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Abstract

We model social media as collections of users producing and consuming content. Users
value consuming content but, due to scarce attention, they may not value all content
from other users. Users also value receiving attention, creating the incentive to attract
an audience by producing valuable content, but also through attention bartering—users
mutually becoming each others’ audience. Attention bartering shapes substantially the
patterns of production and consumption on social media, explains key features of social
media behavior and platform decision-making, and yields sharp predictions that are con-
sistent with data we collect from #EconTwitter. We discuss the implications of attention
bartering for platform strategy and the design of social media platforms.

JEL Codes: B14, L14, 1.82, 186, Z13

*We thank Hunt Allcott, Erik Brynjolfsson, Paul Oyer, Evan Sadler, Jesse Shapiro, Alex Tabarrok, and
Johan Ugander for their very helpful comments, and Jie Lu for his excellent research assistance. Author contact
information, code, and data are currently or will be available at http://www. john-joseph-horton.com/.


http://www.john-joseph-horton.com/

1 Introduction

Traditional media, such as newspapers, TV, and radio, are characterized by a few “stars”
who produce content, and a much larger collection of people who purely consume that con-
tent (Rosen, 1981; Krueger, 2005). On social media, by contrast, a large number of users
both produce and consume content: the “social” of “social media” is that millions of people
tweet on Twitter, dance on TikTok, rant on Facebook, open boxes on YouTube, share sunsets
on Instagram, and announce exciting new professional chapters on LinkedIn. However, all of
this new content has not been matched by an equal increase in the total supply of human
attention—the scarce factor consumed during content consumption (Simon, 1971). This pa-
per examines how human attention is allocated in equilibrium over social media content—who
consumes what—and how this allocation in turn affects the incentives for content production.

A starting point is to observe that the costs of producing, distributing, and accessing con-
tent have fallen dramatically with digitization, and with the proliferation of modern comput-
ing technology. Today, marginal distribution costs are de minimis, and technical production
costs have diminished radically, even for audio and video content. Falling costs can explain
the larger number of professional producers, the greater variety of consumption, and why
users spend more time on social media. Nevertheless, producing content still has an opportu-
nity cost; why then do so many amateur users produce content on social media, when almost
no one is paid to do it?

Part of the explanation for amateur social media production is the desire for an audience,
and a positive reaction from that audience. Although people sometimes produce content
without an external audience—diaries exist, and people enjoy playing music by themselves—
many clearly value having an audience. The desire for an audience can explain the effort put
into social media—the production decision—but it can also affect the consumption decision,
in a way that is particular to social media.

We argue that a distinguishing feature of social media platforms is that they allow users
to exchange some of their own attention for the attention of others in order to obtain a larger
audience. Unlike most economic situations, in which individuals produce as a means to
consume, social media users can partially consume in order to produce. In particular, social
media users can “follow” others not (only) to consume their content, but to be “followed
back” and consume their attention. We call this exchange attention bartering.

Attention bartering is an explicit part of the design of several social media platforms.
For example, Twitter allows observable unilateral following, and users can decide whether
to engage in reciprocal following—*“I'll follow you if you follow me.” On other social media
platforms for which relationships are bilateral, such as Facebook and LinkedIn, attention
bartering is informal and takes the form of users engaging with each others’ content—*“I ‘like’

your posts, but only if you ‘like’ mine.”



Consider Alice, a user who decides where to allocate her attention. On traditional media,
Alice can use her attention only to consume content, and hence she allocates her attention
toward consuming the best possible content—content produced by “stars” (which may or
may not be specific to Alice’s tastes). Alice also likes receiving attention, but her content
alone does not attract an audience—in terminology we use throughout, her ability is lower
than that of the stars.! On social media, however, Alice can strike an implicit “deal” with the
similarly good-but-not-great user Bob. Alice agrees to give Bob some attention, in exchange
for Bob giving some attention to her. With this deal in place, they both get an audience
member, and consequently benefit from producing content. If Bob follows Alice then we say
that Bob is Alice’s follower, and that Alice is Bob’s followee.

Both Alice and Bob would have not attracted any followers without the ability to attention
barter, and hence they would not have produced any content in a world without attention
bartering. The cost of their deal is the attention that they would have preferred to allocate
elsewhere: if Alice were to renege on their deal and stop following Bob, Bob would also renege
because Alice’s content is not good enough to attract his attention “organically.” Their deal
is sustained because social media platforms make it easy to verify that each maintains their
end of their bargain. Importantly, because attention bartering requires consuming what the
partner produces, both parties have an incentive to seek out the best bargain, that is, the best
producers who are willing to barter with them. Together, these incentives create pressure for
a kind of assortative matching.

We formalize Alice and Bob’s situation in a model of attention bartering, solving for the
equilibrium network structure(s) it generates.? In our model, users have limited attention and
are heterogeneous, and attention from other users has positive but diminishing returns. In
general, we show users never attention barter if at least one of them would have organically
followed the other in a counterfactual world without bartering. Hence, because it cannot
crowd out organic following, the possibility of attention bartering benefits all users—a finding
robust to vertical differentiation, horizontal differentiation, and equilibrium selection. The
decision of two users to barter depends on whether both users have a marginal benefit of
an additional follower that exceeds the marginal cost of expending costly attention on the
other’s content. Because this marginal benefit depends (due to diminishing returns) on a
user’s overall “popularity,” a given pair’s optimal bartering decision cannot be assessed in

isolation. For this reason, in general there can be multiple equilibrium networks, with different

"We use “ability” here and throughout the paper to refer to the consumption value others derive from a
user’s content, without any implied judgement of the objective worth of that content. One of the most “able”
Twitter users in this sense was the 45" President of the United States, as evidenced by his 88 million Twitter
followers—before his January 8, 2021 suspension. We view this example as evidence that (in line with our
general model) consumption value can be consumer-specific. In the stylized “vertical” specialization of the
model that guides our empirical application, however, a user’s ability is not consumer-specific.

2 Although we abstract from content production decisions, we interpret our results as though a user produces
content if and only if she has followers.



welfare properties.

We next set aside horizontal differentiation, and focus on a special case of the model
(exhibiting a unique equilibrium) with substantial vertical differentiation among users. As
such, users are better off bartering with users who produce better content, all else equal,
and two types of users do not attention barter in equilibrium: (1) “stars” with high enough
ability to attract followers organically, who therefore have no incentive to barter, and (2)
“lurkers” with such low ability that others are not willing to barter with them. Between these
two extremes, attention bartering “clubs” emerge, whose “members” have similar abilities,
barter with all other members of the same club. Thus, the equilibrium network takes a
core-periphery form, with the core followed organically by everybody, and the periphery
partitioned into a number of bartering cliques. The size of a club is determined by its
members’ incentives—specifically, their willingness to follow its lowest-ability member—and
so clubs consisting of lower-ability members must be smaller to generate a higher marginal
benefit of attracting a follower. An important consequence of the previous observation is that,
among non-stars, users with higher ability in fact follow more other users. We should stress
that the core-periphery network, and the club structure comprising the network’s periphery,
are not assumed explicitly, but rather emerge in the equilibrium of the vertical model due to
the production and consumption incentives of social media users.

Users in bartering relationships—club members—would not have attracted any follow-
ers, and would not have produced any content without attention bartering. With attention
bartering, club members attract some followers and produce content actively, thereby expe-
riencing lower consumption utilities, but higher attention utilities and higher total utilities
from using the platform. As such, attention bartering results in more active users, and more
content produced on the platform, albeit of lower average quality.

To assess some of the vertical model’s assumptions and predictions empirically, we collect
data from #EconTwitter, a Twitter community comprising professional and amateur users
who tweet mostly about economics, and often follow each other. An important feature of our
data is that it allows us to observe the production and consumption decisions of #EconTwitter
users, as well as to obtain measures of attention bartering and user ability. Note, our broader
purpose is to study the formation of user networks on social media platforms—an industry
commanding more than $150bn in annual revenue, and serving as an important information
source for its users.? Although #EconTwitter constitutes a small segment of the population
on only one such platform, it serves as a convenient and familiar testing ground to assess

some observable implications of our model.

3For an estimate of social media advertising spending in 2021, see https://www.statista.com/study/
36294/digital-advertising-report-social-media-advertising. A recent PEW Research Center study
estimates that about 11% of US adults prefer to get their news through social media; for more
details, see https://www.pewresearch.org/fact-tank/2021/01/12/more-than-eight-in-ten-americans-
get-news-from-digital-devices.
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https://www.pewresearch.org/fact-tank/2021/01/12/more-than-eight-in-ten-americans-get-news-from-digital-devices

The distributions of #EconTwitter users’ follower and followee statistics are consistent
with our key assumptions of (a) vertical differentiation in ability, and (b) scarce attention.
Follower counts are highly right-skewed, with some “stars” attracting enormous numbers of
followers—consistent with producers facing no distribution costs and being vertically differ-
entiated, with the “best” users having vast audiences. In contrast, the distribution of users’
followees is substantially less right-skewed, and does not have a long tail. This feature is
consistent with consumers having limited attention: there are no “super consumers” that
willingly consume 100 or 1000 times the content consumed by the typical user. Despite this
follower /followee distinction—and some star users having enormous ratios—the overall dis-
tribution of follower-to-followee ratios is clustered around one. These patterns are consistent
with findings reported in previous work spanning several social media platforms, and over
a long period of time (Kwak, Lee, Park and Moon, 2010; Myers, Sharma, Gupta and Lin,
2014; Sadri, Hasan, Ukkusuri and Lopez, 2018). Many models of network formation can be
made consistent with the patterns described above; an important distinguishing feature of
our model is its predictions about outcomes and behaviors conditional upon user ability.

We cannot observe directly user ability, and attempting to infer it from network statistics
might make the empirical relationships we find between inferred ability and other network
features tautological. To circumvent this issue in selecting a proxy for ability, we use the
number of appearances a user makes on Twitter “lists” curated by other users, but adjusted
for the tenure of each user at the time of our data collection. Lists allow users to consume
the content of a listed member without affecting their follower and followee count. Impor-
tantly, because lists are not salient within users’ profiles, prospective followers cannot use
list memberships to infer ability. Because of these features of lists, our working hypothesis is
that list memberships better capture the true consumption value users derive from a given
user’s tweets, being untainted by attention bartering considerations.

Consistent with our ability measure being a good proxy for what users want to consume,
the average number of followers is strongly increasing in their ability. In contrast to followers,
the average number of followees is first increasing in ability, attains its maximum at medium-
to-high ability levels, and then sharply decreases at the highest ability levels. This “followee
dip” is a hallmark of attention bartering in our model—the most able users attract many
organic followers, having little need to barter, and so they follow only accounts they enjoy
following.

