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Do Professional Reviews Affect Online User Choices through User Reviews?:
An Empirical Study
Abstract
With the broad reach of the Internet, online users frequently resort to various word-of-mouth
(WOM) sources, such as online user reviews and professional reviews, during online decision
making. Although prior studies generally agree on the importance of online WOM, we have little
knowledge of the interplay between online user reviews and professional reviews. This paper
empirically investigates a mediation model in which online user reviews mediate the impact of
professional reviews on online user decisions. Using software download data, we show that a
higher professional rating not only directly promotes software download but also results in more
active user-generated WOM interactions, which indirectly lead to more downloads. The indirect
impact of professional reviews can be as large as 20% of the corresponding total impact. These
findings deepen our understanding of online WOM effect, and provide managerial suggestions
about WOM marketing and the prediction of online user choices.
Keywords: Online user reviews, professional reviews, word-of-mouth, mediation model, online
software market, Bayesian modeling
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Introduction

Word-of-mouth (WOM) information has been growing substantially on the Internet, especially in
the industries of experience goods, whose attributes are hard to evaluate before consumption.
Because of the broad reach of the Internet, consumers can easily access and utilize various types
of online WOM information at their fingertips. Nearly 9 out of 10 consumers who read online
reviews agree that they are influenced by online reviews before making purchasing decisions
[17]. Accordingly, websites and vendors actively solicit WOM information, hoping to promote
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products and improve products from feedback [53]. For example, many popular websites, such
as CNETD (CNET download.com) and Amazon (amazon.com), provide both user reviews and
professional reviews for listed products. Online user reviews are generated by online users to
share their experience, such as book reviews on Amazon, movie reviews on IMDB (Imdb.com),
software reviews on CNETD, and so forth. Professional reviews, on the other hand, are provided
by well-trained experts to demonstrate product quality, such as critiques that movies have often
received before release, and professional reviews for some selected products on Amazon and
CNETD [27].
Spending on online WOM marketing has already exceeded that for offline WOM marketing.
Most marketers believe their companies should further increase spending on online WOM [52].
Academic research on the online WOM effect also generally supports the practice of providing
online user reviews as well as professional reviews [2, 5, 7, 13, 18, 22, 24, 29, 33, 37, 41, 46, 47,
55 ]. Consumers find online user reviews helpful mainly from two aspects: a large volume of
user reviews (total number of user reviews) makes the corresponding product stand out from the
crowd and thus brings it to consumers’ attention [40]; the valence of user reviews (average
numerical rating) provides consumers information about product quality and influences their
attitudes on the expected uncertainty and utility of choosing the product [13, 15, 22, 55].
Professional reviews, however, provide more trustworthy and authoritative judgments by
precluding personal biases to some degree [1].
Despite the prevalence of the online WOM marketing strategy in the industry, we lack in-depth
understanding of how online user reviews and professional reviews interplay with each other to
affect online users’ decisions. The common underlying assumption of previous studies is that the
way professional reviews influence user choices is independent of the way user reviews affect
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user choices [1]. Nevertheless, a few empirical investigations have implicitly inferred that
professional reviews may indirectly influence user choices through user-generated WOM.
Reinstein and Snyder [48] believed that this can explain the surprisingly large impact of
professional reviews for dramas and narrowly-released movies found in their study. Although
they did not further empirically test it, this argument is also supported by theories on why
consumers contribute to online user-generated WOM. A product’s professional review is part of
the review environment and influences the motivation for which an individual user would choose
to write reviews on this product [16, 28, 45, 46]. Built upon this line of research and the already
documented causality between volume of online user reviews and user choices [18, 24], we
propose that professional reviews influence online user choices indirectly through the volume of
online user reviews, in addition to their direct impact. Therefore, this study examines how online
user reviews and professional reviews simultaneously influence online user choices by focusing
on the mediation relationship.
To do so, we construct a model system in the Bayesian framework, using a panel data set of
software downloads and online WOM on CNETD. We find empirical evidence that professional
reviews influence software downloads, being partially mediated by the volume of user reviews.
In particular, online users are more willing to write reviews on products with higher professional
ratings, and this leads indirectly to more download. More interestingly, we find that although the
direct impact is generally larger than the indirect impact, the latter is still too significant to be
neglected. The indirect impact of professional rating can be as large as one fourth of the direct
impact. In addition, receiving a professional review matters a lot, compared to not being
reviewed by experts at all. Receiving a 1-star professional review can overall reduce the number
of software downloads by up to 40%, compared to not receiving a professional review, all else
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being equal. On the contrary, receiving a 5-star professional rating can even double the download
of not being selected by experts for a professional review. Those findings strongly suggest that
firms should proactively solicit positive professional reviews. The managerial implications are
discussed in more details at the end of the paper.
Our work expects to contribute to the literature mainly in two ways. First, this research adds to
the literature that examines multiple WOM sources by identifying the mediation model for the
effect of online user reviews and professional reviews. To our best knowledge, this work is the
first to study the mediation role of volume of online user reviews on the relationship between
professional reviews and user choices. Second, this research applies and expands two theories of
the generation of online user reviews. We find that professional reviews affect users’ decisions
on whether to post feedback online. Those contributions are discussed in detail in the next
section.
2

