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}  WWW creates a wealth of information easily accessible	



}  But information wealth is dearth of something else	


◦  If information consumes something it creates a resource 

allocation problem	


◦  Wealth of information è poverty of attention	
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Twitter Blogs Facebook 
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Many information systems are designed as if 
information was scarce	



              e.g.:	



	


when the problem is just the opposite. 	



“A wealth of information creates a poverty of attention”	


- Herbert A. Simon, 1969     	
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}  Herbert A. Simon	


◦  Turin Award Winner, 1975	


◦  Nobel Laureate in Economics, 1978	


◦  CMU faculty	



Late 60’s Simon’s warning:���
machines that “talk” more than “listen” and “think” exacerbate 
information overload	


	



Simon’s solution: Information processing systems should be 
designed to conserve attention	



4 
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Piano cats are not scarce	


	


	


	


	


	


	



They are over abundant, 	


               desperately fighting for our attention	
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Same with content on Facebook,   
TeaPartyNation.com, OccupyWallSt.org, Blogs, etc. 
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 + Website Humans 

Information Processing System 

website 
speaks > listens 

information 
overload 

attention 
deficit 
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My dog refuses to come inside!

my friendsAttracts
attention

Attracts
my attention

Friend 1  How cute!

Friend 2  my dog also loves snow!

Friend 1  My snowman!

}  Facebook���
attention ���
/content���
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}  Existing theory of adoptions	



}  Key to success lies in failures	



}  Model	



}  Model predictions	



}  Discussion	
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}  Measuring Internet startup value is hard, open problem���
(Cauwels & Sornette ’12)	



}  widely used metric of success:���
Daily fraction of Active Users (%DAU) – as % of active Internet pop.	



11 time (years)

%
 D
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U

1 yr 2 yr 3 yr 4 yr 5 yr 6 yr

11
%

35
%
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%
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%

0%

facebook.com 

Facebook 
starts today 

data from Alexa.com	
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How do people adopt new behavior or technology?	


Mansfield’61, Rogers’03	



12 sources: wikipedia, arstechna, eideard.com  

some will 	


never adopt	



rate of adoption 

fraction of adopters (%) 

C - fraction of population  
      that adopts  

C 

C/2 

0 
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FIG. 2. MySpace.com growth ⇥ activity. Linear
relationship between number of observed new subscribers
(bars) and active subscribers (line) per semester from 2004
to 2006, before MySpace started competing for usage with
Facebook. The inset shows the same plot including the years
2007 and 2008 where we observe that while Facebook’s
competition significantly reduces user activity on MySpace,
it has a much milder impact on network growth.

lifetime as we do).

In Fig. 2 we also see a linear relationship between sub-
scriber activity (obtained through their lifespan) and the
network monthly growth between the first semester of
2004 (early 2004) until the end of the second semester
of 2006 (late 2006). The green bars show the number
of new subscribers of each year observed in our random
sample while the black line shows the number of active
subscribers (left vertical axis). Assuming that the activ-
ity rate of a subscriber grows linearly with his or her lifes-
pan, we conclude that between 2006 and 2007 for every
active subscriber MySpace acquired a new subscriber.

The inset of Fig. 2 shows the main plot including the
years 2007 and 2008. Note that the network growth rate
(the bars) decreases significantly in 2007 and 2008 when
compared to previous years (2004-2006). Estimating the
lifespan distribution between subscribers that joined in
2006 and 2007 using the Kaplan-Meier [29] estimator
(Fig. 3) reveals little change in their lifespan distribu-
tion. Another interesting aspect of the 2007/2008 decline
is that – as seen later in Figure 5(h) and other indicators
– Facebook’s competition seems to have only significantly
a↵ected MySpace by late 2008. The unchanging lifespan
distribution and the constant activity of subscribers in
2007 both indicate that there should be no decline in
network growth rates. Interestingly, as we see next, an
explanation for this phenomenon is found in the shape
of the growth rates (bars) that resemble an asymmetric
bell-shaped time series.

The above data suggests three hypotheses of subscriber
dynamics:

(H1) Active subscribers acquire friends at constant rate
of 10.3 new friends per week (with a fraction of
those being new subscribers).

(H2) The lifespan of a subscriber increases with the num-
ber of friends, that is, an active MySpace subscriber
with y friends has lifespan y/10.3 weeks.

(H3) The arrival process of new subscribers in MySpace
can be approximated by the model of adoption of
innovations [5, 6, 30]. This model predicts the bell
shaped rate of new adoptions observed on MyS-
pace, see Fig. 1 (inset).

