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Product quality is probably undervalued by firms because there is little consensus about appropriate measures
and methods to research quality. We suggest that published ratings of a product’s quality are a valid source

of quality information with important strategic and financial impact. We test this thesis by an event analysis of
abnormal returns to stock prices of firms whose new products are evaluated in The Wall Street Journal. Quality
has a strong immediate effect on abnormal returns, which is substantially higher than that for other marketing
events assessed in prior studies. Moreover, there are some important asymmetries in the effect. We discuss the
research, managerial, investing, and policy implications.
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Introduction
Firms are always in a rush to bring new products to
market. This attitude is probably driven by several
factors, such as capturing market share rewards to
new products; shaping consumer preferences; exploit-
ing economies of experience; or preempting lucrative
supplies, market positions, distribution outlets, and
shelf space (Robinson and Fornell 1985, Carpenter
and Nakamoto 1989, Kalyanaram et al. 1995). How-
ever, compelling evidence and some theory sug-
gest that first movers may not have the advantages
attributed to them in the past (Golder and Tellis 1993,
Shankar 1999, Zhang and Narasimhan 2000). Further
research has shown that speed alone does not lead
to higher sales growth, nor does it lead to higher
accounting returns (Ittner and Larcker 1997). Superior
quality is what consumers really look for in a new
product (Liebowitz and Margolis 1990, Tellis et al.
2007). Indeed, quality may well be the most impor-
tant factor in the success of products and the market
performance of competing brands (Tellis and Golder
2001). Yet firms may systematically undervalue the
importance of quality.

Why is this so? Several reasons may account for
why firms may undervalue quality. First, new prod-
uct introductions are glamorous, and being the first
mover is prestigious (Tellis and Golder 2001). Sec-
ond, quality is difficult to define, measure, and assess
unambiguously (Curry and Faulds 1986). Third, mar-
ket response to quality is not instantaneous but occurs
over a long time (Mitra and Golder 2006). Fourth,

there is no universal agreement on what quality
means. Indeed, quality is studied differently in
several academic paradigms, including engineering
excellence, perceived quality (Dodds et al. 1991),
reviewed quality (Tellis and Wernerfelt 1987), self-
reported quality (Tellis and Fornell 1988), consumer
satisfaction (Rust et al. 1999), and brand loyalty
(Aaker 1995).

Thus, some highly pertinent questions have re-
mained unanswered: Is there a reasonable summary
measure of quality? Are there underlying product
dimensions that explain such a summary measure?
Does the market recognize and value such a measure
of quality? Is this value fully realized immediately or
over a period of time?

No research has yet addressed these questions, pri-
marily because of the difficulty of measuring qual-
ity. In contrast, a number of studies in marketing
have assessed stock market returns to new product
introductions, new product preannouncements, use
of celebrity endorsers, use of Internet channel, brand
extensions, firm name change, and joint ventures and
contracts (see Table 1).

This paper suggests a simple but powerful method
to measure quality and assess market rewards to it:
the event analysis of abnormal stock market returns
of firms whose new products are publicly and sys-
tematically rated. Use of stock prices for market val-
uation has at least three benefits. First, data on stock
prices are abundant and precise. Second, an accepted
paradigm of research provides a clear method—the
event study—for assessing stock market returns to
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Table 1 Event Studies in Marketing

Effect size on day
Authors Topic of study Sample size of event (%)

Horsky and Swyngedouw (1987) Company name change 58 0�61
Chaney et al. (1991) New product introductions 1685 0�72
Agarwal and Kamakura (1995) Celebrity endorsements 110 0�54
Lane and Jacobson (1995) Brand extensions 89 0�18
Houston and Johnson (2000) Joint ventures and contracts 583 0�02
Geyskens et al. (2002) Introduction of Internet channel 98 0�35

information about quality. Third, a focus on stock
prices is responsive to the ultimate goal of the firm—
maximizing shareholder value (Srivastava et al. 1998).

The event study is so called because it attempts to
evaluate the impact of an event on the returns of a
stock. Typically, an event represents the arrival of new
information to the market. Though event studies have
been around for a long time (Dolley 1933), Ball and
Brown (1968), and especially Fama et al. (1969) laid
the economic foundation for the method in use today.
Since then, event studies have been widely used in
finance to study the impact of different classes of
informational events on the returns of stocks. Fama
(1991, p. 1607) says that the “cleanest evidence on
market-efficiency comes from event studies, especially
on daily returns.” The use of the method has spread
from finance to accounting, organizational behavior,
strategy, and other fields.

There are limited but increasing applications of this
method in marketing (see Table 1). In addition to
these studies, Pauwels et al. (2004) use time series
methods to relate new product introductions to firm
value. However, they do not assess how quality of
products affects stock market value. Indeed, no pub-
lished study has examined stock market returns to
product quality using the event study. This paper re-
ports on such a study.

The next six sections explain the theory, method,
data, results, implications, and limitations of the study.

Theory: Event Study of
Reviewed Quality
This section briefly explains the logic of the event
study. It then develops hypotheses of the impact on
the stock prices of firms when information about the
quality of their products hits the market.

Events, Information, and Market Efficiency
An efficient market is defined as one in which the
market price is an unbiased estimate of true value.
Implicit in this definition is the assumption that prices
reflect all information available to investors. Under
the most widely accepted interpretation of market
efficiency, known as the semistrong version, market

prices reflect all available public information about
a stock, including both past and current information
(Fama 1970, 1998). This concept of efficiency implies
that market prices can only change because of the
arrival of new or unanticipated information affecting
the future prospects of a stock. It also implies that the
speed with which new information is incorporated
into prices is instantaneous and that the magnitude
of the price change is a measure of the value of this
information. Figure 1 displays the market reaction to
new information as envisioned in the theory of effi-
cient markets.

This average movement of stock prices to the
arrival of information is called normal returns. The
returns of any individual stock that differs from those
of the market are called abnormal returns. This study
focuses on how information about the quality of the
new products of a firm affects its abnormal returns.
The following subsections develop rival hypotheses
about our expectations in this regard.

Abnormal Returns and Reviewed Quality
Our expectations about how information on quality
affects stock prices are defined by two rival theo-
ries. We call these theories heterogeneity of tastes and
imperfect information.

Heterogeneity of Tastes, Reviewed Quality, and
Returns. There is unanimity in marketing that qual-
ity is a multidimensional construct (e.g., Curry and
Faulds 1986, Kopalle and Hoffman 1992). Many

Figure 1 Reactions to Unanticipated Information Arrivals in an
Efficient Market
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authors strongly assert that consumers differ on
their preferences for the various dimensions (Hjorth-
Anderson 1984, Kamakura et al. 1988). Such authors
assume that no single expert can possibly rate the
quality of products unambiguously because he or she
would not be able to come up with a composite scale
that would appeal to all consumers. If that were the
case, then a measure of composite quality would have
no particular relationship to any underlying dimen-
sions for quality. Thus, there are strong arguments for
the following null hypothesis:

Hypothesis H01. A composite measure of quality ob-
tained from public reviews of quality will bear no relation-
ship to and cannot be composed from underlying quality
dimensions.

