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ABSTRACT
Online social networks regularly offer users personalized, al-
gorithmic suggestions of whom to connect to. Here we ex-
amine the aggregate effects of such recommendations on net-
work structure, focusing on whether these recommendations
increase the popularity of niche users or, conversely, those
who are already popular. We investigate this issue by empir-
ically and theoretically analyzing abrupt changes in Twit-
ter’s network structure around the mid-2010 introduction of
its “Who to Follow” feature. We find that users across the
popularity spectrum benefitted from the recommendations;
however, the most popular users profited substantially more
than average. We trace this “rich get richer” phenomenon to
three intertwined factors. First, as is typical of network rec-
ommenders, the system relies on a “friend-of-friend”-style
algorithm, which we show generally results in users being
recommended proportional to their degree. Second, we find
that the baseline growth rate of users is sublinear in degree.
This mismatch between the recommender and the natural
network dynamics thus alters the structural evolution of the
network. Finally, we find that people are much more likely to
respond positively to recommendations for popular users—
perhaps because of their greater name recognition—further
amplifying the cumulative advantage of well-known individ-
uals.

Keywords
Cumulative advantage, network evolution, social networks,
Twitter

1. INTRODUCTION
It is now commonplace for individuals to turn to person-

alized, algorithmic recommendations to find products and
information, including news, music, movies, and books. Sig-
nificant effort has gone into designing and optimizing recom-
mendation engines, but the aggregate effects of such systems
are still poorly understood. In particular, there is debate
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over what effect recommenders have on the overall market-
place. Anderson [2] and others have argued that recom-
menders primarily help individuals discover niche content,
raising the fortunes of small, obscure producers at the cost
of traditional hit-makers. Fleder and Hosanagar [13] have
countered that recommenders, particularly collaborative fil-
ters, can lead to “rich get richer” effects [21], with already-
popular products accruing most of the benefits.

Here we consider the setting of online social networks, and
investigate the theoretical and empirical effects of recom-
mendations on these platforms. Focusing on Twitter, we an-
alyze abrupt changes in the network following the July 2010
introduction of its “Who To Follow” feature [15], one of the
largest and most active network recommendation systems.
We find that though users across the popularity spectrum
benefitted from recommendations, the recommender dispro-
portionately accelerated the growth of already-popular users,
corroborating theories of cumulative advantage. We fur-
ther find the system increased triadic closure and promoted
the formation of uni-directional network ties. By treat-
ing the recommender’s introduction as a “natural experi-
ment” [10, 25], whose precise timing was largely unrelated
to other significant events, we are able to estimate the causal
impact of the recommender on network structure, sidestep-
ping concerns that often plague traditional observational
analysis.

We attribute the observed structural changes to three sub-
tle and interrelated factors. First, as is typical of network
recommenders, Twitter relies on a “friend-of-friend”-style al-
gorithm. We show, both analytically and empirically, that
the total number of times an individual is recommended in
such systems grows linearly in popularity (i.e., linearly in
the number of people who follow the user). Second, we find
that users have baseline growth rate that is sublinear in pop-
ularity. Notably, standard models of network growth such
as preferential attachment [6] predict linear growth. This
mismatch between the rate at which a user is recommended
and their natural growth rate alters the structural evolution
of the network, bolstering popular users and increasing the
formation of uni-directional ties (since connections to pop-
ular users are typically unreciprocated). Finally, we find
that individuals are much more likely to respond positively
to recommendations for popular users—perhaps because of
their greater name recognition—further amplifying the cu-
mulative advantage of well-known users.
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2. RELATED WORK
There is an extensive literature on designing and opti-

mizing social network recommendation systems, which we
only briefly review here. The friend-of-friend algorithm and
similar approaches, such as personalized PageRank, gener-
ate recommendations by exploring a user’s local network
neighborhood [4, 15]. Such personalized network algorithms
are widely used, and have been found to be quite effec-
tive in driving recommendations on a variety of social plat-
forms [3, 8, 15]. For a thorough overview of this area, we
point the interested reader to some relevant papers and sur-
veys [1, 18, 19, 20], and the references therein.

In the paper most closely related to our work here, Daly
et al. [9] conducted a large-scale user study on IBM’s Social-
Blue social network site to examine the effects of four differ-
ent network recommenders, including a friend-of-friend al-
gorithm and content-based recommenders. Users were par-
titioned into groups of approximately 600 individuals, and
each group was exclusively shown recommendations derived
from a single algorithm. The authors measured several prop-
erties of the resulting subnetworks, including their degree
distributions, clustering, and user activity. Notably, and
consistent with our results, they find that the friend-of-friend
recommender conferred disproportionate gains to popular
users, though the paper did not investigate the underlying
mechanism for this phenomenon.