Interestingly, hypothesis H1 also o↵ers a simple interpre-
tation to the linear relationship between the number of
active subscribers and the rate of new subscribers shown
in Fig. 2: a fraction of the new edges are the result of invi-
tations to “susceptible users” which accept the invitation,
creating a new edge to the newly joined subscriber. The
term “susceptible user” denotes potential users that are
part of the “true” social network of an active subscriber
– friends, acquaintances, or family members – that have
not yet joined the OSN.
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FIG. 3. Kaplan-Meier estimated CCDFs of MySpace
subscriber lifespans that joined in 2006 and 2007,
respectively, show almost no di↵erence in subscriber activity
behavior until early 2008.

In what follows we present a model that accurately de-
scribes the relationship between subscriber activity, in-
activity, and network growth and is simultaneously con-
sistent with hypotheses H1, H2, and H3. Moreover, our
model – through parametrization – remains valid even if
either hypothesis H1 or hypothesis H2 are false.

IV. MODEL

In this section we introduce our model, showing that,
by construction, it is consistent with the observations
presented in Sec. III.

new  
subscribers/yr 
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it has a much milder impact on network growth.
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2007 both indicate that there should be no decline in
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The above data suggests three hypotheses of subscriber
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In what follows we present a model that accurately de-
scribes the relationship between subscriber activity, in-
activity, and network growth and is simultaneously con-
sistent with hypotheses H1, H2, and H3. Moreover, our
model – through parametrization – remains valid even if
either hypothesis H1 or hypothesis H2 are false.

IV. MODEL

In this section we introduce our model, showing that,
by construction, it is consistent with the observations
presented in Sec. III.
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pan, we conclude that between 2006 and 2007 for every
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compared to previous years (2004-2006). Estimating the
lifespan distribution between subscribers that joined in
2006 and 2007 using the Kaplan-Meier [29] estimator
(Fig. 3) reveals little change in their lifespan distribu-
tion. Another interesting aspect of the 2007/2008 decline
is that – as seen later in Figure 5(h) and other indicators
– Facebook’s competition seems to have only significantly
a↵ected MySpace by late 2008. The unchanging lifespan
distribution and the constant activity of subscribers in
2007 both indicate that there should be no decline in
network growth rates. Interestingly, as we see next, an
explanation for this phenomenon is found in the shape
of the growth rates (bars) that resemble an asymmetric
bell-shaped time series.
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with y friends has lifespan y/10.3 weeks.
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can be approximated by the model of adoption of
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scribes the relationship between subscriber activity, in-
activity, and network growth and is simultaneously con-
sistent with hypotheses H1, H2, and H3. Moreover, our
model – through parametrization – remains valid even if
either hypothesis H1 or hypothesis H2 are false.
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In this section we introduce our model, showing that,
by construction, it is consistent with the observations
presented in Sec. III.

little Facebook���
influence in 2007	



MySpace.com	


data collected in  
Feb. 2009 

bars – new members (adoptions) 
line – active members 
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Economics:	


◦  (Mansfield ’63)	


◦  (Katz&Shapiro’85) 	


◦  (Farrell&Saloner ’86)	


◦  (Choi ’94)	


◦  (Arthur ’94)	



Marketing:	


◦  (Bass ’69) 	

	


◦  (Fisher&Pry ’71)  	
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Computer Science:	


¡  (Kempe et al ’03)	


¡  (Zhao et al., IMC’12)	


¡  (Leskovec et al., SIGKDD’08)	


¡  (Ugander et al., PNAS’12) 	


¡  (Aral&Walker, Science’12)	


	



Sociology:	


o  (Ryan&Gross’49)	


o  (Everett ’62, ’03)	


o  (Rogers ’03)	


o  (Centola ’12)	
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}  % DAU of successful websites	
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    Some startups are short-lived fads	


	



	


	



Literature dismiss failures!���
“died from competition”���
“died of incompetence”	
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Population-level model	



Carrying capacity parameter	


�  C – fraction of active Internet population that will eventually become 

members	
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Modeled as reaction-decay process	


	


        Reaction:	


	


	


        Decay:	
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Modeled as reaction-diffusion process	


	


Media & Marketing diffusion:	


	


	


Word-of-mouth reaction:	
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Variables:	


}  A(t) = % DAU at time t	


}  I(t) = % active Internet pop. of inactive members	



Reaction-diffusion-decay differential equations:	
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dA(t)

dt
= � 1

C
A2(t)� +

1

C
I(t)A(t)(↵� �) + C�

�A(t)(� + �� �)� I(t)� ,

dI(t)

dt
= A(t)� � 1

C
I(t)A(t)↵ ,
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messages), even if almost no member activities are reported
or these emails are consistently ignored by the user. Network
growth is not the only reason why online social networks
want to keep their members active. The website revenue is
often tied to its DAU [9], mostly through online ads. But,
most importantly, our model shows that the website survival
depends on whether the ratio �/↵ � 1, creating a great in-
centive to increase ↵ through “here’s some activity you may
have missed” reminders.