Related Literature

In this study, we mainly draw on two streams of research in Information Systems and Marketing:
(1) the impact of online user reviews and professional reviews, and (2) the generation of online
user reviews. Built upon those related studies, we propose our research model at the end of this
section.
2.1 The impact of online user reviews and professional reviews
Two measures of online user reviews have been widely discussed: volume and valence. Volume
of user reviews has been found to significantly improve market outcome [15, 18, 40, 47]. A
larger volume of user reviews can better attract users’ attention to the product and accordingly
results in a higher chance of choosing it [24, 40]. Unlike the consistent opinion about volume of
online user reviews, opinions about the relationship between valence of online user reviews and
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user choices have been mixed. Some researchers believe that valence of user reviews can have a
persuasive effect on user attitudes and thus has a positive impact on user choices [13, 15, 22, 55].
However, other scholars have concluded that valence of online user reviews do not influence
user choices [6, 12, 40]. Recently, some scholars have proposed a potential explanation to
reconcile those divergent conclusions by examining the moderation effects of contextual factors.
Factors such as product popularity information and product variety, which characterize the
context where online WOM and user choices occur, are believed to moderate the impact of the
valence of online user reviews [56, 42, 55, 56]. In other words, online users’ reliance on online
user ratings depends on the level of contextual moderators. We adopt this finding in our
modeling of valence of online user reviews.
As another WOM source, professional reviews are provided by experts to build up the product
reputation, offer product information, and serve as advertisements [27]. Extant studies have
agreed on the significant relationship between professional reviews and user decisions [1, 5, 8,
11, 35, 38, 48]. For instance, professional reviews function as opinions leaders and thus play the
role of influencer in affecting online users’ decisions [39, 48]. Reinstein and Snyder [48] found
the influence impact of professional reviews on opening weekend box office revenue is
surprisingly large for dramas and narrowly-released movies. They suspected the underlying
reason is this impact includes the direct impact, and also the indirect impact through user
feedback. Our work provides evidence for Reinstein and Snyder’s inference by validating the
mediation role of online user reviews on the influence impact of professional reviews.
However, most of those studies either examine a single WOM source, for example, online user
reviews or professional reviews, or investigate them together but independently (see Table 1 for
a summary of some representative WOM studies). The only two exceptions are studies
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conducted by Chakravarty et al. [10] and Liu [40]. Chakravarty et al. [10] found that consumer’s
reliance on the valence of online user reviews depends on the presence of conflicting
professional reviews, through lab experiments. In essence, Chakravarty et al. [10] conceptualized
professional ratings as contextual moderators for the valence of online user reviews. Different
from their focus, we do not aim to show how another WOM source affects online user’s reliance
on online user ratings. Instead, we investigate whether the WOM generated by experts, that is,
professional reviews, affects the generation of online user reviews, and how such impact
transmits the impact of professional reviews to online user choices. We recognize the mediation
role of volume of online user reviews by which professional reviews can influence online users’
willingness to participate in online WOM. Therefore, professional reviews can influence user
decisions through user reviews, a mechanism which has not been fully considered in the WOM
literature.
Insert Table 1 about here
The study conducted by Liu [40] directly tests the impact of professional reviews on volume of
online user reviews, although its main focus is the dynamics of online user reviews and their
impact on sales. Liu’s underlying argument is that professional reviews can affect online users’
expectations of a film and hence influence the generation of online user reviews on this film.
However, this impact can be insignificant if online users do not actually read professional
reviews. Liu’s empirical findings support the latter. Professional reviews from Variety magazine
were not found to influence the volume of user-generated messages on Yahoo Movies. Unlike
Liu’s study [40], which used professional reviews from offline media, we aim to investigate
professional reviews hosted by websites. Various studies have shown that online users now
widely resort to WOM information across websites due to the low cost of online searching [26].
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Many websites, such as Amazon and CNETD, readily display both online user reviews and
professional reviews on the product page. Therefore, in terms of professional reviews distributed
by websites, we expect a different result from Liu’s findings [40] about the relationship between
professional reviews and online user reviews.
This study also adds to the understanding of the impact of professional reviews in the literature
by indicating that the impact of professional reviews is possibly underestimated in extant studies.
Prior work, which investigated online user reviews and professional reviews simultaneously, did
not realize the mediation role of user reviews and thus only took into account the direct impact of
professional reviews. The indirect impact professional reviews on user choices through usergenerated WOM was omitted. Our study explicitly models both direct and indirect impacts and
compares their magnitude, to quantify the underestimation that results from omitting the indirect
effect. In fact, our empirical results show that the indirect impact of professional reviews
accounts for up to one fifth of the total impact of professional reviews.
2.2 Why do people write reviews online
The second stream of relevant literature concerns effects on users’ decisions to share feedback
online. There are two main theories: psychological motivation theory and review environment
theory. We apply both theories to propose that professional reviews can affect the volume of
online user reviews. This argument helps to propose our mediation model in the next sub-section.
The first theory looks into the psychological motivation behind users’ sharing behavior. Users
are shown to share their experiences online for self-enhancement [16, 28]. Self-enhancement is
defined as users’ emotional desires to gain attention and enhance their images among others [16,
28, 50]. Hennig-Thurau et al. [28] empirically verified that self-enhancement has a significant
impact on the number of comments in online opinion platforms. Therefore, psychological
8

motivation theory implies that users are willing to write reviews to different extents towards
products with and without professional reviews. One the one hand, professional reviews can be
perceived by online users as a popularity or eye-catching indicator of the corresponding product,
because professional reviews, unlike abundant user-generated WOM, are normally only offered
on a limited number of products by a small group of specialized experts. In other words, products
that are reviewed by experts are more visible, compared to those without professional reviews.
By writing reviews on those highlighted products that receive professional reviews, users may
perceive a greater potential to get others to read their feedback and thus be more likely to project
themselves as intelligent shoppers. On the other hand, online users may foresee a greater value of
their reviews perceived by the readers in absence of professional reviews, and thus are more
motivated to write reviews on those products. Both two competing arguments can occur.
Therefore, we would expect to see a significant relationship between professional reviews and
volume of online user reviews. However, we would leave the question of which argument is
more significant to our empirical analysis.
Review environment theory also supports this relationship between professional reviews and
volume of online user reviews. In essence, it argues that users’ decisions to post reviews are
subject to environmental factors, such as others’ opinions [25, 44, 45]. For example, ratings
previously posted by early users can influence the feedback posted afterwards [45]. Online user
interactions can also increase the number of product reviews [25]. Following this theory, we also
argue that professional reviews, when they are normally offered either earlier than or
concurrently with online user reviews, contribute to characterize users’ review environment. As a
result, what experts have said about an individual product can influence users’ decisions on
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whether to write reviews on this product. Our study empirically validates professional reviews as
an environmental factor that affects users’ decisions of whether to post feedback online.
The above theoretical inference is also echoed by a significant positive correlation between
professional ratings and the volume of online user reviews found in an earlier work [31].
However, this previous study did not look into the causality nor the impact of professional
reviews on the final user choices. Instead, it perceived volume of online user reviews as an
indicator of the ordinary users’ taste and compared it with experts’ evaluations. Being different
from this work, our study adopts various statistical techniques to test the causal impact of
professional reviews on volume of online user reviews. Moreover, we also take a step further to
investigate the indirect impact of professional reviews on online user choices through influencing
the volume of online user reviews.
2.3 Mediation Model
Based on the above literature review and discussion, we propose our research model by
following mediation literature. Mediation literature theorizes two conditions for specifying a
mediation model: (1) the initial variable can influence the mediator but not vice versa; (2) the
mediator is an influencer of the outcome [4]. We apply these two mediation criteria to
theoretically propose the mediation role of volume of online user reviews (the mediator) on the
relationship between professional reviews (the initial variable) and user choices (the outcome).
We do not propose valence of online user reviews as the mediator, mainly because ordinary users
and experts have been shown to have different criteria in their evaluations [30]. The first
condition of valence being a mediator would thus lack theoretical support.
First of all, we argue that professional reviews influence the amount of online user-generated
WOM, which is commonly measured by the volume of online user reviews [18, 40]. As
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discussed beforehand, we argue that what experts have said may affect an individual user’s
decision of whether to write a review by applying two theories regarding the generation of online
user reviews. However, both theories imply two competing arguments on whether favorable
professional reviews outperform negative professional reviews in motivating users to post.
Psychological motivation theory focuses on the perspective of user’s self-enhancement. Users
can perceive more positive professional reviews as a signal of higher popularity and are more
willing to share their comments on the corresponding product. This argument is also supported
by an empirical finding of a positive correlation between professional rating and the volume of
IMDB user reviews in the movie industry [31]. However, because experts normally choose to
review popular products, whose qualities are generally decent, most professional reviews lean
toward non-negative opinions. Therefore, users can more easily differentiate their reviews from
other abundant user-generated WOM information by posting on a very small number of products
that receive unexpected negative professional reviews. Meanwhile, the review environment
theory also debates over the “bandwagon” effect versus the “underdog” effect [44, 45]. On one
hand, users may favor products for posting feedback that were winners in the opinion poll, but on
the other hand they can certainly prefer to review products that were behind by others’ opinions.
Therefore, our study leaves the direction of the impact of professional rating on volume of online
user reviews to empirical examination and offers subsequent justification.
In addition, volume of online user reviews should not have a causal impact on professional
reviews. There are two main reasons. First, the time lag of the availability between professional
reviews and online user reviews helps rule out the possibility that experts simply favor or dislike
products with more user reviews. Professional reviews usually precede user reviews and become
available at the early stages of products’ life cycles, before users have extensively spread the
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word online. For example, in the movie industry, critics are often invited to view the film and
publish their reviews even before the film is open to the public. In addition, the nature of
professional reviews also determines that professional evaluations should not be determined by
how many users have participated in WOM activities. Professional reviews are expected to be
more objective and unbiased, as a proxy of product quality [33, 38]. Therefore, the extent to
which users participate in online WOM activities can be influenced by professional reviews
posted earlier, but not the vice versa, which meets the first mediation criterion.
Second, volume of user reviews has been widely shown to improve market outcome [15, 18, 22,
40]. The underlying rationale is that online users are more likely to get informed about products
with a larger volume of user reviews, which in turn promotes online user choices [24]. As a
result, the second condition of volume of user reviews being a mediator is valid as well. Based
on the aforementioned discussion, we propose volume of user reviews as the mediator on the
impact of professional reviews, depicted by Figure 1. We include both the indirect impact of
professional reviews via volume of user reviews (path a->b) and the direct impact (path c),
indicating a partial mediation [32].
Insert Figure 1 about here
3

