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ABSTRACT

Pinterest is a Social Network Site (SNS) centered around the
curation and sharing of visual content. The site encourages
users to form ties with (follow) other users based on mutual
interests, and use these ties to discover and share content. In
this work, we examine the efficacy and relevance of the Pin-
terest follow mechanism in driving content discovery and cu-
ration. We collect a sample of user activity and find that the
vast majority (88%) of the unique users who interact with an
average user’s content are non-followers. Conversely, only
12.3% of a user’s followers interact with any of their pins.
Users who discover and repost content from outside their fol-
low network also do not subsequently follow the contributors
of that content. Our results strongly suggest that following
is neither heavily utilized nor strongly effective for driving
content discovery and sharing on Pinterest.
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INTRODUCTION

The follow mechanism — the public articulation of links be-
tween users' [6] — is an essential part of a Social Network
Site (SNS) [7]. According to boyd and Ellison [21], this
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links on a social network site.
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mechanism is “the key differentiating feature of SNSs.” Fol-
lowing is what connects users to the social graph maintained
on the site and allows them access to the many benefits it pro-
vides [52, 65]. Follow links are the means by which users in-
fluence others [62, 2] and ideas and advertisements are spread
through the network [65, 12, 13]. A user’s follow network
can even be used to target ads for the products and services
that they may be likely to purchase [31]. As such, the follow
mechanism is a crucial part of any social network site.

The act of following (or friending) another user can be un-
derstood as an example of the sociological concept of tie for-
mation in social networks [27]. Various mechanisms for tie
formation have been well-studied in the sociology and psy-
chology literature, including homophily, friendship based on
similarity or mutual interests [45]; triadic closure, connect-
ing with friends of friends [57]; and preferential attachment,
or the tendency of people to connect with others who already
have many relationships [3]. People form ties on social net-
work sites as well for similar reasons [57, 54, 8]. In the early
days of the Internet, communities were formed by people who
shared common interests; one example of this is Usenet news-
groups. Tie formation in those communities resulted from
interest homophily [4] — connecting with others because of
common interests. Those early communities, however, never
gained the mainstream acceptance that later social network
sites such as Facebook have [21]. These sites “signaled a shift
from interest-driven to friendship-driven spaces” [21], gener-
ally depending on mechanisms other than interest homophily
to build their networks. This shift is substantiated by the work
of Bisgin and colleagues [4], who found that shared inter-
ests had only a weak influence on tie formation on several
mainstream SNSs of varying types. On most modern social
network sites, the majority of ties that are ‘formed’ are actu-
ally ones that already existed off the site. A Nielsen survey
of Internet users showed that the top reason given by users
for friending someone on Facebook was “knowing [them] in
real life” [35]. The 2013 Surveying the Digital Future sur-
vey also found that most users had only a small number of
friends whom they had met online [16]. This has been con-
firmed repeatedly for a number of social network sites: the
majority of a user’s connections are usually ‘real life’ friends
and acquaintances who were simply transferred to the site as
‘friends’ [22, 39, 41, 32, 14, 23]. This transfer is often en-
couraged by the site: Facebook users are encouraged to use
the site’s search feature to find people they already know and
add them as friends. LinkedIn takes this idea even further by



allowing users to connect only with people they already know.
Users attempting to add another user to their network are re-
quired to specify exactly how they are previously connected
to the person; otherwise, they must provide the person’s email
address or ask to be introduced by a mutual acquaintance.

Recently, however, an SNS with a tie-formation strategy
based on interest homophily has gained prominence: Pin-
terest. Pinterest is a social network site centered around the
curation and sharing of visual content. Since its inception
in 2010, it has grown extremely rapidly, reaching 10 mil-
lion monthly unique visitors faster than any SNS ever[17]
and boasting 70 million users by June 2013 [55]. A 2013
Pew Internet Survey [20] found that 21% of all Internet users
in the US use Pinterest. By early 2014, Pinterest was driv-
ing 7.1% of all referrals to purchasing sites, second only to
Facebook [19]. Pinterest has attracted much attention from
marketers, due to its ‘aspirational’ nature [49, 47], with users
using the site to find and share products and services that they
would like to buy. The site uses the metaphor of virtual ‘pin-
boards’ on which images and other media (known as pins)
are ‘pinned’. An example of a board (a collection of pins on
a specific topic) is found in Figure 1.
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Figure 1: An example of a Pinterest board in the ‘Gardening’
category (see next section).
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Hall and Zarro [29] use the term social curation to describe
the activity on Pinterest. Users collect pins, sometimes from
the boards of other Pinterest users, sometimes from elsewhere
on the Internet, and arrange them into topical collections.
This process of selection and categorization adds value to
the individual pieces of the collection and is referred to as
curation [58]. The social element is introduced through the
publicly viewable nature of these collections and the ability
of users to “view, favorite...copy, and comment” [29] each
others’ content. Pinterest’s focus on the curation of others’
content is what separates it from other content-focused SNSs
like Flickr and YouTube, which center around the creation
and sharing of user-created media [61, 46].