The DAU signature of equation (2). Equation (2)
predicts two distinct DAU signatures related to the coupling
of activity $ inactivity reactions and activity decay. Fig. 1
shows two likely DAU signatures. The self-sustainingDAU
behavior in Fig. 1(a) is observed when �/↵ < 1 and the
initial DAU is higher than the asymptotic DAU level of
C(1� �/↵). The curve shows a slow decay from the initial
DAU towards C(1 � �/↵). The unsustainable (decaying)
DAU time series in Fig. 1(b) is observed when �/↵ � 1 and
always converges to zero irrespective of the starting DAU
value.

          (a) self-sustaining  (b) unsustainable

D
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)

D
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(t)
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Figure 1: Long-term DAU signatures

N.B. II: The set of equations in (1) seems to be at the
right level of complexity. For instance, consider an alter-
native simpler model where the reaction term I(t)A(t)↵/C
in (1) is replaced by a simpler di↵usion term I(t)⇣. That
is, inactive members become active due to external factors
and not as a function of the current active member base as
in (1). The simpler model predicts that member activity al-
ways asymptotically reaches C/(1+�/⇣), never fading. But
such prediction simultaneously defies common sense and the
available data. In the Appendix we see an example where
the simpler model is unable to match the DAU time series
observed in our datasets. Increasing the complexity of (1) by
having both I(t)A(t)↵/C and I(t)⇣ terms also has a detri-
mental e↵ect. The addition of the extra parameter ⇣ leads
to better model fit but also to less accurate predictions that
do not have the DAU fade to zero when �/↵ � 1.

3.2 DAU signatures of growth
Intense word-of-mouth and media & marketing e↵ects leave

distinctive signatures. From a small number of active mem-
bers an intense word-of-mouth su↵ers exponential growth
in the initial DAUs ramp up phase due to the word-of-
mouth reaction process feedback higher DAU ! word-of-
mouth growth ! higher DAU. On the other hand, media
& marketing di↵usions have a characteristic convex growth
that is independent of the current DAU value.

In websites that depend heavily on media & marketing
campaign growth has � � � while in websites that depend
heavily on word-of-mouth growth has � ⌧ �. For t

? small
such that 8t < t

? we have U(t) ⇡ 1. When � � � (media &

marketing intensive adoptions) equation (1) yields

dA(t)
dt

⇡ (C �A(t))�, 8t < t

?
, � � �.

Fig. 2(a) shows an initial DAU time series signature of web-
sites with media & marketing intensive adoptions. Similarly,
when � ⌧ � (word-of-mouth intensive adoptions) equa-
tion (1) can be approximated

dA(t)
dt

⇡ A(t)�

✓
1� A(t)

C

◆
, 8t < t

?
, � ⌧ �.

Fig. 2(b) shows an initial DAU time series signature of web-
sites with word-of-mouth intensive adoptions.
The analysis of Secs. 3.1 and 3.2 show some isolated e↵ects

instead of all coupled interactions in our model. In what
follows we fit the parameters of our model to the DAU time
series of twenty-two websites and compare the full dynamics
of the DAU time series predicted by equation (1) and the
real DAU time series.

D
A

U
 (A

(t)
)

(a) media & marketing intensive  
      initial growth signature

(b) word-of-mouth intensive
     initial growth signature

D
A

U
 (A

(t)
)

Figure 2: DAU signatures of initial membership growth.

4. RESULTS
Our results section has two objectives, namely:

1. Verify whether our model can be fit to the DAU time
series observed in our datasets and whether the DAU
time series behavior predicted by our model is observed
in the datasets.

2. Automatically fit the model parameters (without fid-
dling with initial conditions) to a training set of the
data consisting of between 25% and 60% of the initial
DAU time series, reserving the rest of the DAU data
as a test set to test the DAU predicted by our fitted
model.