Data

3.1 Research Context
We conducted this study in the online software market. As a typical type of experience goods,
the quality of a software program is difficult to evaluate before adoption. In the meantime, the
product variety of software programs offered through online channels has been increasing
tremendously in recent years [55]. Hence, in the current online software market, it is challenging
for online users to locate matched products out of the abundant product selection. This motivates
them to extensively resort to various WOM sources, hoping to make well-informed decisions
12

[26, 41, 54]. Online users with intentions to purchase software programs also have the
knowledge and Internet experience to explore online review communities and utilize WOM.
Therefore, the nature of software programs, abundant product choices, and online users’ IT
knowledge determine that users in the online software market have the need and capability to
search for and use both professional reviews and user reviews, which are the two most common
sources of online WOM information. This makes the online software market an appropriate
context to study the mediation mechanism under which professional reviews and online user
reviews influence user choices.
In particular, we empirically examine our mediation model by using the data collected on
CNETD. User reviews and professional reviews both are available on CNETD. Specifically, for
each software program, users can post reviews by detailed textual comments and an overall
rating on a scale of 1 to 5, with 1 being the worst and 5 being the best. CNETD summarizes user
feedback by highlighting the total number of reviews and providing an average rating based on
all user reviews the product has received. As a result, we can easily access the information
regarding volume and valence of online user reviews. CNETD also provides professional
reviews for some selected software programs by a similar five-star rating system. CNETD
editors pick popular products to review by scouring and scrutinizing “blogs, sites, aggregators,
RSS feeds, and any other available resources” to monitor the review coverage. A selected
product will receive one professional review from a CNETD editor in the format of a rating and
a detailed comment, normally as soon as the product is first announced. This allows our study to
examine the impacts of the aforementioned two sources of online WOM information
simultaneously, and avoid linking two independent websites providing those two WOM sources
individually.
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In addition, CNETD has already been adopted in the literature as an appropriate context in the
online software market to examine the online WOM effect [19, 41, 55]. CNETD is a leading and
representative online platform for software downloads free of charge. It provides over 30,000
software programs for four operation systems, including Windows, Mac, mobile devices, and
webware. Software programs hosted by CNETD have two free trial licenses: free for the lifetime
(free) and free to try for limited time (free-to-try). For each operation system, there are more than
10 groups of software programs with approximately 5 to 20 categories in each group. For each
software program, it also lists detailed product descriptions as well as weekly and cumulative
download counts.
We collected weekly data from August 2007 to February 2008 in four categories over 26 weeks.
These four categories are: Digital Media Player, Download Manager, File Compression, and
MP3 Finder. They include popular categories and also categories with different application
purposes, which are good representations of the online software market. Thus, the data provides
us a diversified coverage to explore a large number of user decisions on choosing software and
sharing experience. In particular, we extracted the following information on every software
program listed in each category on a weekly basis: software name, date first posted on CNETD,
software characteristics, total downloads, last week downloads, average user ratings, number of
cumulative user reviews, whether the product was reviewed by a CNETD editor, and the
CNETD rating, if any. Since every category represents a unique group of software programs with
similar functions, we defined each category as a single market, following previous studies [19].
We also followed the literature to define product variety by using the total number of available
software programs in each category [55]. The following Table 2 and Table 3 provide the detailed
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explanations of all the variables used in this study and summary statistics of some key variables
respectively.
Insert Tables 2 and 3 about here
3.2 Key Variables
Following the literature [19, 55], we used software download (WEEKLYDOWNLOADi,t) to
capture online user choices of software programs. We applied a natural log transformation on the
weekly software download (LOG(WEEKLYDOWNLOADi,t)) to reduce the nonconstant variance.
In terms of online user reviews, similarly, we followed the literature to use the weekly number of
online user reviews as a measure of review volume (WEEKLYUSERVOLi,t) [18, 40]. CNETD
posts cumulative number of reviews for each software program, therefore, WEEKLYUSERVOLi,t
is calculated as the difference in the number of cumulative user reviews between week t and
week t-1. This requires us to use software programs that existed in two consecutive weeks in the
data. Following extant research, we applied a natural log transformation on WEEKLYUSERVOLi,t
as LOG(WEEKLYUSERVOLi,t) to have a log-linear relationship with
LOG(WEEKLYDOWNLOADi,t) [18, 40]. In addition, we used cumulative average user rating (on
a scale of 1 to 5) as a measure of review valence (USERVALi,t), which is readily posted on
CNETD for each software program. Reviews of valence above/equal/below 3 were defined as
positive/neutral/negative user reviews. We also defined positive/neutral/negative professional
reviews in a similar way. As suggested by the literature, we made a simple linear transformation
on USERVALi,t. The impact of user reviews on user choices has been shown to be nonlinear with
respect to valence level [13, 14, 55]. To help differentiate the impacts of user reviews with
different valence levels, we used USERVALi,t - 3 instead of USERVALi,t, which is named as
USERVALRi,t for parsimony, since 3 is the middle point of the rating scale. Built upon this, we
then included both USERVALRi,t and its quadratic term of USERVALRi,t, denoted by
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USERVALRSQi,t, model weekly downloads. As a result, neutral user reviews have zero values of
USERVALRi,t, and positive and negative reviews have nonzero values of USERVALRi,t and
USERVALRSQi,t. To account for the case where the product doesn’t receive any user reviews, we
also used a dummy variable, USERDi,t. If the product has not received one single user review by
week t, USERDi,t is zero, otherwise its value is 1.
In terms of professional review, we also intentionally differentiated between review rating and
review existence. Unlike user reviews, experts, in a much smaller community than ordinary
users, only have limited time to review a fairly small portion of products available on the market.
For example, as shown in Table 3, in the category of Digital Media Play, CNETD editors only
review approximately 10% of posted products. As a result, it is important to understand whether
receiving the professional review matters to a product’s performance, in addition to the impact of
the professional rating [1]. Accordingly, we included two terms, a dummy variable PRODi,t and
professional rating PRODi,t*PROVALi,t, to differentiate products with professional reviews from
those without, and to capture the impact of professional rating respectively. We used a dummy
variable PRODi,t to capture whether the software program was reviewed by a CNETD editor.
And if so, PROVALi,t captures the professional rating. As for products without CNETD
professional reviews, their PROVALi,t values are irrelevant to model estimation and thus they
were specified as zero for simplicity. Because each selected program will only have one
professional review from a CNETD editor, we did not consider the volume of professional
reviews in this context.
We argue that CNETD editors are very unlikely to give professional evaluations based on
CNETD users’ download choices and reviews. This supports the first condition of specifying a
mediation model that the mediator (volume of online user reviews) doesn’t affect the initial
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variable (professional reviews) [4]. CNET claims their professional ratings being “fair and
useful”, as CNETD editors have their own set of standards to select and rate products, being
independent of market responses. As a result, CNETD professional ratings have been used as an
objective measure of product quality [38]. Empirical evidence also indicates that they are
exogenous with respect to online user choices [40]. In addition, this argument is supported by the
fact that CNETD professional reviews are usually posted at the early stages of selected software
programs’ life cycles and don’t change much over time. CNETD claims that if a reviewed
product has a substantial technology update, CNETD editors update their reviews within two
business days. However, this didn’t occur in our data, as we failed to observe any update of
CNETD professional rating after being posted during the data collection period.
Finally, we followed the prior studies [40] to use a one-week lag between independent variables
and dependent variables of software download and WOM. This can better represent the actual
decision-making process and help control for the potential feedback effect of the dependent
variable on the relevant independent variables, given the dynamics between online WOM and
online user choices suggested by the literature [18, 40]. Therefore, combined with the calculation
need for WEEKLYUSERVOLi,t, we only kept software programs that existed in three consecutive
weeks. Overall, we were able to compile a longitudinal data set of those two sources of online
WOM information over 24 weeks to analyze the dynamics of online user choices.
4