Like other social network sites, Pinterest is built around the
concept of a social graph, allowing users — known as pinners
— to follow other users and be shown the content they post.
Pinterest uses the social awareness stream [51] mechanism
popularized by sites like Facebook and Twitter, called the
home feed on Pinterest, which shows users all new content

posted by the users they follow as it is posted. This method
of finding relevant content by browsing through the content
posted by one’s friends has been labeled social browsing by
Lerman and Jones [42]. Follow links on Pinterest are unidi-
rectional — users can follow other users who do not follow
them.

Unlike the relationship-centered SNSs described earlier, Pin-
terest relies on interest homophily to build its social graph.
The site is centered on content, with all activity revolving
around pins. Users are encouraged to follow others whose
content they find interesting, rather than people they know of-
fline. In fact, the recommended follow mechanism on Pinter-
est is following just specific boards, rather than whole users.”
In the words of a Pinterest user quoted by Zarro, Hall, and
Forte [68], Pinterest is a “community of people who don’t
know each other.” In this way, Pinterest is attempting to cre-
ate a new social graph, based not on pre-existing offline con-
nections, but on mutual interests. While Pinterest, like Face-
book, does provide a mechanism to find people on the site
whom a user already knows, Pinterest carefully limits this to
“friend[s] who share your interests.””> Facebook, on the other
hand, suggests that users “send a friend request to any of your
friends that already have a Facebook account” and even invite
to the site those who don’t.* Pinterest further cements its em-
phasis on content as a basis for following by asking new users
what topics they are interested in and presenting them with a
selection of relevant boards to follow, rather than users.

On the surface, the interest-homophily tie-formation model
seems to be highly successful on Pinterest. We found that the
median number of followers per user is 106, more than both
Facebook and Twitter at a later stage of their growth [60, 2].
In addition, Chang et al. [11] report that there is indeed a high
degree of interest homophily in the Pinterest follow network.
However, a social graph has little value on its own; its success
can only be measured by how well it advances the goals of the
site and its users — in this case, discovering, curating, and
sharing visual content [11]. To the best of our knowledge, no
one has yet examined the effectiveness of the Pinterest follow
mechanism in achieving these goals.

In this paper, we examine following on Pinterest, exploring
some intriguing questions. How effective is the Pinterest fol-
low model at fostering content discovery, the spread of ideas,
and interaction based on common interests? Following is es-
sential to Pinterest’s success as a social network site, but is
it essential to the average Pinterest user’s experience with the
site? Can a follow mechanism based on interest homophily
succeed on a large-scale, mainstream SNS?

To answer these questions, we turn to the activity graph, the
hidden network formed by interactions between users. A
large body of work has shown that the network formed by
linking users with their followers — the follow graph — con-
tains incomplete information about users and their relation-
ships. Studies of Facebook [64], Twitter [33], and Cyworld

>Though in practice most users choose to follow whole users; see
the next section.

3http://help.pinterest.com/en/articles/find-your-friends
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[15] all found that the activity graph is very different from the
follow graph. Specifically, users tend to interact with only a
small subset of their friends and followers [44, 33]; thus, re-
lationship strength, and in turn, strength of influence, are dif-
ficult to predict using the follow graph alone [10, 59, 56]. On
Pinterest, activity takes the form of liking, commenting on,
and repinning other users’ pins. These actions are the means
through which content is curated and shared. Repinning is a
curation action — reposting desired content in the user’s own
space. Liking can be a curation action as well, since users
often like pins to save them for later, as described in the next
section. Comments have less of a curation dimension and are
therefore rare; all three are indications that other users have
seen and reacted to the content. Activity can thus be viewed
as traces that users leave behind when they view content; it
can be used to track user viewing patterns that would other-
wise be invisible. We therefore sample the implicit activity
graph on Pinterest and compare it to the follow graph to de-
termine whether the follow mechanism - through the medium
of social browsing - is successfully promoting content dis-
covery, curation, and sharing. To guide our examination, we
formulate the following research questions.

RQ1: What is the relationship between followers and ac-
tivity?

If following is indeed successful at fostering activity, we
would expect to find a strong relationship between a user’s
number of followers and the amount of activity done to their
pins. Does such a correlation indeed exist? Do followers
and activity follow similar patterns in their relationships with
other metrics, such as a user’s number of pins?

RQ2: How heavily do followers interact with their fol-

lowees’ content?

If the follow mechanism is heavily utilized for content dis-
covery, we would also expect most of a user’s followers to
engage with at least some of their content. We therefore ask:
are most followers active on their followees’ boards? If so, to
what extent?

RQ3: Do users find content from sources other than their

followees?

Do users primarily utilize their home feeds when finding in-
teresting content, and therefore only see (and curate) content
from the users they follow? Or do they make use of other
sources for pins as well?

RQ4: Do users follow the ‘out-of-network’ users or

boards whose content they interact with?

Pinterest provides several mechanisms outside the home feed
to help users discover content from pinners they do not fol-
low, including search and featured content pages. The site
encourages users to follow the boards or pinners where they
found the content. This will allow them to see more, poten-
tially similar, content from the user or board in the future. Do
users avail themselves of this option?

The answers to these questions may shed some light on the
importance of the follow mechanism for content discovery
and curation.

