g.,
calendar-time portfolio analysis). Nonetheless, this is
what is required for establishing the validity of find-
ings of mispricing. The lack of statistically signifi-
cant abnormal returns in, for example, analyses where
the expected return model allows for time-varying
risk factor loadings calls into question the legitimacy
of conclusions and assertions of widespread financial
market mispricing of satisfaction. At the very least, it
suggests the need for further more detailed and rigor-
ous analyses. The development of marketing science
requires that claims about customer satisfaction not be
given a free pass, but rather, like every other construct,
withstand scrutiny.

Rather than addressing the issues we raise,
FMM2009 ignore our key findings (i.e., Table 3 of
JM2009b). Furthermore, they make erroneous asser-
tions that misrepresent and misinterpret not only
aspects of our analyses but other studies and financial
market theory as well.

3.1. Lack of Evidence of Widespread
Satisfaction-Based Mispricing

Our analyses that allow for the expected return model
to have time-varying risk factor loadings (Table 3
of JM2009b) provide a challenge to claims that
widespread satisfaction-based mispricing exists. In
the aggregate analysis, none of the portfolios exhibits
statistically significant abnormal returns. In the non-
public utility/noncomputer and non-Internet sam-
ple, portfolio 2 produces higher abnormal returns
than the top satisfaction portfolio. Even for computer
and Internet firms where the top portfolio generates
abnormal returns significant at the 10% level, the
returns are not statistically different from portfolio
groupings of lower satisfaction firms.

FMM2009 have little to say about our Table 3
results. Instead, they tangentially note (p. 822) that
Lewellen and Nagel (2006) report “that betas do
not vary enough to explain asset-pricing anomalies.”
Their statement mischaracterizes the Lewellen and
Nagel findings. What Lewellen and Nagel (2006) actu-
ally report is that the conditionally estimated market
model cannot dissipate the role of other standard risk
factors such as momentum and the value premium
(i-e., the other risk covariates included in our models).
As such, this FMM2009 comment has no relevance for
our study and the results we report in Table 3. We esti-
mate time-varying multifactor risk models; that is, as
we show in Equation (4), our risk model is not lim-
ited to the market model but encompasses the other
standard risk factors as well. We reference Lewellen

and Nagel (2006) merely to highlight their use of high-
frequency data in order to estimate short-window
regressions (as opposed to, for example, instrumenting
factor loadings with macroeconomic and firm-specific
variables) to allow for time-varying risk factor load-
ings. A host of other studies (e.g., Fama and French
1997) similarly advocate incorporating time-varying
risk factor loadings. Ang and Kristensen (2009) note
that

there is overwhelming evidence that factor loadings,
especially for the standard CAPM and Fama and
French (1993) models, vary substantially over time
even at the portfolio level. ... The time variation in fac-
tor loadings distorts the standard factor model tests,
which assume constant betas, for whether the alphas
are equal to zero and, thus, renders traditional statis-
tical inference for the validity of a factor model to be
possibly misleading in the presence of time-varying
factor loadings.

As reported in Table 3, panel A, we fail to find
widespread evidence of satisfaction-based mispric-
ing in analyses based on calendar-time portfolios
with time-varying risk factor loadings. The same is
true for analyses based on the use of a multifactor
“rolling-window” model as a means of allowing for
time-varying risk factor loadings (Table 3, panel B).
FMM2009’s decision not to address the findings in
our Table 3 is unfortunate. These findings run counter
to and even render moot many of the arguments
FMM2009 raise about the Table 2 results, which we
include primarily to show that we can replicate pre-
vious findings—in particular, Aksoy et al. (2008). For
example, contrary to the FMM2009 assertion, even
when using one-tail tests, we fail to find widespread
evidence of mispricing. Only by undertaking disag-
gregate analysis can we find some potential evidence
of mispricing for a small subsample of computer and
Internet firms.

