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2 hoursstart

21:28:12 #bigbird2012

21:28:12 Romney stopping subsidy to PBS 
telling the host that?! wooo #BigBird

21:28:15 #savebigbird #debate

21:28:18 How you cut #BigBird 
though #Romney.... Wtf??? Smh

21:28:20 @MittRomney says he will cut funding to PBS 
even thou he likes Lehrer and #bigbird #debates

21:28:50 Cut PBS? Noooooooooooi #SaveBigBird

21:46:37 RT @BIGBIRD: Yo Mitt Romney, Sesame Street is brought 
to you today by the letters F U! #debates #SupportBigBird

21:51:54 The entire election is now about who will 
save Big Bird. #supportbigbird #debates

21:52:54 #OccupySesameStreet 
#SupportBigBird we are the 47%
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Bigbird at debate 1

24 hours
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72 hours
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Binders at debate 2

#bindersfullofwomen



Bayonets at debate 3

#horsesandbayonets



Short- v. long-term dynamics
for each debate.

We extract “novel” hashtags as all hashtags that were con-
tained in tweets posted during one of the peak window but
did not appear in any tweets posted within 96 hours prior
to the peak window. For each novel hashtag, we extract the
users who have mentioned the hashtag within the 77 hour
post-debate window starting from the peak window. We
then select hashtags that have been mentioned by at least
100 unique users to be “pop” hashtags. Despite the fea-
tures of our politically active user population, many of these
hashtags were not related to the debate or politics generally
and were removed unless the content of the tweet contained
terms such as “debate,” “president,” or any of the four can-
didates’ names. The resulting corpus contained 256 “pop”
hashtags that were novel, widely used, and relevant to the
debates. The numbers of pop hashtags from each debate are
reported in Table 2.

The conversational vibrancy framework outlined above is
operationalized using the following variables.

1. Number of retweets (rt) under the hashtag is an indicator
of its topicality. A retweet is an example of an individual
identifying a tweet that is so interesting or relevant that
they wish to re-state it, verbatim, to their own followers.
Hashtags attracting more retweets have higher topicality.

2. Number of replies (rp) to a hashtag is an indicator of its
interactivity. A heated debate may be more interactive
than a collection of statements that agree but do not ad-
dress one another.

3. Number of unique retweet sources (src) measures the di-
versity of the conversation. A hashtag with more unique
retweet sources provides more diverse information.

4. Expected follower size (follow) is proxy for the promi-
nence of the users who tweet to the hashtag. Users
with many followers tweet to a hashtag will increase the
growth and persistence of the hashtag.

Characterizing Hashtag Growth and Persistence
Figure 1(a) reveals an interesting hashtag dynamics during
the first presidential debate: while the hashtag “#bigbird”
was born and rapidly grew at around 21:30 (1:30 UTC), the
hashtag “#supportbigbird” which was born 15 minutes after
took over in about 10 minutes. To see if this is simply the
end of the story, we inspect their growth for a longer period.
As shown in Figure 2(a), after six hours from the start of
the debate, “#supportbigbird” was still on top of “#bigbird.”
However, in a larger time scale as in Figure 2(b), we dis-
cover that “bigbird” won back in the 12th hour after the de-
bate. The differences between the short-term and long-term
dynamics of hashtags lead to an interesting question: How
can we characterize the complex dynamics of these emer-
gent hashtags?

From the temporal curves it is clear that the dynamics
can not be easily captured by a single process, and hence
the parametric modeling approach suggested by prior work
(e.g., (Crane and Sornette 2008)) is not appropriate. We fo-
cus on analyzing two specific features of the “pop” hashtags’
adoption dynamics. Growth measures the rate of change
in hashtag use over observation window. A hashtag that is
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Figure 2: Cumulative tweet volume of top hashtags in the
first debate, over the first 6 and 48 hours.

mentioned 1000 times in 1 hour has higher growth than a
hashtag that is mentioned 1000 times in 10 hours. Persis-
tence measures the sustained activity of hashtag use in new
tweets over time. A hashtag that continues to be mentioned
70 hours after the debate has greater persistence than a hash-
tag that stopped being mentioned after 12 hours.

Instead of fitting the curves by a parametric model, we
capture the shape of curves by fitting a spline function. Fig-
ure 3 show three different patterns for the emergent hash-
tags. A hashtag may grow extremely fast and saturate
quickly, as shown in Figure 3(a), grow slower but also
slowly saturate, as shown in Figure 3(b), or grow fast and
sustain for a longer period, as in Figure 3(c). We then quan-
tify the growth of a hashtag as the largest slope over its fitted
spline function. The slope is measured in number of tweets
per minute (tpm), so a hashtag with a growth 60 indicates
the hashtag gathered 60 tweets per minute in its fast growth
phase.

We identify three critical time points along a hashtag’s
growth curves:
• onset time (t0): the time where the hashtag was first men-

tioned in our dataset.
• saturated time (te): the time where the hashtag’s size (in

terms of total number of tweets) reach 99% of its final size
in our dataset. We use 99% instead of final size to avoid
the influence from miscellaneous outliers.

• turning point (t⇤): the time point where the hashtag
growth curve starts deviating from its tangent line of the
largest slope. This turning point can be found by a line
search procedure along the tangent line.

The persistence is measured as the duration between its on-
set time t0 and the saturated time te. In addition, the turning
point divides a hashtag’s life-cycle into an initial fast growth
phase followed by a relatively slow growing phase before
reaching its saturated point.

6 hours
#supportbigbird

for each debate.
We extract “novel” hashtags as all hashtags that were con-

tained in tweets posted during one of the peak window but
did not appear in any tweets posted within 96 hours prior
to the peak window. For each novel hashtag, we extract the
users who have mentioned the hashtag within the 77 hour
post-debate window starting from the peak window. We
then select hashtags that have been mentioned by at least
100 unique users to be “pop” hashtags. Despite the fea-
tures of our politically active user population, many of these
hashtags were not related to the debate or politics generally
and were removed unless the content of the tweet contained
terms such as “debate,” “president,” or any of the four can-
didates’ names. The resulting corpus contained 256 “pop”
hashtags that were novel, widely used, and relevant to the
debates. The numbers of pop hashtags from each debate are
reported in Table 2.