We present the following results:

e Though following is supposed to be based on mutual inter-
ests, only a small percentage of a user’s followers interact
with the user’s content or add any of it to their own collec-
tions. On average, only 12.3% of a user’s followers like,
comment, or repin any of their pins.

o A large majority (>70%) of the activity on a user’s posts
comes from users who are not their followers. Those fol-
lowers who do interact, however, perform nearly 2.5 times
more actions, on average, than non-followers. This sug-
gests that users find content to curate in locations other than
their home feeds or the boards of those they follow.

e Users who collect content from the Popular or Category
pages do not generally proceed to follow the pinners of
that content or their boards, though Pinterest encourages
them to do so; an average Popular pin receives 673 likes,
comments, and repins, but the user who posted it gains just
one new follower for every 450 of these interactions; more
than half gain no followers at all.

e Taken together, our results suggest that following is nei-
ther heavily utilized for nor strongly effective at promot-
ing content discovery, curation, and sharing on Pinterest.In
this way, Pinterest differs significantly from Flickr, another
SNS focused on visual content, where following and the re-
sultant social browsing has been shown to be important for
content discovery [42].

The remainder of this paper is structured as follows. In the
Background section, we provide an overview of Pinterest and
define the terms we use in the rest of the paper. We then dis-
cuss related work. We devote the next section to describing
our sampling and data collection methods, along with the re-
sulting dataset. In the Data Analysis section, we report the
results obtained from our analysis of the dataset; we then dis-
cuss their implications in a section entitled Discussion. Fi-
nally, we conclude and propose some ideas for future work.

BACKGROUND

Overview of Pinterest

Pinterest describes itself as “a place to discover ideas for all
your projects and interests, hand-picked by people like you.”
It’s billed as a ‘virtual pinboard’ service, where users can eas-
ily ‘pin’ digital content they find interesting or useful and
share it with others. The central entity on Pinterest is the
pin. A pin is an image or video, often accompanied by a
caption. Pins can be uploaded by the user, but the vast major-
ity are reposted from somewhere else on the Web [24]; these
link back to the original source when clicked on. Users, or
pinners, pin content onto their boards — pages, usually or-
ganized around a specific theme, where pins are laid out in
an informal style reminiscent of a physical pinboard. Pinter-
est’s trademark layout is designed for maximum visual ap-
peal: pins are displayed in neat rectangles of varying heights
in a grid pattern that continuously loads new content as the
viewer scrolls down. Clicking on a pin opens it on a separate

>https://about.pinterest.com/en



page with more detail. See Figure 1 in the Introduction for an
example of a board.

User profiles on Pinterest are relatively basic: users can add
a profile picture, a brief description, and their location, as
well as links to Facebook, Twitter, and/or a personal website.
Also displayed are the user’s number of boards and pins and
the number of pins they have liked, as well as the number of
other users they follow (called ‘following’) and the number
of followers they have. The rest of the profile page is devoted
to the user’s boards. Like pins, the board ‘teasers’ on a user’s
profile page are laid out as small rectangles in a grid, and dis-
play several images from the board. Every board on Pinterest
belongs to a topical category (or ‘Other’), and the pins on
each board are supposed to fit that topic.

Pinterest users can connect with other users by following
them. New pins from followed boards or users show up in
a follower’s home feed, similar to a Facebook news feed,
which they see when they open Pinterest. Follow edges in
Pinterest are directed; pinners can follow other users who do
not follow them back, and following someone does not re-
quire their permission. Since pinners often have boards on
many different topics, users are encouraged to follow only
those boards which interest them. However, Ottoni et al.
found that in practice, users overwhelmingly (~90%) choose
to follow other pinners entirely rather than single boards [53].
As well, despite the site’s emphasis on following boards over
users, board followers and followees are counted in the user’s
general follower and followee counts on his/her profile page.
Users can also create and join group boards, some of which
have thousands of pinners posting content to them. Each user
is also allowed up to 3 secret boards, which are only visible
to the owner(s).

There are three main types of interaction on Pinterest: likes,
comments, and repins. According to the Pinterest help page,
“Like a pin when you want to say Hey you! Neat idea!” When
auser likes a pin, it is also saved to the ‘Likes’ page in her pro-
file, so pinners will often like pins that they want to be easily
able to find later. Users can also comment on a pin; comments
are displayed beneath the pin on the board. Finally, users can
repin a pin to one of their own boards. Since Pinterest’s goal
is primarily curation of content [25], rather than creation, re-
pins are treated no differently than ordinary pins: they are dis-
played on the user’s board and in her followers’ home feeds
without even an indication that they were originally pinned
by someone else. We use the term post to include both pin-
ning and repinning. Any logged-in user can like, comment
on, or repin any other user’s pins, without needing to follow
the user or board. We visualize the Pinterest data model and
the interactions between entities in Figure 2.

Pinterest provides several methods for content discovery be-
sides the home feed. A continuously changing sample of
pins from boards in each category are reposted on the Cat-
egory pages, accessible from a drop-down menu on the site
header. There is also a ‘Popular’ page, where popular pins
from around the site are displayed, and a search box for find-
ing pins, boards, or users matching a search term.
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Figure 2: The Pinterest data model. Note that it is not
necessary to follow a user in order to repin, like, or comment
on their pins.
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Definitions
In this section, we define some of the terms we use.

