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Online product ratings have become a major information source for customers, retailers, and manufacturers. Both practitioners and researchers predominantly interpret them as a reﬂection of product
quality. We argue that they in fact represent the customer's satisfaction with the product. Accordingly,
we present a customer satisfaction model of online product ratings which incorporates the customer's
pre-purchase expectations and actual product performance as determinants of ratings. We validate our
model by applying it to two datasets collected at the German website of Amazon.com. The results indicate that both factors have a signiﬁcant inﬂuence on online product ratings, supporting the proposed
interpretation of ratings.
& 2015 Elsevier Ltd. All rights reserved.
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1. Introduction
Along with the growing diffusion of e-commerce, online product reviews have become a major information source for customers, retailers, and manufacturers. On the one hand, reviews and
ratings contributed by online shop customers provide product
information for prospective consumers, thereby reducing their
uncertainty about the product (Chen and Xie, 2008). Consistently,
research has shown that they affect sales in various contexts (e.g.,
Chevalier and Mayzlin, 2006; Lin et al., 2011; Park et al., 2007). On
the other hand, online retailers and manufacturers increasingly
rely on customer feedback to enrich their marketing strategy
(Chen and Xie, 2008; Cui et al. 2012), to adjust product listings
(e.g. via relevance sorting), and to create additional revenue
streams (Mudambi and Schuff, 2010). For these reasons, it is not
surprising that nearly all major online retailers such as Amazon.
com or Ebay.com have implemented product rating functionalities.
Researchers, mainly from the ﬁelds of marketing and information systems, have adopted the topic and not only started to
study the effects of online product ratings (e.g., on sales) but also
their nature and determining factors. A common assumption of
prior studies in the latter stream is that the baseline of a product's
online ratings reﬂects its true quality. Various biases such as social
dynamics or cultural inﬂuences were introduced to account for the
unexplained part of the variance. However, empirical evidence
suggests that online ratings do not accurately reﬂect a product's
n
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true quality (e.g., Hu et al., 2006; Koh et al., 2010). Since the inﬂuence of ratings on sales remains unaffected, retailers are left in
an uncomfortable situation: it is difﬁcult for them to adjust marketing strategies on the basis of online product ratings without
knowing what they actually reﬂect.
Hence, the objective of this study is to ﬁnd out what really
builds the baseline of online product ratings and thereby reﬁne
their current interpretation. We argue that the weak explanatory
power of product quality for online reviews is not only caused by
actual biases: it is mainly caused by product ratings reﬂecting
customer satisfaction than being a valid measure for product
quality. This approach does not solely rely on product quality as
the baseline for the rating but also integrates the customer's expectation of the product in the pre-purchase phase. Correspondingly, we present a customer satisfaction model of online product
ratings based on the considerations of Fornell (1992) and Westbrook and Reilly (1983). We model the customer's pre-purchase
expectation of the product and the actual performance as predictors of online ratings using structured equations. We validate
our model by applying it to two datasets (digital cameras and
televisions) collected from the German website of Amazon.com.
The results indicate that both a customer's expectation of a product and the actual performance signiﬁcantly inﬂuence the ratings
customers assign to a product, supporting the proposed interpretation of online product ratings.
Several other observations in the datasets can help to get a
more comprehensive view of online product ratings and are worth
mentioning. First, we ﬁnd that online ratings carry some percentage of unobservable information that cannot be predicted (using
metrics from the website). Second, the data shows indications for
conﬁrmation, acquisition, and under-reporting biases.
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Fig. 1. Word cloud of Amazon review (the bigger the word, the more frequent it was used in the reviews).

In the next section, we review the extant literature on product
ratings. In Section 4.1.1, we elaborate on the theoretical background of customer satisfaction and present our research model.
In Section 4.2.1, we discuss the measurement of the latent constructs and describe the collection of data. There, we also present
the results of our analysis, which are discussed in Section 5. In
Section 5, we conclude this paper by explaining its implications for
practice and research, its limitations, and possible directions for
future research.