In our data, we observe who follows whom, and we use reciprocal following as a proxy

for attention bartering. We find that low-ability users form reciprocal following relationships

“Even so, our analysis still generates nontrivial testable predictions that do not concern ability. For
example, in the equilibrium of the vertical model, a user’s number of followees is quasiconcave in her number
of followers. However, including both network features and a proxy for ability yields more stringent empirical
tests for the model.



with nearly any willing reciprocator, i.e., any user who is willing to “follow back.” As users’
abilities increase they become more selective, following reciprocally higher-ability users on
average. Among all users, medium-ability users engage in reciprocal following most intensely.
In stark contrast to reciprocal following, no such pattern exists in unreciprocated following:
the content that users are willing to consume organically is unrelated to their own abilities,
and is of high average quality. These patterns are all predicted by the vertical model.

Although our chief purpose is to offer a novel perspective on social media, the economic
phenomena we highlight have social and economic antecedents. For example, consider an
“open mic night” at a cafe. The participants are not paid for the content they produce,
but rather barter for attention: would-be poets listen to the poetry of their fellow poets, in
exchange for having an audience for their own poetry. The cafe owner—like the operators
of social media platforms—provides the meeting place for this exchange, profiting from the
sale of food and drinks. They can happily sit silently in the background, as long as the poets
do not get too rowdy. In the context of academia, paper-reading seminars among graduate
students, as well as all-day workshops, exhibit similar economics: academics listen to others’
work in exchange for having others listen to their own work. Similarly, presenting one’s
work at a workshop without attending others’ talks is a faux pas, safely available only to the
most famous and high-ability academics. For both the open mic night and the workshop,
individuals would like to be members of the best club that will have them, as they would
prefer to hear better-written poems, and to attend presentations of higher-quality research.
However, as in our model, the higher the quality of the other members the more difficult club
membership is to obtain.

The social media platform assumes a passive role in our model, but the importance of
attention bartering can also explain several platform strategy decisions. Platforms have an
incentive to encourage attention bartering, because (as we show) it increases the surplus of
users who barter. Through this channel, attention bartering induces users to be more active
on the platform, and in turn creates more opportunities to present advertisements to them.
Platforms can encourage attention bartering in several ways, including: rendering follower
and followee content highly salient and creating reminders of the presence of the audience
(such as “likes”); allowing users to verify easily whether they are being followed by others;
instituting rules against aggressive follow-churn behavior (a kind of fraud/defection that
undermines attention bartering); and implementing features to be used in lieu of unfollowing,
such as “muting” and algorithmic curation. Algorithmic curation of the feed spares the user
from some of the disutility of following low-ability users, but without giving up the attention
of having that low ability user as a follower. However, the platform must walk this line
carefully because algorithmic curation weakens the promise that any follower is in fact seeing
the followed user’s content, weakening the attention utility that motivates production and

bartering.



Our descriptive model generates qualitative predictions about how policy changes might
affect the equilibrium network and the resulting content production. For example, rather
than “banning” users, a platform could simply prevent their following choices from being
visible to others, thus prohibiting them from bartering credibly without silencing them. The
patterns of reciprocal following also make clear the contours of “clubs” which in turn allows
the platform to more easily remove troublesome users root and branch.” The above is just
one example of how a model endogenizing relationship formation on social media can be
useful in assessing the impact of various policy levers.

This paper joins a burgeoning literature on social media (Allcott and Gentzkow, 2017;
Alatas, Chandrasekhar, Mobius, Olken and Paladines, 2019; Allcott, Braghieri, Eichmeyer
and Gentzkow, 2020; Levy, 2020), but is distinctive in taking a particularly economic lens.
Our modeling focus is on the importance of users’ scarce attention in both their production
and consumption decisions, complementing previous work examining the effects of algorith-
mic features (Bakshy, Messing and Adamic, 2015; Berman and Katona, 2020; Levy, 2020).
Whereas we abstract from the precise reasons why users want an audience, taking that desire
as a given, several papers have explored the bases of this desire (Toubia and Stephen, 2013;
Del Vicario, Vivaldo, Bessi, Zollo, Scala, Caldarelli and Quattrociocchi, 2016; Pennycook,
Epstein, Mosleh, Arechar, Eckles and Rand, 2021).

User connections on social media form graphs (e.g., see Jackson, 2010), and hence our
model can be viewed as an economic network formation model, with rational economic agents
severing and creating links to maximize their utilities—albeit adapted to our specific appli-
cation. In particular, our model of attention bartering is similar in spirit to the pairwise
stability notion of Jackson and Wolinsky (1996). One important assumption of our model is
that cooperation between would-be barterers is sustainable, because forming and disengaging
from relationships is costless on social media.

The remainder of the paper is organized as follows. Section 2 provides a brief introduction
to Twitter as a paradigmatic social medium that allows for attention bartering. Section 3
presents a model of attention bartering, and derives general results about its equilibrium
properties and welfare implications. Section 4 develops a special case of the model (that
informs our empirical analysis) in which users are vertical differentiated, and derives its
unique equilibrium network. Section 5 assesses empirically some key predictions of the model
using data from Twitter. We discuss some implications of our results in Section 6, and we

conclude in Section 7.

5For example, the mass removal of “Q anon” conspiracy accounts on Twitter was facilitated by a high degree
of reciprocal following, and was not purely determined by the content. See https://www.npr.org/2020/07/21/
894014810/twitter-removes-thousands-of-qanon-accounts-promises-sweeping-ban-on-the-conspir.


https://www.npr.org/2020/07/21/894014810/twitter-removes-thousands-of-qanon-accounts-promises-sweeping-ban-on-the-conspir
https://www.npr.org/2020/07/21/894014810/twitter-removes-thousands-of-qanon-accounts-promises-sweeping-ban-on-the-conspir

2 How Twitter works

Twitter is a platform that allows its users to generate content, called tweets, and to share
this content with other users. Tweets are snippets of text, URLs, images, and videos, which
do not exceed 280 characters. Twitter serves as the main motivating example throughout the
rest of this paper. We henceforth use “Twitter” in lieu of “social media” for concreteness,
but our results should be understood to apply to any social medium that shares the features
of Twitter that enable attention bartering.

A user’s tweets are publicly available, unless she has elected to “protect” them by making
her account private, or by “blocking” another user. Users choose to see the tweets of others
by “following” them. Upon logging into Twitter, a user’s “timeline” displays a stream of
tweets from her followees—the users she follows. Twitter allows unilateral following: any
user is free to follow any other user.® In addition to the tweets of followees, other content
may be displayed on a user’s timeline, including suggestions of users to follow, tweets from
users not followed, and advertisements. Users can choose between seeing tweets displayed in
chronological order, or using Twitter’s proprietary algorithmically generated ranking.”

Twitter displays prominently the number of followers and followees each user has. Fig-
ure la shows a Groucho Marx parody account, which has about 10,800 followers and 734
followees. Additional content the user may opt to provide is also reported, such as the user’s
location. When a user views other users’ profile pages, she can see whether she is follow-
ing them, and whether they are following her. Figure 1b shows an example of how other
users’ profiles are viewed when logged in as a user. In this example, the two users follow one
another, indicated by the “Following” and “Follows you” tags.

A user can interact with any tweet that is visible to her by “liking” it, “commenting” on
it by generating another tweet, or “retweeting” it—which makes the original tweet appear on
the timeline of her followers. The user who generated the original tweet receives notifications
about the interaction other users have with her tweets. Figure 1c shows a tweet that has

received 14 comments, 46 retweets, and 198 likes.

3 A model of social media production and consumption

In this section, we present a model of social media link formation. Each pair from a continuum
of (possibly heterogeneous) users decides whether to form bilateral links with each other,

which we interpret as attention bartering. After all bilateral bartering decisions are made,

5Social media platforms Instagram, Youtube, and TikTok also allow unilateral following. However, on some
social media, such as Facebook and LinkedIn, all relationships are bilateral.

"Twitter’s “top tweets” feature produces algorithmically curated tweet rankings, utilizing a variety of
signals such as how popular a tweet is, and how the user’s followees are interacting with it. For more details,
see https://help.twitter.com/en/using-twitter/twitter-timeline.
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Figure 1: Elements of Twitter’s information provision.

Groucho
@AIlIThingsMarx

Groucho, Harpo, Chico, Zeppo and Gummo. (Not Karl or Richard) 'l never forget a
face, but in your case, I'll be glad to make an exception'

© Hail Freedonia! Joined January 2016
734 Following  10.8K Followers

(a) The profile page of a twitter user.

(b) Features of the relationship of two Twitter users.

The Friars Club

@friarsclub  Follows you

567 Following 3,595 Followers
qualities of show business and the humanities since 1904.

(c) Features of a tweet.

<r

Groucho @AlIThingsMarx - Jan 8
| don't want to belong to any club that would have me as a member.

Q 14 T 46 Q 198 g

Notes: These screenshots depict core elements of Twitter’s information provision. The top panel is the home
page of a Groucho Marx parody account. The numbers next to “Following” and “Followers” denote the number
of followees and followers of this user. The middle panel is the homepage of The Friars Club account. The
page indicates prominently that “The Friars Club” follows the user who is viewing this homepage, and that
the user follows The Friars Club, creating a bidirectional following relationship. Note that this relationship
may have been either formed organically (with each separately deciding to follow the other), or may be a
result of the two users’ attention bartering. The bottom panel is a tweet. The number of comments, retweets,

and likes associated with that tweet, appear below the content of the tweet.




users decide whom to follow—a unilateral link—as well. Thus, the coexistence of consumption
and attention utilities gives rise to two distinct categories of followers: organic followers who
follow a user unilaterally, and reciprocal followers who barter with her.

Individual incentives give rise to a global network structure among the users. In deciding
whether to follow unilaterally someone with whom she does not barter, a user considers only
the direct consumption value of seeing that user’s content. In contrast, disengaging from a
bartering relationship leads to a change in consumption utility, a decrease in attention utility,
and a decrease in monitoring or engagement costs. Our paper examines this trade-off for a

user, and how it shapes the network of social media relationships.

3.1 The setting

Our setting is given by a measurable space © with measurable singletons;® a probability
distribution p on ©; bounded measurable functions ¢,b : © — R, ; a bounded measurable
function u : ©2 — R such that each § € © has p{u(f,-) = 0} = pfu(-,0) = 0} = 0;’
and a strictly concave, increasing function S : [0,1] — R that is differentiable on (0, 1] and
continuous at 0. The interpretation is that a unit mass of Twitter users have publicly
observable types 6 € O, distributed according to u. A given user of type 6 derives a net
marginal consumption benefit of (6, é) from following a user of type 0, pays a constant
marginal monitoring/engagement cost of ¢(f) from bartering attention with another user,
and derives a attention benefit of b(9)S(1m) from having m followers.!! The possibility that
u can take negative values is a reduced-form representation of the fact that a user’s total
attention (shared between social media and other activities) is scarce, and hence crowding
out can be costly.