Follow graph: a graph representation of the users in a social
network where vertices represent users and the edges between
users are formed by users following (directed) or friending
(undirected) each other

Activity graph: a graph representation of the users in a social
network where the directed edges between users represent in-
teractions between them. Two users A and B are connected
in the activity graph if there was an interaction of some sort
between them. Activity link: an edge in the activity graph,
formed by an interaction between the users at its ends.

Follow link: an edge in the follow graph, formed by a
friend/follower relationship.

Pinterest activity link: alike, comment, or repin received by a
user. Though the interaction is technically with the pin itself,
it creates a link to the pin’s owner. In this work, we calculate
per-user statistics based on incoming activity — actions done
to a user’s content, rather than by the user.

Post: A pin or repin. These are not distinguished in Pinterest,
but we use this term here for clarity.

RELATED WORK

Pinterest

Pinterest is a fairly new site, and its lack of an API has created
an additional barrier to its study. A few analyses of Pinter-
est, however, have been published very recently. Gilbert et al.
[25] attempt to determine what drives user behavior on Pinter-
est by calculating the contribution that various factors (such
as the gender and nationality of the original pinner) have to
the likelihood of a pin’s being repinned and the number of fol-
lowers a user attracts. They also compare the language used
by the same users on Pinterest and on Twitter and determine
that there are significant differences. Feng et al. [24] study
user behavior on Pinterest, but they confine their analysis to



the static follow graph; they also study the content and cate-
gories of pins, particularly popular ones. Mittal et al. analyze
various aspects of Pinterest, including some user characteris-
tics, the distribution of user locations, and pin sources. They
also address privacy and copyright issues and find many in-
stances of personal data leakage and copyright violations on
Pinterest. Finally, they find that they can predict gender of
Pinterest users with high accuracy [48]. Gender differences
in Pinterest are a popular topic of study; Ottoni et al. [53]
quantify the differences in Pinterest behavior between male
and female users. Chang and colleagues [11] also study gen-
der, specifically, the types of content favored by, and degree
of specialization of, the two genders. They also report that
homophily — here defined as similarity in interests — has a
large influence on repinning, but a smaller one on following.
Kamath et al. [36] build a model to automatically recommend
boards that users might like. Zarro et al. [68] studied Pinterest
from a qualitative perspective through user interviews. They
found that users see Pinterest as a content provider rather than
a social network. This was confirmed by the findings of Han
et al. [30], who showed that repinning is mostly driven by the
pin’s content rather than user characteristics.

Activity Graph

The concept of the implicit activity network in an online so-
cial network and the fact that it differs from the explicit follow
network was first proposed by [15], who analyzed the topo-
graphical characteristics of both the follow and activity net-
works of Cyworld, a Korean SNS. They found that the one-
way interaction network had a similar topology to the fol-
low network, but the reciprocal ‘friends’ network was quite
different, more similar to known topologies of offline social
networks than to the usual characteristics of online social net-
works. Ahn et al. [1] had previously made a similar obser-
vation about the testimonial network on Cyworld, but did not
extend their results to the concept of the activity graph in gen-
eral. Wilson and colleagues [64] performed a very similar
analysis on Facebook, referring to the implicit network as the
interaction graph.They found significant differences between
the follow graph and the interaction graph, once again finding
that the interaction graph displays the small-world properties
typical of online social network graphs to a lesser extent than
the follow graph does. Viswanath, et. al. [63] studied the
evolution of activity links over time and discovered that Face-
book activity links change over time, but many of the graph-
theoretic properties of the activity graph did not. The Twitter
interaction graph was studied by Huberman et al. [33], who
found that most users interact closely with only a small subset
of their followers. This disparity was confirmed in the case
of Facebook by the Facebook Data Science team, who, with
access to all of Facebook’s user data, showed that the number
of active reciprocal relationships per user was much smaller
than the user’s friend count [44].

Tie Formation and Homophily in Social Networks

A large body of research exists in sociology and psychology
on tie formation and homophily, too numerous to cite here.
We refer readers to McPherson et al.’s literature review on
homophily [45], and Donath and boyd’s discussion of some

previous work on tie formation [18]. Here we briefly list re-
search on homophily and tie formation in online social net-
works. Lauw et al. found that users on LiveJournal with
similar interests were more likely to be friends [40], but the
much larger study of Bisgin et al. found no evidence of inter-
est homophily on several social network sites [4]. Macskassy
and Michelson found that models that take homophily into
account better fit retweet behavior on Twitter than those that
don’t [43]. Kivran-Swaine et al. [37], Quercia et al. [54], and
Kwak et al. [38] studied the breaking of ties on social net-
work sites. Romero and Kleinberg looked at the process of
directed closure in social networks through the lens of follow
links on Twitter [57]. There is also a large amount of work
on modelling ties [67] and predicting link formation in SNSs,
including [26, 34, 27].

