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57-59 rue Lhomond, 75005 Paris, France
E-mails: c.chen@abmcet.net, roth@ehess.fr

Abstract—Social content-sharing networks allow users to share
content annotations. Although convergence and consistency in
semantic annotation (tags) has been well-studied, less effort
has been devoted to studying evaluative annotations (ratings
and reviews) with respect to user characteristics and user-item
relationships. In this paper, we first identify trends in both
item scores and in the ways in which users allocate scores;
these are also associated with some of users’ other activity – in
particular, social links and rating activity are both found to be
higher for a moderate level of non-conformism and dissensus. We
then conduct a more thorough investigation into how item score
distributions might arise and be sustained. The fact that most
items have a clear modal score can be attributed to the tendency
of items to evoke similar degrees of satisfaction across users. In
addition to this however, our findings suggest that social links
between users can play a role in stabilising rating distributions.
Firstly, we find that socially linked users are more likely to give
the same score to an item (possibly due to similarities in taste).
Secondly, we eliminate the possibility that distributions of scores
arise through attracting users with particular ratings styles (e.g.
tendency to agree). Thirdly, we find that a large mean shift is
much rarer for items with a large proportion of added scores
from socially linked users and that this is most likely to be due to
maintaining a stable distribution than to added scores conforming
to the mean.

I. I NTRODUCTION
An important function served by content-sharing social
networks is to allow users to share content and content annotations. Indeed, a successful content-sharing social network
can be defined as one where members continuously contribute
content and collectively annotate it in such a way that for
every member, the content made available or recommended to
him/her is content that satisfies his/her preferences.
Although a significant body of work has addressed semantic
annotation (tags), less attention has been paid to evaluative
annotations (ratings) in the context of a social network platform, especially with respect to user characteristics. While
community convergence in semantic annotation allows us to
place an item in some semantic space, for many rating systems
it is not immediately clear that evaluative annotations do
the same for the item in ‘taste’ space (unless of course the
rating system explicitly defines the semantic dimensions being
evaluated, e.g. [1]). In many online communities, the rating
system is only a one-dimensional, undefined scale. For a given
item, two users might give scores at opposite ends of the
rating scale in response to the very same intrinsic property
(e.g. ‘overly sentimental’, score 1 vs. ‘touching’, score 4).

And different users can give the same score for very different
reasons. In addition, users can differ in their rating behaviour
(for example, some users may try to conform to the ratings
of their friends or the ratings they see; others may only rate
when they disagree with the existing mean rating).
A. Related work
Collaborative filtering recommender systems are often based
(at least partly) on user rating systems [2], [3] which are
used to build similarity profiles between users. Users who
share many items and rate them similarly are believed to have
similar tastes, so that a high rating of an item by one of
the users can be used as a basis for recommending this item
to the second user. A major issue in collaborative filtering
is the sparsity of shared item ratings, which means that it
usually has to be enhanced with content-based information
[4], [5]. More recently, measures taking into account the nonindependence of relationships between users and objects have
been introduced, such as the generalised model of relational
similarity [6], which is based on the fact that similar objects
are also rated similarly by similar actors.
An issue that has been troubling those studying online
communities and social networks is distinguishing the effects
of homophily, social influence, and external common causes
[7], [8], [9]. In the current paper, we do not seek to identify
causal relationships between social links and ratings but to
determine whether or not the data are consistent with there
being underlying taste commonalities between users.
Apart from these issues of user and item similarities, several
relatively recent studies focused on the nature of reviews
themselves. As regards quantitative evaluations, [10] study
ratings on a dataset provided by amazon.com where they conclude that item ratings are essentially bimodal; they attribute
this to an underrepresentation of moderate reviews. Another
stream aims at predicting future ratings from the structure
of existing ones, such as using various aggregation and/or
machine-learning methods as in [11], or carrying regressions
on the content of reviews, using for instance review length
and rating evaluations as in [12], sometimes using full text
models which go beyond “bags of words” or document vectors
[13]. Finally, some authors addressed the credibility of reviews
by examining which factors and conditions reinforced review
impact [14], [15] – i.e., in short, the issue of meta-rating:
how ratings are subjectively rated. In general, these works