The general model allows for Twitter users to be flexibly heterogeneous in how much they
enjoy reading each others’ tweets. If u(6), é) > u(é, é) for every type 6, then type 6 users enjoy
reading others’ content more than type 6 users do; if u(6, ) > u(8, ) for every type 6, then
type 6 users produce content that others enjoy consuming more than type 6 users’ content;
and if u(0, é) is a decreasing function of types 6 and 6’s distance under some metric on o,
then users prefer to read content from like-minded people. That S is increasing means users

derive a benefit from having more followers, and its concavity reflects diminishing returns

8For instance, we could take © to be any Borel measurable subset of R? for some d € N, corresponding to
a list of agents’ attributes.

9That is, u{0 € © : u(6,0) =0} = u{f € © : u(f,0) = 0} = 0. This condition simplifies some statements
by ensuring optimal unilateral following decisions are essentially unique.

"Note, these assumptions imply S is continuous on [0,1] and continuously differentiable on (0,1], with
limmo S (1) = limg,o 250 —: §7(0) € [0, o).

1 At the expense of additional notation, one can easily extend the model to allow a user’s attention benefit
to depend on the types of users who follow her, rather than simply the total quantity of followers. One could
also easily extend the model to a allow the attention benefit to depend on endogenous features, such as the
number of followers a follower has.

10



from receiving attention. We allow for users to be heterogeneous in how much they value
attention rather than consumption, as reflected by the user-specific quantity (). Finally,
we assume that users also incur a cost ¢(-) for every bartering relationship they maintain.
This cost can be interpreted as a cost of maintaining engagement in a relationship, or as a
cost of monitoring whether the partner does in fact continue to follow the user; our model
allows for this cost to be heterogeneous.

To build up to our equilibrium concept, we invest in some useful notation.

Notation 1. Let F; denote the set of measurable functions ©2 — [0,1].12 Let Fy denote the
set of fo € F1 such that f2(6, é) = fg(é, 0) for every 0,0 € ©. Given any (f1, f2) € F1 X Fo
and 0 € ©, let

mOlfnf) = [ {£20.0)+ 0~ O.01A0.0)} du(d),

Velss) = [ {R0.0)[u0.0) - 0)] + - 26.0046.06.0) | duld)
+b(0)S (m(0]f1, f2)) -

Let us interpret the above objects. First, fi € Fi specifies unilateral following behavior:
f1(0, é) is the probability that a user of type 6 unilaterally follows one of type 0, conditional
on them not engaging in attention bartering.'® Next, fo € F» specifies reciprocal following
behavior: fa(0, é) is the probability with which a user of type 6 and one of type 0 atten-
tion barter—which therefore is assumed symmetric. Given a pair (fi, f2) of such functions,
m(0)| f1, f2) records the number of followers a user of type 6 has, whereas V(6| f1, f2) is such
a user’s payoff.

We interpret any fi; € Fi as a directed social network and fs € F» as an undirected social
network with the same set of users as nodes. Our interest is in which pairs of such networks

can arise in an equilibrium, which we formalize below.
Definition 1. An equilibrium is a pair (f1, f2) € F1 x Fa such that

1. Every 0,0 € © have

2. Every 0 € © has V(0| f1, f2) > V(0|f1,f2) for each fo € Fa such that

2Throughout, we endow ©2 with the product algebra. Although we never refer to a measure over ©2, one
may naturally view ©2 as a probability space with the product measure p ® pu.

13When describing outcomes of the model, we would say type @ unilaterally follows type 6 if f2(0, é) =0
and f1(0, é) =1, but not if f2 (9,67) =f (0,9) = 1. That is, fi summarizes hypothetical unilateral following
decisions conditional on no bartering. This accounting is reflected in the definition of m(6|f1, f2). Hence, the
first condition in Definition 1 does not, in and of itself, constrain realized unilateral following behavior.

11



e Every 0,0 € ©\ {0} have f2(0,0) = f2(0,0);
o Every 0 € © with f2(6,0) > f2(0,0) has

(1= F1(8,0))u(d,0) — c(8) + [1 = f1(8.0)b(9)S" (m(Blf1, f2)) > 0.

The interpretation of the equilibrium is that users make their reciprocal following decisions
taking into account anticipated unilateral following decisions. The first condition says that a
user unilaterally follows another (conditional on not having an attention bartering relation-
ship) if the flow consumption benefit of following them is positive, and not if it is negative.
Because a user’s unilateral following decisions do not affect her own follower count, and the
rest of her objective is additively separable across other users, we have written this constraint
in separable form. The second condition captures the optimality of a user’s attention barter-
ing behavior. When considering possible deviations for the user, the definition assumes that
(i) users cannot change relationships that do not affect themselves, (ii) users can unilaterally
break ties to end any bartering relationship, and (iii) users can only instigate a new bartering
relationship with partners who acquiesce.'* That bartering relationships can be formed with
bilateral consent and broken unilaterally is in the spirit of pairwise stability (Jackson and
Wolinsky, 1996).

3.2 Characterizing equilibrium

The following statistic of users types will turn out to be useful in our analysis.

Notation 2. Let k: ©2 — R, be the function given by

¢(0) + max{0, —u(0,0)}
b(0)

K(0,0) =

The function (0, -) constitutes a lower-dimensional description of type 6’s preferences; com-
bining it with ’s follower count will allow us to describe the marginal rate of substitution
between following a given type and being followed by it, which is relevant to bartering deci-
sions.

The following theorem explicitly characterizes equilibria. In many cases of interest (e.g.,
if k(0, -) is atomlessly distributed for every 6 € ©), the proposition gives an essentially unique

candidate equilibrium compatible with any given candidate follower count m : © — [0, 1].

Theorem 1. A pair (f1, f2) € F1 x Fa is an equilibrium if and only if:

14 Consistent with the interpretation of individual users being “small,” we express the would-be partner’s
willingness to form a new link through a first-order condition: new attention bartering entails a marginal cost,
a marginal consumption utility, and a marginal follower increment, with the latter two only applying net of
how this dyad would behave if they did not barter.
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1. Every 0,0 € © have:

2. Defining m(-) := m(:|f1, f2), every 0 € © and almost every 0 € © have

1 u(@,é) <0, u(é, 0) <0,
f2(0,0) = k(0,0) < S'(m(6)), and x(0,0) < S'(m(6))

A~

0 : w(@,0) >0 ork(8,0) > S (m(0)).

The proof of the theorem, and all other proofs, can be found in Appendix A.

The above result clarifies which features of individual preferences determine who follows
whom. Intuitively, (6, é) captures type 6’s normalized marginal cost of bartering with user
0, which is compared to the normalized attention benefit S’(m(0)) of having an additional

follower.

3.3 Consequences of equilibrium attention bartering

Let us highlight an interpretable property of all equilibria. The following corollary is an

immediate consequence of Theorem 1.

Corollary 1. In any equilibrium (f1, f2), each 6 € © and almost every 0 € © with u(é, 0) >0
have f5(0,0) = 0.

The corollary results in an immediate welfare ranking between the attention bartering econ-
omy and a counterfactual arrangement in which bartering is impossible. Indeed, the corollary
says that (up to measure-zero exceptions) any user who would unilaterally follow type 6—a
decision which would remain the same even if attention bartering were not available—does
not barter with type @ users in equilibrium. Said differently, attention bartering never crowds
out unilateral following in our model.

Another byproduct of Theorem 1 is a criterion to rank users unambiguously. Although
equilibrium may not be unique (as the next subsection shows) because users’ incentives cannot
be determined without considering the entire network, the following proposition shows we

can still compare the equilibrium outcomes of some users.

Proposition 1. If 6,6 € © have u(é,@) > u(é,é) and /1(9,@) < m(é, é) for almost every
0 € O, then every equilibrium (f1, f2) has m(6|f1, f2) > m(|f1, f2).

Intuitively, if a user of type 6 generates greater consumption benefit than one of type 6, then

more users will be willing to follow her unilaterally; and among those who do not, more will be
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willing to attention barter with her. Hence, the former type will have more choices available
than the latter. Furthermore, if users of type 6 have a lower marginal cost of bartering with
anyone, then they cannot have fewer followers than users of type 6 in equilibrium—because

bartering with some of s willing barterers is a profitable deviation.

3.4 Homogeneous users

In this subsection, we consider the case in which users are homogeneous, i.e., the functions
u,c,b are all constant functions (with u # 0 by hypothesis), and hence & is constant too.
This special case is useful for plainly demonstrating some of the forces in our model. The

following proposition is an immediate consequence of Theorem 1.

Corollary 2. With homogeneous users, equilibrium is essentially characterized as follows:*

(i) If u > 0, everybody follows everybody unilaterally.
(i1) If u <0 and k < S'(1), everybody attention barters with everybody.
(iii) If u < 0 and k > S’(0), nobody follows anybody.

(iv) If u <0 and r € (5'(1),5(0)), then let m* := (S")"(k). In this case, nobody follows
anybody unilaterally, everybody attention barters with at most m* others, and everybody

with strictly fewer than m* followers barters with each other.

The second case highlights an efficiency gain enabled by attention bartering. When x < S’(1),
the utilitarian surplus always increases with additional following, even if the cost ¢ must be
borne by the follower. However, if this condition holds while v < 0 (which happens for some
parameter values), then users cannot commit to follow each other without attention bartering,
because they do not internalize the positive externality they exert on their followees. In this
case, no following would happen if attention bartering were not feasible. However, with
attention bartering, everybody is followed by everybody, partially restoring efficiency.

The fourth case highlights the global nature of the equilibrium conditions, even while
following decisions are local to a specific pair of users. Specifically, it highlights that whether
or not two users face the “double coincidence of wants” needed for attention bartering depends
on their overall “popularity,” which is a global feature of the equilibrium. The following
parametric example demonstrates how this case can render equilibrium outcomes non-unique.

Consider the parametric example with © = [0, 1), g uniform, constant functions u = —1
and ¢ = b =1, and S(m) = 3.2y/m. In this example, u < 0, S'(m) = 1.6/y/m, and k = 2.