2. Review of literature on product ratings
Online product ratings have been researched from various
perspectives, which can be classiﬁed according to whether they
investigate their antecedents or outcomes. The ﬁrst category rather includes studies examining the inﬂuence of online product
ratings on consumers' purchasing decisions. In most of these
studies, a signiﬁcant positive inﬂuence is found (e.g., Lin et al.,
2011; Mauri and Minazzi, 2013; Park et al., 2007; Sun, 2011), although it may diminish over time (Hu et al., 2008). For a more
detailed review we refer to Moe and Trusov, (2011) as this paper
belongs to the second category that investigates the factors on
which ratings depend.
Research on the antecedents of product ratings mainly focuses
on different biases inﬂuencing the rating score. Wulff and Hardt,
(2014) and Koh et al., (2010) ﬁnd evidence of cultural differences
among raters. The latter authors also ﬁnd that product ratings do
not reﬂect true (perceived) product quality, a result also obtained
by Hu et al., (2006). Sridhar and Srinivasan, (2012) ﬁnd that prior
customer ratings weaken the effect of product experience but can
either increase or turn around the effect of product failure, depending on how the latter is addressed. Moe and Schweidel,
(2012) link a customer's rating to his decision to rate. They ﬁnd
that the inﬂuence of prior customers' ratings on a customer depends on how often this customer rates products.
However, most of these studies suffer from two major shortcomings. First, the products which are analyzed are often books or
movies. The individual ratings of these products can be assumed to
depend strongly on personal taste and not on a common ground.
Second, the true quality of a product is measured via surveys
among non-experts. Therefore, they may not be well-suited to
assess a quality effect in online product ratings, limiting the
validity.

3. Hypothesis development
Previous research on online ratings has started from the premise that the baseline of online ratings represents the true quality
of a product (cf. Hu et al., 2006; Moe and Trusov, 2011), including

statements such as “each posted online review is an assessment of
a single individual's perceived quality of a product” (Koh et al.,
2010, p. 374). The conclusion of these studies is that online ratings
do not accurately reﬂect product quality. They attribute this fact to
various biases instead of questioning their underlying premise.
Since sales heavily depend on online ratings, misinterpreting their
baseline can be the root of misguided actions of retailers and
manufacturers.
We argue that online product ratings are rather an expression
of customer satisfaction than a pure quality assessment. The
construct customer satisfaction is a central concept in marketing
research measuring individual-level satisfaction with products and
services (Yi, 1991). It is deﬁned as a function of the customer's
expectation and product performance (Fornell, 1992; Fornell et al.,
1996). Expectation is conceptualized as the perceived probabilities
of what the consequences of a purchase will be (Oliver, 1980).
Performance refers to the perceived quality of the product after
the purchase. Instead of being tied to a purely post-purchase
quality-centered perspective (as online product ratings are assumed to be in prior research), the deﬁnition of customer satisfaction adds the perspective of pre-purchase expectations. In
the following, we outline why online product ratings reﬂect customer satisfaction with the product and thereby include the consideration of both: the customers' expectation of the respective
product and the performance they perceive after buying it.
A strong indication that online product ratings reﬂect customer
satisfaction was found by searching through the full-text reviews
on Amazon.com. For this, we used Amazon review data consisting
of reviews from 1996 until 2014 (McAuley et al., 2015). The complete dataset contains 7,834,166 reviews of products in the category electronics. We created a word cloud (Fig. 1) using a randomly
selected subset (10% of the complete dataset) to better understand
the meaning behind online reviews. Stop words were removed
and same words in plural/singular or different tenses were consolidated to condense the ﬁndings into a cloud depicting the top
100 words.
Besides words describing the general experience with the
product (“great” was found in 36.6% of the reviews), product parts
and product categories (e.g., cable (11.2%), camera (18.8%)), the
cloud includes evidence for the proposed interpretation of online
ratings (e.g., expect (5.3%), price (17.8%), and reviews (5.0%)). Additionally, we searched the full dataset for “expect” (as a word or
part of the words expected and expectation) and found that
571,939 reviews (7.3%) include this word. When compared to the
search result for the word “quality” (1,167,525 reviews, 14.9%),
these ﬁgures strongly indicate that expectation is not a marginal
phenomenon in review texts. Since the score of individual online
ratings is consistent with the corresponding text (Ganu et al.,
2009), it is very likely that they are based on more than a pure
assessment of product quality. Instead, the baseline effect of online
ratings includes both, pre-purchase expectations and the post-
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Fig. 2. Consumer satisfaction model of online product ratings.