3.2. FMM Critiques

Contrary to FMM2009 claims, which they repeat in
Fornell et al. (2009b), we do not selectively trim or
truncate the data prior to aggregate analysis, nor do
we trim or truncate the right-hand side of the dis-
tribution at any point of our analyses. Rather, as is
commonly done, we estimate an aggregate model
on all data and also undertake disaggregate analy-
ses on three all-inclusive subgroupings. The litera-
ture, highlighted by Pastor and Veronesi (2007), as
to why firms that are part of a technological revolu-
tion may have properties that differ from other firms
is very well established, and the potential difference
between public utilities and other firms is similarly
widely acknowledged. A Chow test (Chow 1960) con-
firms that computer and Internet firms have char-
acteristics different from other firms in the sample
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and, as such, warrant disaggregate estimation. The
FMM2009 criticism of disaggregate analysis is not
only unjustified but is also surprising considering that
Fornell et al. (2006) and Anderson, Fornell, and Rust
(1997), for example, engage in disaggregate analysis
(i.e., separating manufacturing from service firms).
FMM2009 articulate neither an econometric nor the-
oretical rationale for why their use of disaggregate
analysis (e.g., based on service versus manufactur-
ing firms) is appropriate but our use of disaggregate
analysis (e.g., based on computer and Internet firms
versus other firms) is not.

FMM2009 advance studies that support their con-
clusions and are dismissive of studies challenging
their conclusions. For example, FMM?2009 advance the
study of Aksoy et al. (2008) but dismiss the approach
of O’Sullivan et al. (2009). However, both studies
make use of the same calendar-time portfolio method.
These studies differ not so much in methods but
rather on the basis by which portfolios are formed.
We would advocate a more consistent approach to cri-
tiquing empirical work—namely, one that is indepen-
dent of the particular outcome reported—as a better
means of evaluating previous research.

Furthermore, a number of FMM?2009 statements are
in error. For example, counter to FMM2009 state-
ments (which are a repetition of what they state in
Fornell et al. 2009b) claiming that under the efficient
market hypotheses the risk “predictor variables must
completely account for the return variance” (Fornell
et al. 2009b, p. 162), the efficient market hypothesis
does not require that “risk factors explain all variation
in returns” (FMM2009, p. 822). The efficient market
hypothesis allows for, and indeed requires, investors
to respond contemporaneously to factors changing
current and expected future cash flows. Unfortunately,
these incorrect assertions are not isolated instances of
FMM2009 misstatements.

3.3. Enhancing the Power of Mispricing Tests

Another example of FMM2009’s erroneous state-
ments involves their misinterpretation of Kothari and
Warner’s (2001) “rejection frequencies” with “failure
to reject frequencies.” FMM2009 assert, as they do
in Fornell et al. (2009b), that the simulation results
of Kothari and Warner (2001) show that abnormal
annual stock returns “as high as 3% are not detected
almost 70% of the time” (FMM2009, p. 822). As shown
in Table II, Panel C of Kothari and Warner (2001,
p- 1995), for the 4-factor Carhart model in their simu-
lation involving 36 monthly returns with a 3% annual
abnormal performance, the rejection frequency using
two-tailed tests at the 5% significance level is 69%.
That is, the simulation results show that the per-
centage of time an abnormal return is detected in
this context is almost 70%—the exact opposite of what

FMM2009 assert.! Furthermore, FMM2009 also fail to
note that Kothari and Warner (2001) show how rejec-
tion frequencies increase as the time horizon of the
study is extended beyond 36 monthly observations
(which is the case in all mispricing studies involving
ACSI).

Despite this misinterpretation, we, and most oth-
ers who study potential mispricing, share FMM2009’s
concerns with type II errors. For example, Kothari
and Warner (2007, p. 23) note that mispricing tests
can have “low power against economically interesting
null hypotheses.” Nonetheless, concern over power
does not mean conclusions with respect to mispric-
ing should be based on analysis absent tests of sta-
tistical significance or that they should be based on
a more-likely-than-not threshold. Tests with correct
type I errors are central to marketing science and dis-
tinguish marketing generalizations from both unsub-
stantiated assertions and false claims. Kothari and
Warner (2007, p. 21) note that absent proper con-
trols (e.g., for expected return), past research “demon-
strates how easy it is to conclude there is abnormal
performance when none exists.”