4.1 Datasets
The DAU data was measured from June 2007 to June

2013 (six years) as a fraction of the active Internet pop-
ulation of twenty-two websites. The data is provided by
Amazon’s Alexa web analytics company totaling more than
40,000 website-day observations. The chosen websites en-
compass online social networks, online forums, political news
websites, membership-based retail stores, and online social
movements, all ranging from outstanding successes to catas-
trophic failures. We choose websites that either require
membership (e.g., Facebook, Netflix, LinkedIn) or depend
on the activity of a loyal user base (.e.g, the left-leaning
news aggregator TheHu�ngtonPost). Unsuccessful websites
urls were collected from TechCruch’s failed startup’s epi-
taphs [54] between February and August of 2012 and 2013

4

A(t) ⇡ (� � ↵)e�(��↵)t0

1� ↵
C e�(��↵)t0

,
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messages), even if almost no member activities are reported
or these emails are consistently ignored by the user. Network
growth is not the only reason why online social networks
want to keep their members active. The website revenue is
often tied to its DAU [9], mostly through online ads. But,
most importantly, our model shows that the website survival
depends on whether the ratio �/↵ � 1, creating a great in-
centive to increase ↵ through “here’s some activity you may
have missed” reminders.

The DAU signature of equation (2). Equation (2)
predicts two distinct DAU signatures related to the coupling
of activity $ inactivity reactions and activity decay. Fig. 1
shows two likely DAU signatures. The self-sustainingDAU
behavior in Fig. 1(a) is observed when �/↵ < 1 and the
initial DAU is higher than the asymptotic DAU level of
C(1� �/↵). The curve shows a slow decay from the initial
DAU towards C(1 � �/↵). The unsustainable (decaying)
DAU time series in Fig. 1(b) is observed when �/↵ � 1 and
always converges to zero irrespective of the starting DAU
value.
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N.B. II: The set of equations in (1) seems to be at the
right level of complexity. For instance, consider an alter-
native simpler model where the reaction term I(t)A(t)↵/C
in (1) is replaced by a simpler di↵usion term I(t)⇣. That
is, inactive members become active due to external factors
and not as a function of the current active member base as
in (1). The simpler model predicts that member activity al-
ways asymptotically reaches C/(1+�/⇣), never fading. But
such prediction simultaneously defies common sense and the
available data. In the Appendix we see an example where
the simpler model is unable to match the DAU time series
observed in our datasets. Increasing the complexity of (1) by
having both I(t)A(t)↵/C and I(t)⇣ terms also has a detri-
mental e↵ect. The addition of the extra parameter ⇣ leads
to better model fit but also to less accurate predictions that
do not have the DAU fade to zero when �/↵ � 1.

3.2 DAU signatures of growth
Intense word-of-mouth and media & marketing e↵ects leave

distinctive signatures. From a small number of active mem-
bers an intense word-of-mouth su↵ers exponential growth
in the initial DAUs ramp up phase due to the word-of-
mouth reaction process feedback higher DAU ! word-of-
mouth growth ! higher DAU. On the other hand, media
& marketing di↵usions have a characteristic convex growth
that is independent of the current DAU value.

In websites that depend heavily on media & marketing
campaign growth has � � � while in websites that depend
heavily on word-of-mouth growth has � ⌧ �. For t

? small
such that 8t < t

? we have U(t) ⇡ 1. When � � � (media &

marketing intensive adoptions) equation (1) yields

dA(t)
dt

⇡ (C �A(t))�, 8t < t

?
, � � �.

Fig. 2(a) shows an initial DAU time series signature of web-
sites with media & marketing intensive adoptions. Similarly,
when � ⌧ � (word-of-mouth intensive adoptions) equa-
tion (1) can be approximated
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⇡ A(t)�
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Fig. 2(b) shows an initial DAU time series signature of web-
sites with word-of-mouth intensive adoptions.
The analysis of Secs. 3.1 and 3.2 show some isolated e↵ects

instead of all coupled interactions in our model. In what
follows we fit the parameters of our model to the DAU time
series of twenty-two websites and compare the full dynamics
of the DAU time series predicted by equation (1) and the
real DAU time series.
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Figure 2: DAU signatures of initial membership growth.

4. RESULTS
Our results section has two objectives, namely:

1. Verify whether our model can be fit to the DAU time
series observed in our datasets and whether the DAU
time series behavior predicted by our model is observed
in the datasets.

2. Automatically fit the model parameters (without fid-
dling with initial conditions) to a training set of the
data consisting of between 25% and 60% of the initial
DAU time series, reserving the rest of the DAU data
as a test set to test the DAU predicted by our fitted
model.

