
What If We Ask A Different Question?:
Social Inferences Create Product Ratings Faster

Eric Gilbert

School of Interactive Computing & GVU Center
Georgia Institute of Technology

gilbert@cc.gatech.edu

ABSTRACT
Consumer product reviews are the backbone of commerce
online. Most commonly, sites ask users for their personal
opinions on a product or service. I conjecture, however, that
this traditional method of eliciting reviews often invites id-
iosyncratic viewpoints. In this paper, I present a statistical
study examining the differences between traditionally elicited
product ratings (i.e., “How do you rate this product?”) and
social inference ratings (i.e., “How do you think other people
will rate this product?”). In 5 of 6 trials, I find that social
inference ratings produce the same aggregate product rating
as the one produced via traditionally elicited ratings. In all
cases, however, social inferences yield less variance. This is
significant because using social inference ratings 1) therefore
converges on the true aggregate product rating faster, and 2)
is a cheap design intervention on the part of existing sites.
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INTRODUCTION
Consumer product reviews fundamentally shape commerce
online. From broad retail sites like Amazon to niche mar-
ketplaces like Etsy to the underground Silk Road, product
ratings are the building blocks of search, recommendations
and purchase decisions [1, 2, 3, 4, 5, 7, 9, 16]. The importance
of product ratings is evident in the lengths to which sellers
sometimes go to manipulate them, leading to an entire thread
of research on detecting spurious reviews (e.g., [11]).

Most commonly, sites ask people for their personal opinions
on a product or service. On Amazon, for example, the site
asks its users, “How do you rate this item?” Among other
problems—such as generating bimodal ratings distributions
[15]—this practice can lead to particularly idiosyncratic re-
views. The blog Least Helpful humorously catalogs a number
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of them. In one case, a reviewer gives the classic novel Ani-
mal Farm only one star because the reviewer “never enjoyed
books or movies where animals talk”1. In another case, a user
poorly rates a set of measuring spoons because his ferret ate
them and ended up needing a trip to the hospital2.

These are extreme examples, of course. At the same time,
I conjecture that the traditional method of eliciting reviews
often invites idiosyncratic viewpoints. This may be fine when
the objective is to personalize a user’s own experience with a
service (i.e., Netflix’s personalization engine). However, in
cases where we rely on the collective wisdom of other people
to inform our future decisions—such as Amazon star ratings,
Reddit upvotes and Etsy seller ratings, etc.—designers truly
want to know how much other people will like it. In a recent,
foundational piece of work, Shaw et al. [14] demonstrate
that among a number of treatment conditions, the Bayesian
Truth Serum approach [12] of asking people to prospectively
consider peer ratings significantly improved the accuracy
of inexpert ratings. This is non-obvious; in many contexts,
reviewers may misjudge established norms, a concept known
in the social sciences as pluralistic ignorance [10, 13].

This paper builds on the results of Shaw et al. In the context
of product reviews, I consider not only accuracy, but also
variance. I present a statistical study built on Mechanical
Turk respondents examining the differences between tradi-
tionally elicited product ratings (i.e., “How do you rate this
item?”) and social inference ratings (i.e., “How do you think
other people will rate this item?”). I find, like Shaw et al., that
social inferences usually produce an accurate answer; in 5 of
the 6 items I compared, social inference ratings produce sta-
tistically indistinguishable mean product ratings. The novel
contribution of this work is that I show that social inferences
substantially reduce variance.

This is noteworthy for two reasons. First, because social infer-
ence ratings originate from a distribution with considerably
less variance (i.e., it has fewer outliers), you need less of them
to converge on an aggregate product rating. The majority of
products receive relatively few ratings [8], so efficiently using
the ones you already have is a primary concern. Second, since
designers can easily control the way they ask for ratings—a

1
http://goo.gl/yqwjFb

2
http://goo.gl/eCpYmm
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Figure 1. Screenshot of experimental task, as Mechanical Turk workers

experienced it.

change only requires a quick edit of an HTML page—social
inferences are a cheap design intervention.

Next, I outline my experiment, the data it generated, and
the statistical bootstrapping technique I used to test for a
reduction in variance across the products reviewed in this
study. I conclude the paper by reflecting on the theoretical
and design implications raised by this work.

EXPERIMENT
I designed an online experiment to examine variance in the
context of product reviews. The experimental task asked par-
ticipants to give movies their individual ratings, and to also
prospectively infer the likely ratings of others. Movies were
chosen as the product category for this experiment to make
recruiting participants more tractable. (The intuition was that
more participants would be able to rate popular movies than,
for instance, an obscure kitchen utensil.)