Empirical Model and Results

4.1 Model
We followed the full procedures of mediation analysis suggested by Baron and Kenny [4] to
empirically test our mediation model of the relationship among professional reviews, online user
reviews, and online user choices. We first conducted some preliminary steps by individually
17

testing the path c when path a and path b of Figure 1 are not considered, and the path a when
path b and path c are not considered [4, 32]. The results show that professional reviews are
correlated with online user choices and with volume of online user reviews, respectively. Hence,
as the main step of the mediation analysis [4], we proceeded to test the full mediation model as
below, which is a system of four equations.
Software Download Equation:
LOG (WEEKLYDOWNLOADi ,t )  1t   2 *USERDi ,t 1  3 *USERDi ,t 1 *USERVALRi ,t 1
  4t *USERDi ,t 1 *USERVALR SQi ,t 1  5 * PRODi ,t 1   6 * PRODi ,t 1 * PROVALi ,t 1
  7 * LOG (WEEKLYUSERVOLi ,t 1 )  8 * LOG (TOTALDOWNLOADi ,t 1 )  9 *WEEKLYRANK i ,t 1
 10 *WEEKLYRANKSQi ,t 1  11 * FREEPRICEDi ,t  12 * AGEi ,t  13 * AGESQi ,t   i ,t
Volume of User Reviews Equation:
LOG (WEEKLYUSERVOLi ,t )  1  2 * PRODi ,t 1  3 * PRODi ,t 1 * PROVALi ,t 1
 4 * LOG (WEEKLYUSERVOLi ,t 1 )  5 *USERDi ,t 1  6 *USERDi ,t 1 *USERVALi ,t 1
 7 * LOG (TOTALDOWNLOADi ,t 1 )  8 *WEEKLYRANK i ,t 1  9 *WEEKLYRANKSQi ,t 1
 10 * FREEPRICEDi ,t  11 * AGEi ,t  12 * AGESQ   t   i ,t

(1)

Lower Level Equations:
 tj  1j   2j *WEEKLYVARETYt   tj
i  1,..., I ; j  1,3; t  3,..., 26

In particular, we constructed the first two equations to systematically model the proposed
mediation relationship: software download equation and volume of user reviews equation.
Specifically, in the software download equation, volume of user reviews
(LOG(WEKKLYUSERVOLi,t-1)) is the mediator and software download
(LOG(WEEKLYDOWNLOADi,t)) is the outcome variable. Volume of user reviews is shown to be
endogenous with respect to contemporaneous online user choices, due to the potential reverse
causality that user choices can affect the review volume at next time period [18, 40]. To address
this issue, our model adopts the time lag between those two variables ensures that the
independent variable LOG(WEKKLYUSERVOLi,t-1) occurs before the dependent variable
LOG(WEEKLYDOWNLOADi,t). Therefore, 7 can measure the impact of volume of user reviews
on software download (path b in Figure 1). Two variables concerning professional reviews are
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included to capture path c: PRODi,t-1 and PRODi,t-1*PROVALi,t-1. As suggested by the mediation
literature [4, 32], the direct impact of professional rating is measured by 6, and the direct impact
of whether the software received professional review is captured by 5+6*PROVALi,t-1.
The second equation, volume of user reviews equation, is used to capture path a in Figure 1.
Following the mediation analysis literature [4, 32], we used the mediator of software download
equation, (LOG(WEKKLYUSERVOLi,t-1), as the outcome variable and professional review
(PRODi,t-1 and PRODi,t-1*PROVALi,t-1) as the independent variables. As a result, the indirect
impact of professional rating on online user choices is measured by 7 * 3 (path a->b),
mediated by volume of online user reviews. We also allowed the error terms of those two
equations (εi,t and σi,t) to be correlated as below, to account for any unknown shocks that
simultaneously affect both weekly downloads and volume of user reviews. The correlation
between error terms can be thus calculated as ∑ 𝜀𝜎/√∑ 𝜀𝜀 ∑ 𝜎𝜎 .
 0 
  i ,t 
   ,   
~
MVN
 