Hence, a user’s targeted number of followers (as given in the fourth case of Corollary 2) is

15That is, any equilibrium can be modified on a measure-zero set to some (f1, f2) € F1 X F2 that has these
properties, and any (f1, f2) € F1 X F» that has these properties can be modified on a measure-zero set to yield
an equilibrium.
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m* = 0.64 € (0.5,1). Observe some equilibrium exists in which nobody follows anybody
unilaterally; types below 0.64 barter with each other, and types above 0.64 barter with each
other. Intuitively, the types on the left are doing exactly the amount of attention bartering
they would like; and the types on the right would like to be doing more, but are already
following everybody who would willingly reciprocate. In this equilibrium, the types on the left
have more followers, and a higher payoff than those on the right. Moreover, by homogeneity,
an alternative equilibrium exists in which ©; forms a clique and © \ ©; forms a clique for
any measurable ©; C © of measure 0.64—e.g., with ©1 = (0.36,1]. In particular, neither
equilibrium payoffs nor equilibrium follower counts are unique in general, and there can exist
equilibria that are not Pareto ranked.

One can find other equilibria that Pareto dominate the above. For instance, we could
take fi = 0 and fo(0,0) = 1 5 03,
min{|0— 6], 1—|0—0]|}.'% In this case, every type attention barters with types within a small

where the metric p on © is given by p(6, é) =

enough p-distance, and the equilibrium entails efficient (indeed, Pareto-dominant) bartering:
it maximizes every user’s payoff subject to the constraint that no unilateral following happens
when u < 0.

4 Vertically differentiated users

In this section, we consider a special case of our model, which we term the vertical model.
The substantive special feature of the vertical model is that users are purely vertically dif-
ferentiated.!” As we will show, this special case of the model has an essentially unique
equilibrium network and generates a rich set of testable predictions that are not wedded to a
particular parameterization. Accordingly, this version of the model is especially well suited
to empirical analysis; we therefore use it as guide in Section 5.

Informally, users’ types are linearly ordered in the vertical model. We explicitly solve
for the resulting equilibrium of the attention bartering economy and show it is essentially
unique. The equilibrium takes a core-periphery structure, with the periphery partitioned into

a number of vertically differentiated “clubs” that are isolated from one another.

4.1 The setting for the vertical model

Assume ¢ > 0 is a constant, b = 1 is a constant, © C R\ {0} is some bounded Borel

set, the probability distribution p is atomless (so that its cumulative distribution function

161f we identify [0,1) with a circle by mapping 8 to ¢2™® then p captures how far apart two types are, as a
fraction of the circumference.

"For simplicity, we cast this model with users’ sole heterogeneous attribute being the consumption benefit
they yield to those who follow them, but as the analysis should make clear (in light of Theorem 1), this
particular functional form is not central to the results, and could be replaced with an appropriate single-
crossing condition.
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G : R — [0,1] is continuous), and u(6,0) = 6 for every 6,0 € ©.'8 In this stylized special
case of our model, we can interpret § € © as a user’s ability.

To describe the equilibrium network, the notation defined in the following claim is useful.

Claim 1. Suppose S'(0) > ¢, and let 6y := 0. Recursively, for n € N, a unique 6, €
[—00, 0,—1] exists with S’ (G(Hn_l) — G(Qn)) =c¢—0,. Moreover, Oy := lim;—o0 0, = ¢ —
S'(0) € [~o0,0].%

4.2 Characterizing equilibrium for the vertical model

We now present our main result for the vertical model. The following proposition explicitly

describes an equilibrium, and shows it is essentially unique.

Proposition 2. Consider the vertical model, and let {0,,}°°, be as defined in Claim 1 in the
case that S'(0) > ¢. The pair (ff, f3) € Fi x Fp with each 6,0 € © having

F0.0) = 1,
) Lot 6,6, .12
f;(e,e) = ( ’ )EUnzl( s nfl]
0 »S'0)<ec

1s an essentially unique equilibrium.

If S’(0) < ¢, then bartering with another user is never worthwhile on the margin, unless
following unilaterally the same user is desirable. No attention bartering happens in this case,
but some unilateral following can still happen: users of type 6 > 0 are stars who everybody
follows unilaterally and who barter with nobody.

The more interesting case is that with S’(0) > ¢. In this case, users of type 0 > 0 are
still stars who everybody follows unilaterally—including the other stars—and who attention
barter with nobody. In addition, some attention bartering happens, and it takes a “club”
form. Specifically, each of the disjoint sets {(Hn,ﬁn,l]}zozl forms a clique, wherein each
pair of users with types in (6,,0,_1] barters attention. No bartering happens across clubs,
although all club members still follow unilaterally the stars. Finally, any users with type
below 0o, = ¢ — S’(0) are lurkers, who have no followers of either kind. Intuitively, such a
user is subject to a Groucho Marx condition: she does not want to be a member of any club
that would have her as a member.

The next corollary follows immediately from Proposition 2. It characterizes, in terms of
primitives, when the equilibrium has a positive number of stars and when it has a positive

number of lurkers.

'8We omit the zero-probability type 0 from © to make sure our assumption that p{u(-,0) = 0} = 0 for all
0 € O is satisfied.
"Note that {05 }nez, U{sc} C [—00,00] might not be a subset of ©.
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Corollary 3. In the vertical model, in equilibrium:
(i) A positive measure of stars exist if and only if G(0) < 1.
(ii) A positive measure of lurkers exist if and only if G(c — S’(0)) > 0.

Our characterization also generates clear patterns on how a user’s social connections vary
with her ability. Intuitively (and consistent with Proposition 1), higher-ability users have
more followers. However, the relationship between ability and number of followees has a
more interesting pattern: a followee dip. The following proposition summarizes this and the

related testable predictions of the vertical model.
Proposition 3. In the vertical model, if G(0) < 1, any equilibrium essentially has:

(i) The number of followers and follower-to-followee ratio are weakly increasing in user

ability. Only stars have follower-to-followee ratios higher than one.

(i) The number of followees is quasiconcave (that is, single-peaked) in user ability: it weakly
increases initially, and then decreases for stars, who follow the same number of users

as lurkers.

In particular, a user’s number of followees is non-monotone in her ability if S’(G(0))+

0 < ¢ < S'(0), where 8 is the minimum of the type distribution’s support.

(iii) Lurkers and stars do not engage in attention bartering. Every other user’s number of

reciprocal followers is positive and weakly increasing in her ability.

(iv) Users comprising an attention bartering club have the same number of followers, fol-
lowees, and ratios. The size of the clubs—and hence these statistics—increases weakly

in user ability among those users who are neither lurkers nor stars.

4.3 An example

We conclude this section with a parametric example of the vertical model. Suppose types are
uniformly distributed on [6,0] \ {0}, where § € (0,1) and § = 6 — 1 € (—1,0), and S takes
the form S(m) = 2v/sm for some scale factor s > 0. In this case, the recursive definition of
{0,352 1 in Claim 1 can be written more explicitly. Recursively, for n € N, we obtain 6,, as

the unique solution to
(O_1 — 0,)(c—0,)? = s

whenever that solution is above 6, and 60, = @ otherwise. In this example, the equilibrium
network has some stars, but no lurkers (by Corollary 3). Moreover, by Proposition 3(ii), a

user’s number of followers is non-monotone in her ability if s < (1 —8)(c+1 — ).
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To illustrate further the equilibrium of our model, we consider in what follows the case
of attention benefit S(m) = 0.5,/m, abilities 6 uniformly distributed on [—0.8,0.2], and cost
¢ = 0.2. Figure 2a plots the equilibrium of the counterfactual setting in which attention
bartering is impossible. Users cannot barter and hence they follow unilaterally only the
stars, obtaining consumption utility Vy = 00 20 df. Users with ability 8 < 0 lurk: they are
not followed by anyone, they do not generate tweets, and they obtain total utility equal to
their consumption utility. In contrast, star users are followed by every user, tweet, and obtain
total utility equal to Vp + S(1).

Figure 2b illustrates the equilibrium of our model (in which attention bartering is possi-
ble). Star users are unaffected: they are followed unilaterally by every other user, and they do
not engage in reciprocal following. The set of lurkers vanishes, as non-star users can improve
their total utilities by forming attention bartering clubs. Seven attention bartering clubs form
in this parametric example; the largest comprises users of types (61,60y] where 6y = 0, and
the smallest comprises users of types [0, 0s]. Note that the extent of reciprocal following—the
size of these clubs—becomes smaller for clubs consisting of lower-ability users, as bartering
with those users is costlier (and so it requires the higher marginal value of attention that
a smaller follower count affords). Club members are better off in terms of total utility but
their consumption utility decreases, as they to follow users who generate a net negative con-
sumption value. Higher-ability users belong to more populous clubs, and hence incur higher
monitoring costs in addition to the consumption cost of attention bartering. We also depict
these predictions in Figure 4 and Figure 5, where we compare the model predictions with

estimates from #EconTwitter data—the subject of the paper’s next section.

5 Evidence from #EconTwitter

We next assess empirically some core assumptions and predictions of our model. To narrow
the focus of this exercise, we restrict attention to the vertical specialization of our model in
which users have homogeneous tastes but are heterogeneous in the value others derive from
their content.”’ To that end, we collected data from #EconTwitter, a Twitter community
comprising professional and amateur users who tweet mostly about economics, and often fol-

low each other.?! Our rationale for focusing on #EconTwitter is to obtain data that matches

20Throughout this section, as we focus wholly on the vertical model of Section 4, we refer to it (for brevity)
simply as our model. Recall, any specification of the vertical model generates an essentially unique equilibrium.
Although the qualitative predictions of this equilibrium we test are not specific to the parameterization, all
figures representing the model adopt the same parameterization as in Figure 2.

210n Twitter, users may prepend the hashtag character to relevant keywords or phrases within their tweets,
as a form of tagging that enables cross-referencing of content sharing a theme or subject. Twitter commu-
nities often derive their names from recurring hashtags that their members use to broadcast messages to the
community. For more details, see https://help.twitter.com/en/using-twitter/how-to-use-hashtags,
and https://en.wikipedia.org/wiki/Hashtag.
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closely the vertical setting, that is, data on users with far less horizontal differentiation than
one would expect from a random sample of Twitter users.

Let us emphasize the nature of our empirical exercise. We are not fitting the #EconTwitter
data to our model and estimating parameters of the latter. Rather, we are comparing the
qualitative patterns in the #EconTwitter data—specifically, in how network statistics vary
with a proxy for user ability—to the patterns predicted by our model. For example, our
model predicts a “followee dip” at the highest levels of user ability, and we find such a dip

Figure 2: Following, consumption, and attention in the vertical model.

