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Abstract
Prior research has shown the independent effects of average product ratings and number of reviews for online purchases, but the
relative influence of these aggregate review attributes is still debated in the literature. In this research, the authors demonstrate
the conditional influences of these two attributes as a function of the valence of average product ratings and the level of review
numbers in a choice set. Specifically, they argue that the diagnosticity of the number of reviews, relative to average product
ratings, increases when average product ratings are negative or neutral (vs. positive) and when the level of review numbers in a
choice set is low (vs. high). As a result, when consumers choose among the best options on one of the review attributes (average
product ratings or the number of reviews), their preference shifts from the higher-rated option with fewer reviews toward the
lower-rated option with more reviews. The authors demonstrate this preference shift in seven studies, elucidate the underlying
process by which this occurs, and conclude with a discussion of the implications for retailers and brands.
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With the rise of Internet shopping, product reviews have gained
prominence. Nearly 60% of consumers now say that the average
product rating is the most important product attribute in their
purchase decisions. Within consumer reviews, 54% of consumers report paying attention to average product ratings, while
46% pay attention to the number of reviews (BrightLocal 2017).
Because average product ratings and the number of reviews
(referred to as “aggregate reviews” hereinafter) play a significant
role in consumer behavior, marketing academics have tried to
understand the processes by which consumers incorporate aggregate review information into their purchase decisions (Chevalier
and Mayzlin 2006; Chintagunta, Gopinath, and Venkataraman
2010; Clemons, Gao, and Hitt 2006; Dellarocas, Zhang, and
Awad 2007; Duan, Gu, and Whinston 2008; Godes and Mayzlin
2004; Ho-Dac, Carson, and Moore 2013; Liu 2006; Moe and
Trusov 2011; Sun 2012; Zhu and Zhang 2010).1
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More recently, academics have begun to investigate how the text content of
reviews affects consumers’ online behavior (Chen and Lurie 2013; Moore
2015; Schlosser 2011). Given that the current research is a systematic
investigation of the joint influence of two numerical review attributes,
average product ratings and the number of reviews, on consumer choices,
the relationship between average product ratings, number of reviews, and
review sentiment is outside the scope of our research. We leave this topic
for future studies, where the conditions by which consumers incorporate
individual review content can be more thoroughly explored.

While the literature has demonstrated the positive influence
of both average product ratings and the number of reviews on
sales, their relative influence is still debated. Indeed, two recent
meta-analyses arrived at opposing conclusions. Floyd et al.
(2014) find support for the claim that average product ratings
are more influential than the number of reviews, whereas You,
Vadakkepatt, and Joshi (2015) argue for the greater importance
of the number of reviews.2 The goal of this article is to clarify

2

Similarly, there is no clear consensus from retailers on the importance of
these attributes. Some retailers choose to present only average product ratings,
whereas others present both ratings and review numbers. In a preliminary
exploration of the market, we analyzed the review attribute presentations of
over 300 websites and found that although 99 of the 337 websites chose not to
display any review information (29%), of the remaining 238 websites, 54%
chose to display the number of reviews on the search page, while the others
chose instead to display the number of reviews on the product page or reviews
page. This preliminary study explored the review attribute presentations for
three of the highest-grossing online retail categories (apparel, small electronics,
and consumer appliances; National Retail Federation 2010) from over 300 of
the largest (based on Alexa.com rankings) retailers, providing a conservative
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our understanding of the relative influence of average product
ratings and number of reviews by specifying the conditions by
which the interactive effect of these two attributes on consumer
preference takes place.
Some previous research has also explored the interactive
relationship between various aspects of aggregate review information. Chintagunta, Gopinath, and Venkataraman (2010)
investigate the impact of aggregate movie reviews on box
office sales (considering only average product ratings but not
the review numbers of competing choice options) and find no
interactive effects of average product ratings and number of
reviews. Chen, Dhanasobhon, and Smith (2008) investigate the
impact of reviews on book sales and find that individual
reviews that have received high proportions of “helpful” votes
by other consumers are more impactful on sales relative to
other reviews, and that this effect is stronger for less popular
(vs. more popular) books. Finally, Khare, Labrecque, and
Asare (2011) find that ratings dispersion (i.e., the distribution
of individual ratings) has a differential impact on sales of negatively and positively rated products, but only when the products
have a large number of reviews. A wide ratings dispersion
increases evaluations of negatively rated products, whereas a
narrow dispersion increases evaluations of positively rated
products. Thus, previous literature provides some indication
that people might evaluate average product ratings differently
when choice options have a different number of reviews (and
vice versa), yet the precise nature of when such an interactive
effect occurs has not been explored.
To answer this question, we examine consumer choice
between multiple products that vary on average product ratings
and number of reviews but whose other attributes (e.g., price
points, brand recognition, functionality) are similar. This
enables us to investigate the relative diagnosticity of these two
attributes in consumer decisions and the conditions by which
these relative diagnosticities change. Furthermore, whereas
prior research has largely focused on preference of individual
choice options (for a notable exception, see Chintagunta, Gopinath, and Venkataraman 2010), in this research, we examine
the influence of average product ratings and number of reviews
on preferences and choices within a choice set.
Increasingly, retailers provide consumers with product
options within a choice set rather than individual options
(e.g., product search pages, “recommended for you” lists; for
examples, see Web Appendix W1); thus, consumers encounter
aggregate review information for multiple choice options
simultaneously. Within these choice sets, we specifically
examine the conditions by which consumers prefer higherrated choice options with fewer reviews over lower-rated

estimate of review display, as smaller retailers are less likely to have the
functionality for review acquisition. For the retailers in our sample that
chose to display review information, the average number of reviews was 390
(SD ¼ 1,241), and the median was 15 reviews for their most popular products.
For comparison, the average number of reviews of all products on Amazon is
88 (SD ¼ 64), and the median is 2.
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choice options with more reviews as a function of different
levels of average product ratings and review numbers.
For example, consider the following scenario. You are
searching online for a new blender and see two comparable
choice options that meet your specifications. While one choice
option has a higher rating but fewer reviews (e.g., 3.5 out of 5.0
based on 8 reviews), the other choice option has a lower rating
but more reviews (e.g., 3.2 out of 5.0 based on 64 reviews).
What is the relative diagnosticity of average product ratings
and number of reviews as a signal of product quality? Would
these diagnosticities—and ultimately, your decision—change
if the review numbers were instead 408 and 464, respectively?
What if the average product ratings were 4.5 and 4.2,
respectively?
Managerially, this is an important investigation, as the
choice sets in which consumers make trade-offs between product ratings and number of reviews are commonplace. For
example, imagine two products released in January and June,
respectively. The product released in January has had six additional months to accrue reviews, resulting in a higher number
of reviews but technology that is six months older, thus potentially yielding a lower-quality product relative to the product
released in June. Alternatively, consider a low-quality brand
that ran a brief steep price promotion. Because of the promotion, this low-quality option could have more reviews than its
high-quality competitors, which did not engage in a major price
promotion. As such, it is quite likely that consumers are faced
with a choice set, as described previously.
To demonstrate the prevalence of this trade-off scenario, we
analyzed over 2.5 million products across 24 product categories
and their corresponding choice sets using data collected from
Amazon (McAuley, Pandey, and Leskovec 2015). On average,
79% of the product choice sets in our sample featured at least
one other product that was superior in one of the review attributes but inferior in the other (for details of the data set and our
analyses, see Web Appendix W2). Thus, we argue that studying these types of consumer choices not only is interesting from
a theoretical standpoint but also has direct practical relevance,
as these are the decisions consumers face on a regular basis.
In the following sections, we develop our conceptual framework and the hypotheses to test it. We then test our hypotheses
in seven studies before concluding with the managerial and
theoretical implications of our findings and directions for
future research.

Conceptual Background
Diagnosticity of Attributes as Signals of Product Quality
Numerous studies have examined how consumers infer product
quality from multiple product attributes when making choices
(Kirmani and Rao 2000; Rao and Monroe 1988, 1989; Richardson, Dick, and Jain 1994; Slovic 1966; Slovic and Lichtenstein
1971). Slovic and Lichtenstein (1971) propose the concept of
attribute diagnosticity in the utilization of attributes in making
choices. They argue that the perceived diagnosticity of any
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attribute is a function of the degree to which it separates the
available choice options on perceived quality. More diagnostic
attributes take precedence over less diagnostic ones as inputs
into judgments. The accessibility–diagnosticity framework further argues that the interpretation of attributes for choice and
judgments is context-dependent rather than fixed (Feldman and
Lynch 1988; Lynch, Marmorstein, and Weigold 1988). It suggests that the same attribute can have a different perceived
diagnosticity depending on the context. For example, Lynch,
Marmorstein, and Weigold (1988) demonstrate that when attributes are easily recalled, they are used as inputs for choice, but
when the same attributes are difficult to recall, consumers rely
on overall evaluations of the choice rather than individual attributes. Thus, it is not the inherent diagnosticity of an attribute
that dictates its use in decisions but the perceived diagnosticity
of that attribute at the moment of choice.
Importantly, such perceived diagnosticity of one attribute
can be a function of the valence of the other attributes. For
example, Purohit and Srivastava (2001) demonstrate that manufacturer reputation is considered a highly diagnostic cue,
whereas warranty is not. As a result, whether warranty is used
in product evaluations depends on the valence of reputation:
when reputation is positive, a longer warranty improves quality
judgments; when reputation is negative, the length of warranty
does not affect judgments. Thus, the level of one attribute
affects the perceived diagnosticity of the other, leading to joint
effects of these attributes on consumer preferences.
Related work on attribute evaluability has further demonstrated that the levels of the same attribute of competing choice
options can similarly change the perceived diagnosticity of the
attribute and affect preferences (González-Vallejo and Moran
2001; Hsee 1996, 2000; Hsee et al. 1999; Hsee and Zhang
2010). Hsee (1996) asks participants to evaluate two dictionaries: one dictionary has 10,000 entries and is in perfect condition, while the other has 20,000 entries and a torn cover.
When evaluated independently, the former dictionary is preferred, but when evaluated jointly, preference for the latter
dictionary increases. In other words, when evaluated independently, the condition of the dictionary was more diagnostic, but
when evaluated jointly, the number of entries was more
diagnostic.
Taken together, this literature provides evidence that the
diagnosticity of attributes, as signals of product quality and
their influence on preference, is not fixed. Rather, consumers
often evaluate attributes depending on the values and availability of other attributes in the choice set. Next, we apply these
frameworks to consumers’ use of average product ratings and
the number of reviews in decision making.