purchase performance. Hence, we assume that customer satisfaction reﬂects the baseline of the rating score.
Biases may distort this baseline. Online ratings can, therefore,
be expressed as a function of the baseline effect and biases. Because the latter stream has already been extensively researched as
described in the previous section, we now elaborate in more detail
on pre-purchase expectations, post-purchase performance, and
the mechanisms behind their effect on the online product rating
score. The resulting research model (including the measurement
models discussed in the following section) is presented in Fig. 2.
An explanation for the underlying effect of pre-purchase expectations on online product rating scores is provided by the belief-adjustment model (Hogarth and Einhorn, 1992; Bolton, 1998).
It describes the order of belief updating over time as a process of
anchoring and adjustments. The central message of the beliefadjustment model is that individuals do not directly react to a new
stimulus but rather adjust their prior expectations on the speciﬁc
topic to the new stimulus while sustaining in the vicinity of the
original anchor (cf. Oliver, 1980). Thus, pre-purchase expectations
should have a positive impact on satisfaction. It was found to be
applicable in various contexts. This leads us to assume that this
process also takes place in the context of online shopping and the
pre-purchase evaluation of products. First, customers form an
expectation what the product might be like on the basis of information found on the product website. In a second step, they
adjust this anchor within a reference frame set by the initial judgement when being confronted with the product's performance
after the purchase and delivery. Hence, we hypothesize:
Hypothesis H1. : Pre-purchase expectations (EXP) have a positive
impact on the score of online product ratings (PRO).
The direct effect of performance on satisfaction is supported by
the value-percept disparity model developed by Westbrook and
Reilly, (1983). They posit that satisfaction is a general perception
based on the evaluation of customers' experiences with a product.
A high satisfaction can, therefore, only be achieved if a product is
able to fulﬁll the customer's needs. This mechanism is consistent
with ﬁndings from Churchill and Suprenant (1982). The results of
their study suggest that satisfaction with a durable good can be
predicted by the product performance to a considerable extent.
Further studies also support this direct effect of performance on
satisfaction (Anderson and Sullivan, 1993; Fornell, 1992). Transferred to the online environment, this means that online product
ratings are indeed inﬂuenced by the experienced quality of the
product, as assumed by prior research (e.g., Koh et al., 2010). The
product's performance should, therefore, have a positive effect on
the score of online ratings. Thus,
Hypothesis H2. : A product's post-purchase performance (PER)

has a positive impact on the score of online product ratings (PRO).

4. Research method and data analysis
4.1. Measurement and data collection
The research model was tested using crawled data of cameras
and televisions to address the two major shortcomings of prior
research as described above. Books and movies can be classiﬁed as
experience goods while cameras and televisions are search goods
(cf. Nelson, 1970,, 1974). The ratings of experience goods heavily
depend on personal feelings, cannot be evaluated on the basis of
speciﬁc characteristics, and may vary across different individuals
(Mudambi and Schuff, 2010; Weathers et al., 2007). Whereas the
beauty of a book or a movie is in the eye of the beholder, it is
pointless to argue about objective measures such as battery lifetime or viewing angel stability. Search goods such as cameras and
televisions can be evaluated using a more systematic approach
(Cui et al., 2012) including rather objective criteria such as technical functions (e.g., megapixels) into the evaluation process,
hence, increasing rating reliability.
4.1.1. Expectation
The aim of this research is to identify factors that constitute the
score of online ratings made by customers of an online shop. For
this, we adopted the customer's perspective and focus on quantitative data that can be included in the evaluation by quickly
overlooking the product's description on the website (see Fig. 3).
Accordingly, expectation was captured using three indicators that
can be evaluated by customers this way before buying the product: the average score of previous ratings, the product price, and
brand reputation. While the score of previous ratings is the major
source of information for online customers (Koh et al., 2010; Cui