(a) Equilibrium when attention bartering is impossible.
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Notes: This figure plots the equilibria with and without attention bartering, for the case of uniformly dis-
tributed types on the interval [0, 8] = [-0.8,0.2], S(m) = 0.5y/m, and ¢ = 0.2. In all panels, the x-axis depicts
user types, the yellow-shaded area depicts the number of organic followers, the blue-shaded area depicts the
number of reciprocal followers, the green-shaded area depicts the consumption utility minus monitoring costs,
and the red-shaded area depicts the attention utility. Panel 2a plots the equilibrium when attention bartering
is impossible. Without bartering, only stars obtain attention utility. Panel 2b plots the the equilibrium when
attention bartering is possible. Stars are unaffected, but non-star users form attention bartering clubs emerge,
and they trade off decreases in consumption utility for increases in attention utility. Figure 4 and Figure 5

depict additional quantities for the attention bartering equilibrium.
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in the #EconTwitter data.

Our exercise is somewhat analogous to comparing the signs of coefficients in a regression
to the comparative statics of a model. However, our approach is more restrictive: we make
such comparisons at many ability levels, and the signs of some model predictions change
with the ability levels. Returning to the followee dip example, the number of followees a user
has is non-monotone in her number of followers: it increases with ability up until the level
at which a user attracts organic followers, at which point the sign changes and the followee

count drops.

5.1 Data collection and sample definition

Because Twitter has no direct “tag” indicating that a user is an economist, we adopted a
heuristic process based on Twitter’s list feature. Lists are groups of Twitter users, created
and curated by individual users in order to organize tweets thematically. Lists can be made
private or public, and can be shared with other users. Importantly, adding a user to a list
does not affect follower or followee counts, and hence prospective followers cannot see the
number of lists to which a user has been added.?”

We began by collecting data on users comprising RePEc’s “Economists on Twitter” list.
We then collected data on users followed by at least 3 users on the RePEc list, for a total
of 68,592 users. The data features for each user include the unique identifiers of her followers
and followees, the number of tweets she has produced, the number of tweets she has liked,
her tenure on the platform, and the number of lists by other users that on which she appears.
All data were collected using Twitter’s public APIL.?3

We refined the data sample as follows. First, we removed “inactive” users, defined as users
with fewer than 25 followers, fewer than 10 followees, or fewer than 50 tweets. Second, we
removed “superstar” users, defined as users with more than 200,000 followers. This restriction
removes few economist outliers, but many non-economists who are particularly popular with
#EconTwitter users.>? Third, as a crude measure to eliminate some “spam” accounts from
our data, we removed users with more than 5,000 followees. This restriction drops only a
small number of users, and is consistent with the Twitter-imposed basic followee limit.?> The
final sample consists of 55,966 #EconTwitter users, whose followers and followees consist of
26,284,663 unique users.

22For more details on Twitter lists, see https://help.twitter.com/en/using-twitter/twitter-lists.

23The RePEc list can be found at https://ideas.repec.org/i/etwitter.html. The official documentation
describing the features of data obtained through Twitter’s API can be found at https://developer.twitter.
com/en/docs/twitter-api/vi/data-dictionary/object-model/user.

For example, Barack Obama, Shakira, and Britney Spears are the three most followed non-economists
who are followed by 3 or more users in the RePEc list. Among economists in the RePEc list, the “superstar”
restriction resulted in Paul Krugman, Xavier Sala-i-Martin, Joseph Stiglitz, and Alejandro Gaviria being
dropped from the sample. Erik Brynjolfsson (barely) made it into our refined data set.

2For more details, see https://help.twitter.com/en/using-twitter/twitter-follow-1limit.

20


https://help.twitter.com/en/using-twitter/twitter-lists
https://ideas.repec.org/i/etwitter.html
https://developer.twitter.com/en/docs/twitter-api/v1/data-dictionary/object-model/user
https://developer.twitter.com/en/docs/twitter-api/v1/data-dictionary/object-model/user
https://help.twitter.com/en/using-twitter/twitter-follow-limit

5.2 Followers, followees, and ratios

Figure 3 reports the distributions of followers, followees, and follower-to-followee ratios (hence-
forth, “ratios” for brevity) of #EconTwitter users. We plot a Gaussian kernel density estimate
of the distribution of each outcome, with the bandwidth selected using Silverman’s rule of
thumb (Silverman, 1986). The red vertical lines depict the median (solid) and the mean
(dashed) of each distribution.

Figure 3: Distributions of followers, followees, and ratios of #EconTwitter users
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Notes: This figure reports kernel density estimates of the probability density function of the distributions
of followers, followees, and follower-to-followee ratios for #EconTwitter users. For each facet, the vertical
red lines depict the median (solid) and the mean (dashed) of the corresponding distribution, and the kernel
bandwidth is selected using Silverman’s rule of thumb (Silverman, 1986). See Appendix B for density estimates
of the same statistics for all users.

On average, an #EconTwitter user has 10,304 followers, 1,273 followees, and a ratio of
13.98, whereas the median user has 2,004 followers, 913 followees, and a ratio of 2.05.%°
Follower counts are highly right-skewed, with some star users that attract vast numbers of
followers. This feature is consistent with producers facing no distribution costs and being
vertically differentiated, with the “best” users having large audiences. In contrast, the dis-
tribution of users’ followees is substantially less right-skewed, and does not have a long tail.
This feature is consistent with consumers having scarce attention.

Despite this follower/followee distinction—and some star users having enormous ratios—
follower-to-followee ratios are clustered around one, consistent with Proposition 3(i). This

clustering of ratios near one has been documented in previous work spanning several social

26In Appendix B, we report estimates computed on the entire sample. Compared to the average Twitter
user, #EconTwitter users have on average more followers and followees, and higher ratios: the median user
in the entire data set has 266 followers, 524 followees, and a ratio equal to 0.52.
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media, and a relatively long period of time (Kwak et al., 2010; Myers et al., 2014; Sadri et
al., 2018). Interestingly, our “clubs”—where all users follow each other—have ratios slightly
less than one, with the denominator inflated by the “stars” those users follow. If the network

has few stars, our model predicts large numbers of users with ratios of approximately one.

5.3 Constructing a proxy for user ability using lists

A key distinguishing feature of our model is its joint predictions concerning ability and
outcomes. However, the “abilities” of Twitter users cannot be observed directly. As a proxy
for user ability, we use the number of lists to which a user has been added by other users.

Twitter lists have several properties that are useful for constructing a proxy for user
ability. First, adding a user to a list indicates interest in her tweets, without increasing the
enlister’s followee count. Second, the number of lists to which a user has been added is not
observable by her would-be followers, and hence list-adding is not readily bartered in the
same manner as attention.

One limitation of the list count is that users with greater tenure on the platform are
likely to have been added to more lists. To remove some of the tenure dependency effect,
we residualize the log-number of lists to which a user has been added, by partialing out the
log-number of tweets that the same user has generated. We compute the quantile each user
occupies in our data with respect to this residualized number of lists, and refer to this number

as “user ability” throughout the rest of this section.

5.4 User ability and network statistics

Our model makes sharp predictions about users’ network statistics in the attention barter-
ing equilibrium. In Figure 4, we compare these predictions to estimates obtained from the
#EconTwitter data. Each row depicts a separate network statistic. The left-column facets
depict the empirical estimates as a function of the list-defined user ability. Each point repre-
sents the mean value for users belonging to the same ability percentile, and a 95% confidence
interval is plotted around each point estimate. The right-column facets depict the equilibrium
predictions as a function of user ability, using the model parameterization of Figure 2. The
model parameters were chosen for ease of exposition—what matters for our empirical exercise
is the shape of the equilibrium predictions, which are not specific to the parameterization.

Facet (a) plots the number of users’ followers—the number of users following each user.
Followers increase in users’ abilities, suggesting that our choice of proxy is reasonable. Con-
sistent with our modeling assumption and with Proposition 3(i), high-ability users attract a
far larger number of followers than low-ability users.

Facet (b) plots the number of followees—the number of users followed by each user.

Followees increase initially in user ability, but at a much slower rate than the number of
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Figure 4: #EconTwitter estimates and model predictions of network statistics.
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Notes: This figure reports empirical estimates and theoretical predictions for networks statistics as a function
of normalized user ability. On the left column, we plot estimates obtained from the #FEconTwitter data. Each
point represents the mean value (y-axis) for users belonging to the same ability percentile (x-axis), and a
95% confidence interval is shown around each point estimate. See Section 5.3 for details on the definition
of #FEconTwitter users’ abilities. On the right column, we plot model predictions for the same quantities.
The illustrated attention bartering equilibrium predictions are for the case of uniformly distributed types
on [—0.8,0.2], S(m) = 0.5y/m, and ¢ = 0.2; abilities are represented by their quantiles, and all dependent
variables are scaled to be displayed alongside the empirical estimates. For panels (d) - (f), the black line
depicts network statistics assuming that two users following each other organically are reciprocators, and the
gray line depicts network statistics assuming that two users reciprocate only when they attention barter with
one another. See Figure 2b for an alternative representation of the same attention bartering equilibrium.



followers, and then decrease at high ability levels.?” This “followee dip” is consistent with
Proposition 3(ii), and supports our model’s feature that following users is costly in terms of
consumption, rather than just being limited by awareness or opportunity.
Follower-to-followee ratios are reported in facet (c¢). These ratios are increasing in user
ability, but at a slower rate than the number of followers: users within broad ability ranges

have similar ratios, consistent with Proposition 3’s parts (i) and (iv).?®

5.5 Reciprocation and attention bartering

We cannot observe whether a relationship is truly reciprocal in the sense of our model—
we do not know what would happen if one party were to unfollow the other. As such, we
cannot verify from a network snapshot whether a bilateral relationship results from the two
users following each other organically, or from attention bartering. Said differently, all we
directly observe in the data is “gross reciprocation” as captured by any bidirectional following
relationship. On the right-hand-side of facets (d), (e), and (f) of Figure 4, black lines depict
such gross reciprocation, whereas gray lines depict true reciprocal following in the form of
attention bartering.

Facet (d) in Figure 4 plots the number of users’ reciprocal followers as a function of
user ability. The number of reciprocal followers initially increases in user ability, but then

29 and eventually attains its minimum at high user abilities. In facet (e), we see

decreases,
clearly that the reciprocator-to-follower ratio is strictly decreasing in user ability. Low-ability
users reciprocally follow the majority of their (few) followers, and users become more selective
as their abilities increase. At the extreme, users of very high abilities follow back fewer than
0.5% of their followers. Facet (f) reports the fraction of a user’s followees that follow her back.
About 25% of the followees of high-ability users follow them back, whereas the corresponding
number is about 45% for medium-ability users. This relationship contrasts with the vertical
model, in which all of a star’s followees follow them back. Allowing for some horizontal
differentiation among the stars would be a natural way to capture the latter feature of the
data.

Several predictions of our model are borne out in our #EconTwitter data. Middle-ability

users are the ones who barter the most, with their attention bartering intensity increasing

2"For example, economists Susan Athey and David Autor belong to the highest ability tier in our data, but
only follow a below-median 875 and 176 users, respectively.