Furthermore, statistical power is not invariant but
depends on the research framework. For example,
power depends on the number of time-series observa-
tions used in the analysis. This involves not only the
number of firms included in a portfolio but also the
length of time the return to the portfolio is assessed.
The Kothari and Warner (2001) simulation results
FMM2009 highlight (albeit erroneously interpret) are
based on only 36 monthly observations. Clearly (as
shown in Table VI of Kothari and Warner 2001),

!We wonder why the FMM2009’s statements are so much at
odds from what Kothari and Warner (2001) actually report. We
considered the possibility that perhaps rather than misinterpret-
ing the simulation findings, FMM2009 instead ignored findings
reported in Table II, panel C (p. 1995) and made use of the simu-
lation results that give greater weight to small capitalization stocks
(Table III, panel B, p. 1999). However, this possibility is highly
unlikely because (i) it is clearly inappropriate to compare the ASCI
sample of firms (which are generally very large) to a sample with
greater weight given to small capitalization stocks, (ii) the simu-
lation results for small capitalization stocks have lower rejection
frequencies than what FMM2009 state, and (iii) the only table in
Kothari and Warner (2001) reporting a two-tailed test “(that J&M
rely on)” (FMM2009, p. 822) is Table II, panel C. In any event, rec-
onciling FMM2009’s claim (p. 822) that Kothari and Warner (2001)
report “returns even as high as 3% are not detected almost 70%
of the time” with the simulation results Kothari and Warner (2001)
actually report is difficult.

A key limitation to the applicability of Kothari and Warner (2001)
to our analysis is that they do not allow for time-varying risk factor
loadings even though in their simulations, they rebalance portfolios
100% every 12 months. Although we can make some speculations,
e.g., confidence intervals would be more correctly sized, we do
not know the extent to which their findings would be affected by
analyses taking into account the changing risk characteristics of
their portfolios.
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improving power by making use of more observa-
tions is advantageous. Because undertaking analyses
with more recent data increases sample size, we were
glad to see Table 1 of FMM2009, where they engaged
in hypothesis testing (which they did not do in the
assessment of mispricing in Fornell et al. 2006) that
incorporated more recent data through January 2009.
Given their focus on statistical power and sample size,
however, we are left to wonder why they did not
report analyses utilizing the first years of the ACSI
survey (Fornell et al. 2006 present results beginning
in February 18, 1997, whereas FMM2009 data analy-
sis begins May 1, 2000). They exclude approximately
25% of available observations. It appears from Figures
2 and 3 in Fornell et al. (2006, p. 9) that including the
entire data period, as well as allowing for, for exam-
ple, time-varying risk factor loadings, might impact
their findings.

Low power can also be addressed by moving
from portfolio-level analysis to firm-level analysis.
Although this move would seem an obvious conclu-
sion from panel data econometrics, some researchers
still object to undertaking anything but portfolio-level
estimation. Nonetheless, the panel data firm-level ran-
dom effects (i.e., generalized least squares (GLS)) esti-
mator is more efficient than the portfolio estimator
(Hsiao 1986), which is simply a panel data “between-
period” estimator. A common misperception is that
estimation based on portfolios yields more accurate
estimates than firm-level analysis because it is based
on averages across many stocks. In fact, not only will
the variance of the random-effects estimator always be
smaller than the variance of the between (portfolio-
level) estimator asymptotically, but even for relatively
small and moderate sample sizes, the feasible GLS
estimator will be more efficient than alternative panel
data estimators (Taylor 1980). Furthermore, although
efficiency comparison among other panel data esti-
mators depends on the particular characteristics of a
data set, Biern (2001) reports other panel data estima-
tors (e.g., the pooled ordinary least squares estima-
tor) are often more efficient than the between-period
(i.e., portfolio) estimator. The advantage of the portfo-
lio (i.e., between) estimator is that it circumvents the
issue of cross-sectional dependency. However, other
approaches (e.g., working with a matched firm or uti-
lizing cluster robust standard errors) can be used to
address these concerns without sacrificing/collapsing
firm-specific variation into a portfolio.