Fig. 3. Product description on amazon.com and measurement model of
expectation.
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et al., 2012), product price and brand reputation have been identiﬁed as the most important extrinsic (not product-inherent)
quality indicators in the ofﬂine world (Zeithaml, 1988). The measures of the construct expectation are formative since a change in
the indicators cause a change in the construct rather than reﬂecting it. Furthermore, there is no reason to expect that the indicators are necessarily highly correlated (Jarvis et al., 2003).
In online shops, usually two directly observable quantitative
indicators of the customer feedback are accessible: the number
and the score of previous ratings. While a high number of previous
ratings may enhance the subjective weight of the score of previous
ratings, the latter affect the customer's expectation directly. The
inﬂuence of customer ratings on the customer's perception can be
explained by different manifestations of social power. Five bases of
social power have been identiﬁed: expert power, legitimate power,
referent power, reward power, and coercive power (French and
Raven, 1959). The customer's decision to rely on customer ratings
can be attributed to the two mechanisms referent and expert
power (Engler, 2014). Referent power describes the effect that
individuals seek to hold similar opinions with their social environment to achieve personal satisfaction by conformity. The
second phenomenon can occur even if conformity is not the root
of social power. French and Raven, (1959) state that conformity
with the group's opinion (here: the group of raters) can also be
caused by expert power. For this, the customer regards the aggregated wisdom of previous ratings as an expression of expertise.
We measure the score of the previous ratings by averaging all star
ratings of the respective product up to the time of the individual
rating.
Price is the second indicator forming expectation. It has been
identiﬁed to inﬂuence the perceived quality of the product in
ofﬂine and online shops (e.g., Dodds et al., 1991; Rao and Monroe,
1989; Chen and Dubinsky, 2003). Customers consider the product
price as an indicator for product quality because they believe that
the interplay of supply and demand leads to an order of competing
products on a price scale in accordance with their quality (Scitovszky, 1944). The price information was collected in the same
time period as the performance indicator.
A vast body of research (e.g., Dodds et al., 1991; Jacoby et al.,
1971; Zeithaml, 1988) has found that not only price but also brand
reputation also inﬂuences the expected performance of a product.
Similarly to the effect of price on the expected performance, the
brand name can add information to the product that can otherwise not be accessed in the pre-purchase phase (Zeithaml, 1988).
Customers assume that companies do not want to threaten a positive reputation by selling poor quality products (e.g., Nguyen and
Leblanc, 2001; Yoon et al., 1993). Therefore, we model brand reputation as the third indicator constituting expectation. A wellproven measure for brand reputation is RepTraks (Ponzi et al.,
2011). RepTraks is measured by the Reputation Institute and is
based on an emotion-based measure of corporate reputation
(Reputation Institute, 2014). We used the Global RepTraks 100
score which is based on data collected in 15 countries (including