examine rating distributions independently of (platform-wide)
user characteristics or user-item relationships.
B. Outline
The section that follows gives a brief description of the
dataset and our methodology. Section III then analyses the
differences between users’ rating styles in terms of both
tendency to diverge and in terms of the polarity of their scores.
In Section IV, we show that social connections are associated
with agreement and that this is a plausible mechanism for
maintaining the stability of rating distributions.
II. DATASET AND METHODOLOGY
The data analysed in this study comes from the book rating
platform aNobii. It was collected by the authors of [16],
who performed an analysis of the interaction between social
network evolution and profile similarity. The authors took six
snapshots of the network 15 days apart. In our study we used
only the first and fourth snapshots (hence 45 days apart) since
per book, change in ratings was slow; we excluded the fifth and
sixth snapshots where platform administrators had changed the
rating scale from a “1-4” range to a “1-5” range.
In aNobii, the number of ratings per item and number of
items rated per user exhibit heterogeneous, power-law like
distributions (Figure 1: left). The distribution of items rated
by users has an initial slow decay followed by a sharper one
(Figure 1: right).
So as to avoid statistical artifacts arising from overrepresentation of distributional differences for items with
small numbers of ratings (for example, agreement is overrepresented), we consider only books with 10 or more ratings
(hereon we shall refer to these as ‘popular books’). This
represents around 12% of the books (98 995 out of 847 984),
and around 74% of the ratings (4 574 764 ratings out of
6 115 183). 60 093 distinct users rated books in this set, and
of these, 31 362 rated 10 or more books in the set. So as to
have confidence in distributional analyses at the user level, we
consider only this latter set of users and will hereon refer to
them as the ‘rating community’.

General trends
In order to put our analyses in context, it is worth first
highlighting some key features of the rating community:
∙ Regarding ratings:
– 3 and 4 scores have a tendency to dominate for raters
(Figure 2(a)),
– agreement is relatively common, and rating distributions tend to be unimodal, with little divergence from
the single mode, as exemplified by Figure 3 which
represents the aggregate distribution, over all books,
of rating divergence with respect to the median rating
of each book.
These results diverge from [10] who show that
raw ratings on Amazon.com are bimodal, and who
suggest that this bimodality is due to bipolar/extreme
ratings. In other words, the aNobii platform seems
to prevent this rating style.1
∙ Regarding sociability, our dataset displays characteristics
similar to those reported earlier by [16]:
– Social links are rare, with an overall density of
1.9 ⋅ 10−4 for the union of friendship and neighbour
networks; this is higher than reported for the whole
user-base in [16] (9.3 ⋅ 10−5 ), most likely because
the subset of users in our dataset are also likely to
be more active and hence more social. Connectivity
is also weak, with an average out-degree of 10.75
(though slightly higher than for network of the whole
user-base, which has an average out-degree of ≈ 8
[16]).
– Reciprocal links are more common than one-way
links (58% for the union of friendship and neighbour
networks for raters of popular book raters, only
slightly higher than that for the whole network,
57%).
Since agreement between pairs of users is common (and
deviations tend to be small at the item level) and links between
users are rare, analyses based on linear relationships are
unlikely to yield much insight. For this reason, the majority
of our analyses try to identify differences between classes or
communities of users, rating behaviour and items.
Items exhibit a similar pattern to that observed for users in
terms of rating distribution, with the majority of items having
highest proportions of 3 and 4 scores (Figure 2(b)).
III. I NDIVIDUAL DIFFERENCES IN RATING STYLES

Fig. 1. Left: Frequency plot of number of ratings per book. Right: Frequency
plot of number of items rated per user.