DATA COLLECTION & DESCRIPTION

As discussed in the introduction, we concentrated on the ac-
tivity graph rather than the follow graph. Instead of crawl-
ing follower edges, we followed activity links between users
(though we did collect follow links as well for crawled users).
As is common in social network analysis, analyzing the entire
Pinterest graph was impractical; we therefore did our analy-
ses on a sample of the network. Since unique ids on Pin-
terest are text-based, random sampling was difficult. In ad-
dition, Pinterest lacks an API, and employs various design
techniques that make collecting all data for each user pro-
hibitively expensive. We therefore used a modified Breadth-
First Search (BFS) (that is, Snowball Sampling [28]) on the
full graph to collect a sample of nodes and edges. We be-
gan the crawl from several randomly chosen seeds and moved
outward by selecting a random subset of edge clusters and
crawling all edges in each cluster. This is accomplished by
randomly choosing 5 boards of each crawled user, and then
crawling all activity links on each board. Likewise, we lim-
ited the number of pins collected per board to the first 300,
since 90% of boards have 300 or fewer pins. On a similar
SNS graph, Bonneau et al. [5] were able to estimate many
graph properties using, as we do, a random sample of k edges
from each node, even with very small k. Due to the extreme
difficulty and expense of crawling large follower lists, we lim-
ited our analysis of activity from followers (see the end of
the Data Analysis section) to users with 10,000 followers or
fewer; this includes 99.96% of the users in our dataset.

We utilized a multithreaded crawler architecture for data col-
lection. We ran the crawler for 5 weeks in December 2013
and January 2014 and collected the data described in Table
1. The first row consists of users whose incoming activity we
sampled as described previously. For those users who liked
or commented on one of the crawled pins, or followed one
of the crawled users, we collected their real names, number
of pins and number of followers (here denoted ‘partial data’);
‘users touched’ includes the two categories above it, as well
as users who repinned one of the pins in our dataset, for whom
we have only their usernames. Boards are similar — we have
full metadata, plus up to 350 pins, for the crawled boards, par-
tial data (URL and number of pins) for an additional 2 million
boards, and just the URL for the final ~2.9 million.




Dataset Details
Crawled Users (with boards and pins) 31,644
Users (partial data) 4.5 million
Total Users touched 5.4 million
Crawled Boards 163,300
Boards (partial data) 2 million
Total Boards Touched 5.1 million
Total Pins Crawled 14 million
Total Repins 7 million
Total Likes 1.56 million
Total Comments 47,557
Table 1: Data Description
Mean | Med. | Mode | Stdev Max

Boards 13,11 19| 12 41 2,310%
per User

Pinsper | 3¢ | 39 1| 563 |100,228%*

Board
Followers | o1 | 64| 026,639 | 4,283,442
per User

*All are group boards.
**This is the largest number of pins on a board with a single pinner.
Group boards can have millions of pins.

Table 2: Statistics for the dataset. All mins are O.

Descriptive Statistics

We first present some descriptive statistics about our dataset,
including distribution of the three types of activity across
users, boards, and pins. Table 2 contains basic statistics
for numbers of boards, pins, and followers/following; corre-
sponding distributions are shown in Figure 3.

Table 3 summarizes the activity links contained in our dataset.
Figure 4 shows the distributions of likes, comments, and re-

Mean | Med. | Stdev Max
Activity per user 265.4 67 | 951.7 | 78,336
Activity per board 51.5 5| 262.6 | 32,640
Repins per pin 0.47 0 44 1424
Likes per pin 0.11 0 1.5 755
Comments per pin | 0.003 0 0.1 126

Table 3: Statistics for activity distribution. All mins and
modes are 0.

pins across users, boards, and pins. While overall, there are
58 interactions (likes, comments, or repins) for every 100
pins, only 17.7% of pins have even a single interaction, due
to the skew in the distribution of activity per pin. Repins are
by far the most common type of activity, about 4 times more
common than likes and nearly 150 times more than com-
ments. They make up 81% of total activity recorded and,
on average, 79% of activity on each board. Comments are
extremely rare; just .3% of pins have even one comment. By
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Figure 3: Cumulative frequency distributions of followers
and followees (3a), boards (3b), and activity rate (3d) per
user, and pins per board (3c), in log scale.

contrast, 15.2% of the pins in our dataset were repinned at
least once. We attribute this to the nature of Pinterest itself,
where the primary goal is discovering and curating content
(i.e. pins), with social interaction coming in a distant sec-
ond. Comments by nature involve far more social interaction
than repins; repinning just means that the repinner wants the
content for herself, while commenting is usually a form of
communication with others. In this aspect, Pinterest is dif-
ferent from Facebook, where liking is many times more com-
mon than resharing (even commenting is more common than
resharing), and similar to Twitter, where resharing is more
common than liking [50]. All of the distributions are very
heavy-tailed, as is clear from the plots. The distribution of
activity per pin is the most skewed; there are a few pins that
seem to be more desirable or interesting, while others appear
to be ignored. All of these distributions were so skewed that
they had to be plotted on a log-log scale to be clearly visible.