The conversational vibrancy framework outlined above is
operationalized using the following variables.

1. Number of retweets (rt) under the hashtag is an indicator
of its topicality. A retweet is an example of an individual
identifying a tweet that is so interesting or relevant that
they wish to re-state it, verbatim, to their own followers.
Hashtags attracting more retweets have higher topicality.

2. Number of replies (rp) to a hashtag is an indicator of its
interactivity. A heated debate may be more interactive
than a collection of statements that agree but do not ad-
dress one another.

3. Number of unique retweet sources (src) measures the di-
versity of the conversation. A hashtag with more unique
retweet sources provides more diverse information.

4. Expected follower size (follow) is proxy for the promi-
nence of the users who tweet to the hashtag. Users
with many followers tweet to a hashtag will increase the
growth and persistence of the hashtag.

Characterizing Hashtag Growth and Persistence
Figure 1(a) reveals an interesting hashtag dynamics during
the first presidential debate: while the hashtag “#bigbird”
was born and rapidly grew at around 21:30 (1:30 UTC), the
hashtag “#supportbigbird” which was born 15 minutes after
took over in about 10 minutes. To see if this is simply the
end of the story, we inspect their growth for a longer period.
As shown in Figure 2(a), after six hours from the start of
the debate, “#supportbigbird” was still on top of “#bigbird.”
However, in a larger time scale as in Figure 2(b), we dis-
cover that “bigbird” won back in the 12th hour after the de-
bate. The differences between the short-term and long-term
dynamics of hashtags lead to an interesting question: How
can we characterize the complex dynamics of these emer-
gent hashtags?

From the temporal curves it is clear that the dynamics
can not be easily captured by a single process, and hence
the parametric modeling approach suggested by prior work
(e.g., (Crane and Sornette 2008)) is not appropriate. We fo-
cus on analyzing two specific features of the “pop” hashtags’
adoption dynamics. Growth measures the rate of change
in hashtag use over observation window. A hashtag that is
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Figure 2: Cumulative tweet volume of top hashtags in the
first debate, over the first 6 and 48 hours.

mentioned 1000 times in 1 hour has higher growth than a
hashtag that is mentioned 1000 times in 10 hours. Persis-
tence measures the sustained activity of hashtag use in new
tweets over time. A hashtag that continues to be mentioned
70 hours after the debate has greater persistence than a hash-
tag that stopped being mentioned after 12 hours.

Instead of fitting the curves by a parametric model, we
capture the shape of curves by fitting a spline function. Fig-
ure 3 show three different patterns for the emergent hash-
tags. A hashtag may grow extremely fast and saturate
quickly, as shown in Figure 3(a), grow slower but also
slowly saturate, as shown in Figure 3(b), or grow fast and
sustain for a longer period, as in Figure 3(c). We then quan-
tify the growth of a hashtag as the largest slope over its fitted
spline function. The slope is measured in number of tweets
per minute (tpm), so a hashtag with a growth 60 indicates
the hashtag gathered 60 tweets per minute in its fast growth
phase.

We identify three critical time points along a hashtag’s
growth curves:
• onset time (t0): the time where the hashtag was first men-

tioned in our dataset.
• saturated time (te): the time where the hashtag’s size (in

terms of total number of tweets) reach 99% of its final size
in our dataset. We use 99% instead of final size to avoid
the influence from miscellaneous outliers.

• turning point (t⇤): the time point where the hashtag
growth curve starts deviating from its tangent line of the
largest slope. This turning point can be found by a line
search procedure along the tangent line.

The persistence is measured as the duration between its on-
set time t0 and the saturated time te. In addition, the turning
point divides a hashtag’s life-cycle into an initial fast growth
phase followed by a relatively slow growing phase before
reaching its saturated point.

48 hours
#bigbird

#supportbigbird



for each debate.
We extract “novel” hashtags as all hashtags that were con-

tained in tweets posted during one of the peak window but
did not appear in any tweets posted within 96 hours prior
to the peak window. For each novel hashtag, we extract the
users who have mentioned the hashtag within the 77 hour
post-debate window starting from the peak window. We
then select hashtags that have been mentioned by at least
100 unique users to be “pop” hashtags. Despite the fea-
tures of our politically active user population, many of these
hashtags were not related to the debate or politics generally
and were removed unless the content of the tweet contained
terms such as “debate,” “president,” or any of the four can-
didates’ names. The resulting corpus contained 256 “pop”
hashtags that were novel, widely used, and relevant to the
debates. The numbers of pop hashtags from each debate are
reported in Table 2.

The conversational vibrancy framework outlined above is
operationalized using the following variables.

1. Number of retweets (rt) under the hashtag is an indicator
of its topicality. A retweet is an example of an individual
identifying a tweet that is so interesting or relevant that
they wish to re-state it, verbatim, to their own followers.
Hashtags attracting more retweets have higher topicality.

2. Number of replies (rp) to a hashtag is an indicator of its
interactivity. A heated debate may be more interactive
than a collection of statements that agree but do not ad-
dress one another.

3. Number of unique retweet sources (src) measures the di-
versity of the conversation. A hashtag with more unique
retweet sources provides more diverse information.

4. Expected follower size (follow) is proxy for the promi-
nence of the users who tweet to the hashtag. Users
with many followers tweet to a hashtag will increase the
growth and persistence of the hashtag.