Finally, our work touches on research that considers the ef-
fects of recommendations on content diversity. In particular,
Pariser [24], Sunstein [27], and others have warned that algo-
rithmic recommendations can create“filter bubbles”or“echo
chambers,” in which individuals are largely exposed to con-
forming opinions. There is a variety of work that attempts
to measure and address such concerns in network recommen-
dations [26, 29]. The empirical investigations of this issue
have found the effects to be real, but often relatively small
in magnitude [5, 12]. However, highlighting the complexity
of the issue, Hosanagar et al. [17] find that recommenders
can in fact increase commonalities—rather than segregate
individuals—by simultaneously increasing overall consump-
tion and pushing users toward similar products. Pertaining
to these findings, the network changes we observe likely alter
the diversity of information users consume on the platform,
though we leave rigorous analysis of such consequences to
future work.

3. DATA
On July 30, 2010, Twitter launched the “Who to Follow”

network recommender [15], and rolled out the service to all
users over the course of approximately one week. Recom-
mendations appear on the main page of the Twitter website,
in a module next to the user’s timeline, and three recommen-
dations are typically shown at a time (see Figure 1). As ex-
plained in more detail in Section 5.1, these recommendations
are often drawn from one’s“friends-of-friends,” in which case
one or more mutual contacts are also named in the recom-
mendation (i.e., in the “Followed by” field). Individuals can
immediately follow the suggested user by clicking the “Fol-
low” button. Recommendations are refreshed on each visit
to the site. In addition, users can actively request to see a
new set of three suggested users, or visit a recommendation
page with a longer list of recommendations.

Figure 1: Twitter’s “Who to Follow” network recommenda-
tions, introduced in July 2010.

Our analysis is primarily based on two distinct sources of
information. First, we use edge creation data to trace the
evolution of the Twitter network. Throughout our analy-
sis we use the convention that a directed edge from u to
v indicates that u follows v; equivalently we say that u is
a follower of v, and that v is a friend of u. A user may
repeatedly follow and un-follow the same individual. The
data, however, only record the time of the last event (either
a follow or an un-follow action) in this sequence. It is thus
impossible to reconstruct the exact state of the network for
each point in history. However, periodic snapshots of this
network information are stored, and so we can approximate
the creation dates of edges. Specifically, we start with a net-
work snapshot taken on August 7, 2011 (about one year after
the recommender was introduced), and approximate the cre-
ation time for any edge that was still in existence on that
date to be the last time the edge was updated. For the vast
majority of edges, this approximate creation date should co-
incide with the true, first creation date. This approach also
discards edges that were created and soon thereafter deleted
(i.e., created and deleted before August 7, 2011), which is
largely desirable for our analysis. However, for edges that
were created, deleted, and then recreated, we would misinfer
their original creation times.

The second source of information we use is the time-
stamped recommendations themselves, as well as clicks on
the follow links for these recommendations. Unfortunately,
these data are no longer available for the period around the
launch of the recommender system in 2010, and so we in-
stead use data from October 6–12, 2015. It is, however,
unlikely that any of our qualitative findings are affected by
this choice, as discussed in more detail below.

4. THE RICH GET RICHER BUT
A RISING TIDE LIFTS ALL BOATS

One of the primary goals of network recommendations is
to encourage tie formation, and so we start our investiga-
tion by examining whether the recommendation system did
in fact spur edge creation. In this context, the effect of the
recommender is typically measured by counting clicks on the
“Follow”button in the“Who to Follow”module. However, as
has been noted previously [25], such an estimation scheme
can lead to spurious results. In particular, recommenda-
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Figure 2: The number of new edges created on Twitter each
day during the four weeks before and after introduction of the
“Who to Follow” recommender system. The recommender
was rolled out over approximately one week starting on July
30, 2010 (indicated by the dashed, vertical black lines). The
solid gray line shows the number of edges added each day,
and the solid black line shows this number averaged over
successive weeks. The two dashed horizontal lines indicate
the average daily number of edges added in the four weeks
before the recommender was introduced (7.7M) and the four
weeks after (9.5M).

tions may encourage follow actions even in the absence of
a click (e.g., by increasing an individual’s awareness of the
candidate user, akin to brand advertising), leading one to
underestimate the effect of the recommender. Conversely,
when individuals click on the “Follow” button, they might
have independently followed the recommended user even if
they had not seen the recommendation, leading to an over-
estimate.