 0 
 i ,t 
 


 







(2)

To robustly estimate the mediation relationship, several control variables are added in both two
equations. Specifically, we included nine control variables in the volume of user reviews
equation (path a). In particular, we first added LOG(WEEKLYUSERVOLi,t-1) to control for the
impact of last week’s volume of user reviews. USERDi,t-1 and USERDi,t-1 *USERVALi,t-1 are
included, because the valence of user reviews are argued to influence volume of user reviews
that a product receives [18]. If the product has not received one single user review yet, USERDi,t1

is zero. The value of USERVALi,t-1 is thus technically irrelevant to the estimation and treated as

zero. In addition, LOG(TOTALDOWNLOADi,t-1)) is added to be a proxy for product quality as
well as help control for the overall user base. We also added WEEKLYRANKi,t-1 and its square
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term WEEKLYRANKSQi,t-1 to control for the influence of product popularity [19]. Another
control variable is a dummy variable, FREEPRICEDi,t-1, to control for the free trial license
difference in the software. Product age AGEi,t-1 and its quadratic term AGESQi,t-1 are also
included to control for the impact of the stage in product life cycle. Lastly, we used a time-fixed
effect to control for any unobserved heterogeneity over time, denoted by δt in the equation.
Similarly, software download equation (path b and c) also includes several control variables. We
also included WEEKLYRANKi,t-1 and its square term WEEKLYRANKSQi,t-1, and FREEPRICEDi,t
to control for any download difference caused by product popularity and free trial license
difference [51]. Product age AGEi,t-1 and its quadratic term AGESQi,t-1 are also included to
control for product diffusion [19]. To control for the network effect, the log-transformed
accumulative number of downloads (LOG(TOTALDOWNLOADi,t-1)) is added [9, 20].
In addition, in this equation, we also adopted the same technique of using USERDi,t-1, a dummy
variable, and treated USERVALi,t-1 as zero to account for the case where user rating is not
available. We further captured the nonlinear impact of valence of online user reviews by
including the linear and quadratic terms of average user rating, USERDi,t-1*USERVALRi,t-1 and
USERDi,t-1*USERVALRSQi,t-1, and by controlling for the moderation effect of product variety.
We adopted product variety as an identified contextual moderator in this study by following a
previous research, which was also conducted in the similar context of CNETD to find product
variety as a valid moderator for online user ratings [55]. In particular, we managed to control for
this context heterogeneity by applying a hierarchical structure [23]. We first modeled the
potential linear and nonlinear moderation effect of product variety by allowing coefficients on
both USERDi,t-1*USERVALRi,t-1 and USERDi,t-1*USERVALRSQi,t-1 to vary over product variety.
However, the results showed that product variety moderates valence of online user reviews only
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in the quadratic way. Therefore, we only kept the hierarchical structure on the coefficient of
USERDi,t-1*USERVALRSQi,t-1 (4t) in the software download equation above to capture the
quadratic moderation effect of product variety. Specifically, we allowed the coefficient on
USERDi,t-1*USERVALRSQi,t-1 (4t) to be random over weeks and explained it by a lower level
equation with product variety as the independent variable. The error term δ3t can control for all
omitted time-variant moderators within the lower level equation. The literature regarding
hierarchical model methodology suggests completely separating the lower level dimension (the
time dimension) from the estimation of the software download equation [49]. As a result, the
intercept term (1t) in the software download equation also varies with weekly product variety
and an error term δ1t. This time-variant intercept (1t) can thus help control for any unobserved
time-variant demand shock.
Overall, in the above main step of a mediation analysis, we are particularly interested in the
coefficients on PRODi,t-1, PRODi,t-1*PROVALi,t-1 and WEEKLYUSERVOLi,t-1 (β5, β6, β7) in
software download equations, and the coefficients on PRODi,t-1 and PRODi,t-1*PROVALi,t-1 (λ2,
λ3) in volume of user reviews equation[4, 32].
4.2 Estimation results
We employ a Bayesian framework in this study, mainly because it is technically more feasible
and efficient to implement mediation analysis, compared to the frequency framework. It is
always a challenge to robustly estimate the standard error for the mediated impact (path a->b) by
frequency statistics [43]. Specifically, it can be difficult to estimate the standard error for the
indirect impact of professional rating in the frequency framework, measured by 3*6, because
the distribution of the product of two normally distributed variables is unknown. In addition, the
Bayesian framework is also shown to particularly fit the hierarchical model for better capturing
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moderation effects [23]. Therefore, we choose to estimate the whole model by using the MCMC
method, which is a widely adopted computational simulation method in Bayesian statistics [22,
49]. It constructs a large number of MCMC chains whose stationary distribution approximates
the posterior distribution of the unknown parameter. The posterior mean of the unknown
parameter is thus approximately calculated by the mean value of the MCMC chains that
converge to the stationary. Hence, to estimate the mediation effect, the MCMC method can
simply calculate a product of 3 and 7 from each MCMC draw, which produces a sample of a
new quantity: 3*7. And the standard error of 3*7 can be easily computed. Specifically, in
each category, we first run the MCMC chain of 15,000 burn-in draws and use an additional
15,000 target draws to characterize the posterior distributions of parameters. Before discussing
the results, we use history and autocorrelation plots as well as the results of the Gelman-Rubin
diagnostic to make sure that our MCMC draws have achieved the convergence and thus the
estimates are reliable [21,49].
We present the results of coefficients in Table 4 through the posterior means and standard
deviations. We primarily focus on the mediation process illustrated by three paths in Figure 1, as
the main step of a classic mediation analysis. In the software download equation, the coefficient
on LOG(WEEKLYUSERVOLi,t-1) (7) is significantly positive in each category, indicating the
positive impact of volume of online user reviews on software downloads, which supports path b
in Figure 1. This result is consistent with previous findings [40]. The coefficients on PRODi,t-1
(5) and PRODi,t-1 * PROVALi,t-1 (6) in this equation are also significant for each category.
Specifically, 5 indicates that whether the product is selected by experts for reviews directly
matters to software downloads, and 5 shows an increase in professional rating has a positive
direct impact on software downloads. Path c in Figure 1 is thus verified.
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Insert Table 4 about here
In the volume of user reviews equation, the coefficients on PRODi,t-1 (2) and PRODi,t1*PROVALi,t-1