Diagnosticity of Product Review Attributes
Consumer reviews on most sites include aggregate review
information (average product ratings and number of reviews)
and individual reviews that can include individual product ratings and (often) the textual content of each review. A large
body of work has focused on examining the influence of
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aggregate review information and has demonstrated considerable impact of average product ratings and number of reviews
on consumers’ online behavior (Chevalier and Mayzlin 2006;
Chintagunta, Gopinath, and Venkataraman 2010; Duan, Gu,
and Whinston 2008; Liu 2006). Yet, as previously mentioned,
the relative effects of these attributes are still debated (Floyd
et al. 2014; You, Vadakkepatt, and Joshi 2015). This ambiguity
has encouraged recent academic interest in how disaggregated
review information, such as the sentiment of individual
reviews, can improve our understanding of online consumer
behavior (Ludwig et al. 2013; Villarroel Ordenes et al. 2017).
This research demonstrates, for instance, that affective content
of individual reviews influences conversion rates above and
beyond the effects of aggregate review information; in addition, it demonstrates that aggregate review information (e.g.,
changes in the number of reviews) still has an impact on conversion rates (Ludwig et al. 2013).
This article complements these lines of research by aiming
to clarify when and how review attributes jointly affect consumers’ decisions. We argue that the relative diagnosticity of
the average product ratings and the number of reviews in consumer choices is not fixed and may depend on the value of each
attribute. We focus on the diagnosticity of the number of
reviews and average product ratings relative to each other (and
not relative to other attributes, such as textual content of
reviews) for several reasons. First, the accessibility–diagnosticity framework posits that attributes that are more easily accessible to consumers are more likely to be inputs into judgments
(Feldman and Lynch 1988). When evaluating products online,
consumers are likely to first examine the most accessible information. Individual reviews are less accessible than aggregate
review information, as the former are often placed at the bottom of a product’s page or on a separate page from other
product attributes. Second, attributes that are easier to evaluate
because they are comparable with each other are more likely to
be inputs into judgment (Hsee 1996; Markman and Medin
1995; Zhang and Markman 1998).
Prior work has demonstrated that comparisons between
different levels of alignable attributes (which would be the
case of two numerical attributes, such as average product
ratings and number of reviews) are easier to make than comparisons of nonalignable attributes (Cho, Khan, and Dhar
2013; Nowlis and Simonson 1997; Slovic and MacPhillamy
1974; Yeung and Soman 2005; Zhang and Markman 2001).
Relatedly, comparisons of quantitative attributes are easier to
make than comparisons of qualitative ones (Nowlis, Dhar, and
Simonson 2010), suggesting that aggregate review information expressed in a numerical way (average product ratings
and number of reviews) is more likely to influence consumer
judgments.

Relative Diagnosticity of Average Product Ratings and the
Number of Reviews
We propose that, for consumers, average product ratings act as
more evaluable signals of quality than the number of reviews.
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This happens because average product ratings are generally
bound by a scale with two endpoints (e.g., 1–5 stars), so consumers can easily compare the average product rating with the
scale endpoints to infer the level of absolute quality. By contrast, the number of reviews is presented on an unbound scale;
furthermore, while the minimum number of reviews a product
can possess is zero, the potential maximum is infinite. We
argue that having the number of reviews unbound, at least on
one end of the scale, can make the absolute number of the
reviews more difficult to interpret as a signal of quality and
can lower the perceived diagnosticity of this attribute in consumers’ judgments. Consistent with our proposition, recent
work has demonstrated that consumers believe that average
product rating is the strongest indicator of a product’s objective
quality, more so than other quality cues, such as product price
(De Langhe, Fernbach, and Lichtenstein 2015).
We build this argument drawing on numerical cognition
literature, which has investigated how changing the features
of numeric scales of a single attribute influences product evaluations (Bagchi and Li 2010; Monga and Bagchi 2011; Pandelaere, Briers, and Lembregts 2011; Schley, Lembregts, and
Peters 2017). This literature has found that numbers and calculations that are easier to process positively improve brand evaluations and product promotions (King and Janiszewski 2011).
This finding suggests that attribute values presented on easierto-evaluate bound scales would lead to greater influence on
consumer judgments (although this has not been tested directly
in prior work). In one recent study consistent with this view,
Chandon and Ordabayeva (2017) find that consumers make
better (i.e., more accurate) judgments when they are estimating
decreasing quantities of food (on a scale bound by two endpoints: zero and a maximum possible quantity) as opposed to
increasing quantities of food (on a scale bound by only one
endpoint, minimum possible quantity, and unbound by infinity
on the other). Prior work on evaluability discussed previously
(Hsee 1996) can also be viewed through the lens of bound and
unbound scales. The number of words in a dictionary is more
difficult to evaluate because it does not have a well-defined
endpoint, whereas the dictionary’s condition has implicit endpoints (e.g., “perfect” vs. “completely destroyed”). Thus, the
findings that the dictionary’s condition is easier to evaluate and
does not require an additional anchor (in the form of joint
evaluation), as compared with the number of words in the
dictionary, supports our view that attributes expressed on
bound scales are easier to evaluate and would be judged as
more diagnostic than attributes expressed on unbound scales.
Building on these literature streams, we propose that the
diagnosticity of average product ratings as a signal of product
quality is higher than that of the number of reviews. Furthermore, similar to prior work on attribute diagnosticity (Purohit
and Srivastava 2001), we argue that whether the number of
reviews is incorporated into decisions depends on the valence
of a more diagnostic cue (i.e., average product ratings). When
making a buying decision, consumers are motivated to avoid
choosing an inferior option to avoid postdecisional regret
(Tsiros and Mittal 2000; Zeelenberg and Pieters 2007). This
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anticipated regret from making an incorrect (i.e., suboptimal)
decision often drives consumers to engage in a more comprehensive assessment of the choice options (Bockenholt et al.
1991). Similarly, research on the negativity bias (Baumeister
et al. 2001; Ito et al. 1998; Rozin and Royzman 2001) suggests
that consumers attend to and elaborate more on information
about a judgment in the presence of negative information.
Thus, we argue that the diagnosticity of the number of reviews
is likely to increase when average product ratings contain negative information (e.g., negative or neutral average product
ratings) relative to when they contain positive information
(e.g., positive average product ratings).
How might consumers use the number of reviews in their
judgments under these conditions? We believe that the difference in the number of reviews between two choice options
would appear more diagnostic when the level of review numbers in a choice set is low relative to high. Holding the absolute
difference constant in the number of reviews between choice
options, the difference between the number of reviews would
appear relatively larger in choice sets with fewer (vs. more)
reviews. Prior work has demonstrated that people attend more
to relative differences than absolute differences in values (Thaler 1980; Tversky and Kahneman 1985). For example, people
are willing to exert more effort to save $5 on a $15 purchase
than on a $125 purchase. This happens because of a steeper
slope for smaller values and a shallower slope for larger values
of the utility function, as argued by the prospect theory (Kahneman and Tversky 1979; Tversky and Kahneman 1985). Thus,
the same absolute difference in numbers (e.g., 10) would loom
larger when the numbers being compared are low (e.g., 20 vs.
30) versus high (e.g., 200 vs. 210). Applying this sensitivity in
relative differences to the context of the number of reviews, we
would expect that, holding the absolute difference in the number of reviews between choice options constant, having a
choice set with a low (vs. high) level of reviews would increase
diagnosticity of the review numbers attribute.
The proposed change in perceived diagnosticity of the number of reviews (relative to average product ratings) has direct
implications for consumer preferences. In a choice set in which
one option has a higher rating but fewer reviews and another
option has a lower rating but more reviews, an increase in the
perceived diagnosticity of the number of reviews would lead to
a weaker preference for the higher-rated option. This occurs
because when the level of review numbers is low (vs. high), the
diagnosticity of the number of reviews increases, leading to
joint influence of average product ratings and the number of
reviews. As such, when the higher-rated choice option has
fewer reviews, it is perceived as superior on one quality attribute and inferior on another quality attribute, thus weakening
preference for it. However, this effect of a low level of review
numbers on preferences would be attenuated when the average
product ratings of both choice options are high, as most consumers will engage in less elaborative decision-making and
will be less likely to incorporate the number of reviews into
their decision.
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Formally, we propose that, given a choice set in which
consumers face a trade-off between average product ratings
and the number of reviews,
H1: Preference for a higher-rated choice option with fewer
reviews is weaker when the level of review numbers is low
(vs. high).
H2: The influence of the number of reviews on preference
for a higher-rated choice option with fewer reviews is attenuated when average product rating is positive (vs. neutral
or negative).
H3: Attribute diagnosticity of the number of reviews (relative to average product ratings) is the highest when the level
of review numbers is low (vs. high), and this increase in
diagnosticity influences preference between choice options.

Overview of Studies
We test our predictions in a series of seven studies. Study 1
demonstrates the systematic shift in preference between choice
options as a function of the level of review numbers, providing
support for H1. Study 2 generalizes this finding by using an
expanded choice set while also demonstrating the impact of the
number of reviews on choice and choice deferral. Study 3 then
tests H2 by examining the interaction of the level of the average
product ratings’ valence and the level of review numbers on
preference between options. Study 4 demonstrates that a large
ratings difference between choice options only increases diagnosticity of the average product ratings when the level of
review numbers is high versus low. Study 5 investigates how
the diagnosticity of average product ratings is increased when
one product rating rests at the scale boundary (e.g., 1.0, 5.0).
Finally, Studies 6 and 7 test H3’s assertion that the difference in
the diagnosticity of average product ratings and number of
reviews drives the effect of the level of review numbers on
preference, using an evaluative measure of attribute diagnosticity (self-reported attribute weights in Study 6) and an attention
measure of diagnosticity (eye tracking in Study 7).

Studies’ Paradigm
In every study, participants were asked to imagine that they
were considering the purchase of a new product and had narrowed their choice set to two comparable choice options (four
choice options in Study 2). Participants then saw both choice
options side by side, with information about the brand name,
price, average product rating, and the number of reviews for
each choice option presented beneath the product images (for
an example, see Web Appendix W3). In each choice set (except
for Study 2), choice option A always had a higher average
product rating with fewer reviews, and choice option B had a
lower average product rating with more reviews. Other product
attributes were not significantly different.
Specific values of average product ratings and the numbers
of reviews varied between studies and between choice sets
within the studies to extend the generalizability of our results
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(see Table 1). We chose the numbers of reviews by selecting
values at the lower and upper limits of the perceived average
number of reviews based on a pretest (N ¼ 182) in which we
had participants classify various numbers of reviews along a
continuum from 1 ¼ “Far fewer than average,” and 7 ¼ “Far
more than average.” In general, consumers found 74 reviews to
be about average, independent of any other information (e.g.,
product category, website).
After viewing each choice set, participants were asked to
indicate their relative preference between choice options on a
seven-point scale (1 ¼ “Strongly prefer option A,” and 7 ¼
“Strongly prefer option B”; except for Studies 2 and 6, in which
we used choice as a dependent measure). This measure
anchored preference for the higher-rated choice option with
fewer reviews at 1 and the lower-rated choice option with more
reviews at 7. As such, a higher number on this measure would
indicate a weaker preference for the higher-rated choice option
with fewer reviews. For a summary of results across studies,
see Table 2.