To deal with these issues of confounding, we examine
aggregate changes in tie formation surrounding the recom-
mender’s introduction. Figure 2 shows the number of new
edges created on Twitter during the four weeks before and
after the recommender’s rollout period, where the gray line
plots the number of new edges added each day, and the
black line plots the average over each week. As the figure
clearly shows, there is a sudden and dramatic increase in
edge growth that coincides with the introduction of the rec-
ommender. In the four weeks prior to the recommender,
average daily edge growth was 7.7 million; in the four weeks
after the rollout period, it was 9.5 million, a jump of 22%.
A t-test on the difference in average edge growth rates be-
tween the pre- and post-recommender periods confirms the
uptick is statistically significant, as does a regression that
controls for growth in the user base and day of week effects.
Moreover, since other major Twitter products were not re-
leased at this time, it appears that the recommender did
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Figure 3: The relative increase in number of followers ac-
crued after the recommender was introduced, as a function
of users’ pre-recommender follower count. The change is
computed by comparing the number of followers accrued in
the four weeks after the recommender’s rollout relative to
the four weeks prior to its introduction. Users across the
popularity spectrum experienced sizable gains, but the most
popular users benefitted substantially more than average.

causally and substantially increase the rate at which edges
were created.

We next examine how these gains in edge growth were
distributed across users. There are at least three reasonable
possibilities. First, one might conjecture that all users ben-
efitted equally, with everyone expanding their follower base
by the overall growth rate of approximately 20%. Second,
in line with the conventional wisdom popularized by Ander-
son [2] and others, one might guess that the recommender
disproportionately benefitted the least popular users, who
have few alternative means for garnering attention. Finally,
appealing to theories of cumulative advantage [13, 21], one
might hypothesize that the most popular users dispropor-
tionately accrued the benefits.

To check, we compute the rate at which users expanded
their follower base as a function of their pre-recommender
follower count. Specifically, we first subset to users who
joined Twitter at least 30 days before the introduction of
the recommender system. We then logarithmically bin users
based on their follower count 30 days before the recom-
mender was introduced (i.e., the bins contain users with 1–9
followers, 10–99 followers, 100–999 followers, etc.). Next, for
each user bin, we compute the number of new followers col-
lectively accrued by those users during the four weeks prior
to the recommender’s introduction, and the four weeks af-
ter the recommender’s one-week roll out period. Finally, we
compute the percent change in follower growth for each set
of binned users.

The result of this growth computation is shown in Fig-
ure 3. The figure demonstrates that the most popular users—
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those with over 10,000 followers—do indeed benefit dispro-
portionately from the recommender, corroborating theories
of cumulative advantage. In particular, those with 100,000
followers or more experience gains of 50% in their daily
growth rate, more than twice the overall average of 20%.
The figure, however, also reveals that users across the popu-
larity spectrum are boosted by the recommender. The least
popular users (with 1-9 followers) to the modestly popular
(with 1,000 to 10,000 followers) all show sizable gains of
roughly 15% in their daily growth rate. It thus appears that
while the rich get richer, the rising tide of the recommender
also lifts all users.

5. A MECHANISM FOR
CUMULATIVE ADVANTAGE

Why is it that the most popular users disproportionately
benefit from Twitter’s recommendation system? Fleder and
Hosanager [13] suggest one possibility in the context of tra-
ditional product recommendations. Such recommender sys-
tems, they argue, rely on historical sales and ratings, and so
products with limited exposure are at a disadvantage. As a
result, popular products, with known quality, are dispropor-
tionately promoted. A similar explanation could hold for so-
cial network recommendations. It might be safer and easier
to recommend the most popular users, who have established
track records and active user bases. Though plausible, we
uncover an alternative mechanism that results from a sub-
tle interplay between the recommender, the natural network
dynamics, and user preferences, as described below.

5.1 The Effect of Popularity on
Friend-of-Friend Recommenders

We start by analyzing the network recommendation algo-
rithm itself. As with most social networks, Twitter relies
on a “friend-of-friend”-style recommendation system. The
key idea in such systems is that recommendations for any
individual u are generated by first constructing a candidate
set consisting of the users followed by the users u follows.
Since the people one follows are commonly referred to as
“friends”, the candidate set consists of u’s friends-of-friends.
Candidates within this set can be ranked by a variety of
closely related metrics, such as the number of paths from u
to the candidate user, or the likelihood that a random walk
started at u lands on the candidate. This basic scheme has
proven to be quite effective, as evidenced, for example, by
the relatively high rates at which users act on the recom-
mendations. Further, friend-of-friend systems typically out-
perform content-based recommenders, in part because con-
textual signals in this domain are relatively weak (e.g., there
are no explicit ratings), and in part because social proximity
ostensibly has value in and of itself in this setting.