(3) are significant, in every category supporting path a in Figure 1. Specifically,

the positive 3 denotes a positive impact of professional ratings on volume of user reviews,
which sheds some lights on the competing implications from two theories of generation of online
user reviews as discussed in section 2.3. We find that online users are more willing to share their
feedback on products that have received higher professional ratings. For example, in the category
of File Compression, nearly 10% more consumers will write reviews on the product if its
professional rating increases by one star, indicated by (e^3-1). However, the negative sign of 2
on PRODi,t-1 implies that receiving a very negative professional review can discourage online
users to share their experiences, which will be extensively discussed in the paragraph for
interpreting the indirect impact of receiving a professional review.
Based on the coefficients on path a and b estimated in the full model, we find that the indirect
impact of professional ratings on downloads (3*7) is significantly positive, mediated by
volume of user reviews through path a->b. The total impact of professional rating is thus shown
to be significantly positive, indicated by 6+3*7. For instance, if a product receives an increase
of one star in the professional rating, its downloads can increase by up to 30% in the category of
Digital Media Player, indicated by (e^(6+3*7)-1). In addition, we find that the indirect impact
of professional rating (3*7) is generally smaller than its direct impact (6) in all categories.
However, it still has a significant weight in the total impact and thus should not be neglected. For
example, in the category of MP3 Finder, the indirect impact of professional rating accounts for
around 20% of its corresponding total impact. Thus, while using both online user reviews and
professional reviews to explain online user choices, omitting the path a, i.e. the mediation role of
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user review, may cause a serious underestimation in the impact of professional rating. This result
supports the finding of Reinstein and Snyder [48] that the estimated impact of professional
reviews for dramas and narrow release movies is shown to be surprisingly larger, because it can
embodies both direct and indirect impact. Overall, those estimations successfully support three
paths in Figure 1 [4, 32].
As the last step of testing a mediation model [4, 32], we also estimated an additional last-step
model that doesn’t include path b and compared it with the above mediation model. The detailed
model illustrations and estimation results of this last-step model are reported in Appendix 1. The
classic mediation analysis requires that the impact of professional reviews on software
downloads in the last-step model should be more significant, than the estimated direct impact in
the full mediation model (eq. 1). The key rational is that if the mediation model is valid, the
impact of professional reviews estimated in the last-step model actually includes both the direct
impact and the indirect impact that are individually estimated by the mediation model. Our
comparison in Appendix 1 finds supportive evidence and thus helps verify our proposed
mediation model. [32].
We also look into the indirect, direct and overall impact of whether the product receives
professional reviews. Naturally, all of them depend on the specific professional rating, measured
by (2+3*PROVALi,t-1)*7, 5+6*PROVALi,t-1 , and the sum of those two terms, respectively.
For a better illustration, we present a series of estimations for each of those three impacts at
every possible professional rating, that is, 0.5, 1,…, 4.5, 5, by a series of caterpillar plots, which
are reported in Appendixes 2, 3 and 4 respectively. In terms of the indirect impact, in most
categories, although products are better off receiving higher professional ratings, receiving a very
negative professional review can have a negative indirect impact on software downloads through
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volume of user reviews; while receiving a positive professional review has a positive indirect
impact on downloads. The sign of the indirect impact of receiving a professional review is
actually determined by the sign of its impact on volume of user reviews, given the positive 7.
Because of the negative 2, in those categories, receiving a very negative professional review can
discourage user participation in online WOM activities, denoted by the negative value of
(2+3*PROVALi,t-1); on the other hand, receiving a positive professional review can encourage
active user-generated WOM. However, we find a slightly different result in one category,
Download Manager. In this particular category, the indirect impact of receiving a professional
review is negative, as compared to not receiving a professional review, even if it is a 5-star
professional rating, due to the much larger magnitude of 2 with respect to 3. We believe this
can be related with the discussion over the “bandwagon” effect versus the “underdog” effect [44,
45]. In some categories (markets), online users prefer to review the winner products; in other
categories, they may prefer to review those underdogs that are not selected by experts.
The caterpillar plots in Appendix 3 show a very consistent result for the direct impact of
receiving a professional review among all four categories. Receiving a negative professional
review is directly worse than not receiving. However, receiving a positive professional review
directly benefits the corresponding product. The total impact of receiving a professional review
is measured by the sum of the indirect and direct impact, 5+6*PROVALi,t1+(2+3*PROVALi,t-1)*

7 , illustrated by Figure 5 in Appendix 4. We observe a very similar

pattern as the direct impact. Overall, receiving negative professional reviews can hurt a product’s
performance, whereas products with positive professional reviews tend to receive more user
choices. For example, in the category of File Compression, overall, receiving a one-star
professional review leads to about 40% fewer software downloads than not receiving the
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professional review, all else being equal. Receiving a five-star professional rating can almost
double the number of downloads of not being selected by experts for a professional review.
We also find support for the moderated impact of valence of online user reviews, being
consistent with the literature [55]. The marginal impact of valence of user reviews, denoted by

3+2*4t*USERVALR, is shown to vary over weeks, given that 4t is significantly positive over
every single week in all categories. As expected, 23 in the lower level equation for estimating

4t is significant in each category, indicating the nonlinear moderation effect of product variety
on the impact of valence of user reviews. The increase in product variety enforces the impact of
positive user reviews on downloads, while it diminishes the impact of negative user reviews.
Finally, we also conduct a brief robustness check by using a different MCMC prior specification
and the pooled data. Specifically, in the first robustness check model, we use the student t
distribution to replace current normal prior distribution for all unknown parameters and error
terms in the software download equation [21, 34]. The CNETD software download distribution
may have a heavier tail than the normal distribution, as implied by the long tail phenomenon
[55]. In the second model, we pool all data of four categories together to run the model and add
category dummies to control for the category-specific effect. The results of both models remain
qualitatively similar to the results of the full model summarized in Table 4, in terms of the sign
and the statistical significance.
5