If the above is true, then the stock market would
not be influenced by any published report on the
ratings or reviews of composite quality, however
good the expert writing that report. Thus, ratings or
reviews of composite quality would not lead to any
abnormal returns to the stocks of the parent firms, on
the day they were released to the public. Thus, there
are strong arguments in favor of the following null
hypothesis:

Hypothesis H02. There are no abnormal returns to
firms whose composite quality is publicly reviewed.

However, other researchers have argued strongly
that the concept of composite quality is valid and rel-
evant for two reasons. First, for a composite measure
of quality to be invalid, both of the underlying con-
ditions have to be met (Kopalle and Hoffman 1992):
(i) The dimensions have to be strongly negatively
correlated, and (ii) the weights or utility on those
dimensions by consumers or raters has to be neg-
atively correlated. Second, such conditions are very
rare in real markets (Curry and Faulds 1986). Thus,
one might posit the following rival Hypothesis to H01:

Hypothesis HA1. A composite measure of quality from
published reviews of quality will be positively related to its
underlying dimensions.

Imperfect Information, Reviewed Quality, and
Returns. Investing in quality to gain a competi-
tive advantage is a primary concern of management
(Mittal et al. 2005). Research conducted in economics,
marketing, and management indicates that superior
quality leads to high performance (Shaked and Sutton
1983, Sutton 1986, Metrick and Zeckhauser 1998).
Specifically, studies in marketing show that com-
posite quality exerts a significant positive influence
on market share (Jacobson and Aaker 1987, Buzzell
and Wiersema 1981, Phillips et al. 1983, Kordupleski
et al. 1993), return on investment (Buzzell et al. 1975,

Phillips et al. 1983), and price (Phillips et al. 1983,
Tellis and Wernerfelt 1987).

At the same time, ample evidence suggests that
consumers are imperfectly informed of quality and
cannot assess quality immediately by inspection
(Nelson 1970, Tellis and Wernerfelt 1987). In such
cases, experts with knowledge and resources could
sample products before consumers do and evaluate
them through personal experience or formal exper-
iments. Such an exercise would endow the experts
with knowledge about the quality of those products
that is superior to that of the average consumer. If
these experts published their evaluations of compos-
ite quality, then uninformed consumers could rely on
them. The extensive availability of and demand for
reviews and ratings of electronic products in com-
puter magazines and on the Internet and of all prod-
ucts in Consumer Reports is testament to the market
value of such reviews (Mayzlin 2006, Moorman et al.
2005, Eliashberg and Shugan 1997).

If the above argument is valid and if the market is
efficient, then investors would understand the impor-
tance of reviews of quality. Thus, when information
on the quality of a firm’s product becomes available in
the market, the price of that firm’s stock is likely to go
up or down depending on the review. If the informa-
tion is favorable, we would expect investors to warm
up to the stock of the firm, thus raising its value
on the date of the rating’s release. On the contrary,
if the information is unfavorable, we would expect
investors to pull out of their positions in these firms,
causing a drop in their values. Thus we would expect
abnormal returns of that stock depending on infor-
mation about its product composite. So, our alternate
hypothesis is as follows:

Hypothesis HA2. The abnormal returns to a firm’s
stock whose composite quality is publicly reviewed vary
with the rating in the review.

However, if experts are unable to correctly value
quality or if consumers do not care for such informa-
tion, then the null Hypothesis H01 would hold.

Negativity Bias
Would abnormal returns vary for negative versus
positive reviews of quality? A growing literature as-
serts that consumers react more negatively to losses
than positively to gains (Kahneman and Tversky
1979). This hypothesis has been called the negativ-
ity bias. If this hypothesis carries through to the con-
text of abnormal returns, it would be reflected in
steeper negative abnormal returns to poor reviews of
quality than positive returns to good reviews of
quality. The effect may carry through because either
investors themselves react this way or investors
foresee that consumers would react this way. Thus,
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a testable hypothesis is:

Hypothesis HA3. The abnormal returns for inferior
reviews of quality are more negative and greater in absolute
value than those for superior reviews of quality.

Reputational Asymmetry
Investors react to news that surprises them. Thus,
prior expectations affect how new information
impacts stock prices. People normally tend to inter-
pret new information in a manner that is consistent
with or supports their prior expectations (Einhorn and
Hogarth 1978). Because of their order of entry or
prior performance, small firms probably receive lower
appreciation and loyalty than large firms (Moorman
et al. 2005). Prior expectations about small firms are
likely to be more negative than those for large firms.
In fact, fewer investors track small firms than large
firms (Shefrin 2000).

When good news about the product of a small firm
reaches the market, investors are likely to be posi-
tively surprised, causing prices of such firms to rise.
In contrast, when investors receive negative infor-
mation about the product of a large firm, they are
likely to be negatively surprised, thus pulling down
stock prices of such large firms. These opposite reac-
tions would result in asymmetric response to the
reviews of quality of small and large firms. Thus, we
hypothesize:

Hypothesis HA4. Inferior reviews of quality lead to
more negative abnormal returns for large firms than for
small firms; conversely, superior reviews of quality lead to
more positive abnormal returns for small firms than for
large firms.

Relative Importance of Dimensions of Quality
Research on the relative importance of various dimen-
sions of quality in marketing is nonexistent. Thus,
hypotheses about such issues are tentative. In gen-
eral, for technology-based products, the most impor-
tant dimensions of quality would be compatibility,
ease of use, and utility of features, for the follow-
ing reasons. Firms are constantly coming out with
new generations of hardware and software products.
However, consumers rarely replace all their hardware
and software at once. Rather, they replace them as
their needs change or as a substantially new product
emerges. At that point in time, backward compatibil-
ity with older products is of paramount importance
to consumers. Second, new products tend to be devel-
oped by techies with techies in mind; they tend to
be rather complex and not user friendly. Thus, user
friendliness would be a very important dimension of
quality for consumers. Third, new high-tech products
also come out with a bewildering variety of bells and
whistles. Some of these are very useful, others trivial,

others confusing. Thus, utility of features would be
very important for consumers. In contrast, because
high-tech products do not have to last very long (typ-
ically warranties cover most of their useful lives) and
because they are generally more stable than mechan-
ical products, we do not expect reliability to be an
important dimension (unlike, for example, for cars or
washing machines).

Method
This section first describes the context and the event
for the study. It then describes how abnormal returns
of a stock (beyond what are normal for the market)
are calculated.

Context
Firms typically do not systematically release informa-
tion about the quality of their products. Thus, the first
problem in assessing abnormal returns to quality is
obtaining a systematic and standard format for the
market release of information on quality of products,
at least for new products.

One solution to this problem is to assess the stock
market returns to published reviews. Fortunately,
new electronic products are frequently introduced on
the basis of superior performance on several objec-
tive criteria. Because of consumers’ need for informa-
tion on these products, several publications compete
with each other to regularly and carefully rate new
products. If the market is efficient, then the abnormal
returns to information on quality should reflect the
true underlying worth of that quality (e.g., Aaker and
Jacobson 1994, Fama 1970, Malkiel 1992).