In theory, friend-of-friend recommendations are determin-
istic, with candidates ranked by a pre-specified metric and
the top k (e.g., k = 3) candidates shown to the user. In
practice, ranking measures are computationally expensive
to determine exactly on large networks, so approximations
are used [15]. Moreover, the candidate rankings change mo-
ment to moment as the network evolves. For our theoretical
analysis, we abstract away these implementation details, and
instead consider a probabilisitic version of the basic friend-
of-friend algorithm. Namely, similar in spirit to personalized
PageRank [16], we assume recommendations for user u are

generated by performing a two-step random walk starting
at u, as stated formally in Definition 1 below.

Definition 1. Friend-of-friend recommendation al-
gorithm. Suppose G is a directed graph on n nodes, with
each node having at least one out-edge. Consider the simple
random walk X0, X1, X2, . . . that moves by selecting an out-
neighbor of the current node uniformly at random. For a
node xi, the friend-of-friend algorithm generates recommen-
dations RG(xi) by taking two random walk steps starting
from xi. That is,

Pr(RG(xi) = xj) = Pr(X2 = xj |X0 = xi).

In our setting, edges are oriented so that they point toward
one’s “friends”; that is, an edge from u to v indicates that
u follows v. For simplicity, we allow this stylized friend-of-
friend algorithm to select any node in the two-hop neighbor-
hood of xi, including neighbors of xi (to which xi is already
connected) or even xi itself. However, in real-world net-
works, users typically have many more second-degree con-
tacts than first-degree contacts, so these pathological rec-
ommendations constitute a small fraction of the candidate
set.

The friend-of-friend algorithm above describes how per-
sonalized recommendations are generated for any given user.
Our goal is to understand the system from the perspective
of the users who are recommended. That is, how likely is
any given user to be recommended to someone in the net-
work? Intuitively, popular users (i.e., those with large fol-
lower counts) should appear in the candidate sets for a rel-
atively large number of people, and it is thus reasonable to
expect that popular users will be recommended more often.
However, the precise relationship between popularity and
recommendations depends on the structure of the network,
and so to rigorously analyze the friend-of-friend algorithm
we need to specify the underlying network.

Here we consider the directed configuration model [23],
which yields random graphs with a given sequence of node
degrees. To generate a random graph under the configura-
tion model, one starts with a valid sequence of in- and out-
degrees (i.e., so that the sum of the in- and out-degrees are
equal), and then selects a matching on the degree “stubs”
(i.e., half-edges) uniformly at random (Definition 2). We
note that this procedure is not equivalent to selecting a ran-
dom graph with the specified degree sequences uniformly
at random, since each graph configuration can result from
several distinct matchings and not all configurations come
from the same number of such matchings. We further note
that the resulting graph is allowed to contain self-loops and
multi-edges, though such edges usually comprise a small pro-
portion of the total.

Definition 2. Configuration model. For any integer

n > 0, and degree sequences ~din = (din1 , . . . , d
in
n ) and ~dout =

(dout1 , . . . , doutn ) such that

n∑
`=1

din` =

n∑
`=1

dout`

the configuration model produces random (multi) graphs G
on n nodes with the specified degree sequences by selecting
a matching on the in- and out-degree “stubs” (half-edges)
uniformly at random.
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With formal descriptions of the friend-of-friend recom-
mendation algorithm (Definition 1) and the network struc-
ture (Definition 2) in hand, we are now ready to state and
prove our main result on the relationship between popularity
and recommendations. Theorem 1 shows that the number of
times a node is recommended is approximately proportional
to its in-degree (i.e., its number of followers).

Theorem 1. For any integer n ≥ 2 and degree sequences
~din = (din1 , . . . , d

in
n ) and ~dout = (dout1 , . . . , doutn ) such that

dout` ≥ 1 and

n∑
`=1

din` =

n∑
`=1

dout`

let G be a random graph generated via the configuration model
with the specified degree sequences. Denote the number of
edges in the graph by |E| =

∑n
`=1 d

in
` . For a realization G of

G and a fixed node xi, let RG(xi) be a random recommen-
dation for xi generated via the friend-of-friend algorithm.
Then,

Pr(RG(xi) = xj) =


dinj (1− εi)
|E| xj 6= xi

dinj (1− εi)
|E| + εi xj = xi

where

εi =
dini /d

out
i

|E| − 1

and the probability captures randomness both in the graph
generation and in the recommendation algorithm.

Proof. We start with the case where xj 6= xi. Consider
the set of events Eh(u, v) that occur when, in the random
graph G, u is connected to v via the half-edge originating
from u with index h ∈ {1, . . . , doutu }. The process of gen-
erating a recommendation RG for xi gives rise to several
intermediate random variables (where we write RG instead
of RG(xi) to simplify notation):

1. X1 ∈ {x1, . . . , xn}, the first node randomly selected in
the 2-hop path from xi to RG

2. H1 ∈ {1, . . . , douti }, the index of the randomly selected
half-edge from xi to X1

3. H2 ∈ {1, . . . , doutX1
}, the index of the randomly selected

half-edge from X1 to RG .