Kothari and Warner (2007, p. 23) do not advocate
the random-effects estimator per se, but do view firm-
level analysis and portfolio analysis as viable alterna-
tives and state, “Despite an extensive literature, there
is still no clear winner in a horse race.” As part of
our sensitivity analysis, we undertake firm-specific
estimation and obtain results in correspondence with

those reported in Tables 2 and 3. Although we just are
not seeing evidence of widespread satisfaction-based
mispricing under either approach, pursuing research
frameworks that enhance power of mispricing tests
would be advantageous.

3.4. How Widespread and What Is the
Magnitude of Any Purported Customer
Satisfaction-Based Mispricing?

In response to an earlier version of our manuscript,
Fornell (2007) noted that for his top satisfaction port-
folio, he too found very large abnormal returns for
computer and Internet firms but stated that his find-
ings of mispricing “are not limited to computer and
Internet” firms. Unfortunately, we have not seen
this evidence. The FMM2009 reported analyses nei-
ther (i) allowed for time-varying risk factor load-
ings nor (ii) presented disaggregate analysis capable
of depicting how widespread any satisfaction-based
mispricing might be. Based on their (or any) customer
satisfaction-based portfolio formation criteria, do the
financial markets misprice firms not in the computer
and Internet sector? Allowing for time-varying risk
covariates, what is the extent of this mispricing and is
it statistically significant? Neither Fornell et al. (2006),
FMM2009, nor Fornell et al. (2009b) report analyses
that address these questions. We have no unique stake
in the answers and would be interested in seeing evi-
dence addressing these issues regardless of the par-
ticular outcomes.?

4. ILT2009: How Best to Assess
the Pricing and Mispricing of
Satisfaction?

We very much appreciate and recognize the consci-
entious and thoughtful effort of ILT2009 to provide

2 Similarly, we would look forward to seeing further analyses of the
effect of customer satisfaction on risk constructs. FMM2009 raise
the possibility that customer satisfaction influences the differential
between [upside beta — downside beta], that is, what they refer to
as “beta surfing.” Whereas FMM2009 are dismissive of work in
finance on risk (e.g., p. 823), Low (2001) and Ang et al. (2006),
for example, similarly advance the differential between upside beta
and downside beta as being a relevant construct because evidence
suggests it has a negative market risk premium. Ha (2009) assesses
the extent to which brand attributes influence changes in this differ-
ential. Rigorous analyses of the effect of satisfaction on the upside-
downside beta differential, including hypothesis tests with correctly
specified type I errors, are warranted to see whether the FMM2009
conjectures can be substantiated. Furthermore, any enhanced model
of expected return—for example, one encompassing postulated
asymmetric effects of customer satisfaction on risk—could be used
to generate estimates of mispricing. For example, a matched-firm
approach taking into account downside risk, in addition to the
standard matching characteristics of industry, size, and the book-
to-market ratio, could be utilized. This analysis would assess the
extent to which firms included in a top satisfaction portfolio have
returns that differ from their matched counterpart.
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an objective assessment of the initial and long-term
financial market reaction to ACSI announcements.
However, we disagree on some points regarding how
these assessments should be carried out.

ILT2009 report three sets of analyses. The first two
are not directly related to mispricing (i.e., the focus
of the JM2009b study), but they warrant discussion
because they have implications with respect to assess-
ing the value relevance of customer satisfaction. The
ILT2009 implementation of both of these analyses (i.e.,
assessing lagged effects of ACSI on accounting per-
formance and event study analysis of annual ACSI
announcements) has limitations. Their third analysis
is directly related to mispricing and JM2009b. The
reported findings on the lack of widespread mis-
pricing are consistent with those we report as part
of our sensitivity analyses, one of which involved
(as does ILT2009) an assessment of mispricing based
on a portfolio formation criteria of changes in
satisfaction.

4.1. Assessing Lagged Effects of Customer
Satisfaction on Accounting Performance
Metrics vs. Direct Tests of Value Relevance

ILT2009’s first set of analyses seeks to assess whether

customer satisfaction leads accounting performance

metrics. Their reported findings suggest that it does.