Study 1: Effect of the Level of Review
Numbers on Preference Between
Choice Options
The purpose of this study was to test the systematic shift in
preference as a function of the level of review numbers outlined in H1. We argue that preference for the higher-rated
options with fewer reviews is weaker when the level of review
numbers in a choice set is low relative to high or absent. To
test this assertion, we examine four increasing levels of
review numbers while keeping average product ratings constant across conditions. We also include a fifth condition in
which the number of reviews is absent from the information
provided to participants. This provides a condition in which
preference is based only on average product ratings; furthermore, by comparing this condition with the others, we can
conduct an initial test of the dynamic diagnosticity of the
review attributes (H3). Finally, to demonstrate the robustness
of this effect, we replicate it across five product categories in
which the brands, prices, average product ratings, and numbers of reviews all slightly vary for each product to avoid any
demand effects from specific values.

Participants and Design
We recruited 250 participants (Mage ¼ 31.35 years; 31%
female) from Amazon Mechanical Turk (MTurk) in exchange
for $.50 and randomly assigned them to one of five levels of
review numbers: low (8 vs. 64 reviews), moderate (72 vs. 128
reviews), moderately high (201 vs. 257 reviews), high (456 vs.
512 reviews), or control (i.e., the review numbers were absent),
in a between-subjects design. Within-subject, each participant
viewed five product choice sets.
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A
B

A
B

A
B

A
B

A
B

A
B
C
D

A
B
A
B
A
B
A
B
A
B

Option

—
—

—
—

.3 (.4)
.0 (.1)

—
—

—
—

—
—
—
—

—
—
—
—
—
—
—
—
—
—

(1.x)

—
—

—
—

—
—

—
—

.4
.1

—
—
—
—

—
—
—
—
—
—
—
—
—
—

(2.x)

.4
.1

—
—
—
—

—
—
—
—
—
—
—
—
—
—

(4.x)

.5
.2

.4
.1

—
—

—
—

—
—

(.9)
.7, (.6)

.8, .6, .4, .2 .8, .6, .4, .2
.6, .4, .2, .0 .6, .4, .2, .0

.4
.1

.2
.6
.8
.4

.5
.3
.4
.0
.5
.2
.4
.1
.7
.4

(3.x)

Average Product Ratings

—
—

—
—

.0
—

—
—

—
—

—
—
—
—

—
—
—
—
—
—
—
—
—
—

9
62

8
64

13
34

9
57

8
64

61
22
5
43

8
64
6
58
9
62
12
74
5
98

—
—

—
—

—
—

—
—

—
—

—
—
—
—

72
128
64
116
71
124
86
148
103
196

(5.x) Low Moderate

Reported Measures

—
—

—
—

—
—

—
—

—
—

—
—
—
—

201
257
180
232
195
248
234
296
299
392

443
496

408
464

313
334

409
457

408
464

361
322
305
343

456
512
412
464
443
496
530
592
691
784

—
—

—
—

—
—

—
—

—
—

N.A.
N.A.
N.A.
N.A.

N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.
N.A.

x

—

x

x

x

—

x

x

x

x

x

—

x

—

—

—

x

—

—

—

—

—

—

x

—

—

—

x

—

—

—

—

—

x

x

—

—

—

—

—

—

—

—

—

Moderately
Relative
Absolute Choice
Process
High
High Absent Preference Choice Deferral Measures

Review Numbers

Notes: For Study 4, all pairwise comparisons were used for average product ratings where A was greater than B, resulting in ten comparisons. For Study 5, numbers in parentheses were paired together in their
respective negative/positive conditions.

Study 7
Microwaves

Study 6
Blenders

Study 5
Hand mixers

Study 4
Earbud headphones

Study 3
Blenders

Study 2
Camping lamps

Lounge chairs

Speaker systems

Microwaves

Coffee makers

Study 1
Over-the-ear headphones

Product

Table 1. Design and Measures Summary.
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Table 2. Means Summary Across Studies.
Average Product Rating

Study 1 (n ¼ 250)
Study 2 (n ¼ 144)
Study 3 (n ¼ 433)
Study 4 (n ¼ 705)

Study 5 (n ¼ 410)

Study 6 (n ¼ 143)
Study 7 (n ¼ 92)

Level of Review Numbers

Valence

Difference

Low

Moderately Low

Moderately High

High

Absent

Neutral
Neutral
Negative
Neutral
Positive
Neutral
Positive
—
—
Negative
Negative (extreme)
Positive
Positive (extreme)
Neutral
Neutral

—
—
—
—
—
—
—
Small
Large
—
—
—
—
—
—

3.96
49
4.15
4.38
3.04
3.98
3.32
3.62
3.68
3.58
3.84
4.08
3.48
36
4.09

2.93
—
—
—
—
—
—
—
—
—
—
—
—
—
—

2.83
—
—
—
—
—
—
—
—
—
—
—
—
—
—

2.63
78
3.32
3.38
2.97
2.77
2.66
2.98
2.45
3.67
3.44
2.71
2.96
61
3.68

2.81
76
—
—
—
—
—
—
—
—
—
—
—
61
—

Notes: Studies 1, 3, 4, 5, and 7 use a relative preference measure (1 ¼ “Strongly prefer higher-rated, fewer reviews option,” and 7 ¼ “Strongly prefer lower-rated,
more reviews option”). Studies 2 and 6 use an absolute choice measure in which the number reported is participants’ percentage choosing the higher-rated option
with fewer reviews.

Choice Sets
For each of the five choice sets (headphones, microwaves, coffee
makers, speaker systems, and lounge chairs), participants viewed
two products that were nearly identical, with the exception of their
average product ratings and number of reviews (see Table 1).

Measure
After viewing each choice set, participants were instructed to
indicate their preference between the options on a seven-point
scale (1 ¼ “Strongly prefer option A” [the higher-rated option
with fewer reviews], and 7 ¼ “Strongly prefer option B” [the
lower-rated option with more reviews]). Thus, a higher score
on this scale indicated weaker preference for the higher-rated
option with fewer reviews.

.001). The interaction was not significant (p > .10). Because of
this, we collapsed across the product category factor to simplify
the reporting of results (see Figure 1), though the same directional pattern held for all products. In support of H1, planned
contrasts demonstrated that preference for the choice option
with a higher rating and fewer reviews was significantly
weaker in the low review numbers condition (Mlow ¼ 3.96)
compared with all other conditions (Mmoderate ¼ 2.93; t(246) ¼
4.74, p < .001; Mm-high ¼ 2.83; t(246) ¼ 5.12, p < .001;
Mhigh ¼ 2.63; t(246) ¼ 6.15, p < .001; Mcontrol ¼ 2.81; t(246) ¼
5.27, p < .001). Importantly, not displaying the number of
reviews led to no significant difference in preferences relative
to when the level of review numbers was high (Mhigh ¼ 2.63,
Mcontrol ¼ 2.81; p > .10). This is consistent with our prediction
that the number of reviews is less diagnostic and, therefore, less
likely to influence preferences relative to average product ratings when the level of review numbers is high (H3).

Results
A 5 (level of review numbers: low, moderate, moderately high,
high, control)  5 (product category: headphones, microwaves,
coffee makers, speaker systems, lounge chairs) repeatedmeasures analysis of variance (ANOVA) on preference yielded
significant main effects of the level of review numbers (F(4, 246)
¼ 11.45, p < .001) and product category3 (F(1, 246) ¼ 18.54, p <
3

We conducted paired sample t-tests to contrast the product categories.
Regardless of the level of review numbers, preference for the higher-rated
choice option with fewer reviews was marginally weaker for headphones (M
¼ 3.25) than that for coffee makers (M ¼ 2.96; t(250) ¼ 1.93, p ¼ .055) and
speaker systems (M ¼ 3.00; t(250) ¼ 1.71, p ¼ .088) and significantly weaker
than for chairs (M ¼ 2.56; t(250) ¼ 4.93, p < .001). Preference for the
higher-rated choice option with fewer reviews in the coffee makers choice
set was significantly stronger than that for microwaves (M ¼ 3.25; t(250) ¼
2.25, p ¼ .025) and chairs (t(250) ¼ 3.16, p ¼ .002). Preference for the

Discussion
Study 1 demonstrated that consumers’ preference for the option
with higher ratings and fewer reviews is weaker when the level
of review numbers is low versus high or absent, consistent with
H1. We replicated the effect in a follow-up consequential
higher-rated choice option with fewer reviews in the microwaves choice set
was significantly stronger than that for speaker systems (t(250) ¼ 2.00, p ¼ .047)
and chairs (t(250) ¼ 5.11, p < .001). Preference for the higher-rated choice
option with fewer reviews in the speaker systems choice set was
significantly stronger than that for chairs (t(250) ¼ 3.65, p < .001). Although
there were minor categorical differences between products, we urge the reader
to not read too far into this as it could merely be a function of the stimuli. The
important takeaway is that the same systematic shift in preference occurred
across the various product categories.
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Preference for Lower-Rated Option
with More Reviews
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Figure 1. Study 1 results: Preference across five levels of review
numbers.