In terms of these random variables and events, we can write
the probability of selecting a particular 2-hop path as,

Pr(RG = xj , X1 = xk, H1 = h1, H2 = h2)

= Pr(H1 = h1, H2 = h2, Eh1(xi, xk), Eh2(xk, xj))

=
1

douti doutk

Pr(Eh1(xi, xk), Eh2(xk, xj))

=
1

douti doutk

Pr(Eh1(xi, xk)) Pr(Eh2(xk, xj) |Eh1(xi, xk))

=
1

douti doutk

dink
|E| Pr(Eh2(xk, xj) |Eh1(xi, xk)).

The second equality holds since half-edges are selected by
the recommendation algorithm independently and uniformly

at random from the number of out-edges of the respective
nodes; the fourth equality comes directly from the definition
of the configuration model.

We now analyze the conditional probability in the above
expression by considering three cases. First, if xk 6∈ {xi, xj}
(i.e., all three nodes are distinct), then

Pr(Eh2(xk, xj) |Eh1(xi, xk)) =
dinj
|E| − 1

.

Consequently,

∑
xk 6∈{xi,xj}

Pr(RG = xj , X1 = xk)

=
∑

xk 6∈{xi,xj}
1≤h1≤douti

1≤h2≤doutk

Pr(RG = xj , X1 = xk, H1 = h1, H2 = h2)

=
∑

xk 6∈{xi,xj}

dink
|E| ·

dinj
|E| − 1

=

(
1−

dini + dinj
|E|

)
dinj
|E| − 1

.

Second, if xk = xj , then

Pr(Eh2(xk, xj) |Eh1(xi, xk)) =
dinj − 1

|E| − 1

and so

Pr(RG = xj , X1 = xj)

=
∑

1≤h1≤douti

1≤h2≤doutj

Pr(RG = xj , X1 = xj , H1 = h1, H2 = h2)

=
dinj
|E| ·

dinj − 1

|E| − 1
.

Third, if xk = xi, then

Pr(Eh2(xk, xj) |Eh1(xi, xk)) =


dinj
|E| − 1

h1 6= h2

0 h1 = h2

and we have

Pr(RG = xj , X1 = xi)

=
∑

1≤h1≤douti

1≤h2≤douti

Pr(RG = xj , X1 = xi, H1 = h1, H2 = h2)

=
douti − 1

douti

· d
in
i

|E| ·
dinj
|E| − 1

where the h1 = h2 term in the sum drops out since the
conditional probability is 0. Combining the expressions, we
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get

Pr(RG = xj) =
∑

xk 6∈{xi,xj}

Pr(RG = xj , X1 = xk)

+ Pr(RG = xj , X1 = xi) + Pr(RG = xj , X1 = xj)

=

(
1−

dini + dinj
|E|

)
dinj
|E| − 1

+
dinj
|E| ·

dinj − 1

|E| − 1

+
douti − 1

douti

· d
in
i

|E| ·
dinj
|E| − 1

=
dinj
|E| − 1

(
1−

dini + dinj
|E| +

dinj − 1

|E| +
dini
|E| −

dini
douti |E|

)

=
dinj
|E| ·

|E| − 1− dini /douti

|E| − 1

=
dinj
|E|

(
1− dini /d

out
i

|E| − 1

)
.

This calculation establishes the result for xj 6= xi. Finally,
for xj = xi, we note that

Pr(RG(xi) = xi)

= 1−
∑
k:k 6=i

Pr(RG(xi) = xk)

=
dini
|E|

(
1− dini /d

out
i

|E| − 1

)
+ 1−

n∑
k=1

dink
|E|

(
1− dini /d

out
i

|E| − 1

)

=
dini
|E|

(
1− dini /d

out
i

|E| − 1

)
+
dini /d

out
i

|E| − 1
.

Theorem 1 shows that users gain exposure from the rec-
ommender in proportion to the size of their follower base.
Thus, as expected, popular users receive a larger absolute
number of recommendations. This finding, however, is at
odds with informal and theoretical arguments that suggest
recommendation systems (at least collaborative filters) rec-
ommend the most popular products disproportionately of-
ten (i.e., superlinearly in their market share) [13]. Moreover,
the result does not immediately explain why the most pop-
ular users saw their growth rate increase by more than 50%
compared to the 20% experienced by most users. Indeed, all
else equal, the linear relationship between one’s number of
followers and number of recommendations suggests all users
should see comparable gains.