For more than a decade, The Wall Street Journal has
published an insightful review by Walter Mossberg of
the quality of electronic products and software. The
review has been consistent in that it occurred every
Thursday, had the same length, and was placed on the
first column of §B. The long duration and consistency
of the latter reviews suggest that consumers value
them for reflecting underlying quality. The placement
of these reviews in The Wall Street Journal suggests
that investors would access this information. Thus,
the reviews could affect the price of the parent stocks.

Here are two quotes that partially attest to some of
these premises:

Walt Mossberg is walking through a convention hall
at the Consumer Electronics Show in Las Vegas when
a man starts screaming at him. The screamer, Hugh
Panero, blames Mossberg for his firm’s recent prob-
lems: falling stock price, a sudden plunge in consumer
interest. Mossberg is annoyed but hardly intimidated.
As the author of the weekly “Personal Technology”
column in The Wall Street Journal, he’s used to dealing
with disgruntled execs. He lets Panero shout. A crowd
is gathering. Finally, Mossberg yells back, “I don’t give
a ∗∗∗∗ about your stock price!” (Deutschman 2004, p. 1).
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If the consumer technology business has a guid-
ing patriarch it is Walter Mossberg. His “Personal
Technology” column in the The Wall Street Journal
is without doubt the most influential and widely
read source of commentary on new technology prod-
ucts. No other technology journalist has Mossberg’s
clout or his power to influence technology design
itself; for example, Microsoft dropped Smart Tags
after Mossberg attacked it as an abuse of power� � � �
Mossberg gained this kind of sway through a com-
bination of approachable writing, brutal honesty, and
unquestioned objectivity—all characteristics I have to
admire deeply as a fellow technology writer. (Roush
2004, p. 1).

The context of our study is new electronic products
and software, whose quality was reviewed by Walter
Mossberg regularly in the Thursday issues of The Wall
Street Journal from 1991 to 2001. We assess the abnor-
mal returns, if any, to the stocks of the parent firms
caused by these reviews. Note that if this event did
not represent substantially new information, then it
should not trigger any significant abnormal returns.
Indeed, the great noise in the market loads the test in
favor of the null hypothesis of not finding any effects.

Measuring the Event
All our analyses are at the daily level. Such a disag-
gregate level of analysis increases the power of the
test and reduces the potential for biases. Note that
adopting daily analysis does not prevent or compro-
mise the analysis of long-term effects. Figure 2 graph-
ically portrays the definitions of the event and related
periods for our study. The event is the day of the pub-
lication in The Wall Street Journal of the review of qual-
ity of a new product by Walter Mossberg. We count
that event as day 0. In all cases, prices are the closing
ones for any day.

The calibration window is the period over which
we estimate how a stock normally relates to the mar-
ket as information reaches the market (Equation (3)).
The test window is the period over which we estimate
the abnormal returns, if any, caused by the event.
These abnormal returns are computed as deviations
between the actual returns of a stock and the pre-
dicted returns based on its relationship to the mar-
ket estimated in the calibration period (Equation (4)
below).

In our particular study, to capture any leakage
before or decay after the event, we used a window
starting from five days before the event to five days

Figure 2 Events and Windows

T10T0

Calibration window
Event

Test window

after it. A window larger than five days runs the
risk of contamination with information from the next
week’s events. For the calibration period, we used a
180-day window prior to the 6 days before the event.
Technically, the larger this calibration window, the
more stable the estimates.

Model: Derivation and Testing of
Abnormal Returns
We define returns per unit time, Rit , measured at time
period t, for a firm, i, as a change in price P between
t−1 and t, plus dividends at time t Dit , and adjusting
for splits. Thus

Rit = �Pit − Pit−1 +Dit�/Pit−1� (1)

Pit is the price that is adjusted for stock splits. This
computation is done by multiplying the price Pit by
an adjustment factor (facpr). This factor computes the
number of additional shares per old share issued. It
is calculated as follows:

facpr= st − st−1

st−1
= st
st−1 − 1

� (2)

where
st = number of shares after split

st−1 = number of shares before split.
We try to capture what portion of this return is

“normal” or common to all stocks in the market. Clas-
sical financial theory holds that the return to a firm’s
stock is determined by the unique performance of
each stock and the performance of the general mar-
ket from economic, political, and environmental con-
ditions; thus:

Rit = �i+
i ∗Rmt + �it� (3)

where
Rmt = market rate of return, i.e., the average return of

the New York Stock Exchange (NYSE) or Stan-
dard & Poor’s 500 at month t

�i = the time invariant idiosyncratic effect of firm i
on its own return


i = effect of the entire market on the return of
firm i

�it = errors with E��it�= 0 and Var��it�= �2
�

t = −180 to −6 (for calibration period).
Now, the predicted value of Equation (3) is the

“normal” component of a stock’s return, or the por-
tion that is driven by the unique performance of
each stock plus the market as a whole. The difference
between actual returns and projected returns from
Equation (3), if any, gives the abnormal returns �ARit�.
Thus:

ARit =Rit −E�Rit�� (4)

where
ARit = abnormal return for stock i on day t
Rit = actual return for stock i on day t
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E�Rit�= expected return for stock i on day t predicted
by Equation (3)

t = −5 days to +5 days.
Abnormal return measures the impact of informa-

tion release over a given day and is thus a poor indi-
cator of the total impact of the information release.
Cumulative abnormal return, which is the sum of all
abnormal returns over the time period of interest, is
a better indicator of the full impact of the informa-
tion release. We calculate the cumulative abnormal
return �CARi� � by cumulating the abnormal returns
for firm i over a period of time � , thus

CARi� =
�∑
t=0

ARit � (5a)

If the abnormal returns of a portfolio of stocks are
statistically related to any event that is common to all
stocks in that portfolio, we can conclude that an event
was the cause of the abnormal returns. To test this
hypothesis, we pool the cumulative abnormal returns
over the different firms in the portfolio and relate it to
the event. This yields the average cumulative abnor-
mal return (ACAR).

ACAR� =
1
N

N∑
i=1

CARit (5b)

We determine the portfolio by various chracteristics
of stocks such as size of the parent and quality of its
product, as suggested in the hypotheses. Under the
null hypothesis that each ACARt at time t has a mean
of zero and variance of �2

ACARt
, the maximum likeli-

hood estimate of the variance is a consistent estimator
given by (Boehmer et al. 1991) as follows:

tACAR =
1
N

∑N
i=1 CARi√

1
N�N−1�

∑N
i=1 �CARi− 1

N

∑N
i=1 CARi�2

� (6)

Data
This section briefly describes the procedure and mea-
sures of our data.

Procedure
The sample for this study consists of firms whose
products were reviewed in The Wall Street Journal
between 1991 and 2001. We collected all reviews of
product quality in The Wall Street Journal, from the
start of the feature in October 1991 until the start
of this study in December 2001. Walter Mossberg
authored the features, except occasionally, when he
was on vacation. We collected the event dates and
the name of the firm whose products were reviewed.
We converted the reviews into a quality score, as
explained in the next section. We then merged these
data with data on returns and size of firms from
the Wharton Centre for Research in Security Prices
(CRSP) and Compustat data.