However, as ILT2009 note, evidence of lagged effects

of satisfaction on accounting performance measures

does not indicate financial market mispricing. The
financial markets may well realize the ACSI metric as

a leading indicator of accounting performance mea-

sures. If so, market participants would react contem-

poraneously to unanticipated changes in the metric,
and the metric would offer incremental explanatory
power to accounting variables in explaining contem-
poraneous risk-adjusted stock returns. Jacobson and

Mizik (2009a) undertake such direct tests of ACSI

incremental value relevance.

A key limitation of assessing the impact on future
operating performance measures for establishing
potential incremental value relevance is that the find-
ings are highly dependent on the estimating equa-
tions and the accounting metrics used. For example,
the ILT2009 variable Revenue (which is constructed as
revenue/assets) typically does not provide incremen-
tal information to ROA in explaining stock return. As
such, it is unclear why its relationship with lagged
ACSI offers insights incremental to that obtained from
an analysis of the lagged relationship between ACSI
and ROA.

ILT2009 (p. 826) argue that they make use of “well-
established econometric methods.” In fact, they do
not make use of standard panel data econometric
methods and tests, and as a result, their models have

questionable properties.®> In particular, the ILT2009
accounting performance models do not allow for
a fixed effects framework. To the extent that cus-
tomer satisfaction is correlated with these time-
invariant firm-specific fixed effects, the coefficient
estimates on lagged customer satisfaction will be
biased. Furthermore, their models also do not include
industry-specific time-period dummy variables; i.e.,
they do not cross-sectionally demean the data.*
ILT2009 clearly acknowledge the presence of firm-
specific and time period-specific effects; i.e., they
make use of cluster robust standard errors to adjust
for the influence of these factors on standard errors.
However, they assume, without testing, the lack of
correlation of these effects with the explanatory vari-
ables in their models. This approach is at odds with
standard econometric panel data methods and is
directly counter to what recent econometric work in
finance recommends (e.g., Petersen 2009, footnote 23).
A good starting point for lead-lag analysis would be a
panel data vector autoregressive (VAR) model (Holtz-
Eakin et al. 1988)—that is, a more general specification
that includes not only fixed effects but also higher-
order lagged effects. A VAR approach encompasses a
wider spectrum of possible models than what ILT2009
estimate.

Because ILT2009 do not report sensitivity analy-
ses, the extent to which a more comprehensive model
would affect conclusions, be it positively or nega-
tively, is unclear. However, in Jacobson and Mizik

3 We would be remiss in failing to note that the first two authors
of ILT2009 have in the past made claims and advanced models
of customer satisfaction that have not generalized well across sub-
sequent analyses. For example, Ittner and Larcker (1998) under-
take an event study where they conclude that the financial markets
respond to the level of customer satisfaction, a finding that has had
limited generalizablility and is counter to conclusions and methods
they advance in ILT2009, which highlight the need to work with
unanticipated changes in ACSI in the event study context. In Baum
et al. (2000), they advance a levels model of market value and con-
clude: “Perhaps the most amazing result of our research is that
two intangible asset categories—use of technology and customer
satisfaction—had no statistical association with market values. That
means these things, in contrast to our readers’ perceptions, aren’t
helping companies create value at all. For all the blather over the
past 10 years about the importance of customer satisfaction, it
apparently has no effect on corporate value.” We believe that some
of the models advanced in ILT2009 may similarly lack the rigor
needed to generate generalizable findings.

#Skoulakis (2006, p- 31) presents simulation results showing
that “omitting the demeaning step can lead to a deterioration in the
performance of the estimators, and inference based on t-statistics
can be misleading.” Furthermore, the consistency of cluster robust
standard errors depends upon having a sufficient number of clus-
ters. Simulation evidence (e.g., Petersen 2009) shows that cluster
robust standard errors understate (albeit modestly) the true stan-
dard errors when the number of time-series observations is limited.
This again highlights the usefulness of cross-sectionally demeaning
the data or including industry-specific time-period dummy vari-
ables in the model.
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(2009a), we did estimate a fixed effects VAR model for
ROA (as a part of sensitivity analysis in developing
an estimate of unanticipated ROA). Because the fixed
effects model is a less efficient estimator, we first ran
a Hausman specification test to assess the presence
of fixed effects correlated with the explanatory fac-
tors. The test rejected the null hypothesis of no fixed
effects; i.e., the estimated coefficient for lagged ACSI
is biased in a model not allowing for a fixed effect
and so warranted the use of the fixed effects mod-
els. In our fixed effects specification, lagged changes
in customer satisfaction were not significantly related
to the contemporaneous changes in ROA. These find-
ings raise questions about the ILT2009 models (which
do not make use of the fixed effects estimator) and
conclusions related to the lagged effects of ACSI on
operating performance.