It is important to distinguish between ratings and rating
style. The score that a user comes to give to an item can
be seen as the combined outcome of both his/her response
to the item (taste), and his/her typical rating style, which
determines how this response is manifest. For example, a
user with a tendency to give extreme scores may express his
disappointment with an item with a score of 1 where another
user with more moderate score assignment would assign a
1 We may perhaps speculate that this discipline is caused by some community aspect of the platform.

(a) By user
Fig. 2.

(b) By book
Distributions of scores.

Fig. 3. Distribution of ratings translated with respect to the median rating
of each book, and averaged all books (Note: for the sake of simplicity, these
distributions are computed on books whose ratings median is an integer, which
represents around 95.5% of books with more than 10 ratings.)

score of 2. Although we found variety among users in their
distributions of scores, this can be difficult to interpret. For
example, users giving high proportions of their items a score
of 1 might be severe in the way they rate, but they might also
have been more unlucky in their choice of books.
The rating that a user eventually gives an item can be
seen as a function of both taste and the user’s typical rating
behaviour (rating style) (e.g. tendency to give extreme scores).
As with tagging [17] and contribution in general to online
communities [18], users may well differ in their motivations
for rating and/or the way they use the ratings system [19].
Some users may for instance only rate an item when it has
evoked a strong response, some might rate to keep a personal
record of how much they have enjoyed an item and so rate
nearly every item they have read, and still others may only
add their rating if it differs significantly to those already
existing. Therefore when talking of rating behaviour, we do
not give any speculative interpretation of what is giving rise
to these individual tendencies. Rather, we focus on identifying
associations between these tendencies and users’ other activity.
A. Users with robust rating behaviours
As noted in Section II, for a given item, there tends to be
consensus, with ratings clustering around a modal score, which
can be seen as a community-generated evaluation of the item.
Within this context however, a given user can show a high
degree of divergence.

To get an idea of how members of the rating community
vary in terms of their tendency to diverge, we computed the
means of absolute and signed divergence of scores across all a
user’s 𝑛 items expressed in terms of item standard deviations
for all members of the rating community. More formally, for
a given user with 𝑛 ratings we define:
∑𝑛
∑𝑛
𝑑𝑖
𝑖=0 ∣𝑑𝑖 ∣
and
(1)
𝑑abs =
𝑑sig = 𝑖=0
𝑛
𝑛
where
𝑥 𝑖 − 𝜇𝑖
𝑑𝑖 =
(2)
𝜎𝑖
(𝑑abs and 𝑑sig correlated strongly with their median equivalents;
r=0.913 and hence did not appear to be sensitive to bias by
extreme values.)
Absolute divergences indicate how much a user consistently
holds an opinion different from the mean (as such a marker of
‘non-conformism’), while signed divergences indicate whether
this opinion consistently tilted towards a certain direction (as
such a marker of negative or positive ‘bias’). Figure 4 shows
the distribution of 𝑑abs and 𝑑sig across users. Both the distribution of absolute and signed factors appear to be clustered
around a central value (≈ 0.8 and ≈ 0.05 respectively).
Consistent with the tendency to give more positive scores, the
distribution of signed divergence factors is slightly negatively
skewed (skewness -0.05); since raters have a tendency to rate
positively, on average those who diverge more will also be
those who diverge negatively.
In what way may the rating style be related to conformism
or bias? In other words, do non-conformist (high 𝑑abs ) or
severe (negative 𝑑sig ) users use a particular palette of ratings,
compared with other users? To check this, we examine the
association between the mean and spread of their ratings:
Figure 5 plots the means and standard deviations of users’
raw scores, against the means of their absolute and signed
item divergences.
There is a positive association between the mean of users’
raw ratings 𝜇raw and 𝑑sig , and between the standard deviation
of their raw ratings 𝜎raw and 𝑑abs :
∙ The association between 𝑑abs and 𝜎raw (Figure 4(a): left)
suggests that ‘non-conformism’ is associated with having
more different scores, although the last decile also seems
to have greater variation in 𝜎raw . The last decile also has
lower 𝜇raw (Figure 4(a): right), implying a tendency for
these non-conformists to diverge negatively.
∙ The association between 𝜇raw and 𝑑sig (Figure 4(b): right)
suggests that users are in general equally likely to rate
‘high quality’ items (items with high means) as they are
poorly rated ones (therefore users who have a tendency
to rate more positively also have higher means, and those
with a tendency to rate more negatively tend to have lower
means; a lack of association would have suggested that
users diverging positively were rating more ‘poor quality’
items and/or those diverging negatively were rating more
‘high quality’ items).
The final three deciles of 𝑑sig appear to exhibit a negative