This theoretical result is validated by empirical evidence
on Twitter. Figure 4 shows average daily number of recom-
mendations per follower, for groups of users binned by their
follower counts. For confidentiality, only relative rates are
shown, with 1 indicating the overall average. If, hypothet-
ically, the overall average were 0.05, then the figure shows
that those uses with approximately 10,000 followers would
typically be recommended 10,000 × 0.05 = 500 times per
day. The plot is based on “Who To Follow” recommenda-
tions shown October 6–12, 2015 (data on recommendations
shown during the 2010 launch of the system were no longer
available for analysis).1 The figure highlights two points.

1The number of recommendations per follower was likely
substantially higher in 2010 than in 2015, in part because
of the growing use of mobile devices, on which recommen-
dations are not as readily visible. Nonetheless, it seems rea-
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Figure 4: The average daily number of recommendations per
follower, for groups of users binned by their follower counts.
For confidentiality, only relative rates are shown, with 1 in-
dicating the overall average. If the overall average were (hy-
pothetically) 0.05, then users with 10,000 followers would
typically be recommended 10,000 × 0.05 = 500 times per
day. The most popular users receive fewer impressions per
follower than less popular users, which indicates that the
popularity effect seen in Figure 3 does not stem from pop-
ular users simply being recommended disproportionately of-
ten. The plot is based on “Who To Follow” recommendations
shown October 6–12, 2015.

First, across the spectrum of users with 1 to more than 10
million followers, the daily number of recommendations per
follower differs by at most a factor of two, hovering in a rel-
atively narrow band as predicted by Theorem 1. Second,
recommendations per follower in fact decreases with pop-
ularity. This latter result likely stems from modifications
in Twitter’s production friend-of-friend recommender that
further down-weights recommendations for popular users in
an effort to increase diversity. Thus, both in theory and in
practice, the friend-of-friend recommender does not appear
to confer an obvious advantage to the most popular users.

5.2 A Mismatch Between the Recommender
and the Natural Growth Rate

To understand the “rich get richer” effect observed in Fig-
ure 3, we now more carefully examine the growth dynam-
ics of Twitter’s network. How does the follower base of a
user grow? One possibility is that users attract attention in
proportion to their current number of followers, consistent
with preferential attachment models of network growth [6].
In these models, edges are probabilistically added from one
user to another in proportion to the target user’s degree.
Accordingly, over a sufficiently short period of time, the ex-
pected number of new followers a user accrues increases ap-

sonable that the qualitative trends would be similar between
the two time periods.
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Figure 5: The growth rate (i.e., daily percent increase in
follower count) before and after introduction of the recom-
mender, for groups of users binned by number of followers.
Growth rate is computed for the two weeks before the recom-
mender was introduced, and the two weeks after the rollout
period. In contrast to preferential attachment models of net-
work evolution, growth rate decreases with popularity.

proximately linearly in its number of current followers. Such
growth that is linear in the number of followers can equiv-
alently be thought of as growth rate (i.e., percent increase
in number of followers) that is constant in the number of
followers. For example, users might increase their number
of followers by a fixed percentage (e.g., 1%) each day, re-
gardless of the number of followers they have.

Figure 5 shows the empirically measured growth rate for
users before and after the introduction of the recommender,
binned by number of followers. The dotted line indicates
average daily growth rate during the week before the recom-
mender’s introduction on July 30, 2010, and the solid line
indicates average daily growth for the week after the rec-
ommender’s rollout period. As expected, users across the
popularity spectrum see a substantial boost in their growth
rate after the recommender is introduced. However, impor-
tantly, Figure 5 also shows that the most popular users have
the lowest growth rates, both before and after the recom-
mender. For example, before the recommender was intro-
duced, the most popular users, with more than one million
followers, had an average daily growth rate of 0.1% (i.e.,
their number of followers grew by about 0.1% each day). In
comparison, moderately popular users, with follower counts
of 100–1,000, had daily growth rate of approximately 0.3%,
three times higher.

There are likely a variety of interacting elements that re-
sult in the lower growth rate of popular users. Figure 6 sug-
gests one factor: compared to modestly popular users, ex-
tremely popular users typically have fewer distinct followers-
of-followers per follower. For example, users with 1 million
followers have on average 10 million followers-of-followers (a
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Figure 6: The median number of distinct followers-of-
followers, for groups of users binned by follower count, based
on the state of the network on July 20, 2010, 10 days
prior to the recommender’s introduction. The most popular
users have lower relative reach (i.e., number of followers-
of-followers divided by followers) than moderately popular
users.

multiple of 10), whereas users with 1,000 followers have on
average 1 million followers-of-followers (a multiple of 1,000).2

This phenomenon, which has been observed previously [22],
indicates that a user’s number of followers is not a good
proxy for its reach, and in particular, that popular users
might grow slower than preferential attachment suggests.3

To generate Figure 6, we first estimated the number of dis-
tinct followers-of-followers for each user based on the July
20, 2015 network, 10 days before the recommender was in-
troduced. Given the size of the network, exact computation
is prohibitively expensive, and so we used the HyperLogLog
algorithm [11] to create a sketch of each user’s set of follow-
ers. These neighborhood sketches were then combined to
efficiently estimate each user’s number of distinct followers-
of-followers [7]. For each bin of users grouped by follower
count, the figure shows the median number of followers-of-
followers.