Because of the various issues in modeling account-
ing series, we suggest that direct tests of incremental
value relevance (such as those undertaken in Barth
et al. 1998, Jacobson and Mizik 2009a, and other
studies) are advantageous. These tests are based on
the model of the form

I ~
stkr, = ) B;x AAccP,
j=1

+ 7y * &Non-Fin—Metricit + &, (R1)

where stkr;, is the risk-adjusted return for firm i
and time t, AAccP, is the unanticipated change in
accounting performance metric j for firm i and time ¢,
and ANon-Fin-Metric;, is the unanticipated change in
the non-financial performance metric for firm i and
time t. A test of incremental value relevance involves
an assessment of the statistical significance of 7.

In Jacobson and Mizik (2009a), we report that the
ACSI measure has value relevance; that is, changes in
ACSI have a statistically significant bivariate contem-
poraneous association with abnormal stock return.
However, the metric appears limited in that it does
not exhibit statistically significant value relevance
incremental to accounting information. In other words,
the effect of the change in satisfaction is no longer sta-
tistically significant in explaining risk-adjusted return
once changes in accounting variables—in particular,
changes in ROA—are also included in the model. The
noise in the measure dominates any potential under-
lying signal in ACSI changes reflective of firm future
profitability, which is incremental to information con-
tained in accounting metrics. That is, changes in the
ACSI measure contain too much noise/measurement
error such that they are not providing statistically
significant incremental value relevance to changes
in current-term accounting information in explaining
risk-adjusted return.

However, we should note again that these findings
are not directly pertinent to mispricing analysis. The
Corr(stkr;, AX;,) (i.e., value relevance studies) will
not be related to Corr(stkr; ,, AX;) or (stkr; ., X;)
(i.e., mispricing studies) as Corr(stkr;,, stkr;,;) =0
(i.e., risk-adjusted stock return is not autocorrelated).
That is, studies of mispricing are orthogonal to studies
of value relevance.

4.2. Event Study Analysis: Are the Annual
Customer Satisfaction Announcements
Timely Sources of Information to
the Capital Markets?

ILT2009 undertake a second set of tests involving
event study analyses. They find a short-term positive
market response for the top quintile of ACSI firms (i.e.,
firms with the largest percent gains in ACSI score)
but no association with abnormal return for the other
quintiles. Here, we have few specific insights to share,
as none of our analyses to date has focused on short-
term market reactions. We can, however, offer some
general thoughts.

First, because the firms included in quintiles change
in every period, the risk factor loadings of quintiles
can be expected to change as well. This consideration
would suggest the need to allow for more general
time-varying risk factor loadings.

Second, because only the top quintile shows abnor-
mal return and no difference exists among the other
quintiles, the question arises as to how widespread the
short-term reaction is. Disaggregate analysis might be
useful in helping to identify whether observed effects
(or a lack of effects) are widespread or unique to select
segments of firms. Particularly when a linear relation-
ship is not found or when opposite effects between the
top and bottom quintiles are not observed, the possi-
bility exists that a finding may be unique to a select
number of firms.