Measures
This subsection explains the measures for quality,
events, returns, and firm size.

Quality. We define quality as a composite of attrib-
utes of which all consumers prefer more to less. Ex-
amples of such attributes are ease of use, reliability,
speed, high resolution, etc. Several studies in mar-
keting have used such a measure of quality (e.g.,
Archibald et al. 1983, Tellis and Wernerfelt 1987,
Ratchford 1980). Although heterogeneity in consumer
preferences for these attributes could create a prob-
lem in arriving at a composite, authors have shown
that this situation is rare (Curry and Faulds 1986,
Kopalle and Hoffman 1992). Thus, published reviews
of quality seem reasonable. If heterogeneity were a
problem, it would lead to support for Hypothesis H01
and against alternate Hypothesis HA1. Anyway, we
also test for the relationship between quality and its
dimensions.

Because The Wall Street Journal does not publish
numerical ratings of quality, we used a content anal-
ysis of reviews to arrive at numerical ratings, fol-
lowing an approach by Tellis et al. (2007). For the
content analysis, we first developed a set of terms
that reviewers use to describe these products. We
then grouped these terms into five levels, expressing
increasing quality, on a five-point scale ranging from
2 to 10 (see Appendix 1).

We recruited and trained two MBA students as
research assistants (RAs) for the study. They evalu-
ated the language of each review with the scale shown
in Appendix 1. They then converted the review into
a numerical value of quality. We instructed them to
treat the quality scale as continuous from 2 to 10.

The first RA identified 849 reviews, and another RA
independently identified 843 reviews. When pooled
together, the two RAs had 765 reviews in common.
This difference between the RAs comes because each
had to use judgment to decide whether a product was
reviewed or merely mentioned.

Events. Each RA also identified the date of the
review and the name of the firm whose product was
reviewed. Each recorded review constitutes an event.
A third RA compiled a separate database containing
the date of the review, the name of the firm, and
the ticker symbol for the firm whose product was
reviewed. This database contained 498 ticker symbols
for the various firms whose products were reviewed.
The number is less than the 765 common reviews
identified by the two RAs primarily because many
firms whose products were reviewed did not have
ticker symbols, as they were privately held.

Returns. We used the Center for Research in Secu-
rity Prices (CRSP) database available through the
Wharton Research Data Services (WRDS) to collect the
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daily returns for the different stocks whose products
were reviewed. The ticker symbols and the dates from
the first data set were used to extract returns.

We extracted daily stock returns for each firm in the
sample and the CRSP equal-weighted index returns.
As explained earlier, for the calibration period we
used a window of 180 days prior to the event. We
had to remove 33 events because the price data ended
before the review. The price data ended before the
event because of mergers, acquisitions, delisting, and
failures of the target firm. We had to remove 44 events
because the price data appeared after the review; that
was because the target firm’s stocks were floated after
Mossberg’s review appeared. Thus, the final sample
size was 421. The drop in sample size is due entirely
to market conditions. There are 129 different firms in
the sample. Many firms have a large portfolio of prod-
ucts with multiple new products that were reviewed
by Mossberg.

The abnormal returns are from Equation (4). In all
subsequent analyses, the returns are based on the
closing price of that particular day. All the data are
available directly from the Wharton website (http://
wrds.wharton.upenn.edu). All our results are based
on using this program.

To study the effects of ratings of quality on the ab-
normal returns, we merged the data of returns from
the Wharton database with ratings of product quality
we collected.

Firm Size. We used annual sales to measure the
size of the firms whose products were reviewed. To
do so, we extracted the annual sales data for the firm
in the year their product was reviewed. The source for
the sales data is the annual industrial file of the Com-
pustat data set available through Wharton Research
Data Services.

Results
This section presents results in three subsections: mea-
surement of quality, effects of quality, and tests of
hypotheses.

Measurement of Quality
Recall that our measure of quality is the coding by
two RAs of Mossberg’s review using the scale in
Appendix 1. The correlation coefficient for the 765 re-
views with common coding by the two RAs is 0.77.
The interrater reliability as measured by coefficient
kappa is 0.66. The RAs agree exactly on 61% of the
cases and are within one count of each other for 87%
of the cases. This compares favorably with the aver-
age value of 80% by Chandy et al. (2001). Thus, we
use the average of the codings of the two indepen-
dent RAs for subsequent analysis. In subsequent anal-
ysis we refer to this measure as overall quality, to

distinguish it from the dimensions of quality we mea-
sured next.

Overall quality may be considered a function of
underlying dimensions that characterize the product
(Curry and Faulds 1986, Kopalle and Hoffman 1992).
We sought to identify these dimensions of quality and
capture the rating of the products on these dimen-
sions. For this purpose, we hired a fourth RA whom
we instructed to collect all phrases used to describe
the quality of the products in every review. Based on
those phrases, the prior literature, and our expertise
in this area, we identified the following dimensions
of quality:
Stability (crash proofness)
Compatibility (with earlier versions of the product

and other products)
Ease of use
Reliability (freedom from physical breakdowns)
Utility of secondary features
Intrinsic performance (speed, clarity, resolution, etc.)
User-friendly design (simplicity, unity, parsimony).
Note that we needed a reasonably comprehensive

list of dimensions (to ensure completeness) but also
one that was reasonably parsimonious (to avoid too
many 0s from products not being evaluated on those
dimensions). To capture the evaluation of the prod-
ucts in these dimensions, we used an 11-point scale
(0–10). In particular, we asked an RA to convert the
review of the product on the above phrases into a
score on the 11-point scale of the relevant dimension.
For reviews that did not say anything about a prod-
uct on any one of these dimensions, we substituted
a value at the average of the scale (i.e., 5). For this
stage of the analysis, we worked on the original 765
reviews for which we had quality information, even if
a review did not have the stock market information.
Some reviews were too sparse to determine individ-
ual quality dimensions, and others incorporated the
value of price and popularity in the overall rating of
quality. We removed these reviews from the sample.
This step reduced the sample size from 765 to 733.

To investigate the correlation between the dimen-
sions and to check for the presence of higher-order
dimensions, we factor analyzed the data. We found
that the dimensions were relatively orthogonal, as no
dominant factors emerged.

To assess how these dimensions relate to overall
quality, we regressed the overall quality score on the
dimensions, using the following model:

Qualityi = �0+�sStabilityi+�cCompatibilityi
+�eEase-of-usei+�rReliabilityi+�uUtilityi
+�pPerformancei+�dDesigni+�i� (7)

where the �s are coefficients to be estimated for each
of the corresponding dimensions of quality and the
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Table 2 Regression of Overall Quality on Its Dimensions

Variables Coefficients Std. error t-value Pr�>�t��
Intercept −4�200 1.073 −3�914 0.000
Stability 0�060 0.149 0�405 0.343
Compatibility 0�604 0.097 6�200 0.000
Ease of use 0�394 0.051 7�726 0.000
Reliability 0�140 0.091 1�541 0.061
Utility of features 0�393 0.026 14�850 0.000
Performance 0�246 0.034 7�325 0.000
User-friendly design 0�216 0.038 5�631 0.000

Note. R-square= 0�43; F �7�725�= 76�53�p < 0�0001�; n= 733.