Characterizing Hashtag Growth and Persistence
Figure 1(a) reveals an interesting hashtag dynamics during
the first presidential debate: while the hashtag “#bigbird”
was born and rapidly grew at around 21:30 (1:30 UTC), the
hashtag “#supportbigbird” which was born 15 minutes after
took over in about 10 minutes. To see if this is simply the
end of the story, we inspect their growth for a longer period.
As shown in Figure 2(a), after six hours from the start of
the debate, “#supportbigbird” was still on top of “#bigbird.”
However, in a larger time scale as in Figure 2(b), we dis-
cover that “bigbird” won back in the 12th hour after the de-
bate. The differences between the short-term and long-term
dynamics of hashtags lead to an interesting question: How
can we characterize the complex dynamics of these emer-
gent hashtags?

From the temporal curves it is clear that the dynamics
can not be easily captured by a single process, and hence
the parametric modeling approach suggested by prior work
(e.g., (Crane and Sornette 2008)) is not appropriate. We fo-
cus on analyzing two specific features of the “pop” hashtags’
adoption dynamics. Growth measures the rate of change
in hashtag use over observation window. A hashtag that is
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Figure 2: Cumulative tweet volume of top hashtags in the
first debate, over the first 6 and 48 hours.

mentioned 1000 times in 1 hour has higher growth than a
hashtag that is mentioned 1000 times in 10 hours. Persis-
tence measures the sustained activity of hashtag use in new
tweets over time. A hashtag that continues to be mentioned
70 hours after the debate has greater persistence than a hash-
tag that stopped being mentioned after 12 hours.

Instead of fitting the curves by a parametric model, we
capture the shape of curves by fitting a spline function. Fig-
ure 3 show three different patterns for the emergent hash-
tags. A hashtag may grow extremely fast and saturate
quickly, as shown in Figure 3(a), grow slower but also
slowly saturate, as shown in Figure 3(b), or grow fast and
sustain for a longer period, as in Figure 3(c). We then quan-
tify the growth of a hashtag as the largest slope over its fitted
spline function. The slope is measured in number of tweets
per minute (tpm), so a hashtag with a growth 60 indicates
the hashtag gathered 60 tweets per minute in its fast growth
phase.

We identify three critical time points along a hashtag’s
growth curves:
• onset time (t0): the time where the hashtag was first men-

tioned in our dataset.
• saturated time (te): the time where the hashtag’s size (in

terms of total number of tweets) reach 99% of its final size
in our dataset. We use 99% instead of final size to avoid
the influence from miscellaneous outliers.

• turning point (t⇤): the time point where the hashtag
growth curve starts deviating from its tangent line of the
largest slope. This turning point can be found by a line
search procedure along the tangent line.

The persistence is measured as the duration between its on-
set time t0 and the saturated time te. In addition, the turning
point divides a hashtag’s life-cycle into an initial fast growth
phase followed by a relatively slow growing phase before
reaching its saturated point.

What determine the dynamics of 
novel hashtag adoption?



Challenge
Ideally, we want to experiment!

In real situation: complex endogenous 
confounding factors

Relevance 

Social contagion

external force that maxes out the effect 
of known confounders
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Table 1: Examples of debate-related tweets from the first debate on 4 October 2012
hashtag time (EDT) tweet text

bigbird2012 21:28:12 #bigbird2012
bigbird 21:28:12 Romney stopping subsidy to PBS telling the host that?! wooo #BigBird
savebigbird 21:28:15 #savebigbird #debate
bigbird 21:28:18 How you cut #BigBird though #Romney....Wtf??? Smh
bigbird 21:28:20 @MittRomney says he will cut funding to PBS even thou he likes Lehrer and #bigbird #debates
savebigbird 21:28:50 Cut PBS? Noooooooooooi #SaveBigBird
supportbigbird 21:46:37 RT @BlGBlRD: Yo Mitt Romney, Sesame Street is brought to you today by the letters F U!

#debates #SupportBigBird
supportbigbird 21:51:54 This entire election is now about who will save Big Bird. #supportbigbird #debates
supportbigbird 21:52:45 #OccupySesameStreet #SupportBigBird we are the 47%

Table 2: Summary of datasets. All times are Eastern Daylight Time (EDT).
Debate number 1 2 (Vice Presidential) 3 4

Debate starting time 3 Oct. 21:00 11 Oct. 21:00 16 Oct. 21:00 22 Oct. 21:00
Tweet volume at peak 3,268,918 2,388,963 3,608,291 2,415,703
Unique users at peak 174,297 155,739 181,329 152,538
“Novel” hashtags 92,432 58,165 91,705 77,526
“Pop” hashtags 75 57 82 42
Tracking conclusion time 7 Oct. 02:00 15 Oct. 02:00 20 Oct. 02:00 26 Oct. 02:00

(a) DEB 1 (b) DEB 2 (c) DEB 3 (d) DEB 4
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Figure 1: Cumulative tweet volume of top hashtags over time, starting from each debate.
we argue it is inappropriate for our purposes. We iden-
tify a relevant sub-population of users as follows. Users
with relevant characteristics are identified first, and tweets
for these users are extracted for analysis. This focus on
the tweets from specified users reduces the threat of selec-
tion bias where inclusion in the observed set is correlated
with the dependent variable. The dependent variables in
this study refer to changes in tweet volumes over time. We
thus focus on a fixed set of users—those that tweeted heav-
ily during the debates—across the entire observation period.
Changes in tweets to the hashtag can thus be attributed to
choices made by these users.

First, we identified politically-active users who tweeted
using a hashtag such as “#debate” or mentioned either can-
didate’s Twitter account1 during any of the four presiden-
tial debates. Using Twitter’s “garden hose” streaming API2,
if the user’s tweet appeared in the feed the user was se-
lected into our population. Second, we extracted these users’
tweeting histories beginning in mid-August 2012 through

1@barackobama, @mittromney
2https://dev.twitter.com/docs/streaming-apis

late October 2012 using Twitter’s REST API3. Because
these queries are expensive owing to rate limits, we prior-
itized users who tweeted during more of the debates. Thus
users who tweeted during all four debates are more likely
to be represented in the sample than users who tweeted dur-
ing only one of the debates. While biased, this population
captures users such as journalists, pundits, politicians, and
activists who are more politically active and thus relevant to
our research setting. The subset of the resulting corpus used
in this analysis contains 123,560,785 tweets from 2,516,125
unique users posted between September 29 and October 27.