choice study, in which participants were entered into a raffle to
receive their preferred product option (a blender). Using the
low and high levels of review numbers from the main study, we
observed the same shift in preference away from the higherrated option with fewer reviews as the level of review numbers
decreased (Mlow ¼ 4.68, Mhigh ¼ 3.08; F(1,104) ¼ 19.10, p <
.001), which is consistent with H1.
To test the robustness of this effect, we also examined several potential boundary conditions to the effect of number of
reviews on consumer preference (full descriptions of each
study are available in the Web Appendix). A large body of
work on numerosity (Burson, Larrick, and Lynch 2009; Lembregts and Pandelaere 2013; Pandelaere, Briers, and Lembregts
2011) makes a different prediction from the one we demonstrate in Study 1. This line of research shows that, in choice
options, keeping relative differences between attribute values
constant while expanding the scale in which the values are
presented (e.g., a warranty described in months vs. years)—
thus changing the absolute difference—causes differences
between attribute values to appear exaggerated on an expanded
scale (e.g., warranty described in months). By contrast, in
Study 1 we keep the absolute difference between choice
options constant while changing the relative difference
between attribute values by changing the scale. We believe that
both effects might exist in the context of product reviews, but it
is unclear a priori which has a stronger effect on consumer
judgment because prior work on numerosity has not studied its
effects in the context of multiple numerical attributes, as we do.
Indeed, in an additional study (Web Appendix W4), we compare the influence of an increase in relative difference between
choice options on the review numbers attribute (as in our main
studies) with an increase in an absolute difference between
choice options on the review numbers attribute (as

demonstrated by prior work). This study provides initial evidence that both effects exist at varying degrees of strength.
In another study (Web Appendix W5), we examine whether
aggregate review information would be equally diagnostic in
all product categories. Specifically, we examine products with
primarily aesthetic or taste value. Prior literature has suggested
that consumer responses to reviews differ as a function of the
consumer’s self-expression goals and whether a product is
being evaluated on the basis of taste versus quality (He and
Bond 2015; Rozenkrants, Wheeler, and Shiv 2017). Consistent
with this literature, in this study, we demonstrate that aggregate
review attributes are less diagnostic when consumers make
preferences on the basis of taste or self-expression concerns
(e.g., artwork).
Finally, in another study (Web Appendix W6), we examine
the role of single- versus joint-option evaluations (i.e., viewing option A and then viewing option B vs. viewing both
options simultaneously). Prior literature investigating this
aspect of choice has demonstrated that joint evaluation
increases the diagnosticity of difficult-to-evaluate attributes
(Hsee 1996) and attenuates the effects of numerosity (Schley,
Lembregts, and Peters 2017). In our research, this would suggest that diagnosticity of review numbers (a more-difficult-to
evaluate attribute) could be further attenuated under singleevaluation conditions. We test this proposition in Web
Appendix W6 and find that our effect holds for both joint and
single evaluations of choice options. Taken together, these
studies demonstrate robustness of the effect of number of
reviews on preferences.

Study 2: Replication Using an Expanded
Choice Set
Study 2 is designed to demonstrate that the effect of the level of
review numbers on preferences is robust for larger choice sets.
Importantly, it also examines whether the effect of the level of
review numbers has an impact on discrete option choice and
consumer likelihood to defer choice. Prior research has shown
that large choice sets increase the use of noncompensatory
decision strategies (Johnson and Meyer 1984; Payne 1976),
such that consumers are more likely to choose options that are
superior on one of the most important or easiest-to-differentiate
attributes rather than incorporating multiple attributes. In the
context of this research, we argue that when the level of review
numbers is low (vs. high), the diagnosticities of average product ratings and number of reviews are more similar. As such,
although consumers are more likely to use a noncompensatory
strategy in the multiple–choice option context, the likelihood of
consumers using the number of reviews as a diagnostic cue
increases. When the level of review numbers is high, most
consumers will use average product ratings as their primary
diagnostic cue, leading them to choose the highest-rated choice
option. In contrast, when the level of review numbers is low,
both attributes appear diagnostic, and consumers are less likely
to use average product ratings as their primary diagnostic cue,
leading to weaker preference for the highest-rated choice
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option. Thus, we expect a similar pattern of preferences to
emerge as we observed in Study 1, in which participants will
be less likely to choose the highest-rated option with the fewest
reviews when the level of review numbers is low relative to
high or absent, even when choosing from a choice set with
several options.
In addition, this study tests the effect of the level of review
numbers on choice deferral, to provide additional support for
H3. We argue that the relative diagnosticity of average product
ratings and the review numbers is more similar when the level
of review numbers is low (vs. high or absent). The need to
make trade-offs between attributes of similar importance
increases choice difficulty (Chatterjee and Heath 1996; Dhar
and Simonson 2003), which makes choice deferral more likely
(Tversky and Shafir 1992; Dhar and Nowlis 1999; Etkin and
Ghosh 2018). Thus, we expect the rate of choice deferral to be
the highest when the level of review numbers is low, where the
trade-off between the average product ratings and the review
numbers are more salient compared with the conditions where
level of review numbers is high or when the review numbers
are absent.

the amount of information provided?” on a seven-point scale (1
¼ “not enough information,” and 7 ¼ “too much information”).
A more difficult trade-off would require more information to
help participants make a decision; thus, participants in the condition with a low level of review numbers would be expected to
require more information relative to those in the other
conditions.

Participants and Design

Rate of choice deferral. A binary logistic regression in which we
dummy-coded the level of review numbers yielded an omnibus
effect of the level of review numbers (w2(2) ¼ 6.73, p ¼ .035).
When the level of review numbers was high (Phigh ¼ 53%;
w2(1) ¼ 4.30, p ¼ .038) or absent (Pcontrol ¼ 49%; w2(1) ¼
6.02, p ¼ .014) participants were significantly less likely to
defer choice relative to when the level of review numbers was
low (Plow ¼ 73%). There was no significant difference between
high and control conditions (p > .70). A higher rate of choice
deferral under the low level of review numbers is consistent
with prior work linking choice difficulty with choice deferral
(Dhar and Nowlis 1999; Etkin and Ghosh 2018; Tversky and
Shafir 1992). Consistent with our theorizing, when the level of
review numbers is low (relative to high or absent), the diagnosticity of the number of reviews increases (H3), creating a
more difficult choice involving the trade-offs, ultimately
increasing choice deferral.

We randomly assigned 144 undergraduate students (Mage ¼
20.91 years; 50% female) to one of three levels of review
numbers (low, high, control), in a between-subjects design.
In exchange for participating in the study, the students received
course credit.

Choice Set
Participants viewed a choice set of four camping lamps. The
options were nearly identical except for their average product
ratings and number of reviews. While one choice option had
the highest rating with the fewest reviews (3.8, 5 reviews),
another choice option had the lowest rating with the most
reviews (3.2, 61 reviews), and two choice options in the middle
were compromise choice options that were neither the highest
nor lowest on either attribute but were superior on one relative
to the other compromise choice option (3.4, 43 reviews vs. 3.6,
22 reviews) (see Table 1). We manipulated the level of review
numbers by either withholding the number of reviews in the
control condition or adding 300 reviews to the numbers
reported previously to generate the high level of review
numbers.
Measures. To capture preference among the four choice
options, we used a discrete choice measure of the highestrated choice option with the fewest reviews rather than the
relative preference measure used in the previous study. Next,
to assess the likelihood of choice deferral, we asked participants, “Are you more likely to purchase one of the available
options or defer purchase and look elsewhere?” and analyzed
this as a binary measure. Finally, to assess the need for more
information, participants were asked, “How would you classify

Results
Choice of the highest-rated option with the fewest reviews. A binary
logistic regression in which we dummy-coded the level of
review numbers yielded an omnibus effect of the level of
review numbers (w2(2) ¼ 10.84, p ¼ .004). Consistent with
H1, when the level of review numbers was low, participants
were significantly less likely to choose the highest-rated option
with the fewest reviews (Plow ¼ 49%) relative to when the level
of review numbers was high (Phigh ¼ 78%; w2(1) ¼ 7.09, p ¼
.004) or absent (Pcontrol ¼ 76%; w2(1) ¼ 8.24, p ¼ .008). There
was no significant difference in choice in the high and control
conditions (p > .80).

Need for additional information. A one-way ANOVA of the level
of review numbers on the need for additional information
yielded a marginal effect of the level of review numbers of
reviews (F(2,144) ¼ 2.98, p ¼ .054). Planned contrasts further
demonstrated that participants who encountered a high level of
review numbers indicated that they had significantly more
information than those who had encountered a low level of
review numbers (Mhigh ¼ 3.37, Mlow ¼ 2.73; t(144) ¼ 2.43,
p ¼ .016), which is consistent with our prediction. Participants
who did not see the review numbers were not significantly
different from those of the other groups (Mcontrol ¼ 3.00, p >
.15). Although we expected the low level of review numbers to
increase the need for additional information, we were surprised
to find that when the level of review numbers was absent,
participants felt no greater need for additional information than
when the level of review numbers was high. This result
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suggests that withholding the number of reviews from the list
of attributes would not have a negative impact on consumers’
perceptions of the amount of information they are provided
during a decision.

Study 3: Level of Review Numbers Effects at
Various Valences of Average Product Ratings
Study 3’s objective is to test H2. Using relatively neutral average product ratings (e.g., 3.0–3.8), our initial studies demonstrated that consumers are more likely to use both average
product ratings and the number of reviews in their choices
when the level of review numbers is low. H2 suggests that the
effect of the level of review numbers on consumer preferences
can be attenuated when consumers choose between positively
rated products. We argue that this occurs because positively
rated products can reduce consumers’ need to elaborate on
additional information, thereby increasing the diagnosticity of
average product ratings relative to the number of reviews. To
test this theory, in this study, we manipulate the valence of
average product ratings while holding the ratings difference
between options constant.

Participants and Design
We recruited 433 undergraduate students (Mage ¼ 20.28 years;
46% female) to participate in this study in exchange for course
credit. We then randomly assigned them to a condition in a 2
(level of review numbers: low, high)  3 (ratings valence
levels: negative, neutral, positive) between-subjects design.

Choice Set
Participants saw a choice set of two blenders. Choice options
were nearly identical with the exception of their average product ratings and the number of reviews (see Table 1). In the low
(high) level of review numbers condition, participants chose
between 8 (408) and 64 (464) reviews, respectively. We

Low level of review numbers
High level of review numbers
Preference for Lower-Rated Option
with More Reviews

Discussion. Study 2 provided additional evidence for the effect
of the level of review numbers by demonstrating that a low
level of review numbers shifts preference away from the
higher-rated choice options relative to a high level of review
numbers or no review numbers at all, which is consistent with
H1. We demonstrate this effect in the context of an expanded
choice set while also using a discrete choice measure (rather
than the relative preference measure used in Study 1). Furthermore, this study provided additional evidence in support of H3
by demonstrating that the choice deferral rate is highest when
the level of review numbers is low relative to high or absent. In
addition, the need for additional information was greatest when
the level of review numbers was low, suggesting that the tradeoff between average product ratings and the number of reviews
was most difficult because of the similarity in the diagnosticity
of the two attributes in this condition. This is, again, consistent
with H3.
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Figure 2. Study 3 results: Preference by average product ratings
valence and the level of review numbers.

manipulated ratings valence levels by changing the first digit
of the average product ratings for both choice options. Thus,
the negative condition presented consumers with 2.x choice
options, the neutral condition presented 3.x choice options, and
the positive condition presented 4.x choice options. After viewing the choice set, participants indicated relative preference on
the same seven-point scale used in Study 1.