�is are error terms initially assumed to identically and
independently follow a normal distribution (IID nor-
mal). The results are in Table 2.

The results show that the dimensions of quality
explain a substantial portion of overall quality (R2 is
43%). All the dimensions have effects that are in the
expected direction. Moreover, five of the seven di-
mensions of quality have effects that are significantly
different from 0. The size and significance of the
coefficients do not change much between the simple
regression and the multiple regression. These results
confirm that multicollinearity is not a problem in the
data as indicated by the factor analysis. In effect, what
it means is that the dimensions represent relatively
independent aspects of quality and that Mossberg has
been able to evaluate products independently on each
dimension without suffering from any halo bias from
other dimensions. All these results provide strong
support for Hypothesis HA1.

Effect of Quality on Returns
We first explain the models specification and then the
results

Model Specification. Based on our hypotheses, we
test the effect of quality on ACAR, the Average Cumu-
lative Abnormal Returns, as defined in Equation 5b,
through the following regression model:

ACARi5 = �0 + �1Sizeit + �2Qualityi

+ �3Inferior Qualityi+ �4Sizei ∗Qualityi
+ �4Large Sizei ∗ Inferior Qualityi+ vi� (8)

where
ACARi5 = average cumulative abnormal

return of firm i on day 5
Sizei = logarithm of sales of firm i

Large Size= indicator variable if sales> 1bn,
0 otherwise

Qualityi = rating of quality from reviews of
firm i’s product at time t

Inferior Qualityi = 0 if Quality>mean of Quality, and
1 if Quality<mean of Quality

�s are coefficients to be estimated
"is are errors terms initially assumed to be IID

normal.
In the interests of parsimony, we do not model

the interaction effects of each dimension of quality
on abnormal returns. Instead, we can compute these
effects by multiplying the coefficients of � in Equa-
tion 8 with the � for the relevant dimension of qual-
ity in Equation 7. Given the possibility of correlated
errors between Equations 7 and 8, we can treat them
as a system of equations and estimate them via three-
stage least squares (3SLS).

Results. The results of estimating Equations 7 and 8
are in Table 3.

The results show that the individual dimensions of
quality have a strong and significantly positive effect
on overall quality (Columns 2 and 3), and through
overall quality on abnormal returns (Columns 4
and 5). This result justifies our use of the global mea-
sure of quality, in addition to the dimensions. Sub-
stantively, the result suggests that markets respond
to the measures of total quality rather than to its
individual components, especially as the latter are
not all positively correlated with each other and
may sometimes involve tradeoffs. Consistent with our
expectations or informal hypotheses, the dimensions
that have relatively the strongest effects on abnormal
returns (in terms of coefficients or t-values) are utility
of features, ease of use, and compatibility. Also, con-
sistent with expectations, reliability seems less impor-
tant than the other variables. In addition, performance
and user-friendly design are important, but stability
is not. The probable reason for the latter effect may be
that new products have become increasingly stable in

Table 3 Regression of Abnormal Returns Versus Size and Quality

(1) (2) (3) (4) (5)

Dependent variables Quality ACAR

Variable Estimate t Estimate t

Size 0�07 2�07∗∗

Quality 0�12 2�96∗∗

Inferior quality 0�06 1�88∗

Quality× size −0�01 −2�07∗∗

Inferior quality× large size −0�01 −0�25
Stability −0�28 −0�95
Compatibility 0�30 1�77∗

Ease of use 0�25 3�44∗∗∗

Reliability 0�10 0�86
Utility of features 0�28 7�19∗∗∗

Performance 0�14 2�81∗∗

User-friendly design 0�11 1�86∗

Adj. R-square (%) 19.73% 3.52%
F 15.75∗∗∗ 3.76∗∗∗

N 421 421

∗p < 0�1; ∗∗p < 0�05; ∗∗∗p < 0�001; Correlation of error terms=−0�601�
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recent years. All these results provide managers with
a means of identifying what dimensions of quality
to emphasize in their manufacturing and promotion.
Given costs for improving quality on these dimen-
sions, firms can use the direct effects of the dimen-
sions of quality on ACAR as a means of evaluat-
ing returns to investing in such dimensions. Thus the
framework of analysis we propose can be a means of
assessing the reward or value of quality to firms.

Note that there is a decrease in R-square in the
regression of quality on its dimensions from the
multiple regression (Table 2) to the 3SLS estimation
(Table 3). The reason is that the former regression
is on a larger data set of 733 observations, which
has higher variation in measures of quality and its
dimensions than the latter estimation on 421 obser-
vations. We had to use the 421 observations for the
latter, because for the estimation of abnormal returns
(ACAR), stock market data were available for only
the 421 observations.

Tests of Other Hypotheses
When discussing the tests of the other hypotheses,
to provide a better understanding, in addition to
the models’ results above, we also display graphical
results with quality and size measured categorically.
Based on the above results, to obtain a purer measure
of quality, we used the predicted value of quality from
the regression of quality on its dimensions (Equa-
tion (7)). In so doing, we are asserting that quality
that cannot be explained by its dimensions constitutes
errors from sampling, observation, or measurement.
(Unless otherwise stated, for the remainder of the
paper, we use the term “quality” to mean the pre-
dicted quality from Equation 7 and the term “compos-
ite quality” to mean the raw quality measured from
the reviews.) To graphically display the results, we
collapsed quality into three categories, as follows:

Poor: Ratings of poor or unacceptable quality on
our scale in Appendix 1 �n= 33�

Fair: Acceptable quality on our scale of quality in
Appendix 1 �n= 343�

Good: Good and excellent quality on our scale of
quality in Appendix 1 �n= 45�.

Similarly, we collapsed firm size into two levels:
small firms have sales below $1 bn �n= 98� and large
firms have sales above $1 bn �n= 323�.

We chose $1bn as the cut-off to get a reasonable
sample size for small firms. Firms reviewed were
mainly very large firms, and many of the small firms
that were reviewed were privately held firms with
no stock prices. We also ran a multivariate regression
analysis using size as a continuous variable.

Effect of the Review. This section presents the
effect of the review itself, without taking into account
the quality described in the review. This analysis

Figure 3 ACAR for All New Products

–10%

10%

–5 –4 –3 –2 –1 1 2 3 4 50

0%

ensures that the data do not contain preexisting effects
or biases that are not due to quality. Recall that our
dependent variable is ACAR, the Average Cumulative
Abnormal Returns, as defined in Equation (5b).

Table 3 shows that the ACAR for the firms whose
new products are reviewed for a period of 5 days
before and 5 days after the appearance of the review.
Figure 3 shows the same effects graphically. Note
that all effects are below 0, but most are not signif-
icantly different from 0. Recall that this analysis is
for all products, without taking quality into account.
The result suggests that our sample does not contain
stocks with any unusual properties. It also shows that
the mere publication of a review by Walter Mossberg,
without taking quality into account, does not affect
stock returns abnormally. These results are tabulated
in Table 4.