Descriptive statistics for each of the four debates are sum-
marized in Table 2. Each debate occurred between 21:00 and
22:30 EDT and we tracked the behavior of our population of
users for 77 hours following each debate. The tweet volume
peaked at the first hour of each debate and remained high
at the second hour. We refer the two-hour window as “peak
window” and identify “emergent” hashtags that were born in
each of the peak windows. Figure 1 shows the growth of top
five hashtags in terms of the cumulative number of tweets

3https://dev.twitter.com/docs/api/1.1

0
4 days 3 days



Hypotheses
What factors would contribute to hashtag’s growth 
and persistence?

Construct Variable

H1 audiences followers

H2

better match
a. fitness
b. interactivity
c. diversity

retweet
reply
unique sources

hashtags are more likely to grow and persist with 
more audiences



Hypotheses
What factors would contribute to hashtag’s growth 
and persistence?

Construct Variable

H1 audiences followers

H2

better match
a. fitness
b. interactivity
c. diversity

retweet
reply
unique sources

hashtags are more likely to grow and persist with 
larger audiences, better match
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Prototypical hashtag life

(a) high growth (b) high persistence (c) high growth and high persistence
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Figure 3: Characterization of hashtag growth and persistence. We capture the growth of a hashtag as the largest slope (in red
line) over its fitted spline function (in blue dashed line).

Results
We use this population of 2.5 million politically-active Twit-
ter users and 256 “pop” hashtags to first describe general
patterns of hashtag growth and persistence. Based on be-
havioral features from the conversational vibrancy frame-
work, we use cluster analysis methods to identify two dis-
tinct “winner” and “also-ran” hashtag classes. Integrating
these approaches, we develop statistical models to induc-
tively analyze how features of conversational vibrancy co-
vary for both hashtag classes in the growth and persistence
phases of their adoption.

Categorizing popular hashtags
Figure 4 shows the 256 hashtags along the three dimen-
sions: growth, persistence, and final size (the total number
of tweets). We use k-means clustering to identify the two
distinct classes of hashtags: “winners” (in red) grow rapidly
and have high levels of persistence while “also-rans” (in
blue) hashtags have either slower growth or less persistence.
The “winner” class correspond to the cluster with relatively
large final size. The descriptive statistics of the 12 winner
hashtags are summarized in Table 3.
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Figure 4: Two classes of popular hashtags. “Winners” (in
red) have high growth and persistence (lifetime) with large
final size (i.e., total number of tweets). “Also-rans” (in blue)
are the rest of “pop” hashtags.
Explaining Hashtag Growth
We use time-series regression to discover the relationships
between the hashtag growth and different aspects of con-
versational vibrancy. Our goal is to model the minute-by-
minute hashtag growth from the onset up to the turning

Table 3: Hashtags in the “winner” class

DEB Hashtag total
tweets

growth
(tpm)

persistence
(mins)

1 bigbird 12667 45.45 4405
1 obamadebateexcuses 7617 24.12 2999
1 supportbigbird 6289 61.35 2493
1 savebigbird 4721 27.60 4118

2 thingsthatmakebidenlaugh 9290 63.10 1907
2 malarkey 7108 50.90 3669
2 detailsmatter 6358 62.68 2249

3 bindersfullofwomen 22287 51.10 4003
3 sketchydeal 5704 54.55 3733

4 horsesandbayonets 8266 37.27 2365
4 strongerwithobama 5610 55.07 2162
4 proudofobama 5502 37.28 2830

point. A time-series regression allows us to fit a model of
dependent variable (growth) on independent variables (con-
versational vibrancy) where the serially correlated errors are
captured by a linear autoregressive moving-average specifi-
cation. Concretely, we consider the dependent variable yt as
the number of new tweets for a hashtag at time t where t is
between the hashtag onset time t0 and its turning point t⇤.

For each hashtag, we include the following predictors that
reflect its associated conversational vibrancy and a control:
• rtt�1: the number of new retweets at previous time t� 1.
• rpt�1: the number of replies at time t� 1.
• src

↵
t�1: the number of new retweet sources up to time

t� 1.
• follow

↵
t�1: the expected largest audience size up to time

t�1. To compute this, we identify the set of users U who
mentioned the hashtag up to time t� 1, and then compute
the expected follower size from the users whose follower
size is on the top 10th percentile in set U .
We use the notation (·)↵ to indicate whether the pre-

dictor is an aggregate measure aggregating data from time
t0 to time t � 1. To fit the linear model, the variables
yt, rtt�1, rpt�1 and follow

↵
t�1 are log-transformed. We

use a Box-Jenkins autoregressive integrative moving aver-
age (ARIMA) modeling framework (Durbin and Koopman
2001) to evaluate the the autocorrelation function and par-
tial autocorrelation function of the residuals, and determine

high growth

bigbird2012

(a) high growth (b) high persistence (c) high growth and high persistence
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Figure 3: Characterization of hashtag growth and persistence. We capture the growth of a hashtag as the largest slope (in red
line) over its fitted spline function (in blue dashed line).

Results
We use this population of 2.5 million politically-active Twit-
ter users and 256 “pop” hashtags to first describe general
patterns of hashtag growth and persistence. Based on be-
havioral features from the conversational vibrancy frame-
work, we use cluster analysis methods to identify two dis-
tinct “winner” and “also-ran” hashtag classes. Integrating
these approaches, we develop statistical models to induc-
tively analyze how features of conversational vibrancy co-
vary for both hashtag classes in the growth and persistence
phases of their adoption.