The relatively low natural growth rate of popular users
helps to explain why popular users experienced such a big
boost from the recommender. As shown above, the friend-
of-friend recommender suggests users roughly in proportion

2Given the wide range of follower counts, Figure 6 is shown
on a log-log scale. However, we caution that concavity on
the log-log scale is not equivalent to concavity on the linear
scale. The more relevant quantity here is the slope of the
line, which is less than 1 starting at the 100 follower-count
bin.
3On the Facebook network, there is, somewhat surprisingly,
a near-linear relationship between number of followers and
number of followers-of-followers [28], perhaps because rela-
tionships are symmetric and users are limited to 5,000 con-
nections.
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to their number of followers and so, all else equal, the rec-
ommender increases each user’s follower count by a fixed
percentage (e.g., 0.05%) each day, regardless of their num-
ber of followers. However, as shown in Figure 5, the natural
growth rate of very popular users (0.1%) is much smaller
than for moderately popular ones (0.3%), and so popular
users see disproportionate gains. This mismatch between
the recommender and the natural growth rate thus results
in cumulative advantage for popular users.

Lemma 1 formalizes this intuition, showing that if the nat-
ural growth of a user’s follower base is concave in popularity
and the recommender is linear in popularity, then growth
rate is increasing in popularity (i.e., popular users would
have higher growth rates than less popular ones).

Lemma 1. Suppose g is a positive concave function on
[0,∞) and is differentiable on (0,∞). Then for any constant
c > 0, the function

z(x) =
g(x) + cx

g(x)

is increasing.

Proof. First note that for x > 0, z(x) > 1 = z(0). Ac-
cordingly, we need only show that z is increasing on the open
interval (0,∞). Now, on (0,∞), the derivative of z is

z′(x) =
cg(x)− cxg′(x)

[g(x)]2

=
cx

[g(x)]2

[
g(x)

x
− g′(x)

]
.

Consequently, z is increasing if and only if [g(x)/x] > g′(x).
By the mean value theorem, there exists a ∈ (0, x) such that

g(x)

x
=
g(x)− g(0)

x
+
g(0)

x

= g′(a) +
g(0)

x

> g′(a)

≥ g′(x)

where the last inequality follows from concavity.

5.3 Popularity and Response Rates
We conclude our investigation of cumulative advantage

in network recommendation systems by discussing one final
factor, follow-through rate (FTR): the proportion of rec-
ommendations that result in a click on the “follow” button
in the recommendation module. As discussed above, the
follow-through rate is an imperfect proxy for the effect of
any one recommendation (e.g., users may be influenced to
follow a recommended user even if they do not click on the
link). Nevertheless, follow-through rate is useful for under-
standing qualitative properties of the system.

Figure 7 shows, perhaps surprisingly, that the most popu-
lar users have follow-through rates that are more than three
times the average. It is not entirely clear why this is the
case, but the effect is likely driven by at least two forces.
First, in many domains it has been found that people con-
fer higher value to that which they recognize or are familiar
with [14], and so individuals may simply believe (accurately
or not) that recommendations of popular people are of rela-
tively higher quality. Second, it could be the case that when
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Figure 7: Follow-through rate (i.e., fraction of recommenda-
tions that led to an immediate follow), for groups of users
binned by follower count. For confidentiality, only relative
rates are shown, with 1 indicating the overall average. The
plot is based on recommendations shown October 6–12, 2015.

popular users are recommended, these recommendations are
in fact of generally higher quality, perhaps because less data
are available on niche users to construct accurate sugges-
tions [13]. Regardless of the root cause, higher response
rates for popular users does appear to be a significant source
of the observed rich-get-richer effect.

6. CHANGES IN NETWORK STRUCTURE
We have thus far investigated the effect of the recom-

mender on individuals, describing the disproportionate gains
experienced by popular users. In aggregate, these conse-
quences for individual users translate to small but observ-
able changes in the global network structure, including the
degree distribution, edge reciprocity, and clustering [30].

Figure 8 shows that after the recommender was intro-
duced, a higher proportion of new edges were directed to-
ward popular users, illustrating one noticeable change in
how the network evolved. Specifically, for a given number
of followers k on the x-axis, the y-axis shows the proportion
of new edges directed to users with fewer than k followers.
The two lines indicate the distributions for the two weeks
before the recommender was introduced (dotted line), and
the two weeks after the rollout period (solid line). Both
lines are based on follower counts computed 30 days prior
to the recommender’s introduction. For example, before the
recommender was introduced, 75% of edges were directed
toward users with 10,000 or fewer followers, whereas 71% of
edges were after the recommender was launched.