Discussion and Implications

The major contribution of this study is to deepen the understanding of the impact of online user
reviews and professional reviews. It relaxes the assumption used in previous studies that those
two sources of WOM information independently influence user choices. Instead, focusing on the
mediation role of online user reviews, we show that whether experts pick the product to review
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and the corresponding professional rating play a significant role in online user decisions about
sharing feedback online. Therefore, professional reviews are shown to indirectly affect online
user choices via influencing volume of user reviews, in addition to their direct impact that has
been documented in the literature. We find that the direct impact of professional reviews, which
was interpreted as the total impact in many previous studies, can be significantly underestimated,
up to 20% smaller than the actual total impact.
This study provides three broad implications for managers. First, our results suggest that firms’
WOM strategy towards online user-generated contents needs to go hand in hand with proactively
seeking positive professional reviews. In recent years, firms have been put more and more
resources to encourage online user-generated content by advertising review collection, offering
monetary incentive to share feedback, etc. Our results imply that firms have to proactively solicit
positive professional reviews and reduce negative reviews, in order to effectively accumulate
online user conversations. Favorable reviews from experts not only directly deliver a good image
of product quality and thus promote user adoptions directly, but also generally encourages more
users to share experience. This can greatly increase the effectiveness of firms’ efforts towards
stimulating online user conversations. On the contrary, a negative opinion from the expert,
possibly related with the poor communication between firms and experts, can easily offset firms’
efforts on generating online user feedback. Therefore, firms are suggested to carefully manage
the interaction and communication with experts for them to recognize the merit of the product.
Second, our findings also caution firms that conventional understandings of offline market may
not be directly applied to interpret online market. The reach of the internet can greatly change
how people find and process information. Our work provides a good example. In the offline
channel, professional reviews are generally believed to have no impact on the generation of user
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feedback [40]. The underlying reason is that most of users are not aware of the professional
reviews. As a result, professional reviews are of little use to encourage user experience sharing.
However, the online channel has greatly expanded the reach of professional reviews. Many
websites clearly highlight the reviews written by experts. Moreover, the prevalence of electronic
commerce in recent years also provides online users abundant experience and sufficient skills to
use various online tools, e.g. search engines, to fetch needed information. Therefore, the reason
underlying the insignificant relationship between professional reviews and volume of user
reviews in offline channel does not hold any more in online market. Our findings imply that it is
important to re-examine conventional thinking in the online context.
Finally, managers should utilize professional reviews, in addition to user reviews, to predict a
product’s performance and allocate resources accordingly. Accurate predictions of user choices
are important for firms’ marketing and R&D strategies; however, it is normally difficult to obtain
real-time sales and transaction data. Since volume of user reviews only partially mediates the
impact of professional reviews, our results demonstrate that information on online user reviews
alone is not sufficient to accurately predict the market outcome.
Although we show these results in the context of an online third-party software website, the
implications are potentially broader. Our results can be applied to interpret the relationship
between professional reviews and volume of online user reviews in the contexts where online
users extensively resort to WOM for product information. Some attributes can differ between
software programs and other types of experience goods, which suggests a more significant
indirect impact of professional reviews in retail websites selling those experience goods, such as
books and movies. First, those products do not have many objective measures, for example,
technology features that software programs normally have, and thus are more subject to personal
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preferences. Second, consumers also make decisions more carefully and conservatively on
purchasing products, compared to adopting products for free, as is the practice in our research
context. As a result, while purchasing those types of products at retail websites, consumers tend
to rely more heavily on user reviews to locate products matched to their preferences and have
greater appreciation of the reviewers’ contribution. In turn, they perceive greater psychological
benefit from writing reviews on those retail websites. Therefore, receiving affirmative
professional reviews can encourage sharing opinions to a larger extent than we have observed in
the current research context, leading to a more significant indirect impact of professional reviews
through online user reviews.
The data used in this study suggest some limitations and future research directions. First, we find
that both valence of past user reviews and being selected for professional reviews have a
differential impact on volume of user reviews in different category. In some categories, online
users are shown to more likely write reviews on products that are positively reviewed by prior
users and that are picked by experts for professional evaluations. However, in some categories,
people tend to write reviews towards unfavorably reviewed products and products that are not
picked by experts to be reviewed. This echoes the divergent conclusions regarding whether
people prefer to review winner products or underdogs. A potential explanation can be that the
“underdog” effect competes with the “bandwagon” effect to different extent in different product
category [44, 45]. For the future research, it would be interesting to separate those two opposite
effects and further compare them in depth. It can also be useful to examine the role product
category plays in this line of research. Second, we don’t have the information on the textual
content of either user reviews or professional reviews. It is therefore also important to expand
this study to incorporate the rich product information and personal preference information from
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the review text. Third, we do not have information on user visit history and WOM information
on external websites. We thus cannot directly observe the sequence of users’ downloading and
sharing behavior. Also, it is likely that CNETD users also read user-generated content and
comments by critics on external websites, which can possibly affect their downloading decisions
on CNETD. Last but not least, it would be very interesting to re-examine the mediation
relationship proposed by this study using a more recent dataset.
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Software,
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Movie
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2005
Boatwright et al.
2007
Amblee & Bui 2007
Moon et al. 2010
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Movie
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Movie
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experiment
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2010
This Study

CNETD
Yahoo
movies
Lab
experiment
Yahoo
movies
Lab
experiment
CNETD
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The interaction between online user reviews
and web traffic
The dual role of professional reviews:
influencer and predictor
The correlation between unobserved quality
and professional reviews
The role of professional reviews depending on
the individual expert reviewer
The independent impacts of two WOM sources
The dynamics between valence of WOM and
sales
The helpfulness of two WOM sources by a
laboratory experiment
The explanatory power of WOM and the
antecedents of WOM activities
Conflicts between professional reviews and
online user reviews
Volume of online user reviews mediates the
indirect impact of professional reviews on
user choices

Table 2. List of Variables Used in the Analyses

Variable name

Meaning

I (1,…,I)
Software program index
T (3,…26)
The week when software I is posted
LOG(WEEKLYDOWNLOADi,t) Natural log transformation of number of weekly downloads
of software i at week t
LOG(WEEKLYUSERVOLi,t )
Natural log transformation of number of weekly user reviews
software i has received at week t
PRODi,t
A dummy variable to indicate software i receives CNET
editorial review at week t
PROVALi,t
CNETD editorial rating software I receives at week t (one to
five scale with half points)
WEEKLYVARIETYt
Total number of software programs listed in the category at
week t
USERDi,t
A dummy variable to indicate software i receives at least one
user review by week t
USERVALi,t
Average user rating for software i at week t (one to five scale
with half points)
R
USERVAL i,t
USERVALit - 3
USERVALRSQi,t
Square term of USERVALRit
LOG(TOTALDOWNLOAD)i,t
Log transformation of cumulative number of downloads of
software i at week t
WEEKLYRANKi,t
Weekly download rank of software i at week t
WEEKLYRANKSQi,t
Square term of WEEKLYRANKi,t
FREEPRICEDi,t
A dummy variable to indicate software i is free to try for
limited time, instead of free for lifetime, at week t
AGEi,t
Days since software i has been posted
AGESQi,t
Square term of AGEit
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Table 3. Summary of the Weekly Software Download Sample

Variable

Mean

S.D.

Min.

Max.