Results
A 2 (level of review numbers: low, high)  3 (ratings valence
levels: negative, neutral, positive) ANOVA on preference yielded
main effects of the level of review numbers (F(1, 427) ¼ 17.26,
p < .001) and the ratings valence level (F(2, 427) ¼ 12.68, p <
.001), qualified by the predicted interaction (F(2, 427) ¼ 3.58,
p ¼ .029, see Figure 2). Replicating prior studies, in the neutral
ratings valence level conditions, preference for the higher-rated
option with fewer reviews was weaker when the level of review
numbers was low versus high (Mlow ¼ 4.38, Mhigh ¼ 3.38; F(1,
427) ¼ 14.28, p < .001). As we predicted in H1, a similar effect
was present in the negative ratings valence condition (Mlow ¼
4.15, Mhigh ¼ 3.32; F(1, 427) ¼ 9.77, p ¼ .002). Furthermore, as
we predicted in H2, when the ratings valence level was positive,
the effect of the level of review numbers on preference was
attenuated (Mlow ¼ 3.04, Mhigh ¼ 2.97; F(1, 427) ¼ .07, p > .75).
As we expected, the effect of the level of review numbers on
preference was attenuated when the more diagnostic cue (i.e.,
average product ratings) was positive.

Discussion
This study provided support for H2 by demonstrating that the
effect of the level of review numbers on preference between
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choice options is attenuated when the choice set features only
positive average product ratings. Furthermore, consistent with
H1, when consumers encountered non-positive product ratings,
preference between choice options was affected by the level of
review numbers, thus replicating the results of Studies 1 and 2.
Study 3 demonstrated the moderating role of average product ratings valences, but we also investigated several other
potential moderators, reported fully in the Web Appendix. In
one study (Web Appendix W7), we examine whether more
disaggregated information (i.e., ratings distributions that display individual product ratings) moderates the effect of the
level of review numbers on preference. Some literature investigating the role of a ratings distribution has demonstrated a
significant effect of skew on product evaluations (Fisher et al.
2018; Khare, Labrecque, and Asare 2011). This work largely
differs from ours in that it explores only single-option choice
sets. In the context of multi-option choice sets, we argue that it
is more difficult to compare and interpret different ratings distributions relative to the aggregate review attributes (i.e., average product ratings and review volumes). This is because the
ratings distribution is a more complex-to-process attribute with
several values, one for each rating. Thus, we argue and demonstrate that adding a ratings distribution to a multi-option choice
sets does not change the effect of the level of review numbers
on consumer preferences. We tested this effect using several
different distributions (e.g., positively, negatively, and evenskewed), and our findings were robust.
In another study (Web Appendix W8), we examined
whether a popularity cue can attenuate the effect of the level
of review numbers on preferences. Prior research has suggested
that higher review numbers can signal greater popularity,
which in turn increases their trustworthiness (Chen, Wu, and
Yoon 2004; Zhu and Zhang 2010). If the review numbers are
perceived solely as a signal of product popularity, their effect
should be attenuated in the presence of an alternative popularity cue. In this study, we test the effect of labeling one of the
choice options as a “Best Seller” and demonstrate that this does
not attenuate the effect of the level of review numbers.
Furthermore, in the study reported in Web Appendix W9,
we tested credible reviews as another moderator. Some may
argue that low review numbers contain more risk relative to
high review numbers because of a higher likelihood of fraudulent reviews affecting average product ratings (Luca and Zervas 2016; Mayzlin, Dover, and Chevalier 2014). Thus, one
might conclude that if consumers could be certain of the veracity of reviews for the higher-rated choice option with fewer
reviews, the effect of the level of review numbers may be
attenuated. We test this proposition by labeling the higherrated option with fewer reviews as “Consumer Reports
Verified” and demonstrate again that this label does not attenuate the effect of the level of review numbers.
Finally, in studies reported in Web Appendices W10 and
W11, we tested whether the influence of the level of review
numbers can be attenuated by providing consumers with a
justification of why a product in a choice set might have fewer
reviews (for reasons unrelated to product quality). In Web
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Appendix W10, we examine the role of production years of
the goods. One reason that some products have more reviews
than others is simply because they have been on the market
longer. While this may be a positive signal for some products,
for tech products, this signals outdated technology. However,
we argue that the effect of review numbers is so strong, it leads
consumers to discount the inferiority of older technology if the
product has more reviews. We demonstrate that consumers are
more apt to choose older products with more reviews (e.g., a
2013 DVD player, Galaxy S6) relative to newer products with
fewer reviews (e.g., a 2015 DVD player, Galaxy S7) when the
level of review numbers is low versus high. As such, it is quite
likely that review numbers may bias consumers’ decisions,
leading to suboptimal outcomes.
Following the same logic as in the prior study, in Web
Appendix W11, we examine the role of a “new arrival” label
on the effect of the level of review numbers. Because new
products have been on the market for a shorter period than
other products, their fewer reviews should be justified. In theory, consumers should be more accepting of “new arrivals”
with low review numbers relative to options that do not feature
this label, as their low review number may not be justified.
However, it is difficult to quantify the diagnostic value of a
“new arrival” label and arrive at a proper discount rate for the
review numbers relative to simply comparing the review numbers of competing products. As such, we theorize and demonstrate that the effect of the level of review numbers persists in
the presence of a “new arrival” label. The studies presented in
Web Appendices W7–W11 address several potential moderators identified in prior work, thus demonstrating that the interactive effect of the number of reviews and average product
ratings does not appear to be affected by these factors.

Study 4: Ratings Valence Level and Level of
Review Numbers Effects Across Small and
Large Differences in Ratings
Study 4 accomplishes two goals. First, it provides an additional
test of H1 and H2 by examining the effect of the level of review
numbers at different valences of average product ratings. We
expect to replicate the findings of Study 3, in which the effect
of a low level of review numbers is attenuated when average
product ratings are positive. Second, it investigates the role of
the magnitude of difference between average product ratings in
the joint influence of review numbers and ratings valence on
preference.4 Building on prior work that argues that the difference in attribute values between choice options can increase the
salience of this attribute in decision making (Monroe 1971;
Ross and Creyer 1992; Thaler 1980), we would expect that
an increase in magnitude of difference between average product ratings of the options in the choice set would increase
preference for the higher-rated product. However, consistent
with H3, we believe this effect will be more pronounced when
4
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the diagnosticity of average product ratings is high. Thus, an
increase in the difference between average product ratings in
the choice set is more salient to consumers when both the level
of review numbers and the diagnosticity of average product
ratings are high than when the number of reviews is low and
consumers place relatively less weight on the average product
ratings. Examining the influence of the magnitude of a ratings
difference between choice options at different levels of review
numbers provides another test of H3.
In our prior studies, we used relatively small differences
between average product ratings (e.g., .2–.4); in this study,
we expand the magnitude of difference to include .6 and .8.
Specifically, we created choice sets with differences between
choice options of magnitude of .2 (e.g., 3.8 vs. 3.6), .4 (e.g., 3.8
vs. 3.4), .6 (e.g., 3.8 vs. 3.2), and .8 (e.g., 3.8 vs. 3.0). We did so
across two different valences of average product ratings: neutral and positive (e.g., 3.x or 4.x). This resulted in a necessarily
unbalanced design because there are more differences of .2
within a level than .8; however, because there was no significant difference in effect within a given distance (for example, a
difference of 4.2 and 4.4 led to similar preference as a choice
set that had 4.4 and 4.6), we collapsed across those cells for the
analysis. Thus, we collapsed across all small difference (.2–.4)
and large difference (.6–.8) conditions to generalize our findings across relatively small and large differences in average
product ratings.5

Participants and Design
We recruited 705 people from MTurk (Mage ¼ 35.61 years;
47% female) to participate in the study in exchange for $.50.
We randomly assigned them to a condition in a 2 (level of
review numbers: low, high)  2 (ratings valence levels: neutral,
positive)  2 (ratings difference size: small, large) betweensubjects design.

Choice Set
Participants saw a choice set of two headphones. Choice
options were nearly identical except for their average product
ratings and number of reviews, as described previously (see
Table 1). Relative preference was measured on the same
seven-point scale as in Studies 1 and 3.

Results
A 2 (level of review numbers: low, high)  2 (ratings valence
levels: neutral, positive)  2 (ratings difference size: small,
large) ANOVA on preference yielded significant main effects
of the level of review numbers (F(1, 697) ¼ 40.66, p < .001) and
ratings valence levels (F(1, 697) ¼ 6.70, p ¼ .01), qualified by
the interaction of the level of review numbers and ratings
5

Additional results of extensive exploration of various levels of rating
dispersion and the level of review numbers are available from the authors on
request.
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difference size (F(1, 697) ¼ 4.12, p ¼ .043) and a marginal
interaction of the level of review numbers and ratings valence
levels (F(1, 697) ¼ 3.47, p ¼ .063). The main effect of the level
of review numbers demonstrated that preference for the higherrated option with fewer reviews was greater when the level of
review numbers was high (Mlow ¼ 3.63, Mhigh ¼ 2.82), which
is consistent with prior studies. The main effect of valence
demonstrated that preference for the higher-rated option with
fewer reviews was greater when valence was positive relative
to neutral (Mneutral ¼ 3.37, Mpositive ¼ 3.08), consistent with
Study 3.
In line with our expectations, the level of review numbers by
ratings difference size interaction indicated that the effect of
the ratings difference size on consumer preferences depended
on the level of review numbers (see Figure 3, Panel A). When
the level of review numbers was low, consumers were less
sensitive to the ratings difference size between options (Msmall
¼ 3.62, Mlarge ¼ 3.68; p > .85), suggesting that any ratings
difference was considered a trade-off with the number of
reviews. This is consistent with H3, which proposes an increase
in relative diagnosticity of the number of reviews when the
level of the review numbers is low. By contrast, when the level
of the review numbers was high, participants were more sensitive to the ratings difference size between options, thus
increasing preference for the higher-rated choice option when
the ratings difference size was large versus small (Mlarge ¼
2.45, Msmall ¼ 2.98; F(1, 701) ¼ 6.72, p ¼ .01). This finding is
also consistent with H3, which proposes that the relative diagnosticity of average product ratings is greater when the level of
review numbers is high (vs. low), thus increasing sensitivity to
any difference in average product ratings.
The ratings valence levels by level of review numbers is
consistent with the findings of Study 3 (see Figure 3, Panel
B). Although a low level of review numbers decreased preference for the higher-rated choice option with fewer reviews, the
magnitude of this effect was larger in the neutral condition
relative to the positive valence condition, consistent with H2
(neutral valence: Mlow ¼ 3.98, Mhigh ¼ 2.77; F(1, 701) ¼ 37.74,
p < .001; positive valence: M low ¼ 3.32, M high ¼ 2.66;
F(1, 701) ¼ 19.61, p ¼ .012). Note that the positive valence
attenuated, rather than completely eliminated, the effect of the
level of review numbers on preference (as we found in Study 3).
While this nominal difference could be a result of the specific
stimuli used for each study, both studies demonstrate an attenuation of the influence of the level of review numbers, which is
consistent with our prediction, albeit to varying strengths.

