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Abstract. No aspect of the massive participation in content creation
that the web enables is more evident than in the countless number of
opinions, news and product reviews that are constantly posted on the
Internet. Given their importance we have analyzed their temporal evo-
lution in a number of scenarios. We have found that while ignorance
of previous views leads to a uniform sampling of the range of opinions
among a community, exposure of previous opinions to potential review-
ers induces a trend following process which leads to the expression of
increasingly extreme views. Moreover, when the expression of an opinion
is costly and previous views are known, a selection bias softens the ex-
treme views, as people exhibit a tendency to speak out differently from
previous opinions. These findings are not only robust but also suggest
simple procedures to extract given types of opinions from the population
at large.

On reflection, it is rather surprising that people contribute opinions and
reviews of topics which have already been extensively covered by others. While
posting views is easy to understand when it involves no effort, like clicking on
a button of a website, it is more puzzling in situations where it is costly, such
as composing a review. If the opportunity to affect the overall opinion or rating
diminishes with the number of published ones, why does anyone bother to incur
the cost of contributing yet another review? From a rational choice theory point
of view, if the utility to be gained does not outweigh the cost, people would
refrain from expressing their views. And yet they do. This is reminiscent of
the well analyzed voter’s paradox [5, 12, 13|, where a rational calculation of their
success probability at determining the outcome of an election would make people
stay home rather than vote, and yet they show up at the polls with high turnout
rates (for a review, see [7]). In contrast to a political election, there is no concept
of winning in online opinion systems. Rather, by contributing her own opinion
to an existing opinion pool, a person affects the average or the distribution of
opinions by a marginal amount that diminishes with the size of that pool.

Since user opinions play such an important role in trust building and the
creation of consensus about many issues, there have been a number of recent
of studies focused on the design, evaluation and utilization of online opinion
systems [1,2, 6, 8] (for a survey, see [3]). It is surprising that with the exception
of one study [10], little research has been done on the dynamic aspects of online
opinion formation. It remains unclear, for example, whether reviews undergo
any systematic changes as time goes on, or whether the opinions about given



political or societal views fluctuate a long time before reaching a final consensus.
Thus the need to understand how online opinions are created and evolve in time
in order to draw accurate conclusions from that data.

In this context we analyzed the dynamics of online opinion expression by
analyzing the temporal evolution of a very large set of user views, ranging from
1.8 million online reviews of the 48,000 best selling books at Amazon.com, to
thousands of political resolutions voted on Essembly. com and the many arbitrary
opinions offered for voting on Jyte.com.

To start with, a forum where no historical data is available should exhibit
no polarization of views as they are expressed over time. In order to test this as
calibration for our study, we analyzed the votes of 16,660 resolves posted on the
website Essembly. com from August 2, 2005 to December 12, 2006, among which
14,171 resolves received more than 21 votes. Essembly . com is a website that lets
its users post and vote on political resolves by selecting one of the four choices:
“agree”, “lean agree”, “lean against”, and “against”. A user does not see the
voting results until she submits her own vote. When a user posts a new resolve,
she is required to vote on it. The four voting options, from “agree” to “against”,
are represented by —1,—0.5,0.5,1 in our database, respectively. When a user
posts a new resolve, she tends to formulate it in a tone that sounds positive
to her. As a consequence, 96.0% of all first votes are “agree”, while only 2.7%
of all first votes are “against”. To remove this artificial bias, we discarded the
first vote of each resolve and replaced all the remaining votes {X,,} by {—X,,}
if >~ X, > 0, where X,, denotes the quantified value of the n’th vote. This way
every vote is “agreed” by the majority.! This formed our final data set, which
consists of 14,171 resolves, each having more than 20 votes.

We observed no clear trend in the expected value of EX,,. For each resolve
we calculated a series of average votes: X1, ..., Xo0, where X; is the average vote
of the first ¢ votes. We performed a linear regression of X,, over n: X,, ~ kn +b.
The slope k reflects the overall trend of X;: if k > 0 the votes increase with time,
if £ < 0 they decrease. A histogram of the 14,171 slopes is shown in Fig. 1. A
t-test of the null hypothesis “k = 0” yields a p-value 0.064, which is not enough
to reject the null. This confirms the absence of an overall dynamical trend.