Since popular users are less likely to know their followers,
they are also less likely to reciprocate network ties. With
an increase in connections to popular users, we would thus
expect to observe a drop in the proportion of reciprocated
edges. Figure 9 indeed shows this pattern, though the ef-
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Figure 8: For each k, the proportion of new edges directed to
users with k or fewer followers. The two lines indicate the
distributions for the two weeks before the recommender was
introduced (dotted line) and the two weeks after the rollout
period (solid line). After the recommender, a higher propor-
tion of new edges was directed toward popular users.

fect is relatively modest. In the weeks prior to the recom-
mender’s introduction, 38% of new edges were reciprocated,
with the number dropping to 36% after the recommender
was introduced. For this plot, we consider a new edge from
v to w (i.e., v followed w) to have been reciprocated if w
also followed v before August 23, 2015 (the date of a recent
network snapshot), regardless of who followed whom first.

Finally, Figure 10(a) shows the effect of the recommender
on triadic closure. Before the recommender was introduced,
72% of edges closed at least one undirected triangle (i.e., the
user followed a second-degree neighbor, ignoring edge direc-
tion), and after the recommender, 75% closed triangles. We
note that this 3% change is precisely inline with expectations
given the high base rate of triangle closing, the fact that rec-
ommendations boost edge creation by approximately 20%,
and that nearly all recommendations close a triangle. Look-
ing at the number of triangles closed per edge, Figure 10(b)
shows a larger effect, with the median number of triangles
closed per edge increasing from 5 before the recommender to
7 afterwards. This more pronounced change reflects the fact
that friend-of-friend recommenders favor candidates that are
reachable from the user via a large number of two-hop paths.

7. DISCUSSION
By theoretically and empirically analyzing Twitter’s“Who

to Follow” system, we have uncovered a subtle mechanism
for cumulative advantage—and the accompanying structural
effects—in network recommenders. Namely, whereas users
are recommended in proportion to their current popularity,
they naturally grow at a rate that is sublinear in popular-
ity. This sublinear growth likely stems in part from the fact
that one’s number of distinct followers-of-followers (a proxy
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Figure 9: The proportion of new edges that are eventually re-
ciprocated, for eight weeks before and after the recommender
was introduced. The decline in reciprocation rates after the
recommender was introduced is likely due to an increase in
individuals following popular users, whom they do not per-
sonally know.

for a user’s reach) is also sublinear in popularity. These
mismatched dynamics, together with higher follow-through
rates for popular users, contribute to the observed rich-get-
richer effect.

Cumulative advantage is often thought to hinder the emer-
gence of the best products and ideas, and is hence typically
portrayed as an undesirable property of a system. In ac-
cordance with this view, one might believe it preferable to
design a recommender that mimics the natural network dy-
namics. Though reasonable, it is not immediately clear that
such an approach would lead to better outcomes. For exam-
ple, some of the effects we observe are driven by individuals
actively and disproportionately following recommendations
for popular users, which may indicate a latent preference for
popularity [26]. More generally, while it is certainly useful
to understand the equilibrium behavior of the system in the
absence of a recommender, it is not necessarily the case that
such non-recommender dynamics are optimal.

We have throughout attempted to estimate causal effects
of recommendations by analyzing the abrupt changes in net-
work structure following Twitter’s introduction of a recom-
mender system. Though this approach mitigates many con-
cerns of traditional observational studies, we caution that
care must still be taken to interpret our results. In partic-
ular, we have estimated only local effects, both in time and
population. For example, it is likely that at least some of
the edge creation induced by the recommender would have
occurred organically, in the absence of a recommender, at a
later date. Moreover, as new and different types of users join
the service, it is unclear what effect the recommender has
on these dynamic and heterogeneous populations. Given
the plethora of major and minor changes to the platform
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edge (right plot), for four weeks before and after the introduction of the recommender.

over the years, it is difficult, and perhaps even impossible,
to accurately estimate the long-term effects of the recom-
mendations. Indeed, in a large, complex system such as
Twitter, which itself exists in an even larger and more com-
plex ecosystem of online and offline services, it is not ob-
vious how to even define a counterfactual relative to which
one can estimate causal effects. For example, if algorith-
mic recommender systems did not exist, users might turn to
non-personalized, third-party lists of suggested users, which
could result in even stronger cumulative advantage. Nev-
ertheless, despite these limitations, we believe our theoreti-
cal and empirical analysis offers insight into the qualitative,
system-wide effects of recommenders on network structure.
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