4.1 Datasets
The DAU data was measured from June 2007 to June

2013 (six years) as a fraction of the active Internet pop-
ulation of twenty-two websites. The data is provided by
Amazon’s Alexa web analytics company totaling more than
40,000 website-day observations. The chosen websites en-
compass online social networks, online forums, political news
websites, membership-based retail stores, and online social
movements, all ranging from outstanding successes to catas-
trophic failures. We choose websites that either require
membership (e.g., Facebook, Netflix, LinkedIn) or depend
on the activity of a loyal user base (.e.g, the left-leaning
news aggregator TheHu�ngtonPost). Unsuccessful websites
urls were collected from TechCruch’s failed startup’s epi-
taphs [54] between February and August of 2012 and 2013

4
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Figure 6: Incorrect simpler model prediction of flixter.com DAU

evolution. Note that unlike our original model, the simpler model

presented in N.B.II is not able to capture the vanishing DAU

trend of flixter. The training data used to generate these graphs

is slightly smaller than the one used in our previous experiment.

This work makes a positive step not only towards model-
ing the dynamics of websites and possibly also towards mod-
eling a broad range of dynamics of societal movements, such
as the activity and growth of grass-root organizations. There
is, however, much left to do but the reaction-di↵usion-decay
dynamics provide a baseline model that can be tailored to
specific types of websites.
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7. APPENDIX

7.1 Simpler model oversimplifies problem
In this part of the Appendix we show that the simpler

model in N.B.II cannot characterize a vanishing DAU time
series. Contrast the prediction for Flixter.com made by the
simpler model in Fig. 6(a) against the predictions of our
complete model in Fig. 6(b). In both cases the training data
used to generate these graphs is slightly smaller than the
one used in our previous experiment in Fig. 4(h). Note that
the simpler model shown in Fig. 6(a) incorrectly stabilizes
the DAU while the data and our correct model in Fig. 6(b)
indicate that the Flixster.com DAU converges towards zero.

7.2 Dataset description
The web tra�c data used in the evaluation of our model

was obtained by the commercial web analytics company
Alexa.com, a subsidiary of Amazon.com. Today, Alexa pro-
vides tra�c data, global rankings and other information on

30 million websites [1]. Alexa ranks sites based primarily
on tracking information of users of its toolbar available for
all the Internet Explorer, Firefox and Google Chrome web
browsers. Since 2008 Alexa claims to remove self-selection
bias – bias related to gathering data of a specific audience
subgroup that is more likely to install Alexa’s toolbar – by
taking into account other data sources “beyond Alexa Tool-
bar users” [1], but the nature of such data sources and the
methodology employed are not disclosed. Nonetheless, be-
cause Alexa’s report is detailed and widely used in the in-
dustry, we believe that Alexa’s unique subscriber daily tra�c
reports are a good source of data for our study. The follow-
ing websites were used:

I 12seconds.tv: “12seconds.tv is a Twitter-like video status service.
It gives you 12 seconds to share video moments from your life” [15].

I adaptu.com: Membership-based online mobile wallet.
I ashleymadison.com: “Ashley Madison is a Married Dating ser-

vice and social network for those engaged in relationships but look-
ing to have an a↵air” [15].

I brandstack.com: “Brandstack lets designers create their own stu-
dios and sell design work to their peers or to directly consumers”.
It was sold in December 2011 to DesignCrowd [15].

I cafemom.com: “CafeMom is a social network site for moms,
reaching an audience of more than 20 million users.” [15].

I community.babycenter.com: The Community Baby Center, launched
in 2008, is a social network for parents with young children of all
ages to share their experiences.

I facebook.com: Online social network website.
I flixter.com: Flixster is a social networking site for movie fans.
I formspring.me: “Formspring helps people find out more about

each other by sharing interesting & personal responses” [15].
I hu�ngtonpost.com: The Hu�ngton Post is a leading left-leaning

online news aggregator and producer.
I linkedin.com: Is a fast-growing online professional networking

website.
I marriedsecrets.com: Married dating service and social network.
I meetup.com: Is a local community social network.
I netflix.com: Membership-based movie rental website.
I occupywallst.org: Is a website for people interested in the Oc-

cupy Wall Street movement.
I patientslikeme.com: Patientslikeme is a social networking site

that allows people with similar diseases to share their experiences
about treatments, doctors, and seek emotional support.

I ruelala.com: Membership-based online retail store.
I teapartynation.com & teapartypatriots.org: TeaPartyNation.com

and TeaPartyPatriots.org are the o�cial website of conservatives
American political organizations considered part of the Tea Party
movement.

I true.com: True is an online dating service that was founded in
2003 [15].

I theblaze.com: The Blaze is a conservative news and opinion web-
site run by conservative pundit Glenn Beck [47].

I webchat.freenode.net: Is a web-based IRC chat server.

7.3 Model & the growth of MySpace
Online social network websites rarely allow access to their

subscriber activity data. To complement the analysis of the
preceding sections we use a complementary source of data.
This dataset records the activity of 1.2 million random mys-
pace.com subscribers that joined MySpace from 2006 to 2008
(collected by Ribeiro et al. [44]).