Activity Rate

In this work, we use activity links as edges in the activity
graph. When comparing activity between users, however,
or even when comparing to the follow graph, the raw ac-
tivity count is not a useful metric. Different users have dif-
ferent numbers of pins, so a large amount of activity may
just be a function of having many pins. Activity (specifi-
cally reposting) per post is used as a measure of influence
on Twitter by [59], and on Pinterest by [25]. We therefore
use activity rate throughout this paper instead of raw activity
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distributions are plotted on a log-log scale so that they can be shown on the same plot; despite this, the number of comments per
pin is so small that the distribution line disappears off the side of even a log-log plot.

counts. As would be expected from the activity distributions
shown above, activity rates vary widely. Some users have
large amounts of activity per pin, while others have next to
none: the minimum activity rate in our sample is 0, while
the maximum belongs to the Pinterest account of the popular
children’s retailer Carter’s — the brand averages 105 likes,
repins, or comments per pin. The distribution of activity rate
for the users in our sample is shown in Figure 3d.

DATA ANALYSIS

Followers and Activity — RQ1

We now begin to address our research questions, beginning
with RQ1, the relationship between number of followers and
activity rate. A strong relationship between followers and ac-
tivity would suggest that users are engaged with the content
of their followees. Figure 5a shows the number of followers
per user plotted against the user’s activity rate, both on a log
scale so differences are clearly visible. Each hexagon repre-
sents multiple points, as shown on the key to the right of the
plot, with lighter areas representing more data points. Spear-
man’s p correlation coefficient between the number of follow-
ers and the activity rate is 0.55, and the R? goodness-of-fit is
0.26.% The above correlation includes users with many hun-
dreds of thousands or millions of followers who bear little
resemblance to ‘ordinary’ pinners; we therefore exclude the
top 5% of users by follower count ( > 924 followers), as well
as users with fewer than 5 followers. The scatterplot of fol-
lowers and activity rate for these ‘average’ users is shown in
Figure 5b. Here, the correlation is p = 0.44, with an R2? of
0.19. These correlations are moderately high; we therefore
continue to further analysis.

Pins, Followers, and Activity Links

6 All correlations and R? values reported in this and the next subsec-
tions are statistically significant, p < .0001.
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(a) Followers and activity rate for
all users.

(b) Followers and activity rate for
users with 5-924 followers.

Figure 5: Followers and Activity for: 5a) all users; 5b) the
middle 85% of users by follower count. Each hexagon
contains the amount of data points indicated by its color;
lighter areas have more data points.

To shed more light on the relationship between following
and activity rate, we compare each one with a third measure:
pin count. If following and activity rate parallel each other
closely, we would expect to see similar relationships between
each of them and pin count. Figure 6a plots number of pins
against follower count for each user in our sample. Spear-
man’s p here is 0.78, and R?is 0.3. Figure 6b shows the ac-
tivity rate plotted against the number of pins, using the same
methodology as Figure 6a. Here, Spearman’s p is 0.32, and
R? is 0.06.

The relationship between pins and activity rate is much
weaker than between pins and followers. This can be seen
on the scatterplot; both the entire mass of data points and the
lighter (denser) area are nearly circular, denoting a weak re-
lationship between the two variables. This difference casts
some doubt on the existence of a strong relationship between
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followers and activity. There does seem to be a relationship
between pin count and follower count. It may be that people
with more followers are more motivated to pin, or conversely,
that users with more pins garner more followers. (Or there
may be other factors causing both.) As for pins and activity
rate, a correlation of 0.32 on SNS data is strong enough to
confirm Wu et al.’s [66] finding of a positive feedback loop
between feedback on posts and posting frequency. However,
the relationship is clearly weaker than the correlation between
pins and followers. Are pinners more motivated by follower
count as a positive feedback measure than by activity? Or,
perhaps, do users like following pinners with many pins but
are less interested in acquiring (i.e. repinning) their content?
These questions provide an intriguing base for further study.

Similar results have been reported for Twitter: Suh et al.
[59] found a linear relationship between retweets and fol-
lowers, but a lower correlation between numbers of tweets
and retweets. For a direct comparison, we correlated just
the repin rate with the number of pins, and found that the
correlation between number of pins and repins was far lower
(p = 0.34) than between the number of pins and followers,
reported above.

Activity without Followers

We also examined the extreme end of our dataset: users who
have no followers at all but nevertheless have activity on their
pins. These users make up about 1.4% of our dataset, and
strengthen the case for following being less than essential for
content discovery; obviously, other users managed to find the
content of these pinners, despite their having no followers.

Active Followers — RQ2

We now address RQ2, whether followers interact with their
followees’ content. Understanding the way users interact
with the others they follow and those they don’t is crucial to
evaluating whether the follow mechanism is utilized for con-
tent discovery and sharing. It is well-known that only a small
percentage of users’ followers actively interact with them.
This has been shown for Facebook, Twitter, and Cyworld (see
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Figure 7: Activity by followers.

the Related Work section). However, since following on Pin-
terest is supposed to be based on shared interests — a way to
find new content to curate, and ‘interactions’ are mostly just
a way of collecting content, we would expect users to receive
interactions from a large percentage of their followers. We
find, however, that this is not true: on average, only 12.3%
of a user’s followers have ever engaged in even a single ac-
tion (like, comment, or repin) on any of the user’s pins. The
distributions of percentages of followers interacting for each
user with any activity on the boards we crawled is shown in
Figure 7a. Likes and comments once again have a more un-
even distribution than repins; not only do those users who do
interact comment and like much less than they repin, there
are also fewer users who engage in either of the two activities
than who repin. Even repins are only done by a small per-
centage of followers: only 19% of users have ever received
even a single repin from more than 20% of their followers.