Digital Media Player (N = 10,286)
WEEKLYDOWNLOADi,t
USERDi,t
USERVALi,t
WEEKLYUSERVOLi,t
PROVALi,t
PRODi,t
WEEKLYVARIETYt

1,478.26
0.31
3.24
0.24
3.59
0.10
436.80

9,948.40
0.46
0.68
2.29
0.89
0.29
51.76

0
0
1
0
2
0
242

222,979
1
5
124
5
1
466

Download Manager (N = 2644)
WEEKLYDOWNLOADi,t
USERDi,t
USERVALi,t
WEEKLYUSERVOLi,t
PROVALi,t
PRODi,t
WEEKLYVARIETYt

1,375.70
0.59
3.34
0.38
3.66
0.22
215.29

6,334.58
0.49
0.67
1.75
0.72
0.41
33.04

0
0
1.5
0
2
0
150

211,640
1
5
40
5
1
256

File Compression (N = 4,052)
WEEKLYDOWNLOADi,t
USERDi,t
USERVALi,t
WEEKLYUSERVOLi,t
PROVALi,t
PRODi,t
WEEKLYVARIETYt

3,032.77
0.28
3.68
0.17
3.66
0.24
174.48

26,253.80
0.45
0.73
1.10
0.75
0.43
22.17

0
0
1.5
0
2
0
95

385,226
1
4.5
36
5
1
193

MP3 Finder (N = 2040)
WEEKLYDOWNLOADi,t
USERDi,t
USERVALi,t
WEEKLYUSERVOLi,t
PROVALi,t
PRODi,t
WEEKLYVARIETYt

9,355.88
0.55
3.42
1.48
3.28
0.13
89.04

61,137.00
0.50
0.58
8.47
0.76
0.34
11.47

0
0
1.5
0
2
0
52

909,295
1
5
125
4
1
97

Note: N=Total observations over time
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Table 4. The Impact of Professional Reviews and Online User Reviews

Software download equation
USERDi,t-1 (β2)
USERDi,t-1*USERVALRi,t-1 (β3)
PRODi,t-1 (β5)
PRODi,t-1 * PRODVALi,t-1 (β6)
LOG(WEEKLYUSERVOL i,t-1)(β7)
LOG(TOTALDOWNLOADi,t-1)(β8)
WEEKLYRANKi,t-1 (β9)
WEEKLYRANKSQi,t-1 (β10)
FREEPRICEDi,t (β11)
AGEi,t (β12)
AGESQi,t (β13)
Volume of user reviews equation
PRODi,t-1 (λ2)
PRODi,t-1 * PRODVALi,t-1 (λ3)
Indirect Impact of Professional Ratings
(3 * 7)
Total Impact of Professional Ratings
(6 + 3 * 7)
LOG(WEEKLYUSERVOL i,t-1) (λ4)
USERDi,t-1 (λ5)
USERDi,t-1*USERVAL,t-1 (λ6)
LOG(TOTALDOWNLOADi,t-1) (λ7)
WEEKLYRANKi,t-1 (λ8)

Digital Media Player

Download Manager

File Compression

MP3 Finder

-0.57(0.11)*
0.08(0.02)*
-0.57(0.08)*
0.24 (0.02)*
0.43(0.02)*
0.20(4.70E-3)*
-0.02 (2.34E-4)*
2.64E-5(4.43E-7)*
-0.12 (0.01)*
-7.88E-4(3.72E-5)*
2.07E-7(1.55E-8)*

0.45 (0.11)*
-0.05(0.02)*
-0.23 (0.09)*
0.07 (0.02)*
0.25(0.01)*
0.15(0.01)*
-0.04 (4.91E-4)*
6.63E-5(1.85E-6)*
-0.23 (0.02)*
-5.48E-4(5.25E-5)*
2.34E-7(2.46E-8)*

-0.48 (0.21)*
0.07(0.02)*
-0.60 (0.10)*
0.21(0.03)*
0.49(0.03)*
0.20(0.01)*
-0.06 (1.03E-3)*
1.55E-4(4.57E-6)*
-0.13 (0.02)*
-9.99E-4(6.89E-5)*
3.21E-7(3.19E-8)*

0.57 (0.26)*
-0.01 (0.04)
-0.82(0.22)*
0.36(0.07)*
0.25(0.03)*
0.17(0.01)*
-0.11 (3.51E-3)*
4.51E-4 (3.06E-5)
-0.11 (0.04)*
-1.58E-3(1.24E-4)*
6.24E-7(7.95E-8)*

-0.08(0.03)*
0.04(0.01)*
0.02 (3.73E-3)*

-0.22(0.07)*
0.04(0.02)*
0.01(4.39E-3)*

-0.25(0.04)*
0.09(0.01)*
0.04 (0.01)*

-0.93(0.12)*
0.32(0.04)*
0.08(0.01)*

0.25(0.02)*

0.08(0.03)*

0.25 (0.03)*

0.44(0.06)*

0.24(0.01)*
-0.16(0.02)*
0.04(0.01)*
0.06 (1.90E-3)*
-1.10E-3(8.46E-5)*

0.20(0.01)*
-0.34(0.05)*
0.06(0.01)*
0.05(4.04E-3)*
-0.01(3.30E-4)*

.23(0.01)*
-0.27(0.04)*
0.07(0.01)*
0.05(2.81E-3)*
-1.56E-4(3.57E-4)*

0.40(0.07)*
0.31(0.01)*
-0.39(0.08)*
0.07(0.02)*
-0.023(1.98E-3)*
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WEEKLYRANKSQi,t-1 (λ9)
FREEPRICEDi,t(λ10)
AGEi,t (λ11)
AGESQi,t (λ12)

3.00E-6(1.57E-7)*
-0.03(0.01)*
-2.76E-4(1.48E-5)*
6.49E-8(6.10E-9)*

2.03E-5(1.35E-6)*
-0.13(0.01)*
-2.48E-4(4.55E-5)*
8.86E-8(2.15E-8)*

1.28E-5(1.62E-6)*
-0.03 (.01)*
-2.29E-4(2.59E-5)*
6.75E-8(1.21E-8)*

2.11E-4(1.76E-5)*
3.69E-3(0.03)
-4.49E-4(7.13E-5)*
1.75E-7(4.56E-8)*

4.50(0.39)*
-0.19(0.07)*
3.89E-3(8.40E-4)*
3.64E-4(1.53E-4)*

5.24(0.39)*
0.07(0.07)
3.38E-3(1.70E-3)*
7.14E-4(2.98E-5)*

4.52(0.43)*
-0.13(0.07)*
0.01(2.08E-3)*
6.97E-4(3.90E-4)*

4.71(0.44)*
-0.02(0.08)
0.02(3.37E-3)*
9.22E-4(7.81E-4)*

0.30(0.01)*

0.52(0.01)*

0.26(0.01)*

0.39(.02)*

Lower level equation
Intercept
WEEKLYVARIETYt

α11
α13
α21
α23

Correlation between first two equations

Notes: *: Significance level at p < 5%. Results of intercepts in the software download equation, and results of the intercept and the
time fixed in the volume of user reviews equation are not reported. 4t in the software download is positive in each week for all
categories. Its detailed results are not included for parsimony, yet available upon request.
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