Categorizing popular hashtags
Figure 4 shows the 256 hashtags along the three dimen-
sions: growth, persistence, and final size (the total number
of tweets). We use k-means clustering to identify the two
distinct classes of hashtags: “winners” (in red) grow rapidly
and have high levels of persistence while “also-rans” (in
blue) hashtags have either slower growth or less persistence.
The “winner” class correspond to the cluster with relatively
large final size. The descriptive statistics of the 12 winner
hashtags are summarized in Table 3.
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Figure 4: Two classes of popular hashtags. “Winners” (in
red) have high growth and persistence (lifetime) with large
final size (i.e., total number of tweets). “Also-rans” (in blue)
are the rest of “pop” hashtags.
Explaining Hashtag Growth
We use time-series regression to discover the relationships
between the hashtag growth and different aspects of con-
versational vibrancy. Our goal is to model the minute-by-
minute hashtag growth from the onset up to the turning

Table 3: Hashtags in the “winner” class

DEB Hashtag total
tweets

growth
(tpm)

persistence
(mins)

1 bigbird 12667 45.45 4405
1 obamadebateexcuses 7617 24.12 2999
1 supportbigbird 6289 61.35 2493
1 savebigbird 4721 27.60 4118

2 thingsthatmakebidenlaugh 9290 63.10 1907
2 malarkey 7108 50.90 3669
2 detailsmatter 6358 62.68 2249

3 bindersfullofwomen 22287 51.10 4003
3 sketchydeal 5704 54.55 3733

4 horsesandbayonets 8266 37.27 2365
4 strongerwithobama 5610 55.07 2162
4 proudofobama 5502 37.28 2830

point. A time-series regression allows us to fit a model of
dependent variable (growth) on independent variables (con-
versational vibrancy) where the serially correlated errors are
captured by a linear autoregressive moving-average specifi-
cation. Concretely, we consider the dependent variable yt as
the number of new tweets for a hashtag at time t where t is
between the hashtag onset time t0 and its turning point t⇤.

For each hashtag, we include the following predictors that
reflect its associated conversational vibrancy and a control:
• rtt�1: the number of new retweets at previous time t� 1.
• rpt�1: the number of replies at time t� 1.
• src

↵
t�1: the number of new retweet sources up to time

t� 1.
• follow

↵
t�1: the expected largest audience size up to time

t�1. To compute this, we identify the set of users U who
mentioned the hashtag up to time t� 1, and then compute
the expected follower size from the users whose follower
size is on the top 10th percentile in set U .
We use the notation (·)↵ to indicate whether the pre-

dictor is an aggregate measure aggregating data from time
t0 to time t � 1. To fit the linear model, the variables
yt, rtt�1, rpt�1 and follow

↵
t�1 are log-transformed. We

use a Box-Jenkins autoregressive integrative moving aver-
age (ARIMA) modeling framework (Durbin and Koopman
2001) to evaluate the the autocorrelation function and par-
tial autocorrelation function of the residuals, and determine

high persistence

teambigbird

(a) high growth (b) high persistence (c) high growth and high persistence
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Figure 3: Characterization of hashtag growth and persistence. We capture the growth of a hashtag as the largest slope (in red
line) over its fitted spline function (in blue dashed line).

Results
We use this population of 2.5 million politically-active Twit-
ter users and 256 “pop” hashtags to first describe general
patterns of hashtag growth and persistence. Based on be-
havioral features from the conversational vibrancy frame-
work, we use cluster analysis methods to identify two dis-
tinct “winner” and “also-ran” hashtag classes. Integrating
these approaches, we develop statistical models to induc-
tively analyze how features of conversational vibrancy co-
vary for both hashtag classes in the growth and persistence
phases of their adoption.

Categorizing popular hashtags
Figure 4 shows the 256 hashtags along the three dimen-
sions: growth, persistence, and final size (the total number
of tweets). We use k-means clustering to identify the two
distinct classes of hashtags: “winners” (in red) grow rapidly
and have high levels of persistence while “also-rans” (in
blue) hashtags have either slower growth or less persistence.
The “winner” class correspond to the cluster with relatively
large final size. The descriptive statistics of the 12 winner
hashtags are summarized in Table 3.
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Figure 4: Two classes of popular hashtags. “Winners” (in
red) have high growth and persistence (lifetime) with large
final size (i.e., total number of tweets). “Also-rans” (in blue)
are the rest of “pop” hashtags.
Explaining Hashtag Growth
We use time-series regression to discover the relationships
between the hashtag growth and different aspects of con-
versational vibrancy. Our goal is to model the minute-by-
minute hashtag growth from the onset up to the turning

Table 3: Hashtags in the “winner” class

DEB Hashtag total
tweets

growth
(tpm)

persistence
(mins)

1 bigbird 12667 45.45 4405
1 obamadebateexcuses 7617 24.12 2999
1 supportbigbird 6289 61.35 2493
1 savebigbird 4721 27.60 4118

2 thingsthatmakebidenlaugh 9290 63.10 1907
2 malarkey 7108 50.90 3669
2 detailsmatter 6358 62.68 2249

3 bindersfullofwomen 22287 51.10 4003
3 sketchydeal 5704 54.55 3733

4 horsesandbayonets 8266 37.27 2365
4 strongerwithobama 5610 55.07 2162
4 proudofobama 5502 37.28 2830

point. A time-series regression allows us to fit a model of
dependent variable (growth) on independent variables (con-
versational vibrancy) where the serially correlated errors are
captured by a linear autoregressive moving-average specifi-
cation. Concretely, we consider the dependent variable yt as
the number of new tweets for a hashtag at time t where t is
between the hashtag onset time t0 and its turning point t⇤.