I recruited participants from Amazon’s Mechanical Turk,
paying them each $0.25 to complete my task. For each of
six movies, I asked 100 Turkers to provide ratings of it. I
restricted the participant pool to include only those workers
with a “HIT Approval Rate” above 90% to filter for reliable,
well-regarded Turkers. (The HIT Approval Rate is the per-
centage of times a requester has marked a Turker’s work as
acceptable.)

I selected six recent, popular movies from Amazon’s list
of bestselling movies, a list Amazon updates hourly. The
first six movies from this list with more than 100 customer
reviews were chosen for the experimental task: Identity Thief,
Jack the Giant Slayer, Silver Linings Playbook, The Hunger
Games, What to Expect When You’re Expecting and This
Is 40. While not explicitly targeted (i.e., the strategy here
is random sampling of an ever-changing list), these movies
exhibit a span of average Amazon ratings (3.0 – 4.2), as well
as a range of quality (Rotten Tomatoes scores: 20% – 92%;
IMDB ratings: 5.5 – 7.9). I discuss further the implications
and limitations of this particular sample of movies in the
Discussion, as this set does differ from the broader universe
of products.

For each movie, I asked participants three questions:

1. Have you seen the movie [movie title]?
2. How do you rate this movie?
3. How do you think other people would rate this movie?
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 How do you rate this movie? How would other people?

Figure 2. Ratings distributions across all six movies, by question.
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To ease recall, the page Turkers interacted with also included
the same image used by Amazon to promote the movie. The
first question allows us to filter out anyone who reports they
did not see the movie. (Some Turkers did respond “no” to this
question.) As discussed earlier, the second question, “How
do you rate this movie?”, mirrors the language Amazon uses
to elicit ratings from its customers. For questions two and
three, Turkers could pick a rating from the range “1 star” to
“5 stars”—again mimicking how Amazon (and many other
sites) quantify consumer sentiment.

I left question three, “How do you think other people would
rate this movie?”, intentionally vague to permit participants
to imagine anyone relevant. However, one might consider
asking about “people like you,” “other people interested in
this movie” or “other knowledgable people,” instead of simply
“other people.” I had no theoretical material pointing toward
any of these directions, and therefore asked the higher-level,
but also vaguer “other people” variant.

Difficulty of eliciting social inferences
In a parallel experiment, I asked Turkers how difficult they
found providing social inference ratings, as compared to
the standard individual ratings. A separate experiment was
performed to avoid contaminating the main objective of this
work—experimenting with variance-reduction approaches—
by framing the tasks in participants’ minds as difficult.

To measure how difficult of a time participants had providing
social inference ratings, I adapted the well-known NASA-
TLX workload inventory [6]. In this phase, in addition to the
three questions above, I asked Turkers two other questions:

4. How mentally demanding was providing your own indi-
vidual rating?

5. How mentally demanding was providing the rating you
think other people would give?

If any benefit accompanies eliciting social inferences from
product reviewers, it would be offset by any cost associated
with doing so. These two questions aim to capture that differ-
ence in reviewer workload.

Participants
600 participants were recruited from Amazon’s Mechani-
cal Turk. After cleaning the response data for people who
responded in too little time, and after removing those Turk-
ers who provided ratings but also claimed not to have seen
the movie, 93 participants were removed. Thus, the dataset
contains the individual ratings and social inference ratings
of 507 people. I did not ask participants for demographic
information, as I didn’t see it as particularly relevant for this
experimental task.

RESULTS
The main statistical question in this work is whether social
inference ratings differ in variance from traditionally elicited
ratings, alongside secondary questions of accuracy and diffi-
culty. Since these data do not conform to normal distributions,
I turn to nonparametric statistical methods to compare the
two questions: the Wilcoxon test for central tendencies, Lev-
ene’s test to assess variance homogeneity, and a bootstrapping
technique I discuss shortly.

Movie µt � µs W p �t � �s F p

Identity -0.09 521 0.34 0.28 6 0.02
Jack 0.17 435 0.18 0.14 3.7 0.06
Silver -0.21 366 0.04 0.11 5.6 0.02
Hunger -0.2 408 0.01 0.15 7.9 0.01
Expect 0.11 391 0.16 0.19 7.8 0.006
40 0.16 491 0.05 0.14 4.2 0.04

Table 1. Pairwise comparisons between movies’ traditional ratings and

their social inference ratings. µt and �t refer to traditionally elicited

ratings; µs and �s refer to social inferences.