We next proceed to ascertain how the quality of
the review affects the abnormal returns of the firms
whose products are reviewed.

Effect of Quality. Hypotheses HA2 states that
abnormal returns will vary with the rating of quality.
In other words, the more positive the rating of a prod-
uct’s quality, the higher the firm’s abnormal returns
will be. Columns 4 and 5 of Table 3 show that the
main effect of quality on ACAR is positive and sig-
nificantly different from 0. Similarly, Columns 2 and
3 of the same table show that the effects on ACAR

Table 4 ACAR for All Products

Day ACAR(%) t-value

−5 0�0 0�00
−4 −0�4 −1�32
−3 −0�4 −1�23
−2 −0�6 −1�66
−1 −0�8 −1�94
0 −0�8 −1�94
1 −0�6 −1�26
2 −0�9 −1�71
3 −0�8 −1�42
4 −0�8 −1�44
5 −0�8 −1�32

Note. n= 421.
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Figure 4 ACAR by Quality
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of five of the seven dimensions of quality are posi-
tive and significantly different from 0. These results
provide strong support for Hypothesis HA2.

The graphical analysis also bears out these find-
ings. Figure 4 shows the average cumulative abnor-
mal returns for three levels of quality for a window
of 5 days before the event and 5 days after the event.

ACAR of firms with poor quality decline steadily
throughout the event window. ACAR for firms with
good quality rises on the day of the review and con-
tinues to rise consistently for about 5 days. In the
interest of parsimony we keep the postevent window
fixed at 5 days for the rest of the analysis. Table 5
shows the statistical tests for these results. It shows
that the ACAR of fair and good products at 5 days
after the event are superior to those of poor-quality
products. The differences are significantly different
from 0 for the comparison of good relative to poor.
These results also support Hypothesis HA2.

Negativity Bias. HA3 states that information about
unfavorable quality affects returns more than infor-
mation about favorable reviews. Note that we define
a variable, Inferior Quality, which takes on value 0
for Quality above its mean and 1 for quality below
its mean. Columns (4) and (5) of Table 3 show that
the coefficient of Inferior Quality is positive, over and
above the effect of quality, which is included in the
model. This result does not support HA3. However,
the graphical analyses directionally support HA3. Fig-
ure 4 shows that by day 5, the ACAR of firms with
poor quality falls a little more than the ACAR of firms

Table 5 Difference in ACAR by Quality at Five Days

Difference in
Quality difference ACAR (day 5) (%) t-value

Good – Poor 9.35 19�52∗

Fair – Poor 3.94 4�59∗

Notes. n= 45 (good); 343 (fair); 33 (poor).
∗p < 0�001.

Figure 5 ACAR for Small Firms by Quality
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with good quality rises. The ACAR for firms with
poor reviews at day 5 is −4�93%, while that for firms
with good reviews 4.4%.

Reputational Asymmetry. Hypothesis HA4 states
that because of reputational asymmetry, inferior qual-
ity leads to more negative abnormal returns for large
firms than for small firms, and superior quality leads
to more positive abnormal returns for small firms
than for large firms.1 Table 3 shows that the coefficient
for Quality ∗ Size is negative and significantly differ-
ent from 0. Consistent with HA4, this result implies
that higher quality (over and above the main effect
of quality) translates into lower returns for larger
firms than for smaller firms. Further support for HA4
comes from the coefficient of Inferior Quality ∗ Large
Size (both dummy variables), which is negative. Note
that both formats of the interaction terms (continuous
and dummy) were in the expected direction. Thus, we
retained both.

We can see this effect by plotting abnormal returns
across quality separately for large and small firms.

Figure 5 shows that ACAR for small firms whose
products are rated good shoots up to 5.11% on the day
of the announcement and to around 10% by day 5. In
contrast, the ACAR for small firms with poor quality
fluctuates around 0 and declines to about −4�6% by
day 5. The market seems to be more surprised by and
thus better rewards the good quality of small firms
than it penalizes poor quality of small firms.

Figure 6 shows that the ACAR for large firms
with good quality rise to about 2.3%, and those for
fair quality are approximately 0 by day 5. However,
the ACAR for large firms with poor quality keep
falling and stabilize at a large negative value—around
−5%—by day 5. Thus, the market seems to be sur-
prised by and more heavily penalizes the poor quality

1 Although Table 3 shows a small significant effect for size, that
effect is an artifact of the multiple interaction terms with size.
A separate regression without the size interactions shows that the
main effect of size is not different from 0.
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Figure 6 ACAR for Large Firms by Quality
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of large firms than it rewards the good quality of large
firms.

To test the reputational asymmetry in this context,
we compare the difference in abnormal returns of
large firms with small firms, both with good quality.
Table 6(a) tests the difference in these ACAR values.
We subtracted the ACAR of large firms from those of
small firms, both with good quality.

Table 6(a) shows that the difference in ACAR for
firms with good quality is higher for small firms than
for large firms for all the days in the event period.
Also, the differences are highly significant on all days.
In an analogous manner, Table 6(b) shows the dif-
ferences in ACAR of large firms from those of small
firms, both with poor quality.

Long-Run Analysis. To study the long-run impli-
cations of the returns to quality we looked at how the
coefficient for quality behaves over time. For this anal-
ysis we extended the regression on abnormal returns
to 25 days. To visually demonstrate the multivari-
ate analysis, we run Equation (7) for each day from
day −5 to day 25, for quality and size measured con-
tinuously, as above. Figure 7 plots the regression coef-
ficients along with their upper and lower confidence
intervals, from day −5 to day 25. The figure shows

Table 6a Difference of ACAR for Good Quality

Days Mean difference (%) t-value

1 2.81 2.83∗

5 7.57 7.74∗

Notes. n �large firms�= 31; n �small firms�= 14.
∗p < 0�001.

Table 6b Difference of ACAR for Poor Quality

Days Mean difference (%) t-value

1 −1�15 −1�465
5 −0�41 −0�42

Notes. n �large firms�= 27; n �small firms�= 6.

Figure 7 Impact of Quality Rating on Mean Returns (with 95%
Confidence Intervals)
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the dramatic increase in returns for reviews of higher
quality beginning with day 0. The results remain pos-
itive over time, but the confidence widens because of
the increase in noise from extraneous events as we
move further from the focal event.

The numeric results are in Table 7.

Discussion
Quality is an important marketing and strategic vari-
able. Yet, it tends to be undervalued by firms, proba-
bly because it is difficult to measure. Computing the
abnormal returns to quality reviews of new products
provides a measure of how financial markets value
the quality of those new products. To the extent that
such markets are efficient, the results provide us with
a new and powerful metric for the assessment of qual-
ity. The abnormal returns that we detect can also be
considered as a quality premium paid by investors.

The major problem in carrying out such an analysis
is to find a consistent and systematic source of infor-
mation on the quality of new products that would be
accessible to investors. We propose that reviews of the
quality of new products published in The Wall Street
Journal are one such source. We analyzed the abnor-
mal returns of quality measured in these reviews from
1991 to 2001.