Discussion
Study 4 replicates the findings in Study 3 by demonstrating that
positive valences attenuate the influence of the level of review
numbers on consumer decisions, thus providing additional support for H2. Importantly, it also tests how the size of the difference in average product ratings between choice options
changes consumer preference at different levels of review numbers. Consistent with the change in diagnosticity of attributes
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Figure 3. Study 4 results.

outlined in H3, our results demonstrate that the ratings difference size is more important to consumers when the level of
review numbers is high (vs. low). This happens because under
these conditions, the diagnosticity of the number of reviews is
low (relative to the diagnosticity of average product ratings).
By contrast, consumers are less sensitive to the ratings difference size between choice options when the diagnosticity of the
number of reviews increases (e.g., when the level of review
numbers is low). This finding underscores the robustness of the
effect of the level of review numbers on consumer choices.

Study 5: Level of Review Numbers Effects at
Ratings Scale Boundaries
Study 5’s objective is to provide additional tests of H1 and H2
by examining whether the influence of average product ratings’
valence is enhanced at ratings scale boundaries. As we argued
previously, ratings scales have defined boundaries (e.g., 1.0–
5.0). Relative to unbound scales, bound scales make for easier
comparisons of values, thus increasing the diagnosticity of
average product ratings.
In this study, we investigate whether the ratings that exist at
the endpoints of the scale increase the diagnostics of average
product ratings relative to when ratings do not exist at the
endpoints. We build this proposition on work by Isaac and
Schindler (2013), which demonstrates that consumers often
form mental boundaries of ranked lists around the numbers
that end in zeroes (e.g., “top 10,” “top 100”). Even if a list has
more than 10 options, consumers will evaluate those within
and outside of the top 10 differently. Because grouping options
in this way affects the types of comparisons people make, as
well as their final choices (Brenner, Rottenstreich, and Sood
1999), the 10th option is perceived significantly more differently than adjacent options. Isaac and Schindler (2013) demonstrate this effect in the context of student rankings. Imagine
students in a classroom who are ranked on performance. The
11th-ranked student is perceived to be significantly worse than
the 10th-ranked student; however, there is no difference in
evaluation of the 11th- and 12th-ranked students. The “top
10” effect could be explained within the confines of prospect
theory (Tversky and Kahneman 1992), in which losses are
shown to loom larger (i.e., be more important) than gains.
Thus, if consumers’ point of reference is the top 10, 10th place
would meet their standard, while 11th place would be considered a significant loss. However, if the consumers are evaluating 11th and 12th places, both fall below their reference point
of the top 10, thus diminishing sensitivity to the loss on this
attribute and leading to attenuation of the importance of their
rankings.
Similarly, in the context of our research, we expect that
when the rating of one product in a choice set lies at the
boundary (i.e., has a rating of 1.0 or 5.0), the diagnosticity of
average product ratings increases, thus attenuating the influence of the number of reviews. For example, in a choice set
featuring ratings of 5.0 versus 4.7, consumers will be more
influenced by the ratings rather than by the number of reviews
relative to when they view a choice set featuring 4.9 versus 4.6.
While one might expect the same effect to occur at the
negative boundary of the scale, the effect is likely to be smaller
(i.e., consistent with the Prospect Theory), such that a loss
relative to the reference point of 5.0 is more significant than
an equivalent gain relative to the reference point of 1.0.
Although consumers are unlikely to choose between options
with extremely negative ratings, this study extends the examination of review volume effects to the extreme negative
boundary of the ratings scale to provide complete analysis of
all possible levels of product ratings.
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Participants and Design

Choice Set
Participants saw a choice set of two hand mixers. Choice
options were nearly identical except for their average product
ratings and number of reviews (see Table 1). We manipulated
valence and scale boundary by the specific values used for
average product ratings. The negative valence conditions were
1.3 versus 1.0 (boundary included) and 1.4 versus 1.1 (boundary not included). The positive valence conditions were 5.0
versus 4.7 (boundary included) and 4.9 versus 4.6 (boundary
not included).

Measure
After viewing the choice options, participants indicated relative
preference on the same seven-point scale used in previous
studies.

Results
Relative preference between choice options. A 2 (level of review
numbers)  2 (average product ratings valence)  2 (scale
boundary inclusion) ANOVA on relative preference between
options yielded a significant main effect of valence (F(1, 404) ¼
3.98, p ¼ .047), a marginal main effect of the level of review
numbers (F(1, 404) ¼ 3.12, p ¼ .078), and an interaction between
the level of the review numbers and scale boundary inclusion
(F(1, 404) ¼ 4.47, p ¼ .035), qualified by the three-way interaction (F(1, 404) ¼ 12.98, p < .001). To explain the relationship
between these factors, we examine the two-way interactions
between the level of review numbers and scale boundary inclusion at the negative and positive ends of the rating scale (see
Figure 4).
At the positive end of the scale (4.6–5.0), a 2 (level of
review numbers)  2 (scale boundary inclusion) ANOVA on
preference yielded a marginal effect of the level of review
numbers (F(1, 202) ¼ 2.84, p ¼ .093) qualified by a significant
interaction of the level of review numbers and scale boundary
inclusion (F(1, 202) ¼ 13.98, p < .001). When the scale boundary is not included (i.e., 4.9 vs. 4.6), a low level of review
numbers weakens preference for the higher-rated option with
fewer reviews (Mlow ¼ 4.08, Mhigh ¼ 2.71; F(1, 202) ¼ 14.86,
p < .001), which is consistent with the results of our prior
studies. By contrast, when the scale boundary is included (i.e.,
5.0 vs. 4.7), the effect of the level of review numbers is attenuated (Mlow ¼ 3.48, Mhigh ¼ 2.96; F(1, 202) ¼ 2.09, p ¼ .15).
Consistent with Isaac and Schindler’s (2013) findings, this suggests that when products have perfect ratings (5.0), the ratings

7
Low level of review numbers
High level of review numbers
Preference for Lower-Rated Option
with More Reviews

We recruited 410 people from MTurk (Mage ¼ 37.88 years;
51% female) to participate in the study in exchange for $.50.
They were randomly assigned to a condition in a 2 (level of
review numbers: low, high)  2 (ratings valence level: negative, positive)  2 (scale boundary included: no, yes) betweensubjects design.

6

5

4

3

2

1
1.3 vs. 1.0

1.4 vs. 1.1

4.9 vs. 4.6

5.0 vs. 4.7

Figure 4. Study 5 results: Preference by ratings valence, level of
review numbers, and scale boundary inclusion.

become significantly more influential in the decision process
relative to when products have near-perfect ratings (4.9).
At the negative end of the scale (1.0–1.4), a 2 (level of
review numbers)  2 (scale boundary inclusion) ANOVA on
preference yielded no significant effects (p > .20). Across all
negative conditions, preference averaged 3.64, where four
would indicate no preference between options. We did not
predict this effect a priori, and we discuss it next.
Discussion. This study demonstrated that the effect of the level
of review numbers is attenuated when the diagnosticity of
average product ratings is high as a result of the inclusion of
the rating scale boundary in the positive-valence choice set.
This finding provides additional support to H2. Furthermore,
an interesting asymmetric valence effect emerged, such that, at
the negative end of the scale, the effect of the level of review
numbers was attenuated regardless of whether the scale boundary was included. This could be a function of consumers choosing between two unattractive options (Dhar and Sherman
1996), which is known to increase difficulty of making a choice
and likelihood of choice deferral. To further explore this point,
in a follow-up study we compared the effect of the level of
review numbers across very negative ratings (1.3 vs. 1.0) and
somewhat negative ratings (2.4 vs. 2.1). Replicating the findings in Study 5, we found no effect of the level of review
numbers in the very negative condition (Mlow ¼ 3.51, Mhigh
¼ 3.14; F(1, 83) ¼ 1.13, p ¼ .29). Yet, consistent with our
findings in Study 3, we replicated the effect of the level of
review numbers in the somewhat negative condition (Mlow ¼
3.89, Mhigh ¼ 3.16; F(1, 85) ¼ 3.75, p ¼ .056). Furthermore,
consistent with the view that choosing between two extremely
unattractive options increases choice difficulty, potentially
leading to the random choice between low-valence options in
the main study, the rate of choice deferral was significantly
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higher in the very negative condition (45.9%) as compared with
the somewhat negative condition (21.8%; w2(1) ¼ 10.93, p ¼
.001). This finding suggests that consumer decision processes
differ in the context of extremely negative and somewhat negative choice sets.

Study 6: Measuring the Difference in
Diagnosticity of Average Product Ratings
and the Number of Reviews Through
Self-Reporting
Having established the robust effect of the level of review
numbers on consumer decisions, we next shift our focus to
directly measuring the relative diagnosticity of the average
product ratings and number of reviews. H3 suggests that the
preference between choice options is driven by the difference
in diagnosticity of average product ratings and the number of
reviews. When the level of review numbers is low (vs. high),
the diagnosticity of the number of reviews increases relative to
the diagnosticity of average product ratings. To test this proposition directly, in this study we ask participants how important each attribute was to their decision and compute the
difference between the importance of average product ratings
and the number of reviews to demonstrate the changing diagnosticity of these attributes between conditions.

Participants and Design
We recruited 183 people from MTurk to participate in this
study in exchange for $.50. We randomly assigned them to a
condition with one of three levels of review numbers (low,
high, control) in a between-subjects design.