Third, and most important, measurement error
in ILT2009’s unanticipated ACSI estimate (stemming
from a naive model of expectations that does not
allow market participants to use other information
to adjust their expectations of the ASCI score) may
well be a key driver responsible for failing to observe
a widespread financial market reaction to changes
in customer satisfaction. Although ILT2009 discuss
the need to work with unanticipated components of
ACSI in the event study setting (and we fully agree),
the expectations model ILT2009 use implies market
participants do not update their expectations of cus-
tomer satisfaction throughout the year but only when
the ACSI is announced. Because market participants
have access to other sources of information likely to
be correlated with the ACSI satisfaction metric (e.g.,
company announcements related to satisfaction, satis-
faction surveys by other companies, Internet chatter,
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customer complaints, quarterly financial results, etc.),
expectations will be updated throughout the year so
that the year-to-year change in satisfaction will not
be a good measure of the unanticipated ACSI that
exists at the time of the ACSI announcement. This
induces measurement error in the estimate of the
unanticipated change in satisfaction and generates a
downward bias in estimated effects.

Kothari (2001, pp. 118-199) notes that in the con-
text of earnings data, “competing sources of infor-
mation (including quarterly earnings) preempt the
information in annual earnings by about 85%. In this
sense, annual accounting numbers are not a particu-
larly timely source of information to the capital mar-
kets.” Given the competing (i.e., correlated) sources
of information available with respect to customer
satisfaction, why should we expect annual customer
satisfaction announcements to be particularly timely
sources of information? Absent in-depth modeling of
financial market expectations of customer satisfaction,
this consideration preempts the usefulness of event
study analysis for assessing the pricing of customer
satisfaction.

A means of addressing the availability of correlated
information about satisfaction, which is released on a
more timely basis, is to extend the measurement win-
dow (Kothari 2001, p. 139) so as to allow for a finan-
cial market response throughout the year to changes
in customer satisfaction information, which is what
response modeling does. Financial market partici-
pants are able to impound into the stock price finan-
cial implications associated with customer satisfaction
prior to the ACSI announcement as they gain this
information from alternative sources. For example,
investors do not need to wait for the ACSI announce-
ment to know a dramatic event (such as the cus-
tomer service announcements Nayyar 1995 studies)
has affected customer satisfaction.

Because financial market participants likely gain
information about satisfaction throughout the year,
we prefer the use of the wider window response mod-
eling (Equation (R1)) for assessing value relevance.
Although ILT2009 seek to assess the pricing of cus-
tomer satisfaction, their analyses ignore what might
potentially be a more substantial effect, namely, the
within-period contemporaneous response. This asso-
ciation can be assessed, as in Jacobson and Mizik
(2009a), by expanding a standard earnings response
model (e.g., Kormendi and Lipe 1987) to include
non-financial measures (Equation (R1)). Aaker and
Jacobson (1994) and Barth et al. (1998), for example,
use this approach to assess the incremental informa-
tion content of brand equity measures—that is, the
extent to which brand equity metrics provide explana-
tory power incremental to accounting information in
explaining stock return.

4.3. Mispricing Analysis

ILT2009 undertake a third study using the calendar-
time portfolio approach for assessing mispricing that
mirrors the approach Aksoy et al. (2008), O’Sullivan
et al. (2009), JM2009b (Table 1, panel A), and
FMM2009 (Table 1) use. It differs in that portfolios are
formed based on the change in ACSI, and they have
different holding periods for stocks in their portfolios.
ILT2009 fail to find evidence of mispricing.

4.3.1. Portfolio Formation Criteria. ILT2009 con-
tend that only changes in a variable should be
used to assess mispricing and that this require-
ment (i) stems from efficient markets and (ii) is the
approach accounting and finance advance. Financial
market participants should only react to unantici-
pated changes in a variable in an efficient markets
framework. As such, when assessing value relevance,
unanticipated changes in a metric (rather than levels)
should be linked to contemporaneous stock returns.
However, once markets are allowed to be inefficient
(acknowledging that mispricing might exist), no such
restriction comes into play.