Theory and the literature suggest several null
and alternative hypotheses about how the abnormal

Table 7 Quality Coefficients Day 0 to Day 25

Day Quality t-value

0 0.057 3.572
1 0.076 4.277
2 0.074 3.968
3 0.076 3.990
4 0.075 3.736
5 0.082 3.819
10 0.056 1.799
15 0.043 1.250
20 0.062 1.663
25 0.049 1.196

Note. n= 421.
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returns of new products would vary by quality and
firm size. Our results show strong support for most
hypotheses. Most important, we find that a poor
review on quality hurts firms by leading to substan-
tially and significantly lower abnormal returns than
for some good reviews. In addition, there is some neg-
ativity bias, in that negative returns to poor reviews
of quality are greater in absolute value than positive
returns to good reviews. There is also a small reputa-
tional asymmetry in that rewards to small firms with
good reviews of quality are greater than those to large
firms with good reviews. On the other hand, large
firms are penalized more by poor reviews of quality
than they are rewarded for good reviews.

The results raise five important questions:
How strong are these effects?
How do returns for new products compare with

those for reviews of quality of new products?
How stable are these effects over time?
How robust are these results?
Is there leakage of information before the event?

Strength of Effect
The effects that we identify are very strong rela-
tive to those obtained for comparable studies in mar-
keting (see Table 1). Those studies show that the
effect in past studies varies from almost 0% to 0.72%.
In contrast, we find that the five-day ACAR ranges
from 9.83% for small firms with products with good
reviews of quality to −5% for large firms with prod-
ucts of poor review of quality. Our results also com-
pare well with a study done by Wired magazine. It
showed that stocks of firms with positive reviews
went up an average of 14%, but one with poor
reviews went down 9% (see Table 8 for details).
Whereas The Wired results are from a selective sam-
ple, but our results are based on a systematic and
formal analysis.

Table 8 Returns for Four Product Reviews, by Wired Magazine

Walt said What happened

CNET is the real deal—a serious,
scrappy online news
organization (1996)

CNET’s stock climbed 33% in the
five days after the review.

This is simply the most gorgeous
personal computer I’ve ever
seen or used (2000)

Apple’s stock price jumped 10% the
day after his Cube review hit stands.

The initial radios are poorly
designed � � �Navigation is a
nightmare (2002)

XM’s stock dropped nearly 9% the
day Mossberg panned its radios.

Overall, we like Vialta’s idea of
incorporating your television
into a videophone (2003)

Vialta’s stock rose 15% the day the
column ran.

Source. Adapted from Deutschman (2004).

New Products vs. Quality
Firms are under pressure to rush to bring new prod-
ucts to market. In so doing, they might overlook the
risks of marketing new products and sacrifice qual-
ity (Tellis and Golder 2001). We could not directly
assess the trade-off between a strategy of rushing
out new products with inferior quality and waiting
to introduce new products of superior quality. How-
ever, we can get an indirect assessment of this trade-
off by contrasting the returns for quality reviews in
our study to those for new products in the literature.
Chaney et al. (1991) found that cumulative abnormal
returns for all new products were on average 0.82%
one day after the announcement of the new prod-
uct in The Wall Street Journal. In contrast, we find
that firms with poor quality reviews suffer a drop in
ACAR of about 5% five days after the review appears
in The Wall Street Journal. In comparison, firms with
good quality reviews enjoy a gain of about 10% over
the same period. Thus, the premium for good qual-
ity and the penalty for poor quality are several times
higher than that for an average new product as mea-
sured by Chaney et al. (1991). Hence, managers are
well advised to wait to ensure that their products are
of good or very good quality before introducing them.

Overall, products earn more positive than negative
reviews, so firms are not all behaving suboptimally
by bringing inferior products to the market. At the
same time, only a minority of firms earns very good
reviews of quality. Thus, most firms have room for
improvement.

Stability of Results
Does the market fully realize all rewards to quality
immediately on publication of the review? Alterna-
tively, are the returns that we observe merely an over-
reaction that dissipates once we look over a longer
window? An assessment of medium-term returns will
reveal whether the five-day returns are an overreac-
tion, underreaction, or fair reaction to quality reviews.

The literature provides no certain guide as to what
constitutes the medium or long term. We judged that
at most, we should consider a period of 10 days after
the event. A period longer than 10 days could be con-
sidered excessive, as a large number of extraneous
factors could blur the effects and confuse the interpre-
tation of results during that period.

To check the medium-term effect of reviews on
quality, we constructed buy-and-hold portfolios of
firms by quality reviews, following an approach first
used by DeBondt and Thaler (1985). We formed three
portfolios of products based on their reviews (good,
fair, and poor). We added a firm to the portfolio on
the date its review appeared. We tracked the market-
adjusted daily returns of these firms for 10 days after
inclusion. We computed the average daily returns of
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each portfolio, synchronizing returns by date of pub-
lication of the review. Over an interval of two trading
days t1 and t2 the buy-and-hold returns (BHAR) for a
firm i is calculated as follows:

BHARi =
[ t2∏
t=t1
�1+ r it �− 1

]
− ��1+ �̂i��t2−t1+1�− 1�

−
i
[ t2∏
t=t1
�1+ rmt�− 1

]
� (9)

where, r it , r
m
t are returns to the firm i and the market

at time t, �̂i is idiosyncratic risk of the firm, and 
i is
the correlation of the firm’s returns to the market.

In effect, the compounded return of the market
is taken away from the compounded return of the
firm and adjusted for its individual risk. The average
BHAR for any portfolio of N firms then is given by

Average BHAR= 1
N

N∑
i=1

BHARi� t1� t2 � (10)

The average buy-and-hold is compounded return
as opposed to the cumulative return. In practice, we
obtain these returns using the Wharton Eventus pro-
gram available through Wharton. Figure 8 shows the
buy-hold returns across quality.

Neither the effects of good quality nor those of bad
quality dissipate quickly or return to 0. This result
suggests that the return for five days presented ear-
lier is not an overreaction or flash in the pan. On
the contrary, the returns for good reviews and poor
reviews extended the five-day trend in returns for
almost 10 days. Returns beyond 10 days show a small,
steady increase in the same direction; however, these
results are not significantly different from 0. The rea-
son, consistent with the efficient market hypothesis,
is that as we go past the event, multiple extraneous
events increase the variance in returns and reduce the
possibility of finding any effects that are significantly
different from 0.

Figure 8 Buy-Hold Returns Across Levels of Quality

–10%

–5%

5%

10%

–5 –4 –2 –1 2 4 5 6 7 8 9 10

Good
Fair

Poor

1 3

0%

–3 0

Table 9 Sensitivity of Returns of Firms with Good Quality Ratings to
Market Index

Day CRSP (%) NYSE (%) NASDAQ (%)

−5 0 0 0
1 2�84 3�20 2�84
5 4�42 6�01 2�64
10 5�05 5�84 3�74

Robustness Checks
To check the robustness of our results we checked
the sensitivity of returns to alternate market indices,
the power of the overall study, and the variation of
returns to exogenous factors.