Germany) to calculate the model. National differences are not as
important as customer differences for high-tech goods such as
consumer electronics and customers of these products are globally
similar (Domzal and Unger, 1987). Hence, we assume that using
the Global RepTraks would not lead to a considerable bias in this
study where we use data from the German website of Amazon.
com. We used the brand speciﬁc RepTraks scores that were up-todate the time performance was measured.
4.1.2. Performance
Performance is the construct that product quality relates to.
Prior research made a distinction between an objective and a
perceived concept of product quality (e.g., Garvin, 1983; Holbrook
and Corfman, 1985). While objective quality is deﬁned as the
“actual technical superiority or excellence of the products” (Zeithaml, 1988, p. 4), perceived quality reﬂects consumers' judgment
about the products' features. However, it soon was recognized that
objective quality can hardly be measured because the criteria
which are used to do so and their weights are chosen subjectively
(Zeithaml, 1988). Still, a distinction should be made between
quality assessments that are mainly based on subjective feelings
and experiences and those that are based on scientiﬁc and repeatable measurement methods. We refer to the latter as tested
quality and use a correspondingly named indicator to measure
performance.
More precisely, performance is measured using the grades of
“Stiftung Warentest” (SW), a German customer magazine similar
to “Consumer Reports” in the US. SW is a neutral organization
founded by the German government in 1964. It is ﬁnanced by
selling test results online and in paper form and supported by the
state (Stiftung Warentest, 2015). The organization's main objective
is to test products and services using scientiﬁc methods. The test
results of SW can be downloaded from a fee-based website. The
grades represent an objective and mechanistic approach to evaluate products. The measurement is reliable since the outcomes of
repeated product tests (even if carried out by different persons)
would lead to the same results. The data for the single indicator
tested quality was collected on the website of SW. We included all
digital camera and television tests during a ﬁve year period from
2009 to 2014 to achieve a large overlap between the tested products and currently sold products on the German website of
Amazon.com. The evaluation scheme of SW ranges from 1 ¼“very
good” to 5 ¼“inadequate” and has been inverted before calculation. Overall product grades are the result of averaged sub category
grades that can lie anywhere between the extremes, and are
rounded to one decimal place. The distribution of SW grades in our
sample is shown in Fig. 4.
4.1.3. Product rating
As discussed above, the customer feedback in online shops can
be seen as the expression of their satisfaction with the product.
Therefore, the dependent variable product rating was measured
using the score of the individual star rating that a customer has

14

Percentage

12
10
8
6

TV

4

Cameras

2
0
1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6 2.8 3 3.2 3.4 3.6 3.8 4 4.2 4.4 4.6 4.8 5

Inverted SW grade (1 = worst; 5 = best)
Fig. 4. Distribution of SW grades per product in the studies on cameras and televisions.
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4.2. Data analysis and results
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assigned to a speciﬁc product. We gathered the online rating data
from the German website of Amazon.com, which is by far the
largest online store in Germany (Statista, 2015). Other online
stores were not taken into account to avoid biases caused by different qualities of retailers. Customers of Amazon.com are able to
rate products on a ﬁve-star rating scale ranging from 1 ¼“I hate it”
to 5¼ “I love it” and additionally write customer reviews. We used
a crawler to identify those products on Amazon.com that were
tested from SW and downloaded all ratings and their timestamps.
The camera data was collected on September 13, 2014 and the
television data was collected on November 05, 2014.
Of the 1423 products tested by SW between 2009 and 2014, 56
percent have been identiﬁed on the Amazon.com website. 31
products were removed from the analysis because no online product ratings were available. Some reviews on Amazon.com are not
uniquely associated with one product, but with several product
types (e.g., a television model that is available with a 42 in. and
55 in. screen). In this case, one of the products was randomly selected following the procedure of Lim et al., (2010). Because of this,
62 items were removed so that all ratings are assigned to only one
product. Additionally, we included only manufacturers of digital
cameras and televisions that are in the RepTraks 100. Overall, 378
products and 28,873 ratings were used for the calculation. Table 1
presents a detailed overview of the dataset and Figs. 5 and 6 illustrate the distribution of individual star ratings per customer
and the average star rating per product on Amazon.com.
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4.2.1. Measurement models
The formative measurement model of the latent construct expectation was evaluated by looking at the indicator weights, their
signiﬁcance, and an assessment of multicollinearity (Hair et al.,
2012). An overview of the results is given in Table 2. In the study
on cameras all indicators signiﬁcantly affect expectation in the
theorized way. The variance inﬂation factor (VIF) score of 1.5 is
well below the recommend upper limit of 5 and indicates a noncritical level of collinearity (Hair et al., 2013). The study on televisions shows mixed results. Only the indicator previous ratings
has a positive and signiﬁcant weight while the outer weight of
price is insigniﬁcant and brand reputation is signiﬁcant but negative. Nevertheless, we kept the indicators in the research model
for two reasons. First, an elimination of insigniﬁcant indicators
would affect the deﬁnition of the construct (Diamantopoulos and
Winklhofer, 2001) and would lead to an incomparability between
the two studies. Second, negatively weighted items should remain
in the model if they are collinear and do not show reversed signs
across studies (Cenfetelli and Bassellier, 2009).