28 At high ability levels, ratios seemingly become more dispersed within the same ability level. One possible
explanation is that high-ability users, as captured by our proxy, comprise both (1) star users with many
followers and few followees, (2) users with large numbers of both followers and followees. The latter may
be users who have attained visibility due to attention bartering and have been subsequently added to many
lists—illustrating a limitation of our ability proxy.

29Whereas stars have zero attention bartering relationships in the model, their gross quantity of bidirectional
followers could be higher than for the highest-ability club, under a parameterization with more stars.
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in their abilities, while low- and high-ability users barter the least—consistent with Proposi-
tion 3(iii).

5.6 Assortative matching

We find strong evidence of assortative matching. Figure 5 plots the ability ranges of users’
organic and reciprocal followees as a function of user ability. Panel 5a reports estimates from
the #EconTwitter data. The left facet plots the distributions for users’ organic followees—
followees who do not follow back—and the right facet plots the distribution for users’ re-
ciprocal followees. In each facet, we report the median (black dots) and the interquartile
range (pink-shaded area) of the ability distribution of the relevant category of followees, for
each ability level. Panel 5b reports model predictions for the same quantities, reporting the
median ability of users followees in the attention bartering equilibrium (black dots), and the
ability range that users are willing to follow organically and reciprocally (pink-shaded area).

The data estimates and the predictions of the model are remarkably similar. Low-ability
users are willing to reciprocate with any willing user who is not of extremely low quality.
High-ability users form reciprocal relationships only with other high-ability users—note that
these relationships are bidirectionally organic. The picture is completely different for organic
followees: users follow unconditionally only high ability users, independent of their own
abilities, both in our data and in our model.

Network formation models based on preferential attachment could explain some but not
all of these patterns (Barabési and Albert, 1999). For example, highly right-skewed follower
distributions are consistent with rich-get-richer link formations, but would require more able
users to have systematically joined the platform earlier. Had this been the case—and assum-
ing that users do not “re-wire” frequently—it would also explain why higher ability users
tend to reciprocate with high ability users, as those are the users that were already present

when they joined.?’

6 Discussion

6.1 Production, consumption, and quality of content

The vertical specialization of our model has several touchpoints with the economics of club
goods (Buchanan, 1965). Each club member pays for membership with her attention, in
exchange for consuming a finite resource—the attention of other members. In every club,

members are not quite good enough for the club “above,” but are too good for the club “be-

39We find very little relationship between user tenure and our ability measure; and our ability measure has
substantially more predictive power than tenure does with respect to users’ follower-to-followee ratios. For
more details, see Appendix B.
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Figure 5: Ability ranges of users’ followees
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Notes: This figure reports empirical estimates and theoretical predictions of the following behavior of
users. Panel 5a plots the median and interquartile range of the distribution of followee abilities (y-axis) for
#EconTwitter users belonging to the same ability percentile (x-axis). The left facet reports the distribution for
organic followees—followees who do not follow the user, and the right facet for reciprocal followees—followees
who are also followers. Panel 5b plots model predictions for the same quantities. The illustrated attention
bartering equilibrium predictions are for the case of uniformly distributed types on [—0.8,0.2], S(m) = 0.5\/m,
and ¢ = 0.2. See Section 5.3 for more details on the definition of abilities of #EconTwitter users. See Figure 2b
for an alternative representation of the same attention bartering equilibrium.

low.” The marginal club member of the lowest-ability club has ability equal to the marginal

utility of receiving the attention of a single follower: this is exactly the first user whose abil-

ity is so low that she would not barter with herself. Particular to the social media context
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is that no mechanism excludes non-members from consuming the content produced within
clubs—the scarce resource is not the content, but the attention bartered between the club
members.?!

In our model, attention bartering induces users of lower abilities to form clubs and to
produce content; these users would have otherwise lurked. Consequently, the quantity of
content produced on the platform increases, but its average quality decreases. This low-
quality content is consumed only by users belonging to the club wherein it was produced.
However, it can also spread to the platform through channels that include platform features
such as algorithmic recommendation systems, new users who “join” these clubs unwittingly,
and the inter-club connections that might arise under alternative preference assumptions
(e.g., under the connected network that appears at the end of Section 3.4).

If lower-quality content is prone to carry less reliable information (a question outside the
scope of our model), attention bartering clubs would be natural “reservoirs” of disinformation—
a social media analogue to the epidemiological concept of reservoirs of pathogens (Haydon,
Cleaveland, Taylor and Laurenson, 2002). New users could then pick up and spread this
disinformation unintentionally. Furthermore, to the extent that beliefs and behaviors are
shaped by one’s community, attention bartering may also exacerbate polarization.?

Attention bartering can have positive effects that are not strictly captured by our model.
Although in our vertical model attention bartering decreases the average quality of content
produced, it could increase some consumed quality in practice through additional channels.
For example, suppose each user has the potential to produce extremely valuable “star” con-
tent with a very low probability, which does not depend on her ability. Attention bartering
increases the number of users who actively produce, and hence the amount of star content pro-
duced on the platform. Similarly, by introducing additional edges to the network, attention

bartering may also increase the probability that star content will become “viral.”??

6.2 Network statistics and user ability

Social media platforms typically display network information, such as the number of followers
and followees, prominently within each user’s home page (see Figure 1). This information
presumably signals ability to prospective followers, and is conceptually similar to “readership”
and “viewership” statistics reported by traditional media. Although abilities are publicly
known in our model, a natural question is how attention bartering affects the informativeness

of these signals.

31Unlike other more formal clubs, social media clubs have no officers, no explicitly stipulated rules, and
(potentially) fractional memberships.

320f course, attention bartering is far from unique as a potential source of homophily in network formation;
for example, see Currarini, Jackson and Pin (2009) and Baccara and Yariv (2013).

33We presume attention bartering is to thank for—according to some—the best viral video of 2019, which
can be accessed at https://twitter.com/indiemoms/status/1189587264654974980.
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Two common proxies for user ability on social media are a user’s number of followers
and her “ratio.” A user’s ratio is defined as the number of users that follow her divided by
the number of users she follows. In our vertical model, both statistics weakly increase with
a user’s ability; only high-ability users have ratios greater than one; and users belonging to
the same club have the same ratio and number of followers. Attention bartering increases
[resp. decreases| a user’s ratio if she has more [fewer] organic followees than organic followers,
with this ratio converging approximating one if most following is reciprocal. In light of these
observations, it is plausible that (unmodeled) reputational motives would lead to users’ ratios
being clustered around one, consistent with the data.

Network statistics of a user can be less informative signals about the consumption value
she provides to other users if heterogeneity is richer—for instance, with heterogeneous at-
tention preferences, or heterogeneous monitoring costs. Intuitively, following relationships
are determined by the composite cost index s (see Theorem 1 and Proposition 1), which
conflates this ability with other preference features.** For example, if a user has a particu-
larly high cost of monitoring a bartering relationship (as captured by ¢(+)), then another user
that generates lower consumption value for others can form a larger number of reciprocal
relationships, resulting in “reversals” for users numbers of followers and ratios. Stepping
further outside of our model, real-life users may fail to monitor successfully whether their
reciprocal users have unfollowed them. Consequently, a lower-ability user who systematically

“follows-then-unfollows” may achieve statistics that resemble those of a high-ability user.?”

6.3 Social and individual welfare

The potentially negative effect of social media on individual welfare has received substantial
attention. Millions of people clearly enjoy using social media—or at least reveal that they
prefer social media to their next best alternatives (Pew Research Center, 2019). Social media
can amplify individuals’ reach, diversify news consumption, facilitate participatory discourse,
and influence public opinion positively, but may also increase political polarization, and serve
as a vector for misinformation (George and Waldfogel, 2003; Tufekci, 2017; Vosoughi, Roy
and Aral, 2018; Alatas et al., 2019; Allcott et al., 2020; Levy, 2020).

In an interesting experiment that speaks to individual welfare, Allcott et al. (2020) find
that users who were paid not to use Facebook reported being happier, and used social media
less even after the experiment ended. They point out that the pattern they observe is

consistent with social media usage being an addictive good in the Becker and Murphy (1988)

34Moreover, the equilibrium network can be non-unique, and identical users can have non-identical numbers
of followers in an equilibrium (see the examples of Section 3.4, which can be modified to make users’ ratios
heterogeneous while maintaining the equilibrium multiplicity).

35This possibility may explain partially why social media platform TikTok displays prominently the number
of “likes” each user’s content has garnered (arguably a less gameable measure) on her home page.
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sense. If it was the consumption of social media per se that made people unhappy, it would
be hard to understand why anyone used social media in the first place. But our “two sources
of value” perspective is consistent with both facts—social media consumption makes people
unhappy (or at least not as happy as if they consumed only what they truly wanted), but it
is necessary to gain the attention that consumption indirectly obtains. Becker himself viewed

people as the most addictive “good.”?0

6.4 Platform strategy and market design implications

Social media platforms may be better off allowing—or even encouraging—attention bartering.
To see why, recall that a user who engages in attention bartering experiences higher utility
from using the platform, and hence she is more likely to remain active on the platform.
By remaining active, she then increases the attention utilities of users she follows either
organically or reciprocally, as well as the consumption utilities of her organic followers. This
reinforces the underlying network effect. As the business model of the majority of social
media platforms typically hinges upon monetizing user activity through advertising, a larger
and more active user base likely implies higher profits—at least in the short run.

As social media platforms mature, they are likely to take on tackling attention bartering.
Social media platforms regularly employ mechanisms aimed at increasing the consumption
utility of users. However, a side effect of these mechanisms is that they alleviate the con-
sumption utility penalty of attention bartering, thereby making it more compelling. Examples
include “lists” that allow users to consume content generated by a subset of the users—even
ones they do not follow, the option to “mute” content generated by a user without unfollowing
her, and algorithmic rankings that display content in non-chronological order.

Attention bartering is sustained in equilibrium because users choose to incur monitoring
costs to ensure that their reciprocal followers hold their end of their bargain. Increasing these
monitoring costs can decrease the amount of attention bartering taking place. Platforms
could make it harder to barter attention by ceasing to notify users who attempt to initiate
such relationships that their prospective reciprocal followers have followed them back. After
the relationship formation period, platforms could also increase users’ costs of finding out
whether other users follow them. For example, Twitter could remove the “Follows you” tag
(see Figure 1), and make it costlier—or impossible—to sift through users’ lists of followers
and followees. To dissuade “follow-then-unfollow” strategies, platforms could impose a time
limit before being able to unfollow a user, or display prominently the number of unfollowed

users within each user’s home page.