trend with respect to 𝜎raw (Figure 4(b): left), suggesting
that those who tend to diverge more positively show
less variation in their scores. This seems to suggest
that consistency is stronger on the positive end of the
spectrum.

conformist users

(a) Distribution of proportion of
popular books among the books
users rate
Fig. 6.

(a) 𝑑abs (absolute values)
Fig. 4.

(b) Boxplot of proportions of popular book split into 𝑑abs deciles (i.e.
vs. ‘non-conformism’)

Rating behaviour and book popularity

(b) 𝑑sig (signed values)

Distribution of user divergences.
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Fig. 7. Mean proportion of users’ social links that come from within the
same 𝑑abs decile.

divergence, in the sense that more conformist users tend to
have a slightly higher proportion of popular books, on average.
C. Rating behaviour and social activity

"kinder" users

more "severe" users

"kinder" users

more "severe" users

(b) 𝑑sig
Fig. 5. Boxplots of 𝑑abs and 𝑑sig deciles against the standard deviations (left)
and means (right) of raw user scores.

B. Rating behaviour and book popularity
Of the 31362 users rating 10 or more popular books, 1777
rated only popular books, while the overwhelming majority of
29585 also rated less popular books. Not surprisingly though,
for most users, a larger proportion of their ratings were for
popular books (see Figure 6). More interestingly, there is a
small but significant association between the proportion of
popular books a user rates and his/her behaviour in terms of

In terms of social activity, raters at both extremes of the
divergence scale (top and bottom deciles of 𝑑abs ) tended to be
less social, with both fewer friends and fewer neighbours. They
also had a slightly lower likelihood of being socially connected
to each other (even taking into account the lower number of
connections overall); this implies that a lower proportion of
those socially linked to them had the same rating habits. The
5th decile was both the most social, with a mean of 26.2 links
per user (compared to 19.6 for the first decile and 19.3 for
the last decile) and had a slightly higher proportion of links
coming from other users in that decile. (See Figure 7.)
IV. S CORE DISTRIBUTIONS AS THE OUTCOME OF
COMMUNITY RATING

A. Items as communities of raters
Just as there are individual differences among raters in the
way they typically rate, there may also be differences among
items in the types of raters they attract. Although part of this

question is answered by the rating distributions, the answer is
not complete. For example, it is possible for an item to show
less clustering around its central score, but the raters of this
item are not necessarily those who typically diverge in their
ratings (as measured by their individual-level divergences,
as described in Section III-A); its ratings could instead be
dominated by raters who usually do not diverge much but do
for this item. For each item, the mean of users’ 𝑑sig can be
used as a measure of the polarity of users’ responses; while
the mean of users’ 𝑑abs as a measure of users’ tendency to
diverge. Formally, for an item with 𝑚 ratings, we may define:
𝐷abs

𝑚
1 ∑
=
𝑑abs (𝑗)
𝑚 𝑗=0

and

𝐷sig

𝑚
1 ∑
=
𝑑sig (𝑗)
𝑚 𝑗=0

items rated by
conformist users

items rated by
non-conformist users

items rated by
conformist users

items rated by
non-conformist users

(a) 𝐷𝑎𝑏𝑠

(3)