For each hashtag, we include the following predictors that
reflect its associated conversational vibrancy and a control:
• rtt�1: the number of new retweets at previous time t� 1.
• rpt�1: the number of replies at time t� 1.
• src

↵
t�1: the number of new retweet sources up to time

t� 1.
• follow

↵
t�1: the expected largest audience size up to time

t�1. To compute this, we identify the set of users U who
mentioned the hashtag up to time t� 1, and then compute
the expected follower size from the users whose follower
size is on the top 10th percentile in set U .
We use the notation (·)↵ to indicate whether the pre-

dictor is an aggregate measure aggregating data from time
t0 to time t � 1. To fit the linear model, the variables
yt, rtt�1, rpt�1 and follow

↵
t�1 are log-transformed. We

use a Box-Jenkins autoregressive integrative moving aver-
age (ARIMA) modeling framework (Durbin and Koopman
2001) to evaluate the the autocorrelation function and par-
tial autocorrelation function of the residuals, and determine
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Growth model

t-1
t no. of tweet

‣ retweet (fitness)
‣ reply (interactivity)
‣ unique sources† (diversity)
‣ followers† (audience)

a model with second-order autoregressive process and first-
order moving average. The model can be specified as:

yt = �T
xt�1 + ✏t

✏t = �1✏t�1 + �2✏t�2 + ⌫ +  ⌫t�1

where xt�1 is a vector containing the time-dependent pre-
dictors, � is a vector of parameters to estimate, ✏ is the error,
�1 and �2 are the first- and second-order autocorrelation pa-
rameters,  is the first-order moving-average parameter. The
estimated parameters are summarized in Table 4. The table
shows parameter estimates (standard errors in parentheses)
for the regression models.

In the “also-ran” class, hashtag growth has significant and
positive associations with rtt�1, rpt�1 and follow

↵
t�1. In

the “winner” class, the growth is positively associated with
rtt�1 and follow

↵
t�1, but has a weak and negative associa-

tions with src

↵
t�1. In both classes, hashtags whose tweeters

have more followers (follow↵
t�1) tend to grow faster. This is

consistent with the exposure explanation (Romero, Meeder,
and Kleinberg 2011). Retweets are significant predictors of
growth for both winners and also-rans. This finding is con-
sistent with arguments from organizational ecology (Han-
nan, Pólos, and Carroll 2011), which suggest that organiza-
tions with narrow identities that fit very close to the environ-
ment tend to thrive in the short term. Hashtags populated by
many retweets relevant to the Twitter community at a par-
ticular moment appear to grow more quickly, as users are
drawn in to the “hot” conversation.

The results for replies and growth are not as simple.
Replies appear to help also-ran hashtags to grow quickly,
but do not appear to help “winner” hashtags. For also-ran
hashtags, high interactivity would be associated with high
growth, as users may be seeking to participate in conversa-
tions where it appears others are paying attention to what
they say. The fact that replies do not appear to supply re-
sources for the growth of winning hashtags is surprising, and
will be explained next.

The results for uniqueness (src↵t�1) also show a distinc-
tion between the two classes. “Winner” hashtags appear
to be constrained by diversity, whereas “also-ran”tags are
not. Together with the results for replies, this suggests that
these classes are distinguished by different conversational
vibrancy. “Winner” hashtags appear to be those that gain
strictly from their relevance to the environment, i.e., they
have interesting tweets. When fitness is high, diversity be-
comes a drag (Kauffman 1993). By contrast, “also-ran” tags
appear to be less relevant. At the same time, what is rele-
vant for growth here is the ability to bring something beyond
relevance—interaction with others.

Explaining Hashtag Persistence
To examine the effect of earlier conversational vibrancy on
a hashtag’s persistence, we use survival analyses based on
the Cox proportional-hazards model (Cox 1972). We ex-
amine the survival time of a hashtag starting from the turn-
ing point t

⇤to the saturated time te. Let T be a contin-
uous random variable, the survival function is defined as:
S(t) = Pr(T > t), the probability that the hashtag will
survive (i.e., not saturated) beyond t.

Table 4: Growth models
Variables Winner Also-ran

rtt�1 0.0626** (0.0239) 0.2651*** (0.0073)
rpt�1 -0.0128 (0.0161) 0.1642*** (0.0108)
src

↵
t�1 -0.0016*** (0.0002) 0.0000 (0.0000)

follow

↵
t�1 0.1048** (0.0375) 0.0891*** (0.0042)

Loglik -476.54 -26760.69
AIC 971.07 53539.38

A hazard function assesses the instantaneous risk of
demise at time t, conditional on survival to that time.

h(t) = lim�t!0
Pr[(t  T < t+�t)]

�t

In the Cox regression model, the log hazard can be specified
as:

h(t) = h0(t)exp(�
T
x)

where x is a vector of predictors, � is a vector of parameters
to estimate, h0(t) is the baseline hazard.

To capture a hashtag’s earlier conversational vibrancy, we
focus on activities occurring in its fast growth phase. Hence
the predictors we choose to examine are aggregate measures
for each hashtag at the turning point t⇤, including:
• rt

↵
t⇤ : the total number of retweets received up to the turn-

ing time point t⇤, i.e., between t0 and t

⇤.
• rp

↵
t⇤ : the total number of replies posted up to time t

⇤.
• src

↵
t⇤ : the total number of retweet sources up to time t

⇤.
• follow

↵
t⇤ : the expected largest audience size up to time

t

⇤. The computation is similar to follow

↵
t�1 except that

the time is fixed at t⇤.
The notation (·)↵ indicates that the predictor is an aggre-

gate measure. Table 5 summarizes the results for the sur-
vival analyses. All coefficient are exponentiated and thus
interpretable as multiplicative effects on the hazard (stan-
dard error in parenthesis are not exponentiated). For the
winner class, the predictors rt