Choice Set
Participants saw a choice set of two blenders. Choice options
were nearly identical except for their average product ratings
and number of reviews, as described previously (see Table 1).
Similar to Study 2, we used discrete choice as our dependent
measure. However, this time we integrated the choice and
deferral measures into one, so participants were told that they
could choose option A or option B; alternatively, they could
“defer purchase and look elsewhere,” as this more closely mirrors the consumer decision process. Unlike in our other studies,
to test H3, we then asked participants to “indicate the importance of each attribute in making your decision” for the five
attributes (image, brand, price, average product rating, and
review volume) on seven-point scales (1 ¼ “not at all
important,” and 7 ¼ “extremely important”). As we expected,
there were no significant differences across conditions of the
perceived diagnosticity of product image, brand, or price (p >
.10) because they were relatively comparable across products.
Next, we computed a difference score of the review attribute
diagnosticities (diagnosticity of average product ratings minus
the diagnosticity of the number of reviews) to demonstrate the
changing diagnosticities of the review attributes as a function
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of the level of review numbers. Thus, a positive score indicates
that average product ratings are more diagnostic than the number of reviews and vice versa. As the difference score
approaches zero, this indicates that consumers would equally
weigh average product ratings and the number of reviews in
their decisions.

Results
Choice of the higher-rated option with fewer reviews. Examining
only participants who chose one of the two product options (N
¼ 153), a binary logistic regression in which we dummy coded
our level of review numbers yielded an omnibus effect of the
level of review numbers (w2(2) ¼ 15.07, p ¼ .001). Consistent
with our prior studies, when the level of review numbers was
high (Phigh ¼ 71%; w2(1) ¼ 11.40, p ¼ .001) or absent (Pcontrol
¼ 71%; w2(1) ¼ 11.83, p ¼ .001) participants were significantly more likely to choose the higher-rated option with fewer
reviews relative to when the level of review numbers was low
(Plow ¼ 36%). There was no significant difference in the high
and control conditions (p > .95).
Rate of choice deferral. A binary logistic regression in which we
dummy coded our level of review number yielded an omnibus
effect of the level of review numbers (w2(2) ¼ 9.42, p ¼ .009).
When the level of review numbers was high (Phigh ¼ 13%;
w2(1) ¼ 4.64, p ¼ .031) or absent (Pcontrol ¼ 8%; w2(1) ¼
7.60, p ¼ .006), participants were significantly less likely to
defer choice relative to when the level of review numbers was
low (Plow ¼ 29%), replicating results of Study 3. There was no
significant difference in choice deferral between the high and
control conditions, consistent with our prior studies (p > .40).
Difference in diagnosticity of review attributes. A one-way (level of
review numbers: low, high, control) ANOVA on the difference
in diagnosticity of average product ratings and the number of
reviews yielded a marginal omnibus effect (F(2, 150) ¼ 4.59, p ¼
.061). Consistent with H3, the difference in perceived diagnosticity between the review attributes is smaller when the level of
review numbers was low (Mlow ¼ .26) relative to high (Mhigh ¼
.85; t(150) ¼ 2.28, p ¼ .024) or absent (Mabsent ¼ .75; t(150) ¼
1.89, p ¼ .061). There was no significant difference between
the absent and high level of review numbers (p > .65). In other
words, average product ratings are considered significantly
more diagnostic than the number of reviews when the level
of review numbers is absent or high, relative to when the level
of review numbers is low (i.e., when the two attributes are more
equally diagnostic).
Preference mediation through the difference in diagnosticity of
review attributes. We used mediation analysis (Model 4;
Preacher, Rucker, and Hayes 2007) to demonstrate that the
effect of the level of review numbers (low vs. high) on consumer preference is driven by the difference in the diagnosticity of average product ratings and number of reviews. As we
expected, the model demonstrated that the effect of the level of
review numbers on consumer preference was mediated through
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the difference in perceived diagnosticity of average product
ratings and the number of reviews (B ¼ .49; CI 95% ¼
[1.22, .10]).
Discussion. This study provided support for H3 by demonstrating
that the effect of the level of review numbers on choice option
preference was driven by the difference in diagnosticity of
average product ratings and number of reviews: as the diagnosticity of the number of reviews increases (i.e., when the
level of review numbers is low), the preference shifts away
from the higher-rated option with fewer reviews toward the
lower-rated option with more reviews. We further showed,
consistent with H3, that average product ratings are considered more diagnostic than the number of reviews, but this
difference in diagnosticity is attenuated when the level of
review numbers is low. Finally, we demonstrated that as the
diagnosticity of average product ratings and the number of
reviews become more equal, choice deferral increases, which
is consistent with the findings of Study 2 and prior work
demonstrating the link between trade-off difficulty and choice
deferral (Dhar and Nowlis 1999; Etkin and Ghosh 2018;
Tversky and Shafir 1992).

Study 7: Measuring the Difference in
Diagnosticity of Average Product Ratings and
Number of Reviews Through Eye Tracking
The objective of Study 7 was to further test H3 by demonstrating how the level of review numbers differentially affects consumers’ attention to average product ratings and the number of
reviews. An information uptake measure, such as eye movement, has been validated to provide insight into cognitive processes underlying choice (Ashby et al. 2016; Orquin and Loose
2013). Specifically, research has shown that attention is often
top-down driven and decision makers are more likely to attend
to stimuli with higher task relevance (Orquin and Loose 2013).
Thus, in this study we capture consumer attention (measured
with eye tracking) to provide further evidence for the differential diagnosticity of average product ratings and the number
of reviews in consumer decisions.
We have argued that consumers infer different diagnostic
values of average product ratings and number of reviews as a
function of the level of the review numbers (H3). Specifically,
in choice sets with neutral and low average product ratings,
when consumers see that the number of reviews is low, it
signals to them that average product ratings may not be as
diagnostic of product quality as when the number of reviews
is high or when no review number information is displayed.
Therefore, in terms of consumers’ attention, when examining
review attributes, we would expect that consumers would be
more likely to reexamine average product ratings after viewing
a low (vs. high) number of reviews. This happens because the
diagnosticity of the number of reviews increases under these
conditions (H3), leading consumers to reappraise the diagnosticity of the average product ratings in light of the information
garnered from the number of reviews.
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To test this argument, we use eye-tracking measurements to
determine not only gaze times (i.e., time spent looking at) for
each attribute but also the sequence of fixations (i.e., order
looked at) for all attributes to determine whether consumers
are more likely to reexamine average product ratings after
viewing low versus high levels of review numbers.

Participants and Design
Ninety-two undergraduate students participated in the study in
exchange for course credit. They were randomly assigned to
conditions with one of two levels of review numbers (low,
high) in a between-subjects design. Participants were randomly
selected two at a time from a larger sample of research participants to participate in the eye-tracking study. After engaging
in a short eye-tracking calibration task, participants followed a
similar paradigm to prior studies.

Choice Set
Participants saw a choice set of two microwave ovens. Choice
options were nearly identical except for their average product
ratings and number of reviews as described previously (see
Table 1). Relative preference between choice options was measured on the same seven-point scale as in our previous studies.

Additional Measures
We defined areas of interest as parts of the screen where corresponding product attributes were displayed and measured the
number of eye fixations and gaze times for each attribute.
Fixations refer to the frequency with which participants would
look at a given attribute, and gaze times refer to the amount of
time participants spent looking at the specific attributes. As we
expected, there were no significant differences across conditions for fixations or gaze times of product images, brand
names, prices, or highlighted information (p > .10); thus, we
do not discuss these further.

Results
Relative preference between choice options. A one-way (level of
review numbers: low, high) ANOVA on preference yielded a
significant effect (F(1, 90) ¼ 10.32, p ¼ .002). Consistent with
prior studies, preference for the higher-rated option with fewer
reviews was weaker when the level of review numbers was low
(Mlow ¼ 4.89) versus high (Mhigh ¼ 3.68).
Transition matrices. To provide further support for this process,
we also derive transition matrices from the eye-tracking data.
Doing so enables us to demonstrate the probabilities of participants transitioning their attention from one attribute to the
next. As we discussed previously, we argue that a low level
(relative to a high level) of review numbers increases the diagnosticity of the number of reviews, and this causes consumers
to reevaluate average product ratings. To demonstrate this, we
assessed the differential probabilities of participants shifting
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Table 3. Study 7: Eye-Tracking Attribute Transition Matrices by Level of Review Numbers.
To Image To Brand and Price To Rating
A: Low Level of Reviews
From image
From brand and price
From rating
From volume
From additional information
B: High Level of Reviews
From image
From brand and price
From rating
From volume
From additional info

To Number of Reviews To Additional Information To End

68.23%
8.94%
3.50%
2.65%
9.66%

14.47%
72.81%
10.07%
3.41%
1.87%

4.51%
12.23%
62.58%
24.24%
1.71%

2.26%
2.37%
19.69%
49.62%
2.80%

6.02%
2.92%
3.72%
18.94%
82.09%

4.51%
0.73%
0.44%
1.14%
1.87%

71.74%
9.35%
4.26%
4.69%
8.20%

12.89%
73.28%
9.31%
2.17%
1.64%

3.64%
12.02%
64.10%
13.36%
1.37%

2.15%
1.53%
14.63%
60.65%
4.37%

6.12%
2.48%
6.12%
17.33%
83.47%

3.47%
1.34%
1.60%
1.81%
.96%

their attention from the number of reviews to average product
ratings as a function of the level of review numbers (for the
complete transition matrices, see Table 3). Consistent with our
theory, participants were significantly more likely to return
their attention to the average product ratings after viewing the
number of reviews when the level of review numbers was
low relative to high (Plow ¼ .24, Phigh ¼ .13; z ¼ 3.25, p <
.01). This suggests that participants were nearly twice as
likely to return their attention to average product ratings
when the level of review numbers was low versus high.
Importantly, the transition proportions from the number of
reviews to all other attributes were not significantly different across conditions (p > .10).
Difference in fixation counts for the review attributes. Because our
variable of interest is the difference in attention paid to average
product ratings and the number of reviews, we calculated the
difference in fixations between average product ratings and the
number of reviews. A one-way (level of review numbers: low,
high) ANOVA on the difference in fixation counts yielded a
significant effect (F(1, 90) ¼ 7.05, p ¼ .009). As we expected,
the difference in fixations between average product ratings and
the number of reviews was greater when the level of review
numbers was low (Mlow ¼ 4.29 fixations) relative to high
(Mhigh ¼ 2.11 fixations). This is consistent with our view that
a low level of review numbers causes consumers to reevaluate
the average product ratings attribute, thus increasing overall
attention paid to that attribute.
Difference in gaze times for the review attributes. A one-way (level
of review numbers: low, high) ANOVA on the difference in
gaze times yielded a significant effect (F(1, 90) ¼ 10.59, p ¼
.002). As we expected, the difference in gaze times between
average product ratings and the number of reviews was greater
when the level of review numbers was low (Mlow ¼ 12.40
seconds) relative to high (Mhigh ¼ 5.78 seconds). Consistent
with our prior findings, consumers seem to pay more attention
to average product ratings when the level of review numbers is
low, and we argue that this occurs because a low number of

reviews causes consumers to reevaluate the inferences from
average product ratings.
Mediation through the difference in gaze times. We argue that gaze
times are a more precise measure of attention relative to fixations because they quantify the time spent on an attribute. As
such, we demonstrate that consumers are likely to pay more
attention to average product ratings when the level of review
numbers is low; thus, this difference in gaze times would mediate the influence of the level of review numbers on consumer
preference. Using mediation analysis (Model 4; Preacher,
Rucker, and Hayes 2007), we find support for the argument
that the difference in gaze times between average product ratings and the number of reviews mediates the effect of the level
of review numbers on consumer preference between choice
options (B ¼ .25; CI95% ¼ [.04, .62]).
Discussion. This study provided further evidence for H3 by
demonstrating that the difference in gaze times for the average
product ratings and the number of reviews dictates consumer
preference between options. When the level of review numbers
is low, it signals to consumers that the average product ratings
may be relatively closer in diagnosticity to that of the number
of reviews, leading consumers to reevaluate this attribute
before reaching a decision. Yet when the level of review numbers is high, there is a hierarchy in diagnosticity between the
two attributes, and consumers can reach a decision faster without reevaluating average product ratings. Thus, this study compliments Study 6 in providing a different measure of
diagnosticity of average product reviews and number of
reviews.