Structural equations were used to model the research model.
Structural equation modelling (SEM) is a family of techniques that
allow to model relationships between one or more independent
variables and one or more dependent variables. Both independent
and dependent variables can either be measured directly or indirectly (latent variables) (Ullman and Bentler, 2003). SEM differentiate between measurement models of (latent) variables and the
relationships between the variables – the so-called structural
model. Within the set of SEM techniques we chose the partial least
squares (PLS) algorithm (cf. Chin, 1998) because it allowed us to
handle single item measures (performance and product rating)
and formatively measured latent constructs (expectation) simultaneously (Hair et al., 2013). Distributions of the indicators
building a satisfaction construct are often heavily skewed (Fornell,
1992). The distribution of star ratings in the presented studies
show a high skewness towards the higher ratings as well (see
Fig. 5). PLS offers the advantage that non-normal distributions can
be computed without manipulating the original data. Therefore,
we used SmartPLS 3.2 (Ringle et al., 2015) to calculate the data. In
a ﬁrst step we evaluate the measurement model of the construct
expectation and then assess the relationships of the research
model.

4.2.2. Structural model
As shown in Table 3 and Table 4, we examined the path coefﬁcients (β) and the level of signiﬁcance for every hypothesized
relationship as well as the explained variance (R²) of the dependent variable for both studies. The path coefﬁcients between expectation (CA: β ¼0.133; TV: β ¼0.202) and performance (CA:
β ¼0.044; TV: β ¼0.024) on the one hand and satisfaction on the
other hand are signiﬁcant at p o0.001 conﬁrming H1 and H2 in
both studies. Expectation consistently affects satisfaction considerably higher than performance. Although both hypotheses are
strongly conﬁrmed for cameras and television, expectation and
performance explain 2.6% and 4.2% of the satisfaction variance
respectively. We discuss the implications of these results in the
next section.

Table 1
Dataset details.

5. Discussion

Criterion

Cameras Televisions Total

Products tested by SW since 2009
Products found on the German Amazon.com
website
Products that were removed because they had
no ratings
Products that were removed because of duplicate ratings
Products that were removed because of
missing brand indices
Products used in the analysis
Product ratings used in the analysis

885
571

538
222

1423
793

15

16

31

0

62

62

312

10

322

244
12,563

134
16,310

378
28,873

Comparing the distributions of ratings given to a product by
SW (Fig. 4) and by customers (on average) (Fig. 6), we ﬁrst note
that product ratings do not reﬂect pure product quality since both
distributions clearly differ from each other. This is consistent with
prior research (Hu et al., 2006; Koh et al., 2010) and results, inter
alia, from neglecting users' expectations, as elaborated on earlier.
When taking into account users' expectations an ambiguous
conclusion can be drawn: On the one hand, H1 and H2 are conﬁrmed by our data; that is, we ﬁnd our research model to be suited
for explaining online product ratings. As indicated by the text reviews, the rating score reﬂects the customer's expectation of the
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Table 2
Measurement model of the construct expectation.

Study CA (Camera)
Indicator weight
VIF
Study TV (Television)
Indicator weight
VIF
n

BR

PR

RP

EXP

0.154nn

0.423nnn

0.745nnn

1.429

 0.093n

 0.059n.s.