↵
t⇤ and rp

↵
t⇤ have significant

coefficients. For example, an additional reply reduces the
per minute hazard of hashtag saturation by 0.65%. A pos-
itive coefficient increases the value of the hazard function
and therefore indicates a negative effect on survival time. In
other words, rp↵

t⇤ has a positive association with a hashtag’s
persistence and rt

↵
t⇤ has a negative association with the per-

sistence. The other predictors, src↵t⇤ and follow

↵
t⇤ , have no

significant effect. For the also-ran class, rt↵t⇤ has negative
effect while src

↵
t⇤ has positive effect on the hashtag persis-

tence.
As expected, the number of followers is not a significant

predictor of a tag’s longevity, which is consistent with ex-
posure explanations. Also consistent with the explanation
for growth is the finding for retweets. Theories of orga-
nizational ecology predict that organizations with specific
identities strongly coupled with the environment are risk of
demise when the environment changes (Hannan, Pólos, and
Carroll 2011). The very thing that made them appealing
when the environment was suited to what they had to offer
now makes them less important. For example, a hashtag that
makes jokes about the Big Bird reference may be popular in

time-series model



Persistence model
survival time

‣ retweet† (fitness)
‣ reply† (interactivity)
‣ unique sources† (diversity)
‣ followers† (audience)

a model with second-order autoregressive process and first-
order moving average. The model can be specified as:

yt = �T
xt�1 + ✏t

✏t = �1✏t�1 + �2✏t�2 + ⌫ +  ⌫t�1

where xt�1 is a vector containing the time-dependent pre-
dictors, � is a vector of parameters to estimate, ✏ is the error,
�1 and �2 are the first- and second-order autocorrelation pa-
rameters,  is the first-order moving-average parameter. The
estimated parameters are summarized in Table 4. The table
shows parameter estimates (standard errors in parentheses)
for the regression models.

In the “also-ran” class, hashtag growth has significant and
positive associations with rtt�1, rpt�1 and follow

↵
t�1. In

the “winner” class, the growth is positively associated with
rtt�1 and follow

↵
t�1, but has a weak and negative associa-

tions with src

↵
t�1. In both classes, hashtags whose tweeters

have more followers (follow↵
t�1) tend to grow faster. This is

consistent with the exposure explanation (Romero, Meeder,
and Kleinberg 2011). Retweets are significant predictors of
growth for both winners and also-rans. This finding is con-
sistent with arguments from organizational ecology (Han-
nan, Pólos, and Carroll 2011), which suggest that organiza-
tions with narrow identities that fit very close to the environ-
ment tend to thrive in the short term. Hashtags populated by
many retweets relevant to the Twitter community at a par-
ticular moment appear to grow more quickly, as users are
drawn in to the “hot” conversation.

The results for replies and growth are not as simple.
Replies appear to help also-ran hashtags to grow quickly,
but do not appear to help “winner” hashtags. For also-ran
hashtags, high interactivity would be associated with high
growth, as users may be seeking to participate in conversa-
tions where it appears others are paying attention to what
they say. The fact that replies do not appear to supply re-
sources for the growth of winning hashtags is surprising, and
will be explained next.

The results for uniqueness (src↵t�1) also show a distinc-
tion between the two classes. “Winner” hashtags appear
to be constrained by diversity, whereas “also-ran”tags are
not. Together with the results for replies, this suggests that
these classes are distinguished by different conversational
vibrancy. “Winner” hashtags appear to be those that gain
strictly from their relevance to the environment, i.e., they
have interesting tweets. When fitness is high, diversity be-
comes a drag (Kauffman 1993). By contrast, “also-ran” tags
appear to be less relevant. At the same time, what is rele-
vant for growth here is the ability to bring something beyond
relevance—interaction with others.

Explaining Hashtag Persistence
To examine the effect of earlier conversational vibrancy on
a hashtag’s persistence, we use survival analyses based on
the Cox proportional-hazards model (Cox 1972). We ex-
amine the survival time of a hashtag starting from the turn-
ing point t

⇤to the saturated time te. Let T be a contin-
uous random variable, the survival function is defined as:
S(t) = Pr(T > t), the probability that the hashtag will
survive (i.e., not saturated) beyond t.

Table 4: Growth models
Variables Winner Also-ran

rtt�1 0.0626** (0.0239) 0.2651*** (0.0073)
rpt�1 -0.0128 (0.0161) 0.1642*** (0.0108)
src

↵
t�1 -0.0016*** (0.0002) 0.0000 (0.0000)

follow

↵
t�1 0.1048** (0.0375) 0.0891*** (0.0042)

Loglik -476.54 -26760.69
AIC 971.07 53539.38

A hazard function assesses the instantaneous risk of
demise at time t, conditional on survival to that time.

h(t) = lim�t!0
Pr[(t  T < t+�t)]

�t

In the Cox regression model, the log hazard can be specified
as:

h(t) = h0(t)exp(�
T
x)

where x is a vector of predictors, � is a vector of parameters
to estimate, h0(t) is the baseline hazard.

To capture a hashtag’s earlier conversational vibrancy, we
focus on activities occurring in its fast growth phase. Hence
the predictors we choose to examine are aggregate measures
for each hashtag at the turning point t⇤, including:
• rt

↵
t⇤ : the total number of retweets received up to the turn-

ing time point t⇤, i.e., between t0 and t

⇤.
• rp

↵
t⇤ : the total number of replies posted up to time t

⇤.
• src

↵
t⇤ : the total number of retweet sources up to time t

⇤.
• follow

↵
t⇤ : the expected largest audience size up to time

t

⇤. The computation is similar to follow

↵
t�1 except that

the time is fixed at t⇤.
The notation (·)↵ indicates that the predictor is an aggre-

gate measure. Table 5 summarizes the results for the sur-
vival analyses. All coefficient are exponentiated and thus
interpretable as multiplicative effects on the hazard (stan-
dard error in parenthesis are not exponentiated). For the
winner class, the predictors rt

↵
t⇤ and rp

↵
t⇤ have significant

coefficients. For example, an additional reply reduces the
per minute hazard of hashtag saturation by 0.65%. A pos-
itive coefficient increases the value of the hazard function
and therefore indicates a negative effect on survival time. In
other words, rp↵

t⇤ has a positive association with a hashtag’s
persistence and rt

↵
t⇤ has a negative association with the per-

sistence. The other predictors, src↵t⇤ and follow

↵
t⇤ , have no

significant effect. For the also-ran class, rt↵t⇤ has negative
effect while src

↵
t⇤ has positive effect on the hashtag persis-

tence.
As expected, the number of followers is not a significant

predictor of a tag’s longevity, which is consistent with ex-
posure explanations. Also consistent with the explanation
for growth is the finding for retweets. Theories of orga-
nizational ecology predict that organizations with specific
identities strongly coupled with the environment are risk of
demise when the environment changes (Hannan, Pólos, and
Carroll 2011). The very thing that made them appealing
when the environment was suited to what they had to offer
now makes them less important. For example, a hashtag that
makes jokes about the Big Bird reference may be popular in

hazard ratio model
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Growth v. persistence

(a) high growth (b) high persistence (c) high growth and high persistence
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Figure 3: Characterization of hashtag growth and persistence. We capture the growth of a hashtag as the largest slope (in red
line) over its fitted spline function (in blue dashed line).