Table 1 summarizes my pairwise findings. Where the means
differ (i.e., Silver Linings Playbook, The Hunger Games),
social inference ratings produce a higher mean (3.77 vs. 3.98,
and 3.71 vs. 3.91, respectively). I include this table to suggest
the pairwise difference at the movie level. However, in this
context, the movies themselves simply represent a grouping
of a pseudorandom sample—not an independent variable in
their own right.3 Rather, we have a single hypothesis (e.g.,
whether variance differs across questions) to test in the con-
text of independent experiments (i.e., the six movies, which
I will assume not to have statistical dependencies). Hence,
family-wise error rate controls such as Bonferroni corrections
are inappropriate in this specific context.

Without a ready-made, omnibus statistical technique on which
to rely, I turn to bootstrapping to estimate whether a re-
duction in variance exists across all the movies. Let �jk be
the standard deviation for the j-th movie and the k-th ques-
tion, with j = 1, ... , 6 and k = 1, 24. We can reformulate
this paper’s main hypothesis as testing the null hypothesis
H0 : 9j : �j1 = �j2. To test H0, we bootstrap the statistic j ,
the number j such that �̂j1 > �̂j2; that is, the j movies whose
traditional rating variance is greater than its social inference
variance. Via a Monte Carlo simulation comprising 1M re-
samplings, I find with 95% confidence that j 2 (5.214, 6]. As
j must be an integer, therefore j = 6. In summary, across all
movies in this experiment, we see a significant reduction in
variance by asking for social inference ratings. Finally, using
a similar method, I find no difference in difficulty across the
two question types, with j = 0.

DISCUSSION
Eliciting product ratings as social inferences produces (ar-
guably) the same product ratings, but with considerably less
variance, and without increasing a reviewer’s mental work-
load. Speaking in visual terms, this means that the ratings
distributions in the left column of Figure 2 are wider, while
the ones in the right column are thinner. Where the means do
differ (i.e., Silver Linings Playbook, The Hunger Games in
Table 1), social inference ratings produce a mean rating closer
to the actual Amazon product rating than the traditional “How
do you rate this movie?” In the case of The Hunger Games,

3One could imagine in the future constructing a 2x2 design, where
product type (i.e., comedy, drama, action) is its own object of study.
4In other words, �41 would represent the standard deviation of Iden-
tity Thief’s traditionally elicited ratings, while �42 would represent
the standard deviation of its social inferences.
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for example, 6,245 Amazon reviewers have given the movie
an aggregate rating of 4.1 stars. In this sample, Turkers gave
the movie a social inference rating of 3.91, but only a mean
rating of 3.71 via the customary variant. Based on these data,
I conclude that social inference ratings can produce the same
product ratings as traditionally elicited ones, only with less
noise.

I believe this is a finding with widespread applicability. Sites
all over the internet ask users to rate all manner of things:
products, experiences, posts, comments, news stories, etc.
Next, I review some of the theoretical social computing ques-
tions raised by this work. I also offer designers guidance on
what these results could mean for the way sites elicit feedback
from users about products.

Theoretical Implications
I believe this work raises a number of theoretical points and
questions for social computing. First and foremost, as ratings
pervade the internet, we need to better understand how social
inference ratings work in different contexts. Do we observe
the same effects for different objects? Perhaps it is impossible
to replicate these findings within the context of user-generated
comments on a site like Reddit, for example. As the conclu-
sions presented here rely on only a small segment of the
ratings space, we need further exploration to generalize to
the broader space of products.

Moving to the operational: Do we need to ask both questions?
Does asking one influence the other? Should the question ask
about vague “other people” or some more-targeted variant,
such as “people you know” or “your friends?” We know from
various anchoring and ordering effects studies that subtle
framing differences like these can alter results substantially.

Design Implications
Designers have full control over the questions they use to
elicit ratings. One reason I find these results so compelling
is that an intervention based on them requires such a simple
change on the part of existing sites. That is, simply add a
label and a drop down list to the page that asks users for the
product ratings.

While some “superstar” products attract many thousands of
reviews, because of the nature of how social data is often
distributed [8], the majority of products receive relatively few
ratings. Using them most efficiently is therefore a primary
concern. By reducing variance (i.e., subjecting means to fewer
outliers) in the ratings distribution, designers can converge
on the true, eventual mean product ratings faster than with
the typical question. While the present research only offers
preliminary evidence, the impact to today’s social sites could
be widespread and significant.

Limitations and Future Work
I base these findings on a sample drawn from Mechanical
Turk. While convenient, it remains unclear how different this
sample is from the broader population of product reviewers;
an intervention study on Amazon, for instance, would help
make this clear. Moreover, for tractability, I chose movies
as my object of study. It also remains unclear how products
used differently (e.g., ones used over and over) might affect
eliciting social inference ratings.
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