Content from Other Sources — RQ3

Unlike some SNSs, Pinterest is an open network — that is,
users are not limited to interacting with their friends. Any
user can like, comment on, or repin any other user’s pins,
without having to follow that user. This means that users can
potentially find content for their ‘collections’ in places other
than their home feeds or the boards of their followees. We
wish to determine whether this capability is utilized by Pin-
terest users. Do they take content from users whom they don’t
follow? If so, how often? What percentage of activity does
non-follower activity represent?

Figure 7b shows the distribution of the proportion of all re-
pins, likes, and comments that are done by followers, for each
user with at least one instance of the corresponding activity
on their crawled boards. For the majority of users, only a
small percentage of the interaction on their boards is from
their followers (board or full-user) — the median is 24%.
The remaining 76% are likes, comments, and repins done by
non-followers. This is very different from Flickr, where be-
tween 47% and 71% (depending on photo visibility) of all
interactions (comments) come from followers [42]. To con-
firm that these percentages were not skewed by a few prolific
non-followers who engaged in a large amount of activity, we



extracted the number of unique non-followers who interacted
with each user’s content. The median is 34, showing that most
users have a significant number of non-followers interacting
with their content; each non-follower contributes an average
of just 1.4 actions. Non-following interacters make up a me-
dian of 88% of all unique users interacting with a user’s pins.

These non-followers clearly discovered the content in this
case somewhere other than their home feeds. (Since they are
not following that user or board and therefore do not see the
user’s content in their home feed.) Yet they make up the vast
majority of unique users interacting with the content. To-
gether, these statistics strongly imply that users discover a
great deal of the content they collect for themselves in places
other than their home feeds, or their followers’ boards.

Following as a result of content discovery — RQ4

Until now, we have discussed following as a driver of content
discovery. In this section, we discuss following as a result of
content discovery. As part of its mission to help users find
content they like, Pinterest provides various mechanisms for
content discovery besides the home feed. As we described
previously, there are several pages containing a sampling of
content from around the site. Among these are the Category
pages, each with a sampling of pins from that category; and
a Popular page, which hosts a continuous feed of pins with a
large amount of activity. The pins remain on the boards of the
users who posted them, but they can be interacted with from
these ‘sample’ pages without visiting the original board; all
activity done to a pin while on one of these pages is counted
as part of the pin’s activity as displayed on the original board.
Users can browse these pages to find content and repin it to
their own boards. They can also use the search feature to
search for pins that match their keywords. Commensurate
with its emphasis on following, Pinterest recommends that
once a user finds and possibly interacts with new content,
they should follow the board where the content was posted,
or the entire pinner.” After all, if they liked this pin, they may
like the other content on that board or pinned by that user
as well. The idea that repins and likes on the Category or
Popular pages are the gateway to new followers is frequently
posited by Pinterest users and marketing experts [9].

We set out to investigate whether users do indeed go on to
follow the users or boards whose pins they discover through
search or the Category and Popular pages. The high propor-
tion of non-follower activity that we reported in the previous
section is the first indication we find that this behavior may
not be very common. We assume that following that results
from content discovery occurs within a fairly short time af-
ter the discovery and interaction. Thus, if the non-followers
had indeed followed the user or board after interacting with
the content, they would have been listed in our dataset as fol-
lowers, since we crawled each board only once.® To further

"http://help.pinterest.com/en/guide/following-and-your-home-feed
80f course, there is always the small possibility that we managed
to visit the page in the short time between when a user interacted
with a pin and when they followed its pinner, but the chance of that
happening is low enough that we assume that the number of pins
affected, if any, is not significant.

investigate, we compared the average number of actions con-
tributed by each interacting follower of a user to the average
number of interactions from each interacting non-follower.
Each interacting non-follower contributes 1.4 interactions, on
average, while the average interacting follower produces 3.4,
almost almost two-and-a-half times as many (difference in
means is significant, p < .0001). This difference suggests
that non-followers, who have to find the board in some other
way than viewing its pins in their home feed, seem to mostly
find individual pins and do not interact with the rest of the
pins on the board.