A Short History of MySpace. MySpace was founded in 2003
and from 2005 until early 2008 MySpace was the most vis-
ited social networking website in the world. In June 2006
MySpace surpassed Google as the most visited website in
the United States. By late 2007 MySpace first reports of a
significant loss of its teenager subscriber base to Facebook
appeared [26] and in April 2008 Facebook usage overtook
MySpace [58].

We start our analysis with the relationship between net-
work growth and member activity. The member activity
lifespan is defined as the period between the member join
date and the member’s last login date. In what follows we
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Figure 4: (Unsustainable) DAU time seires of websites automatically classified as unsustainable. Model fit (blue curve)
over training samples and model selection samples (blue points) and model forecast (red line) over holdout data (gray points).

our algorithm. We observe that the model fits the data rea-
sonably well, except for a few “DAU bumps”, possibly the
product of website changes (which may temporarily change
the model parameters) or media & marketing investments.
In general, however, our model is able predict the overall
website trend years in advance. Three anomalies are the
overestimation of the DAU of True.com and Adaptu.com.
Per our Tech Report [43] the linear decay of Adaptu.com’s
DAU shows the characteristic signature of a strong competi-
tor (or even multiple strong competitors), probably Mint.com [54].
Our fitting algorithm also tends to output some parame-
ter assignments for Ruelala.com as self-sustaining. Brand-
Stack.com was acquired in late 2011 by DesignCrowd.com
and has since changed its url and thus we truncate its data at
the time of acquisition. The predicted DAU trend of Brand-
Stack.com seems accurate if the website was allowed to con-
tinue its trajectory. The predictions of Flixter.com, Occu-
pyWallSt.org, 12seconds.tv, FormSpring.me, TeaPartyNa-
tion.com, True.com, and TeaPartyPatriots.org are remark-
ably accurate. Interestingly, not even the renewed interest
in Tea Party during the 2012 U.S. presidential election cy-
cle (marked in the graph) was able to disturb the long-term

trajectory of TeaPartyNation.com and TeaPartyPatriots.org
towards what appears to be a negligible (zero) DAU.

(Self-sustaining websites) Fig. 5 shows the DAU time se-
ries (points) of twelve websites automatically in our dataset
that are classified as self-sustaining by our algorithm. One
of the most remarkable predictions of our model is the long
term stabilization of the DAU of self-sustaining websites.
The datasets (TheHu�ngtonPost.com, Facebook.com, among
others) overwhelmingly confirm this prediction. While web-
sites keep constantly changing to broaden their audience
(which could potentially lead to an increase of C in our
model), it seems that once the website audience is deter-
mined the website %DAU trajectory towards C(1 � �/↵)
is set. One of the most remarkable examples of this obser-
vation is Facebook.com. Three out of the four outputs of
our algorithm predict three years into the future – and with
surprising accuracy – Facebook’s final DAU size and time
series. The training + model selection data has Facebook’s
DAU reaching up to 37% of the active Internet population
and our model is able to extrapolate that Facebook would
eventually reach about 45% of the %DAU and then stabilize.
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Figure 4: (Unsustainable) DAU time seires of websites automatically classified as unsustainable. Model fit (blue curve)
over training samples and model selection samples (blue points) and model forecast (red line) over holdout data (gray points).

our algorithm. We observe that the model fits the data rea-
sonably well, except for a few “DAU bumps”, possibly the
product of website changes (which may temporarily change
the model parameters) or media & marketing investments.
In general, however, our model is able predict the overall
website trend years in advance. Three anomalies are the
overestimation of the DAU of True.com and Adaptu.com.
Per our Tech Report [43] the linear decay of Adaptu.com’s
DAU shows the characteristic signature of a strong competi-
tor (or even multiple strong competitors), probably Mint.com [54].
Our fitting algorithm also tends to output some parame-
ter assignments for Ruelala.com as self-sustaining. Brand-
Stack.com was acquired in late 2011 by DesignCrowd.com
and has since changed its url and thus we truncate its data at
the time of acquisition. The predicted DAU trend of Brand-
Stack.com seems accurate if the website was allowed to con-
tinue its trajectory. The predictions of Flixter.com, Occu-
pyWallSt.org, 12seconds.tv, FormSpring.me, TeaPartyNa-
tion.com, True.com, and TeaPartyPatriots.org are remark-
ably accurate. Interestingly, not even the renewed interest
in Tea Party during the 2012 U.S. presidential election cy-
cle (marked in the graph) was able to disturb the long-term

trajectory of TeaPartyNation.com and TeaPartyPatriots.org
towards what appears to be a negligible (zero) DAU.