36See nttps://freakonomics.com/2008/11/11/gary-becker-thinks-the-most-addictive-thing-is/.
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7 Conclusion

This paper offers an economic model that can explain otherwise puzzling patterns of con-
sumption and production on social media—a $150bn industry and prominent information
source. In our model, attention bartering shapes the production and consumption of content
on social media platforms: users of similar abilities form clubs and actively produce content,
consuming the content of members of the same club—but they would have otherwise not
produced any content. Social media looks quite different from regular media in that most
consumers are simultaneously content producers, a feature that our model accounts for with
attention bartering.

We show empirically that many of the features of a salient (to us) Twitter community
are explicable through an economic, attention bartering lens. The empirical findings that we
report are consistent with attention bartering taking place on #EconTwitter, and our model
predictions are largely borne out. Both in our model and in our data, medium-ability users
are the keenest attention barterers, forming large fractions of their relationships reciprocally.
On the other hand, low- and high-ability users follow others seemingly to only increase their
consumption utilities, albeit for very different reasons: in our model, low-ability users would
like to barter but lack the opportunity to do so, whereas high-ability users have no incentive
to barter.

Attention bartering emerges because of the coexistence of production and consumption
incentives for users. As such, it can occur even in the absence of algorithms steering users to
form connections. In contrast to approaches that point to algorithms as the main determinant
of network structure, we offer an incentive-based model of network formation, with algorithms
playing no real role. With this simplification, our work complements existing work on social
media that focuses on the role played by algorithms with relatively little attention paid to
incentives. The degree to which the main patterns in the #EconTwitter data are explicable
through a pure incentives perspective suggests that a sole focus on algorithmic explanations

is, at the very least, incomplete.
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A Link prediction

Using our EconTwitter data, we fit models of link prediction.

In order to assess the importance of reciprocal following we look at how much the infor-
mation that one account follows another informs the likelihood that the latter account also
follows the former. Specifically, if we have a user x and a user y, how much does the infor-
mation that y follows x help to predict whether x follows y? In order to do this we develop 2
logit models based on observables with the target variable as whether a user x follows a user

y. We make use of the following observables in the data:

e The number of mutual followers between x and y.
e The number of mutual followees between x and y.
e The number of x’s followees who also follow y.

e The number of followers each for x and y.

e The number of lists each of x and y appear on.

e The number of tweets each by = and y.

e The number of followees each for x and y.

e The number of likes each for x and y.
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e The derived ability each for x and y.

e The similarity in user descriptions between z and y

e The similarity between x’s user decription and y’s followers’ average description.

e The similarity between y’s user description and x’s followees’ average description.

We report summary statistics for these data in Table 1.

Table 1: Summary Statistics for Link Prediction Exercise

Variable Mean Std. Dev. Min Max
Does user x follow user y? 0.50 0.50  0.00 1
Does user y follow user x? 0.20 0.40 0.00 1
User x’s Number of Followers 10178 23362 25 199962
User x’s Number of Followees 1595 1257 10 5000
Number of Lists Including User x 215 448 0.00 12077
User x’s Number of Tweets 11921 25337 50 1224343
User x’s Number of Likes 8527 22020 0.00 857558
User x’s Derived Ability 51 29 1 100
User y’s Number of Followers 17897 33552 25 199962
User y’s Number of Followees 1403 1161 10 5000
Number of Lists Including User y 378 702 0.00 12077
User y’s Number of Tweets 13832 27495 50 1224343
User y’s Number of Likes 8664 22715 0.00 857558
User y’s Derived Ability 59 29 1 100
Number of Mutual Followers 28 68  0.00 5318
Number of Mutual Followees 29 45  0.00 1220
Number of User x’s followees following User y 27 47 0.00 1595
Desc. Sim. between User x and User y 0.66 0.12 -0.07 1
Desc. Sim. between x & y’s Followers 0.79 0.09 0.14 0.96
Desc. Sim. between x’s Followees & y 0.79 0.09 0.17 0.96

The difference between the 2 logit models is the inclusion of a dummy variable for whether

y follows . Each row in the data represents a a possible pairwise following relationship from

a user x to a user y with the observables above.

Due to the size of the data, we draw a sample of the data and standardize the variables
to fit standardized logits for easier comparison of each variable’s effect.

The network density of the economists graph is on the order of 0.004, i.e.

connections actually exist. For this reason, if we try to randomly sample from the population
of links for our link prediction exercise we will rarely find a sampled observation that has

an existing connection and our modeling exercise will be very biased. This "rare event”
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phenomenon occurs in many areas of the social sciences, notably in the Political Science
literature for modeling warring relationships between countries only a handful of which are
at war at any given time. It is in this context that King and Zeng (2001) are motivated to
develop a statistical approach to dealing with rare event modeling via logistic regression as
we do here.

King and Zeng (2001) develop a method for performing a weighted logistic regression that
addresses the bias issue found in rare event data by incorporating information about the rate
of 1’s in the sample and the rate of 1’s in the population into the weights for the logit. There
are two lessons from the paper we employ in our sample selection process. The first is that

the weight for any observation, ¢, is given by:

w; = w1Y; +wo(l —Y) (1)

wy = =L, 7 is

where Y; is the value of the target variable for that observation, w; = =

-
the fraction of 1’s in the population, and g is the fraction of 1’s in the sainple. The second
is their statement that "when zeros and ones are equally easy to collect, and an unlimited
number of each are available, an ‘equal shares sampling design’ (i.e. sample mean = 0.5) is
optimal in a limited number of situations and close to optimal in a large number”, for which
they credit Cosslett (1981) and Imbens (1992).

These two inform our use of a weighted logit with the weights as identified and we choose
a sample of 50-50 existing links to non-existing links to maximize information content from
existing links, while the proportion of population 1’s of approximately 0.004 debiases the
sample selection via the weights.

In order to model the user descriptions we make use of the transformer model BERT,
specifically the BERT base model (uncased) hosted by the Hugging Face distribution (Devlin,
Chang, Lee and Toutanova, 2018), to generate representations of the descriptions in a 768
size embedding space. To represent the average description of a user’s followers or followees
we simply sum the embeddings of all of the corresponding users and divide by that number
of users. Since we are interested in pairwise relationships for users z and y, we adjust this
average to remove the relevant pairmate from influencing the average description so as to
only consider factors outside the pairwise relationship for prediction.

We report the effect of the variables on predicting whether x follows y in Figure 6.

35



Figure 6: #EconTwitter .
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A Proofs for theoretical results

Proof of Theorem 1. The first condition in the proposition’s statement is exactly the first
condition in Definition 1. So we need to show, assuming this condition on f; holds, that
the second condition in the proposition’s statement is equivalent to the second condition in
Definition 1. Henceforth, fix (f1, f2) € F1 x Fa satisfying the first condition.

We begin with some payoff computations. First, observe, any 0,9 € O have

(1= £1(6,0)Ju(d,0) — () + [1 — £2(0,0)]b(0)S (m(@]f1, f2))
= min{0, u(8,0)} - c(d) + [1 — £1(8,O)HO)S (m(B)),

which is equal, for any 6 € © and almost every 6 €0, to
(0,0) := min{0,u(9,0)} — ¢(6) + b(0)S'(M(0))1,,5 4 <o-
Define now, for each 6 € O, the set ]-"3 of all fg € Fo such that
e Every 0,0 € ©\ {0} have f2(0,0) = f»(0,0);
e Every 6 € © with f5(0,0) > f2(6,0) has ¢(6,0) > 0.

The above calculation tells us (f1, f2) is an equilibrium if and only if every § € © has
V(0| f1, f2) > V(0| f1, f2) for each fo € F¥.

Next observe that, for each § € O, the function V(0|f,-) is concave, and the set F§ is
star-shaped at fa. Hence, the function is maximized at fs if and only if it is locally maximized
there in each direction. Given some fo € Fy, each € € [0,1] has, letting fo + €(f2 — fo),

VoIS f5) = /@ [7500,) [u0,) = c(0)] + [1 = f5(0, )1 /2(6,)u(6,)] dp
+H(0)S (m(01f1, f5)
= [ 550 [0 = )] + 1= £506. ) ma(0,u(6.)}] e
+5(0)S (m(0111, £5)) -
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Hence,

BloaVOUL ) = |y [ 1500 [u6) = c(6) = masc{0.u(o. )]
O 5 (erfl,f2>)
— Bloco [ 1506 [min{0,u(6,9) — )]
+b(0)S" (m <9>) Bl om0l f1, f5)
= e [ 1500 [min{0.u(d. )}~ l0)]

OO (0(0)) ], [ {50+ 1= 50AC.0)} o
_ ae/fz ) [min{0, u(6, )} — ¢(6)] dy

/f2 I = fi1(,0)]dp
- 56/91”5(9

= [ (B0 2o0.)] et0.)n

Given the above observations and calculations, (fi, f2) is an equilibrium if and only if

every f € © and fo € F have
[ (769~ £26.9] 0, )au < 0
e

But this condition holds if every # € © and almost every 6 € © have

1 0 € {0,0} and ©(0,0),¢(0,0) >0
F A 0 0 =0 and ©(0,0) <0
f2(0,0) = (6,9)

0 6 =6 and ¢(60,0) <0

fz(é, é) : otherwise.

Now, because ﬁgp(@,é) = S,(m(‘g))lu(é,e)go — (0, 0) for every 0,0 € ©, our arguments
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to this point tell us (f1, f2) is an equilibrium if and only if every § € © and almost every
6 € © have

,é)<<A9x7n(9))1u(a9)§O and k(0,0) < S'(m(9))1
0) > S/(m(e))lu(é,e)go

u(0,0)<0

To complete the proof, note that the augmented cost k is always strictly positive, and so the

latter equation for fs is equivalent to the proposition’s second condition. O

Proof of Proposition 1. Let (f1, f2) be some equilibrium, and let m(-) := m(:| f1, f2). Assume
for a contradiction that m(0) < m(@). Then, almost every type 6 € © has:

e u(6,6) > 0if u(@,0) > 0;
o x(0,0) < 8 (m(B) < S'(m(0)) if K(0,0) < S (m(h));
o k(0,0) < S'(m(0)) if x(0,0) < ' (m(0)).

Hence, by Theorem 1, we have f1(6,0) > f1(0,0) and fo(0,60) > f2(6,6) for almost every
0 € O, contradicting the hypothesis that m(0) < m(6). O

Proof of Claim 1. First, because S : [0,1] — R is concave, and is differentiable on (0, 1] and
globally continuous, it follows that S’(0) € [0, 00| exists too, and the function S’ : [0,1] —
R4+ U {oo} is continuous and strictly decreasing.