To see the effects of other people’s opinions on the overall public opinion
formation we studied Jyte.com, a website that allows its users to make any
claim they wish and let the community vote on it at no cost. The claims are wide
ranging, from “Ocean exploration has more potential to benefit the human race
than space exploration” to “Homeopathy shouldn’t be available on the NHS”.
The web interface is simple and intuitive. Each claim is flanked by a positive
button and a negative button and the numbers of total positive and negative
votes are shown on the face of the buttons. Each user sees the numbers, makes
up her mind, and submits her vote by clicking on one of the two buttons. Then
the numbers get updated instantly.

! Another way to remove the bias is to randomly flip the sign of all votes for each
resolve. The conclusion would be the same. Notice that the lack of normalization
would lead to an artificially high initial value that would decay over time.
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Fig. 1. The histogram of 14,171 slopes calculated from the Essembly data. It is not
very clear whether most slopes are positive or negative.

We tracked the voting dynamics of all claims made in July 2007, among
which 1,208 claims received no less than 10 votes. For each vote, we recorded
X, = 1 if the n’th vote is positive, or X,, = 0 if it is negative. The quantity
X, = %Z?:l X, then represents the fraction of positive votes among the first
n votes.

We constructed two data subsets from the 1,208 claims. The first set contains
all the claims with less than say, 3 positive votes, among the first 10 (i.e. X9 <
0.3). We call it the “negative” set. The second set contains all the claims with
more than say, 7 positive votes, among the first 10 (i.e. X109 > 0.7). We call it
the “positive” set. These two sets contain the claims that are generally regarded
as “very negative” and “very positive”, respectively. The negative set consists
of 405 claims, and the positive set consists of 521 claims. The average X,, for
the two data sets are shown in Fig. 2(a) and (b). As we can see from the figure,
the negative claims tend to become more negative as the voting goes on, and
the positive claims tend to become more positive.? This shows that when people
observe previous opinions before they express their own, they tend to follow
the trend. As a result of this trend following, extreme views get reinforced and
become increasingly more extreme.

Our last study focused on the situation where it is costly to express an
opinion. We thus considered the online rating data for a large number of books
collected from Amazon.com. On Amazon, a user observes the average rating of a
book when she visits a book page (usually shown at the top, right under the
title). If she decides to review a book, she is required to write a short paragraph
of review in addition to a simple star rating. The average word count of Amazon
reviews is 181.5 words [9]. Thus, the cost of opinion expression is high for Amazon

2 This is independent of our choice of the values 3 and 7.
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Fig. 2. The sample average fraction of positive votes EX,, as a function of the number
of votes n, collected from Jyte.com. (a) Negative claims become more negative as time
goes on. The average fraction decreases by an absolute amount 9% after 10 votes. (b)
Positive claims become more positive as time goes on. The average fraction increases
by an absolute amount 5% after 10 votes.

compared with Essembly and Jyte, and the person will only contribute if the
gain from expressing an opinion is higher than the cost.

In the spirit of the voter’s paradox, which assumes that the voter is more
likely to vote when his vote is more probable to affect the outcome, we speculate
that in cases like Amazon, people will derive more utility the more they can
influence the overall rating. To be precise, in cases where users’ opinions can
be quantified and aggregated into an average value, the influence of an online
opinion can be measured by how much its expression will change the average
opinion [11]. Suppose that n users have expressed their opinions, Xi,..., X,
on a given topic at a website, with X; denoting the quantified value of the ¢'th
opinion. If the (n + 1)’th person expresses a new opinion X,,11, it will move the
average rating to

_ nXn + Xng1
X = 1
n+1 n+ 1 ) ( )
and the absolute change in the average rating is given by
> > | X1 — X
Xpi1—X,|=————— 2
| Xn+1 | 1 (2)

We thus conjecture that a person is more likely to express her opinion whenever
| X1 — X,| is large — an opinion is likely to be expressed if it deviates by a
significant amount from those already stated. Indeed, what is the point of leaving
another 5-star review after one hundred people have already done so? This point
has also been made within the “brag-and-moan” model [4, 8] which assumes that
consumers only choose to write reviews when they are very satisfied with the
products they purchased (brag), or very disgruntled (moan). Note however, that



the brag-and-moan model is static and thus predicts that X,, is constant over
time, in contradiction with the observed dynamical trends.