(Self-sustaining websites) Fig. 5 shows the DAU time se-
ries (points) of twelve websites automatically in our dataset
that are classified as self-sustaining by our algorithm. One
of the most remarkable predictions of our model is the long
term stabilization of the DAU of self-sustaining websites.
The datasets (TheHu�ngtonPost.com, Facebook.com, among
others) overwhelmingly confirm this prediction. While web-
sites keep constantly changing to broaden their audience
(which could potentially lead to an increase of C in our
model), it seems that once the website audience is deter-
mined the website %DAU trajectory towards C(1 � �/↵)
is set. One of the most remarkable examples of this obser-
vation is Facebook.com. Three out of the four outputs of
our algorithm predict three years into the future – and with
surprising accuracy – Facebook’s final DAU size and time
series. The training + model selection data has Facebook’s
DAU reaching up to 37% of the active Internet population
and our model is able to extrapolate that Facebook would
eventually reach about 45% of the %DAU and then stabilize.
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Figure 5: (Self-sustaining) DAU time seires of websites automatically classified as self-sustaining. Model fit (blue curve)
over training samples and model selection samples (blue points) and model forecast (red line) over holdout data (gray points).

The DAU fit and predictions of our model for AshleyMadi-
son.com, Facebook.com, PatientsLikeMe.com, CafeMom.com,
MarriedSecrets.com, Webchat.Freenode.net, and Netflix.com
worked remarkably well. Both Meetup.com and Despite
the high variability of predictions at Meetup.com and We-
bchat.Freenode.net, these predictions seem to agree well with
the DAU data (which also present high variability).

Curiously, while the curve fit for TheHu�ngtonPost.com
is remarkably accurate, the model has a strong tendency
to stabilize the DAU while the true data shows a grow-
ing DAU until stabilization. The reason behind this ap-
parent mismatch may be the following. At the beginning of
the TheHu�ngtonPost.com life its DAU growth was mostly
due to word-of-mouth, which is well captured in the model
parameters over the training data. However, reports show
that somewhere between early 2011 [23] and late 2013 [50]
the TheHu�ngtonPost.com started to be (significantly) in-
dexed by the Google News service, bringing a large amount
of “unpredictable” media & marketing growth to the The-
Hu�ngtonPost DAU, thus the DAU underestimation of our
model. Similar to the TheHu�ngtonPost.com the DAU of
LinkedIn.com and community.babycenter.com are also shown
to be self-sustaining (i.e., the DAU stabilizes) but the final
DAU is underestimated. Unfortunately the reasons behind

these two underestimations are unclear.
The website TheBlaze.com seems to have also slightly de-

viated from its predicted DAU. In the first 112 days into the
prediction the website DAU follows the model remarkably
well. Later, however, TheBlaze.com experiences two unpre-
dictable DAU spikes and, unfortunately, only time will tell if
the model prediction is indeed showing the long-term DAU
plateau of the website.

5. CONCLUSIONS
Our study sheds light on the mechanisms of growth and

member activity and inactivity of membership-based web-
sites. Through reaction, di↵usion, and decay processes we
model the dynamics of website member activity, inactivity,
and growth, mostly focusing on the DAU (daily number of
active users) metric. We showed that our model predicts
two general DAU signatures of growth (media & market-
ing versus word-of-mouth) and two DAU signatures of long
term stability (self-sustaining versus unsustainable). We
propose an algorithm to fit the model parameters to real
world DAU time series data. Finally, from the DAU time
series of twenty-two websites we show that our model not
only fits well the DAU data but can also predict its future
evolution.
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we later compare against the behaviors predicted by our
model.

Varying the OSN parameters of our model we predict
five distinct behaviors in the evolution of A(t):

⌅ Self-sustaining OSN. A self-sustaining OSN may or
may not be marketing intensive. The main character-
istic of a self-sustaining OSN is having the ratio ↵/� >
1, which guarantees that the fraction of active sub-
scribers is stable and positive. The asymptotic frac-
tion of active subscribers is limt!1 A(t) = 1 � �/↵.
A self-sustaining OSN may also have a large � but,
unlike unsustainable marketing intensive OSNs that
we see next, it is able to sustain a non-negligible level
of interest below the marketing peak. In the absence
of strong marketing, the fraction of active subscribers,
A(t), has a characteristic sigmoid shape, as shown in
Fig. 5(b).

! Self-sustaning marketing intensive OSN. In
the presence of strong marketing A(t) acquires a
di↵erent shape, with a strong initial push and
then an exponential decay towards stabilization as
shown in Fig. 7.