Now let us show, by induction on n € N, that 6, > ¢ — S’(0), and the equation
S’ (G(Qn,l) - G(Gn)) = ¢ — 0, has a unique solution 6,, € [—00,60,,—1]. Suppose n € N
and these properties hold for n — 1 if n > 1. Clearly, 6, = —oo is as desired if 0,,_1 = —o0,
so focus on the case that 0,_; € R. If S’ (G(Gn,l)) = oo—that is, if G(0,-1) = 0 and
5'(0) = oo—then every 6 € (—o0,0,—1] has S (G(,—1) — G(f)) = oo > ¢ — 6, and so
0, = —oo is as desired. So let us further focus on the case that S’ (G(Gn_l)) < o0.

In this case, define the continuous function

Ap i (—00,0p_1] — RU{co}
On — S (G(On-1) — G(6y)) — (c — by).

Being strictly increasing, A, has at most one zero. Moreover, A, (6,—1) > 0 by the inductive
hypothesis, and A, (6,,) is negative for low enough 6,, in its domain. Hence the intermediate
value theorem delivers a root. Moreover, in this case, ¢ — (—00) < S’ (G(fn—1)), so that this

0., uniquely solves the equation, completing the inductive step.
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Finally, we characterize the limit. Because (G(6,—1) — G(6,)) "

n—1 18 a summable series,
it follows that G(6,—1) — G(6,) — 0 as n — co. Hence,

o = lim 0, = lim S' (G(6,—1) — G(6,)) —c = S'(0) —

n—o0 n—oo

as required. O

Proof of Proposition 2. Observe, any 6 € © with § < 0 has K (- é) = ¢—0. Hence, Theorem 1
tells us a pair (f1, f2) € F1 X Fa, inducing follower count m(-) = m(+|f1, f2), is an equilibrium
if and only if:

1. Every 0,0 € © have f,(0,0) = 1ieo

2. Every 6 € © and almost every 6 € © have

£200.6) 1 :60<0,0<0, c—0<5'(m(0)), and ¢ — 0 < S'(m(h))
2\Y, = ~
0 : 6>0o0rc—60>5(m(9)).

It follows directly that (f;, f5) is an equilibrium. In particular, types in 6 (0, 0p—1] can
only find types in (—o0,6,_1] as willing partners, but only want to barter with types in
(0, 00).

Now, consider an arbitrary equilibrium (fi, f2) € Fi1 x Fo, and let m(-) := m(:|f1, f2).
We know f1 = f{ from above; we now want to show f coincides almost everywhere with f3.
To begin with, Corollary 3 tells us any § € © with 6 > 0 has f2(6,-) = 0 = f35(0,-) almost
everywhere.

To prove fo agrees with f5 almost everywhere, we separately consider two cases. First,
consider the case that S’(0) < ¢. As noted above, 6 has zero mass of barterers among types
6 > 0. Moreover, any type 6 < 0 has c—80 > ¢ > §'(0) > S'(m(6)); hence, 6 attention barters
with zero mass of types 6 <0.

Now, we turn to the case that S’(0) > c. Let {6,}22, be as defined in Claim 1, and let
O, = 0N (0,,60,-1) for each n € N. Let us show by induction that, for every n € N, every
0 € ©, has f2(0,-) =ae le,, which will deliver the proposition. To that end, take some
n € N, and suppose the property holds for every lower index. We have nothing to show if

O, = 0, so assume without loss that ©,, is nonempty. Defining the function

7:0 — RU{—00}
0 — c—S'(m(0)),

Theorem 1 tells us every § € © and almost every § € © with 6,0 < 0 have fy(6,0) =
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19>T(é) and 6>7(0)" In what follows, we derive properties of 7 and infer properties of the equi-
librium. Throughout the argument we make use of the fact that m is nondecreasing (by
Proposition 1), and hence 7 is as well.

Let us first show that 6, = sup{r(8) : 6 € ©,} < 6,_;. Assume otherwise for a
contradiction. In this case, given that 7 is monotone, some € > 0 exists such that (6,,—1 —
€,60,-1) N O is nonempty and every € in this set has 7(6) > 6,,_1. Hence, any 0 € (6,1 —
€,0,_1) N O has f5(6,0) = 0 for almost every § € © with § < 6,,_;, and so (by the inductive
hypothesis) has m(f) = 0. Hence, monotonicity of 7 implies 6, = ¢ — S'(0) < 6,_1, a
contradiction.

Now, let us see that ©, := © N (f,,0,_1) essentially forms a clique. Hence, defining
On == 0N (0p,0,_1), every 0,0 € O, necessarily have T(é) < 0, < 6,, and symmetrically
have 7(6) < 6,,. It follows that every § € © and almost every § € © have fo(6,0) = 1.

Defining m* := G(0,_1) — G(6,,), observe that the inductive step (hence the proposition)
will follow if we can show m(6) = m* for every 6 € ©,,. Indeed, in this case, every 6 € ©,, has
f2(60,-) >ae 1g and J f200,) dp=m* = [ 1y, du, and hence fa(6,-) =ae. 1g, . Morevoer,
in this case, 6, = 7(m*) = ¢ — S"(G(0,_1) — G(6,)), so that 6,, = 6,,.

So all that remains is to establish m(6) = m* for every 6 € ©,,. To that end, note every

9 € @n haS 1én Sa'e. f2(0, ) Sa.e' 1énU[@ﬁ(T(9),én)} Hence,

m(6) = /@ £2(6,7) du € [m*, m* + G(f) — G(r(6))]

In particular, m|én > m*. Therefore, letting {énk}zozl C ©,, be some sequence converging

to sup ©,,, monotonicity of m will deliver m](;)n = m* if we can show limy_, m(énk) = m*.

Given that m (0, 1) —m* € [0, G(6,) — G(7(6,1))] for k € N and G is continuous, it suffices to
see that T(énk) — 0, as k — 0o. But the latter holds by monotonicity of 7. The proposition

follows. O

Proof of Proposition 3. Proposition 2 tells us that lurkers are those users with ability below
f~, that stars are those users with ability above 6y, and that for each n € N the users in
the n' club (6,,,0,_1] are followed by the users in their own club and nobody else, and that
their followees consist of their followers and the stars.

Given these observations, everything in the proposition other than the final sentence of
part (ii) is satisfied if higher-ability users have a weakly higher number of followers—a feature
that Proposition 1 guarantees.

All that remains is to show, given S’'(G(0)) + 0 < ¢ < S’(0), that the number of followees
is non-monotone in a user’s ability. Because stars have zero followees and we have argued

the number of followees of a non-star is weakly increasing in her ability, all we need to verify
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is that the number of followees is not the same for every non-star. To that end, observe
S’ (G(O)) =9 (G(@o) — G(Q)) <c—490

and
S'(0) = S'(G(0) — G(00)) > c=c— b

Hence, that 6 — S’ (G(6p) — G(8)) — [c — 6] is increasing implies § < 1 < fy. That is, the
first club (61, 00] constitutes a nontrivial fraction of the non-stars. That is, it is not the case

that every non-star user belongs to a single club. Finally, that

01 =c— S (G(0) — G(01)) > c— S'(0) = 0o = lim =0,

n—oo

implies 2 < 071, and so non-stars outside the first club have strictly fewer followers than those
in the first club. 0
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B Additional empirical results

B.1 Follower, followee, and ratio distributions of all users

Figure 7 reports the distributions of followers, followees, and follower-to-followee ratios of
users in the entire sample. For each outcome, we report a Gaussian kernel density estimate
of its distribution with the bandwidth selected using Silverman’s rule of thumb (Silverman,
1986), as well as the estimated median (solid red vertical line) and the mean (dashed red
vertical line).

Compared to the average #EconTwitter user, Twitter users in our data have on average
fewer followers and followees, and lower ratios: the median user in the entire data set has
266 followers, 524 followees, and a ratio equal to 0.52. Only 25.1% of the users have ratio
higher than one in the entire sample, and the distribution of ratios exhibits a noticeable kink
at the unit ratio—this is consistent with Proposition 3(i). It is worth noting that the effects

of Twitter’s followee limits are easily discernible in the kinks of the middle facet.

Figure 7: Distributions of followers, followees, and ratios of all users

0.6 1
0.4- (@)
024 followers
2 0.0
2
@ 0.754
o
2> 0.501 (b)
= followees
O 0.251
3
S 0.00
o
0.751
0.501 ©
. follower / followee
0.254 ratio
0.00A

Notes: This figure reports kernel density estimates of the probability density function of the distributions of
followers, followees, and follower-to-followee ratios in the entire data. For each facet, the vertical red lines
depict the median (solid) and the mean (dashed) of the corresponding distribution, and the kernel bandwidth
is selected using Silverman’s rule of thumb (Silverman, 1986). See Figure 3 for density estimates of the same
statistics for #EconTwitter users.
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B.2 More details on the empirical estimates of Figure 4

Figure 8: #EconTwitter estimates of network statistics.
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Notes: This figure reports unscaled #EconTwitter estimates of various network statistics, as a function of
user ability. For more details on the construction of the estimates, see the description of Figure 4.
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B.3 Ability is not highly correlated with tenure

One alternative explanation for the patterns we observe in the #EconTwitter data can be
found with preferential attachment. Namely, if more able users join the platform earlier, then
these users would attract more followers—ability is not the reason for attracting followers,
but time of entry is. Furthermore, these users may also follow more able users on average
because those users were active at the time of relationship formation.

Table 2 examines the relation of tenure, ability, and users’ follower-to-followee ratios.
Tenure is positively correlated with ability and with follower-to-followee ratios, but it only
explains about 4% of the variability in both quantities. In contrast, user ability is about eight
times more predictive of a users’ follower-to-followee ratio. The lack of predictive power of
user tenure suggests that the preferential attachment explanation is not strongly supported

in our data.

Table 2: The relation of tenure, ability, and follower-to-followee ratio.

Dependent variable:

Ability (percentile) Follower /followee Ratio
(1) (2) (3)
Tenure (days) 0.006*** 0.0003***
(0.0001) (0.00001)
Ability (percentile) 0.025***
(0.0001)
Constant 33.463*** 0.777*** 0.267***
(0.375) (0.016) (0.008)
Observations 55,230 99,230 59,230
R? 0.041 0.042 0.344
Adjusted R? 0.041 0.042 0.344
Residual Std. Error (df = 55228) 28.271 1.184 0.980
F Statistic (df = 1; 55228) 2,337.627*** 2,436.300***  28,907.110***

Notes: This table reports regressions where the dependent variable is ability (columne 1) and follower-to-
followee ratio (columns 2 and 3). The independent variables are users’ tenure on the platform, and users’
abilities. For more details on the definition of user ability, see Section 5.3 Significance indicators: p < 0.1: i,
p <0.05: %, p<0.01:%x, and p < .001 : % * *.
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