Being ‘Popular’ does not increase follower count

Lacking site usage data and search logs, we cannot trace the
content that users found when searching. We do, however,
have access to the Popular and Category pages. We therefore
attempt to determine whether users who find interesting con-
tent on one of these pages go on to explore the rest of that
pinner’s content. We repeatedly visited the Popular page and
collected a randomly-chosen single pin from the top row of
pins (these are the most visible) as soon as it appeared on
the page. We then crawled the board where each pin origi-
nated from,® once immediately and then again several hours
later, after people had a chance to see the pin and possibly
click through to, and follow, the board or user. We collected
1,013 Popular pins and found that, on average, each Popular
pin had 673 likes, comments, and repins. (None had less than
111; 45% had over 500, and nearly a quarter had over 1,000.)
In the vast majority of cases, the large amount of activity was
clearly a result of being featured, since each popular pin had a
median of 224 times more activity than an average pin on the
same board. Despite all this activity, 60% of boards and 56%
of users did not gain a single follower, and 80% gained 3 or
fewer — a per-user average gain of one new follower for ev-
ery 450 repins, likes, and comments — for those who gained
at all. In addition, the majority of the 15% of users who did
gain seven or more followers already had six or seven-digit
numbers of followers; many are large retailers or successful
bloggers with high visibility outside of Pinterest and multi-
ple avenues for acquiring new followers. These factors mean
that the additional followers they gained cannot be easily at-
tributed to one of their pins being featured on the Popular
page. Nor do users seem particularly interested in the other
pins on the original board of a Popular pin; 70% of boards
containing a Popular pin see no extra activity on their other
pins after the pin is featured; those which do get some ad-
ditional activity get a single repin, like, or comment on the
non-featured pins for every 146 actions on the featured one.

It seems, then, that users do not go on to follow the ‘out-of-
network’ users (or boards) whose content they discover and
collect. After a pin is listed on the Popular page and receives
high visibility and a large amount of additional activity, the
number of followers of the user and board it belongs to barely
change. We also found a wide disparity between the number
of interactions on the Popular pins and the rest of the pins
on the same board. This difference obviously cannot be ac-
counted for by activity from the board’s followers, since that

The first 100-300 pins; these are most likely to be looked at by a
casual visitor.



should affect all pins. Nor can it be explained by differences
in topic, since all pins on a board generally belong to the same
category. It is likely that the additional activity came from
non-followers who found the pin on the Popular page, but
may not have even clicked through to the board. These users
also do not appear to go on to follow the pinners who posted
the content they enjoyed.

DISCUSSION

The results we present above show that the follow mechanism
on Pinterest, and the resultant i.e. social browsing, does not
seem to be very heavily utilized by users for content discovery
and curation. The role of the home feed seems to be smaller
than might be expected, given the site’s emphasis on follow-
ing as a driver of content discovery. We speculate that users
see Pinterest as something of a ‘mini-Web’, an interlinked
network of content that can be easily searched, browsed, and
bookmarked.

Unlike Twitter and Facebook, for instance, Pinterest is not
very time-bound; much of the content on it can still be rele-
vant and engaging long after it was posted. The live-stream
aspect of the home feed is therefore less essential. It is also
(deliberately) centered around content, rather than people,
which reduces the necessity for following: a status update
about a friend’s new baby is only interesting because you
know the friend; a pin about a great recipe is useful even when
it comes from a stranger. Pinterest may have hoped that this
content-centrism would mean that people would follow oth-
ers they didn’t know solely for their content. What actually
seems to be happening, however, is that people turn to other
methods of content discovery, as discussed above. The many
mechanisms that the site provides for finding desirable con-
tent means that users don’t have to wait for their followees to
post something interesting — they can look for it themselves.

Our findings have important implications for those who wish
to promote goods or ideas on Pinterest. Rather than just seek-
ing to maximize their number of followers, they will have to
develop ways to engage with large numbers of users who have
no interest in following them. These users may be very open,
however, to repinning and otherwise engaging with their con-
tent.

Our results also add to the sparse existing knowledge on
interest-based homophily on social network sites. While the
example of Pinterest shows that it is possible to build a follow
network based solely on common interests, it also shows that
this network may not be robust enough to be heavily used by
its members for content discovery when more attractive op-
tions are available.

CONCLUSION AND FUTURE WORK

In this paper, we study the effectiveness and utilization of the
Pinterest follow mechanism for content discovery. Pinterest
encourages users to form follow links on the site based on in-
terest homophily, or similarity of interests. We sample user
activity, in particular the curation and interaction actions of
liking, commenting, and repinning, and examine it to deter-
mine whether or not users commonly use following and their

home feeds as a way to find new content. We find that follow-
ers are not very active on the boards of their followees - on
average, only 12.3% of a user’s followers interact with any of
the user’s pins. Conversely, > 75% of the activity on an aver-
age user’s boards is done by a large number of non-followers
- 88% of all unique interacters on an average user’s boards are
non-followers. Users also do not seem to follow the boards
or users that provide the content that they interact with, de-
spite Pinterest’s recommendation that they do so. Our results
show that following seems to be a second-class mechanism
for content discovery on Pinterest.

In this paper, we have mostly discussed characteristics of user
interaction that can be extracted from the activity network.
In the future, we would like to collect a larger, more fully
connected dataset and examine various graph properties of
the activity graph itself. We hope that this analysis will shed
more light on Pinterest and the unique dynamics of user ac-
tivity on a content-centered social network site. In particular,
we are interested in the study of influence on Pinterest. Influ-
ence in social networks is an important topic of study because
of the opportunities it presents for those who want to maxi-
mize the spread of ideas or advertising. Given the findings we
present in this paper, we have reason to believe that the mech-
anisms of influence on Pinterest are both similar and different
to those in other SNSs, and we would like to explore them in
greater detail.
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