General Discussion
Across seven studies, we find consistent support for our propositions that average product ratings are a more diagnostic cue
of product quality than the number of reviews and that the
number of reviews can become more influential in consumer
decisions when (1) average product ratings are negative or
neutral and (2) the level of review numbers is low. This change
in attribute diagnosticity leads to a systematic shift in
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preference away from higher-rated options with fewer reviews
toward lower-rated options with more reviews. Furthermore,
when the diagnosticities of these two review attributes are closest to each other, consumers experience trade-off difficulty, as
evidenced by increased choice deferral.
This work makes several contributions. Theoretically, we
contribute to the literature on numerical cognition, which
investigates how consumers process numbers as information;
we do so by examining distinctions between interpretations of
continuous and discrete variables, scalar variability, and the
relationships between absolute and relative number comparisons (Gallistel and Gelman 2000). We add to this literature
by demonstrating how consumers integrate multiple attributes
that use different numeric scales. Specifically, we investigate
how consumers integrate average product ratings, which are
usually clearly bound on a one- to five-point scale, and numbers of reviews, which are usually unbound. Prior work on
attribute diagnosticity (Feldman and Lynch 1988; Herr,
Kardes, and Kim 1991; Purohit and Srivastava 2001) has suggested that consumers weigh attributes in their decisions differently as a function of these attributes’ perceived
diagnosticity as signals of product quality. Consistent with
this research, we demonstrate that average product ratings are
more likely to be incorporated in consumer judgments as a
signal of product quality than the number of reviews because
of the natural differences in the scaling of these attributes.
Importantly, we further outline conditions under which the
perceived diagnosticity of the number of reviews can
increase, leading to joint influences of average product ratings
and number of reviews in consumers’ choices. Our investigation into these conditions advances the understanding of how
consumers incorporate numerical cues on different scales into
their judgments.
While we consistently demonstrate the persistent effect of
the level of review numbers on consumer preferences across
seven studies in the main article and eight in the Web Appendix, several other possible moderators exist that we did not
address. Recent work has demonstrated that individual review
sentiment has an influence on consumer decisions above and
beyond aggregate review information (Ludwig et al. 2013;
Villarroel Ordenes et al. 2017), yet this work has not looked
at the three-way interactive relationship among product ratings, number of reviews, and textual content of individual
reviews. Naturally, we believe there are several purchase decisions in which consumers would be more likely to consult the
reviews’ text in addition to aggregate measures of reviews. For
instance, it would seem that, when average product ratings and
the level of review numbers hold similar diagnosticity (e.g.,
when the level of review numbers is low) consumers would be
more likely to seek additional information to differentiate
options. This would be consistent with prior work demonstrating that making choices is more difficult when consumers are
making trade-offs between attributes of similar importance
(Chatterjee and Heath 1996; Dhar and Simonson 2003), therefore increasing the need for additional information (as we
demonstrate in Study 2). If consumers choose to seek more
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information about product options, such as by reading individual reviews, such information may become more influential in
judgments as compared with the previously accessed information (Tversky and Shafir 1992). This could result in an increase
in the diagnosticity of textual information relative to numerical
information contained in aggregate reviews. Exactly how consumers integrate numerical and textual information to form a
single judgment remains an worthwhile avenue for future
research.

Managerial Implications
Next, we provide an illustration of how the results of our study
can be incorporated into business practices. We interviewed
two managers involved with product review acquisition strategies for their respective brands. One, the chief executive officer
of a nutritional supplement company, instructs his team to
employ a proactive strategy in which it aggressively pursues
reviews from customers through email nudges after purchase
and offers them steep product discounts. The discounts are used
to increase the level of review numbers as a function of more
sales, whereas the email nudges are intended to increase the
sales-to-review conversion ratio. The other, an associate brand
manager for a leading home electrics company, relies on a
reactive strategy in which the company offers free products
in exchange for honest reviews. The interviews confirmed our
perception that business practitioners appreciate the importance of both average product ratings and number of reviews
in driving product sales.
We should note that the aforementioned strategies, while
certainly effective in increasing the number of reviews, do not
necessarily result in improved average product ratings. Indeed,
depending on the review stimulation strategy employed as well
as the dynamics in the particular rating environment (e.g., see
Moe and Trusov 2011), the average product rating can increase,
decrease, or remain unchanged. Thus, in this section we focus
solely on the number of reviews, making a simplifying assumption that the average product rating is not affected by the stimulation. As various stimulation instruments typically carry
some associated costs (e.g. reduced earnings from deep discounts or free products), we argue that managers need to trade
off the potential benefits of receiving additional reviews
against the costs associated with these efforts. Because the
detailed financial analysis would call for additional assumptions about the product profit margins and the cost of stimulation, for the sake of generalizability, we explore how the
incremental number of reviews may drive sales volume under
different choice scenarios. Specifically, we show how the firm
could benefit from increasing the number of reviews in earlyand mid-stage product life cycles when they face competitors
with more reviews.
We conducted a simulation in which the higher-rated good
with fewer reviews accrued reviews at the same rate as the
lower-rated good with more reviews or at twice the rate (e.g.,
when a review acquisition strategy was employed). We then
crossed this with whether the firm employed a proactive review
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A: Early-Life-Cycle Product Without
Review Acquisition Strategy

C: Mid-Life-Cycle Product Without
Review Acquisition Strategy
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Review Acquisition Strategy
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Figure 5. Implications simulations for early- and mid-life-cycle products.

acquisition strategy early on in the product life cycle (e.g., at 5
reviews) or a reactive strategy later on in the life cycle (e.g., at
15 reviews). The simulation was conducted in MATLAB using
choice shares computed from Study 1. We took the relative
preference measure used in that study and pooled the numbers
that indicated preference for the higher-rated option with fewer
reviews (i.e., 1–3) and the numbers that indicated preference
for the lower-rated option with more reviews (i.e., 5–7).

Participants who indicated no preference (i.e., 4) were
excluded from the choice share computation. This resulted in
several data points ranging from low to mid- to high in the level
of review numbers. Then, we used the MATLAB surface fitting
function (“fit”) to interpolate choice shares for various combinations of review volume pairs.
Our simulations were agnostic as to what type of review
acquisition strategy was employed (e.g., email nudges, price
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promotions, free product), but we modeled the effect of
employing an acquisition strategy by doubling the likelihood
of a review being written. We seeded the baseline likelihood of
receiving a review after a purchase at 50%, and the likelihood
of receiving a review when a review acquisition strategy is
employed at 100%. The likelihood of leaving a review has been
estimated as low as .001% depending on the product category.
Thus, the results we discuss here are extremely conservative
estimates of the impact the number of reviews might have on
choice shares over time.
In the first two simulations, we investigated a proactive
strategy in which the higher-rated product had 5 reviews,
whereas the lower-rated product had 10 reviews. In Scenario
1, we held the likelihood of receiving a review constant across
both products at 50%. Thus, the first scenario investigated how
long it would take for a product with a higher rating, but five
fewer reviews, to accumulate more sales than the other products. As we illustrate in Figure 5, Panel A, it would take
approximately 240 consumers purchasing products in this category for this to occur. In Scenario 2 (Figure 5, Panel B), we
assume that the manager of the higher-rated product employs
an active review management strategy and doubles the likelihood of receiving product reviews. In this scenario, the
higher-rated product reaches the dominant sales position
roughly 33% more quickly—around 160 consumer category
purchases.
In Scenarios 3 and 4 (Figure 5, Panels C and D), we investigate a reactive strategy in which the market has somewhat
matured (i.e., 15 and 45 reviews, respectively). Again, in Scenario 3, we assume that each product has a 50% likelihood of
receiving a review after it is purchased. Here, it takes approximately 75 additional customer purchases in the product category before the higher-rated product surpasses the lower-rated
product in sales. In Scenario 4, we once again assume that the
manager of the higher-rated product actively manages its
reviews and can double the likelihood of receiving a review
after purchase. This results in the higher-rated product surpassing the lower-rated product in sales roughly 20% earlier, or
after 60 consumer category purchases.
While these scenarios are just a few of the many possible
that exist in the marketplace, they provide additional support for our claim that the number of reviews is highly
influential in consumer decisions, and managers would be
wise to oversee their growth. As new products with fewer
reviews enter against incumbents with more reviews,
employing a proactive strategy to spur an increase in product reviews can quickly decrease the disadvantage that a
product manager faces when competing against established
products. Obviously, a comprehensive optimization of the
review stimulation strategy should account for various additional factors (e.g., costs associated with discounted products or additional review nudging, anticipated competitive
response, product profit margins); nonetheless, we argue
that the results of our study provide an important input to
managerial decision making.
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Conclusions
This research outlines conditions in which the diagnosticity of
the number of reviews increases relative to the diagnosticity of
average product ratings (as cues of product quality), potentially
leading to suboptimal decisions for consumers and an increase
in choice deferral for brands and retailers. Theoretically, we
argue that an inherent difference in the types of scales in which
these attributes are presented (bound and unbound) leads to the
observed difference in their diagnosticity; by demonstrating
how consumers integrate attributes on both numeric scales into
a single judgment, we contribute to the literature in numerical
cognition. Furthermore, we provide clarity to the debate on the
relative influence of average product ratings and the number of
reviews (see Floyd et al. 2014; You, Vadakkepatt, and Joshi
2015) by demonstrating the conditional influences of the number of reviews under various average product rating valence
conditions.
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