If the association between 𝐷sig and the item rating mean
𝜇 were high, this would imply that positively rated items
tended to be those attracting positive users and negatively
rated items tended to attract negative/unlucky users. Similarly,
if the association between 𝐷abs and the item rating standard
deviation 𝜎 were high, this would suggest that variety in scores
could be attributed to more raters having more ‘extreme’ rating
behaviours.
The data did not support either of these. On the contrary,
we found the association between 𝑑abs and 𝜎 to be rather weak
(though still significant at 𝑝 = 0.001), 𝑟2 = 0.011. The same
was true between item 𝜇 and 𝐷sig , 𝑟2 = 0.015 (𝑝 < 0.001).
This seems to suggest that in general the distribution of item
ratings is not the outcome of users with particular rating styles
tending to rate the same items (e.g. raters with a tendency to
diverge preferring more ‘controversial’ books). Instead, items
seem equally likely to bring out users’ typical and atypical
rating behaviours.
These findings contrast with those for the distribution of
scores for each user, where users who tend to rate more
positively across their items (some of which may have low
means) also tend to have higher means, and raters who tend
to diverge across their items also show more deviation amongst
their own scores (i.e. they are not strongly polarised in their
divergence).

Fig. 8.
Left: Item means of the relative deviations of users’ ratings
with respect to their personal mean deviations. Right: Item means of the
relative signed deviations of users’ ratings with respect to their personal mean
deviations.
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items rated by more
"severe" users

items rated by
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(b) 𝐷𝑠𝑖𝑔
Fig. 9. Boxplots of item score standard deviations (“SD”, left) and means
(right) grouped by deciles of the mean absolute (top) and signed (bottom)
deviations of the users rating them.

B. Agreement and social links
Although as already pointed out in Section II social links are
in general relatively rare and agreement in ratings is relatively
common, if the likelihood of agreement is higher between
socially linked users, this could still play a significant role
in shaping the rating distribution. (This need not be given a
causal interpretation; indeed, social links are also likely to be
associated with similarity in taste, which is the more likely
reason for agreement than direct social influence.)
In terms of the proportion of pairs agreeing, the difference
between socially and non-socially linked users was significant
but small (solid line in Figure 10). This is in large part due
to the high levels of agreement found for most items and the
infrequency of social links.
To identify cases where social links (perhaps indicating
underlying taste) would be more likely to make a difference,
we took pairs of raters who agreed most with each other but
disagreed most with the mode rating. For example, if the mode
rating was 3, we took two of the raters giving a rating of 1.
We also took into account the overall degree of consensus of
an item, which we measure by the standard deviation 𝜎𝑏 for an
item 𝑏. Given that distributions tend to be unimodal (see Figure
3), 𝜎𝑏 gives a good indication of the distribution’s peakedness.
The second and last deciles were then taken to represent
respectively ‘high consensus’ and ‘low consensus’ items. (The
second decile was used instead of the first because, although
the two are qualitatively indistinguishable, a large number

of books in the first had agreement for all possible pairs.)
Figure 10 shows the proportions of social links for pairs with
different agreement levels in high and low consensus items.
For comparison, we also included the sixth decile as ‘mid
consensus’ items. It is worth noting that these mid consensus
items had roughly twice as many raters than low consensus
or high consensus items, suggesting that a moderate level of
disagreement is associated with more rating activity.
We predicted that the difference between socially linked and
non-socially linked pairs would be greater for low consensus
books since for these books, the likelihood of a given pair
being different from other possible pairs would be lower and
hence the association between social links and agreement more
easily identified.
For low consensus (high values of 𝜎𝑏 ) items, a high
agreement rate of 0.638 (3sf.) was found in pairs of raters
who were neighbours, which was significantly higher (at the
𝑝 < 0.001 level) than the agreement rate for non-neighbour
pairs (0.499). For consensual items, the effect was weaker
(though still significant at 𝑝 < 0.01), with an agreement
rate of 0.574 between neighbours and 0.499 between nonneighbours. We also found that agreement is more common
between friends than non-friends (though the effect is weaker
than for neighbours) and that disagreement is less common
among friends than non-friends and that this effect is greater
for low consensus items than for high consensus items.

Fig. 10. Proportion of pairs with social links for each level of agreement (Δ
ratings) and for the various levels of consensus for book ratings (solid line:
average over all books, dashed: low consensus, dot-dashed: mid consensus,
dotted: high consensus).