First, we looked at how the returns compared
across three alternate indices for market returns when
computing abnormal returns: NASDAQ, NYSE, and
CRSP. Table 9 shows the ACARs for good quality
firms using each of these indices. The results show
that although the CRSP and NYSE track one another,
the NASDAQ is slightly lower than the two.

Second, we investigated the power of our event
study to detect abnormal returns. This is the power
to reject the null hypothesis that the abnormal return
is 0. Given our sample sizes of 98 small firms and
323 large firms and the size of the abnormal returns
(9.8% to −5�0%), the power to detect the abnormal
return is 1 for a test with a size of 5% (Campbell et al.
1997, p. 170).

Third, we also analyzed variation in returns by
(a) type of product, (b) date of product introduction,
and (c) timing of event relative to the dot.com bust
(in March 2000). However, we found no significant
effects for any of these analyses.

Fourth, we conducted an outlier analysis by delet-
ing 2% and 5% of the extreme returns in the sample,
but these deletions did not affect the results.

All these tests suggest further confidence in our
main findings.

Information Leakage
The decline in abnormal returns for large firms with
poor quality start before the review is published,
raising the possibility of leakage of information. How-
ever, we do not think that this effect is actually
caused by leakage of information, because if it were,
it would occur for negative and positive reviews and
for small and large firms. Rather, the decline in abnor-
mal returns before the event for large firms with infe-
rior quality may occur for several other reasons. First,
reviews in other outlets may cause negative public-
ity, especially because large firms are more widely
covered and expected to have good products; their
poor performance is likely to lead to negative sur-
prise. Second, large firms with poor quality may be
suffering an erosion of market share from mean rever-
sion that could negatively affect returns. Third, such
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firms may have increasing costs from increasing com-
petition, which negatively affects their returns. Our
design does not enable us to test these rival explana-
tions. However, this limitation does not compromise
all our other results, because those results are consis-
tent with theory.

Implications
This study has six important implications for research,
strategy, investing, and policy.

First, researchers have an alternate metric by which
to assess the markets’ evaluation of the quality of
products—the ratings of quality in published reviews.
Though event studies do not imply causality, abnor-
mal returns are one measure of valuation when we
do not have other measures, such as return on invest-
ment. This is because accounting data are backward
looking and rely on past data, but financial markets
are forward looking and incorporate expectations. In
effect, the abnormal returns to unanticipated informa-
tion such as quality reviews are the verdict of millions
of investors in the future worth of the firm as the result
of this new information. Moreover, our study shows
that the dimensions of quality that directly affect prod-
uct attributes when translated into a suitable quantita-
tive scale can lead to testable effects in terms of abnor-
mal returns to the stocks of the parent firms.

Second, from a strategic perspective, merely intro-
ducing new products is no guarantee of future success
or improved stock market performance. It is essen-
tial that firms introduce new products that are of
some minimum quality. Indeed, it might be difficult
to recover from a negative review of quality. Thus, a
short-term management focus may lead to a serious
undervaluation of quality.

Third, the results of regression of Overall Quality
on its dimensions may indicate factors that strategists
and new product designers need to consider. Based
on partial R2 and t-stats, we found that compatibil-
ity, performance, ease of use, and utility of features
were particularly important. The probable reason was
that new products are coming out with increasing
frequency and consumers want to ensure that these
products perform well, are easy to use, and are com-
patible with their old products. On the other hand,
reliability and stability were relatively less important.
The probable reason is that new high-tech products
are often replaced just before the expiration date of
their warranty, so the latter two attributes are no
longer that critical.

Further, the archive of past ratings may indicate
common errors that marketers of new products com-
mit. Our qualitative assessment of this archive indi-
cates some of the common problems in the quality of
new products. In particular, characteristics that get a
poor review are inconvenient and confusing to use or
have a complicated design (see Table 10).

Table 10 Major Reasons for Poor Rating

Reasons Frequency

Inconvenient and confusing to use 11
Poor/complicated design 12
Instability/poor reliability 5

Fourth, careful investors can use these results to
profit by disinvesting in firms whose quality receives
a very poor review in The Wall Street Journal. How-
ever, it is quite likely that once this pattern of abnor-
mal returns has been validated and becomes public
knowledge, investors’ actions may cause it to dis-
appear, as was the case with many other findings
(Horowitz et al. 2000).

Fifth, our study shows that published reviews of
new products provide a valuable service to the invest-
ing public by informing them about the prospects of
new products and the firms that introduce them.

Sixth, managers of The Wall Street Journal must en-
sure that their team of reviewers continues to not ex-
ploit the trading opportunity for personal profit, as
seems to be the case so far.

Limitations and Future Research
This research has several limitations, some of which
could serve as areas for future research. First, event
study analyses usually reflect shareholder percep-
tions. Although these might be, on average, correct,
they need not always reflect consumer percep-
tions. Second, event analysis does not imply causal-
ity between quality ratings and abnormal returns.
Mossberg’s review may just be increasing the salience
of the firm for the investing public. Third, we did
not explicitly record the announcement of the new
products by parent firms, as discussed above. Fourth,
our study considers only electronic products and soft-
ware. It would be interesting to test the generalizabil-
ity of the results to other product categories.
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Appendix 1
(Adapted from Tellis et al. 2007)

Content Analysis Outline
The outline for quantifying review information is given as
follows:
(1) Excellent—10: A market leader that offers excep-

tional performance
• It is considered the most powerful product available

today.
• This product is the big winner.
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• Editor’s Choice.
• This product is excellent.
• This product could be one of those milestones that

change the way we use computers.
• It is unquestionably the most powerful product you

can buy.
• It is miles ahead of the competition.
• The product stands at the top.
• It is the very best product of the year.
• This product has a very good chance of establishing

a new standard.
• It is one of the products that does everything right.
• It is clearly the most richly endowed product that

you can purchase.
• It is an outstanding performer for its wealth of fea-

tures and flexibility.

(2) Good—8: Excels in many areas; a good buy
• This product is an attractive alternative.
• This product is a good choice.
• This product is a serious threat to the current

standard.
• It is an impressive product.
• It is a richer product than its principal competitors.

(3) Acceptable—6: Average for its class; a justifiable
purchase

• The product is well thought out, but there are still a
few problems with it.

• It is an economical and elegant program. Is it the
right product for you? As usual, it depends.

• It is a popular choice. However, it may not make
you happy.

• It is a strong competitor to its rival. However, its
major weakness is � � � �

(4) Poor—4: Out of date or substandard; positives offset
by more negative features

• It is a product I would love to love, but can’t.
• It has been outdistanced by its competitors.
• It looks dim beside its competition.
• In many ways, it still clings awkwardly to its past.
• It performs unsatisfactorily.

(5) Unacceptable—2: Missing necessary features; avoid
• It scored the lowest in overall satisfaction.
• It occupies the lowest spot.
• It is definitely bad.
• It is very poor.
• It performs quite sluggishly.
• Definitely avoid/do not buy.

Appendix 2. Beta Values at the Portfolio Level

Estimate based on 25 days

Quality level Before event After event

Poor 1.9∗ 1.98∗

Fair 1.9∗ 1.96∗

Good 1.78∗ 1.81∗

∗p < 0�001.
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