Indeed, the market may misvalue firms based
on changes in a variable, levels of a variable, a
combination of both levels and changes, or indeed,
any transformation involving metrics in the avail-
able information set. Contrary to what ILT2009 state,
the literature in accounting and finance is replete
with studies that form portfolios based on levels
rather than changes in variables. For example, as we
mention in JM2009b, studies suggest firms may be
mispriced based on the level of research and devel-
opment (R&D) intensity (Chan et al. 2001) as well as
unanticipated changes in R&D (Eberhart et al. 2004).
Edmans (2008) reports that the firms included in “The
100 Best Companies to Work for in America” (i.e.,
a threshold level of employee satisfaction) might be
mispriced. These studies are part of a literature stream
suggesting financial markets may improperly value
intangible assets. We do not have an explanation as
to why ILT2009 overlook this literature stream (i.e.,
previous work forming portfolios based on autocor-
related levels variables to assess potential mispricing)
so as to view work in marketing using similar forma-
tion criteria as “unusual.”

No one right way and single formation criteria
exist to form portfolios that can be assessed for mis-
pricing. This fact adds another layer of difficultly to
assessments of mispricing. Different portfolio forma-
tion criteria can lead to different conclusions regard-
ing mispricing, which is why we assess a number
of different satisfaction-based criteria and report that
our conclusions are not affected. Although we exam-
ine a number of different portfolio formation criteria,
we focus on one based jointly on levels and changes
because (i) Fornell et al. (2006, p. 8) state that it
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seems reasonable to base a trading strategy on both
levels and changes, and (ii) Aksoy et al. (2008) report
statistically significant findings using this combined
portfolio formation rule. Although results pertaining
to mispricing are not invariant to the specific man-
ner in which portfolios are formed, we fail to find
any satisfaction-based portfolio formation rule that
produces evidence of widespread mispricing.

4.3.2. Time-Varying Risk Factor Loading. The
mispricing analyses in ILT2009 do not allow for time-
varying risk factor loading even though the compo-
sition of firms in the portfolios changes over time.
The role of risk plays a larger role in long-term mis-
pricing studies than in short-term event studies; thus,
the model for expected return becomes more central.
As such, assessing the sensitivity of results to models
of expected return would be prudent. The inappro-
priateness of assuming constant risk factor loadings
when firms in a portfolio change over time is widely
acknowledged. In addition to the references we cited
previously, Shivakumar (2000, p. 365), for example, is
unambiguous in stating that the assumption of con-
stant risk factor loadings “is untenable given that the
composition and number of firms in the quintiles
change constantly.” This condition is clearly applica-
ble to the ILT2009 portfolios, yet they assume constant
risk factor loadings. Particularly when the composi-
tion of the portfolio is not constant over time or the
time period for assessment is lengthy, using time-
varying risk factor loadings should be part of future
research assessing potential mispricing.

5. Concluding Remarks

Perhaps it goes without saying, but we do not take
issue with, neither are we surprised by, ILT2009’s fail-
ure to find evidence of mispricing even for computer
and Internet firms. We are well aware that conclusions
concerning mispricing may be sensitive to, for exam-
ple, the model for expected return, the time period for
analyses, the sample of firms included in the study,
and specific criteria used to form portfolios.

Although studying mispricing is certainly of value,
we have noted previously (Mizik and Jacobson 2009)
that studies of this type may be of limited useful-
ness if the goal is to establish empirical regularities or
generalizations. Market participants have the incen-
tives to and thus do dissipate financial market anoma-
lies. Reported anomalies may be highly time- and
context-specific and may disappear or even switch
signs (Shiller 2002).

Failure to find mispricing says little about the value
implications of a metric; it says more about financial-
market efficiency in incorporating information. A lack
of statistically significant evidence of mispricing is

simply consistent with financial markets being effi-
cient and the markets reacting (or the not reacting)
contemporaneously to information (or lack of valu-
able information) contained in a measure so that no
lagged relationship between a metric and future-term
abnormal stock return exists.

Value-relevance studies are likely to have greater
applicability to marketing applications. Do changes
in a measure provide incremental information to
changes in accounting metrics in explaining contem-
poraneous risk-adjusted stock returns? The Jacobson
and Mizik (2009a) failure to find statistically signifi-
cant incremental value relevance for the ACSI metric
is far more disappointing to those advancing the ACSI
metric as a supplement to financial performance than
the lack of evidence supportive of mispricing. The
findings together highlight the need for additional
theoretical, empirical, and measurement work to bet-
ter understand the workings of customer satisfaction.
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