1.003nnn

1.008

p o 0.05.
p o 0.01
p o 0.001

nn

nnn

Table 3
Statistics of dataset from study on digital cameras.
r²

PRO
0.026
EXP-PRO
PER-PRO
nnn

Path coefﬁcient (β)

0.133nnn
0.044nnn

T-value

13.121
4.412

p-value

Hypothesis
conﬁrmed

p o 0.0001
p o 0.0001

H1: Yes
H2: Yes

p o 0.001

Table 4
Statistics of dataset from study on televisions.
r²

PRO
0.042
EXP-PRO
PER-PRO
nnn

Path coefﬁcient (β)

T-value

p-value

Hypothesis
conﬁrmed

0.202nnn
0.024nnn

24.700
3.806

p o0.0001
p o0.0001

H1: Yes
H2: Yes

p o 0.001

product and an assessment of product quality. In contrast to the
prevailing opinion, we ﬁnd ratings to be even more inﬂuenced by
expectation than product quality.
On the other hand, however, the explained variance is relatively low in both studies. This can be assumed to have three
causes: First, a particular customer's satisfaction with the product
he has purchased is likely to depend on the expectation and performance of his speciﬁc needs (e.g., a long lasting battery). These
needs are not observed in our study. The drawback of measuring
performance by the product's quality (i.e., on product-level) is that
we cannot break down the performance to each of its characteristics. Second, the presence of high fake ratings signiﬁcantly diminishes explained variances: since a fake rating does neither
depend on customer expectation nor on product performance, the
corresponding observation cannot be explained by our model.
Thus, the percentage of variance explained can be expected to be

much higher if no fake ratings are present. In contrast, it should be
noted that the general results are not affected by fake ratings
because their frequency distribution can be assumed to be uncorrelated with the indicators used. Third, we argue that reviews
exhibit a high degree of “randomness” by nature. This result,
which might seem intuitive at a ﬁrst glance, has an important
implication: if individual ratings could be explained by any model
to a high degree, they would become superﬂuous. A rating that can
be accurately predicted cannot contain any new information.
The same applies if ratings are rather determined by observable
factors than by raters' experiences. Indeed, we ﬁnd them to be
signiﬁcantly inﬂuenced by a product's price and the reputation of
its manufacturer consistent with results of prior research (Dodds
et al., 1991). Furthermore, our results provide evidence for social
dynamics as described in Moe and Trusov (2011). Customers base
their evaluations rather on previous ratings than on their individual experience. The weight of the previous ratings' score is
even greater than the weights of the other indicators, suggesting
that social dynamics have a stronger inﬂuence on customers than
price or brand effects.
We also ﬁnd signs for biases during the rating process. First, the
product rating distribution is highly skewed. This is often attributed to under-reporting bias (Anderson, 1998): customers with
extreme values of satisfaction (very low or very high) are more
likely to review a product than customers with mean levels. Interestingly, however, the distribution is negatively skewed, that is,
high ratings are much more prominent than low ratings. This may
have two reasons. First, it could result from the so-called acquisition bias (Hu et al., 2006): only users who have a sufﬁciently high
expectation of a product will consider purchasing it. Second, it is
known that a certain amount of ratings are fake (e.g., ca. 16% at
yelp.com, (Luca and Zervas, 2013)). They are created by or on behalf of manufacturers and retailers to increase the average ratings
and, hence, the sales of their products. This effect spans a stream
of research of its own (e.g., Malbon, 2013; Lappas et al., 2012;
Mukherjee et al., 2012). We ﬁnd no indications for the reverse
effect, that is, fake reviews given to products by competitors in
order to decrease their average rating.
Finally, we ﬁnd that customer satisfaction is more affected by
expectation than by performance. In addition to the hypothesized
belief-adjustment mechanism underlying the relationship between expectation and rating, this might also indicate a conﬁrmation bias (cf. Nickerson, 1998). Customers tend to interpret
evidence in favor of their prior expectations about the product
instead of evaluating the product they have purchased objectively
– they see what they like to see. This also relates to the theory of
cognitive dissonances (Festinger, 1962). If the product does not
meet their expectations, a cognitive dissonance between expectation and performance occurs. Our results suggest that customers rather resolve this dissonance by mitigating the product's
deﬁciencies than by revising their expectations.
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6. Implications, limitations, and conclusion
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