Our sample consisted of the top 4,000 best-selling titles in each of the follow-
ing 12 categories, as of July 1, 2007: arts & photography, biographies & memoirs,
history, literature & fiction, mystery & thrillers, reference, religion & spiritual-
ity, sports, travel, nonfiction, science, and entertainment. For each of the 48,000
books, a series of ratings was collected in time order, where each rating is an
integer between 1 and 5 (number of stars). Among the 48,000 books, 16,454
books have no less than 20 ratings, and 11,920 have an average rating above 4.

We first checked the average rating of the 16,454 books as a function of n.
As can be seen from Fig. 3, FX,, decreases almost linearly with n, so there
is a clear dynamical trend in the ratings, which corroborates the observation
reported in [10]. Later users indeed tend to write different reviews from those of
earlier users. As opposed to what we observed in Jyte.com, the overall opinion
tends to decrease away from the extreme ones.?
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Fig. 3. The average rating of 16,454 books on Amazon.com with more than 20 reviews.
E X, is the sample average rating of all the 16,454 n’th ratings. As one can see from
the figure, £ X,, decreases by 0.4 stars in 20 steps. We did not obtain enough data from
low selling books to show the opposite trend.

Next we examined whether this dynamical trend is still prominent at the
level of each individual book. Similar to our Essembly study, we performed a
linear regression of X,, over n: X,, ~ kn +b. The histogram of 16,454 slopes (k)
are shown in Fig. 4. As can be seen, most of the slopes are below zero. A t-test of
the alternative hypothesis “k < 07 yields a p-value less than 2.2 x 10716, which
further confirms the declining trend.

3 In a forthcoming paper we show that conditional expectations of Amazon ratings
(given the average previous ones) follow the same trend.
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Fig. 4. Histogram of the slopes of average book ratings on Amazon.com. Most of the
slopes are negative, testifying a declining trend in the average ratings.

Finally we measured directly how much one’s rating deviates from the ob-
served average rating. We plot the expected deviation

Ed, = E|X,, — Xn_1l. (3)

as a function of n in Fig. 5. As can be seen, Ed, increases with n. Since the
expected deviation Fd, of an i.i.d. sequence normally decreases with n, this
increasing trend is indeed significant. This again supports our conjecture that
those users who disagree from the public opinion will be more willing to express
themselves and thus soften the overall opinion of a given book.
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Fig. 5. The average deviation of Amazon ratings increases with the number of people.
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Fig. 6. (a) The average helpful ratio of five different star ratings. (b) The average review
length of five different star ratings in the number of characters. The data is calculated
for 4,000 bestselling mystery books. By comparing the two figures it is clear that people
find high ratings more helpful not just because they are longer. For instance, 5-star
reviews are on average shorter than 4-star and 3-star reviews but are nevertheless more
helpful.

One point to be stressed is that the results do not imply that as time goes on
the average perception of the book changes. Rather, from a large pool of readers
it is only those that want to make a difference with the prevailing opinion that
choose to express themselves. This is seen when plotting the average “helpful
ratio” as a function of star rating in Fig. 6 for users of Amazon. It can be seen
that people find high ratings more helpful than low ratings, implying that the
majority does not agree with this expression bias.

These results, made possible by the fact that the web presents a natural lab-
oratory to study millions of opinions, show that in the process of expressing their
views, people tend to follow different but regular patterns. When no information
of previous views is available, the opinions expressed are drawn from a uniform
distribution within the community. In cases where previous opinions are made
known and it is painless to post a view, one observes either neutral opinions or
a polarized consensus which reflect trend following by the group. In the latter
case, opinions tend to reinforce previous ones and thus become more extreme.
Finally there are many cases where expressing a view is costly, like when writing
a book review. In this case people will tend to do so whenever they perceive
they can offset the current view by presenting a differing one. Since the impact
decreases with the number of posted opinions, the larger the pool, the more
extreme the difference expressed. As a consequence one sees a softening of the
prevailing view.

Besides explaining the observed data, these results show a cautionary note
on the interpretation of public opinion. This is because a simple change in the
order or frequency of given sets of views can change the ongoing expression in



the community, and thus the perceived collective wisdom that new users will
find when accessing that information.
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