Results
We use this population of 2.5 million politically-active Twit-
ter users and 256 “pop” hashtags to first describe general
patterns of hashtag growth and persistence. Based on be-
havioral features from the conversational vibrancy frame-
work, we use cluster analysis methods to identify two dis-
tinct “winner” and “also-ran” hashtag classes. Integrating
these approaches, we develop statistical models to induc-
tively analyze how features of conversational vibrancy co-
vary for both hashtag classes in the growth and persistence
phases of their adoption.

Categorizing popular hashtags
Figure 4 shows the 256 hashtags along the three dimen-
sions: growth, persistence, and final size (the total number
of tweets). We use k-means clustering to identify the two
distinct classes of hashtags: “winners” (in red) grow rapidly
and have high levels of persistence while “also-rans” (in
blue) hashtags have either slower growth or less persistence.
The “winner” class correspond to the cluster with relatively
large final size. The descriptive statistics of the 12 winner
hashtags are summarized in Table 3.
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Figure 4: Two classes of popular hashtags. “Winners” (in
red) have high growth and persistence (lifetime) with large
final size (i.e., total number of tweets). “Also-rans” (in blue)
are the rest of “pop” hashtags.
Explaining Hashtag Growth
We use time-series regression to discover the relationships
between the hashtag growth and different aspects of con-
versational vibrancy. Our goal is to model the minute-by-
minute hashtag growth from the onset up to the turning

Table 3: Hashtags in the “winner” class

DEB Hashtag total
tweets

growth
(tpm)

persistence
(mins)

1 bigbird 12667 45.45 4405
1 obamadebateexcuses 7617 24.12 2999
1 supportbigbird 6289 61.35 2493
1 savebigbird 4721 27.60 4118

2 thingsthatmakebidenlaugh 9290 63.10 1907
2 malarkey 7108 50.90 3669
2 detailsmatter 6358 62.68 2249

3 bindersfullofwomen 22287 51.10 4003
3 sketchydeal 5704 54.55 3733

4 horsesandbayonets 8266 37.27 2365
4 strongerwithobama 5610 55.07 2162
4 proudofobama 5502 37.28 2830

point. A time-series regression allows us to fit a model of
dependent variable (growth) on independent variables (con-
versational vibrancy) where the serially correlated errors are
captured by a linear autoregressive moving-average specifi-
cation. Concretely, we consider the dependent variable yt as
the number of new tweets for a hashtag at time t where t is
between the hashtag onset time t0 and its turning point t⇤.

For each hashtag, we include the following predictors that
reflect its associated conversational vibrancy and a control:
• rtt�1: the number of new retweets at previous time t� 1.
• rpt�1: the number of replies at time t� 1.
• src

↵
t�1: the number of new retweet sources up to time

t� 1.
• follow

↵
t�1: the expected largest audience size up to time

t�1. To compute this, we identify the set of users U who
mentioned the hashtag up to time t� 1, and then compute
the expected follower size from the users whose follower
size is on the top 10th percentile in set U .
We use the notation (·)↵ to indicate whether the pre-

dictor is an aggregate measure aggregating data from time
t0 to time t � 1. To fit the linear model, the variables
yt, rtt�1, rpt�1 and follow

↵
t�1 are log-transformed. We

use a Box-Jenkins autoregressive integrative moving aver-
age (ARIMA) modeling framework (Durbin and Koopman
2001) to evaluate the the autocorrelation function and par-
tial autocorrelation function of the residuals, and determine

winner

also-ran

persistence
(mins)

growth

(tweets/m
in)

fin
al

 s
iz

e



audience

diversity

reply

retweet

0.0 0.1 0.2 0.3

Growth model

audience

diversity

reply

retweet

0.0 0.1 0.2 0.3

audience

diversity

reply

retweet

0.0 0.1 0.2 0.3

audience

diversity

reply

retweet

0.0 0.1 0.2 0.3

winner also-ran

growth

hashtags grow by high fitness (retweet) and large audience (follower)
interactivity (reply) brings additional growth to also-rans

retweet

reply

unique sources

follower
growth



audience

diversity

reply

retweet

0.98 0.99 1.00 1.01 1.02

audience

diversity

reply

retweet

0.98 0.99 1.00 1.01 1.02

Persistence model

audience

diversity

reply

retweet

0.98 0.99 1.00 1.01 1.02

audience

diversity

reply

retweet

0.98 0.99 1.00 1.01 1.02

winner also-ran

persistence persistence

initial fitness (retweet) become a drag
interactivity (reply) and diversity (unique sources) help

retweet

reply

unique sources

follower



Summary
‣Characterization of hashtag life-cycle

‣Statistical analyses of growth and persistence 
reveal factors for relative success of hashtags

‣Retweets and audience size contribute to 
faster hashtag adoption

‣Replies and diversity support the hashtag 
persistence



Next steps
‣Examine platform-specific contextual factors

‣Generalizability to other large-scale media 
events

‣Further examination in social revolution 
contexts

‣Models for hashtag adoption 

‣ Influence process across different media



Take home
Making sense of observed big data via 
exogenous shocks

Collective activity dominated by elites

First-mover advantage is limited by the lack 
of interactivity and diversity

Social media as a form of public sphere which 
can limit or empower collective actors



Thanks!

Brian 
Keegan

Drew 
Margolin

David 
Lazer

Contact: yuruliny@gmail.com

Andrea 
Baronchelli