C. Social links as a mechanism for stabilising rating distributions
Given that social links imply a greater likelihood of agreement in scores, we hypothesised that if a large proportion of
an item’s raters are socially linked to each other, the item
should have a more peaked (distinctly unimodal) distribution.
We found no such relationship. However, when we considered
ratings over time (between the first and fourth time snapshots
in the data provided by [16]), we found that when a large
proportion of scores were added by users who were socially
linked to those who had previously rated the item, the item’s
mean was less likely to change by large values.

Fig. 11. Left: Scatter plot of mean shift against social links/growth. Right:
Scatter plot of user deviations against the number of social links existing in
the item they have rated.

As social links are rare, when considered globally, the
proportion of additional ratings coming from users who were
socially linked to users who had already rated an item made up
only around 10% of the additional ratings. However, for some
items, a large proportion of added scores came from socially
linked users. Large mean shifts were less frequent for these
items (Figure 11, left), implying that when a large proportion
of new raters are socially linked to existing ones, the book’s
mean is more likely to remain stable.
One explanation for this is that raters who are driven
to read and rate a book by one or more of their socially
connections is more likely to rate close to the mean. An
alternative explanation is that it is the distribution of scores
that is maintained. This would imply that the rates at which
each of the score occur remains relatively constant over time
due to the frequency of social links being proportional to the
number of users giving that score.
At the user level, no general relationship was found between
deviation from the mean rating and the number of social links
between added and previous raters (Figure 11, right). In other
words, a rater contributing a score in the later time slice who
was socially linked to a user who had previously rated the
item was not any more likely to rate close to the mean than
one who had no social link with a user previously rating the
item.
Consistent with this, at the item level, for low numbers of
social links, there appeared to be little association between
the change in mean and the existence of social links; items
for which a higher proportion of the additional raters socially
linked to existing raters were not any more likely to retain the
same distribution (since most books tended to retain similar
distributions around the same central value).
Our findings therefore suggest that it is the distribution
of ratings that is sustained through the greater tendency for
agreement between socially linked users.
V. S UMMARY AND C ONCLUSIONS
The goal of this paper was to identify trends in the evaluation of items in an online community and to probe more
deeply into the mechanisms underlying these. In particular, we
wished to establish how item rating distributions and average
ratings arise from communities of socially linked users. Our

analyses were conducted on data from the online book-sharing
site aNobii, but we envisage the protocols introduced to also
be applicable to other online communities with rating systems.
For the aNobii users we studied, we found individual
differences in rating styles, with some users having a greater
tendency to diverge from the central score and others being
more likely to conform. These were also associated with some
of users’ other activity. For example, both highly conformist
and highly divergent users had fewer social links, implying
that there is an optimal intermediate level of conformism that
associates positively with activity. Similarly, items with an
intermediate level of consensus tended to have more raters,
suggesting that discussion tends to be facilitated when there
is some, but not too much disagreement. Aside from social
psychology, these features could be helpful to the design of
recommender systems.
We then tried to identify the mechanisms by which item
score distributions might arise and be sustained. For the items
we studied, the large majority had a modal score, which can be
seen to represent the community evaluation of the item. This
can be attributed to the tendency of items to evoke similar
degrees of satisfaction across users (even if this might be for
different reasons).
In addition, the set of scores for an item can be generated by
users who already have a higher likelihood of giving similar
scores. Our findings suggest that social links can provide a
means for keeping both the central tendency and distribution
of scores stable. Firstly, we find that socially linked users are
more likely to give the same score to an item (possibly due
to similarities in taste). Secondly, we eliminate the possibility
that distributions of scores arise through attracting users with
particular ratings styles (e.g. tendency to agree). Thirdly, we
find that a large mean shift is much rarer for items with a
large proportion of added scores from socially linked users
and that this is more likely to be due to maintaining a stable
distribution of scores than to added scores converging to the
mean.
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