⌅ Unsustainable OSN. An unsustainable OSN has ra-
tio ↵/� < 1. The ratio ↵/� < 1 guarantees that the
fraction of active subscribers is unstable and that it
asymptotically goes to zero. In the absence of strong
marketing, the fraction of active subscribers, A(t),
never takes o↵ and even the fraction of inactive users
remains small, growing slowly only due to � ⌧ 1, as
shown in Fig. 5(c).

! Unsustainable marketing intensive OSN. An
unsustainable marketing intensive OSN is charac-
terized by a large � – that is responsible for a siz-
able fraction of the initial network growth – and
a small ratio ↵/� < 1. The fast initial arrival of
new subscribers, propelled by the marketing cam-
paign, creates a significant active subscriber base.
However, the active subscriber base is not sustain-
able over time. The marketing campaign saturates
and exhausts the potential subscriber base. With
↵/� < 1 the active subscribers are not able to elicit
enough inactive subscribers into activity to sustain
any positive level of activity in the network. Be-
sides great marketing, similar activity time series
can be obtained when � is large (susceptible sub-
scribers are very likely to quickly join the OSN) and
� and ↵ are small, such that the OSN generates
great initial interest but eventually the activity in
the network goes to zero due to the ratio ↵/� < 1.
In the above scenarios, the fraction of active sub-
scribers, A(t), has the characteristic asymmetric
bell shaped curve shown in Fig. 5(a).

⌅ Preyed OSN. The sudden appearance of a competi-
tor OSN may chip away subscriber attention. We

use (5) to model this competition. Figure 5(d) shows
the numerical solution to (5) with the following pa-
rameters: t0 = 200, t1 = 250, ✓ = 0.02, and
C = log(20). The competition will eventually an-
nihilate the OSN activity after the OSN reaches the
critical point ↵ (t)/� < 1 (Fig. 6 shows the evolution
of  (t) over time, showing that  (t) > 0.5, 8t < 400).
Note that when the competition starts, the fraction
of active subscribers, A(t), decreases initially almost
linearly (or super-linearly depending on the param-
eters of the model) but later takes the shape of an
exponential decay, as shown in Fig. 5(d).
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FIG. 7. Self-sustaining marketing intensive OSN.
Behavior of a self-sustaining marketing intensive OSN
predicted by our model with respect to its subscriber
activity time series.

Next we compare the above four of the five predicted
subscriber activity time series, A(t), against real world
data obtained from nearly thirty OSN websites. The
class of OSN activity time series not found in our data
is the self-sustaining marketing intensive OSN. Interest-
ingly, we also discuss a recent measurement study of a
massive multiplayer online gaming network [35] whose
subscriber activity time series conforms with our predic-
tions of a self-sustaining marketing intensive OSN.

VI. REAL OBSERVED BEHAVIOR

In this section we compare our model against real
daily subscriber activity obtained from a variety of
Internet sites. We select Alexa.com’s daily reach per
million as our metric of interest. The daily reach per
million is measured as the number of unique website
visitors per million web visitors in the same day. We
note, however, that Alexa.com is unlikely to include
the tra�c generated by mobile phone users in its data.
In the period that we are analyzing, from mid 2007
until early 2012, we believe that mobile users do not
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Figure 2: (Left) Histogram of vertex level clustering coefficients, Ci (Center) Distribution of component sizes.
(Right) Total number of vertices in the network as a function of week, w. All figures plot distributions for
networks using under and over sampled tail thresholds (ACx,y = 197 and ACx,y = 1900 respectively)

classifier on this feature alone correctly identifies 95% of ties,
even for casual users (i.e. those that play few games). For
a detailed presentation of this analysis, see [23].

The survey respondents are a biased sample of Reach play-
ers [21], being substantially more skilled than the typical
player and investing roughly an order of magnitude more
time playing than an average player. It is thus possible that
the survey sampling bias has produced an oversampling or
an undersampling of the tail of the degree distribution.

In an attempt to control these opposing biases, we choose
two thresholds, one to show what the network looks like if
the survey respondents have less friends (undersampled tail)
than the population, where ACx,y = 197, and one to show
network structure if the respondents have more (oversam-
pled tail), ACx,y = 1900. Details of the methods used to
select these thresholds can be found in [23].

5. NETWORK STRUCTURE
The two thresholds computed using the survey data in the
previous section represent reasonable bounds on what we ex-
pect to observe in the data at large. In this section, we use
both thresholds to analyze the structure of the inferred so-
cial network and show that network structure remains invari-
ant to threshold choice. In the undersampled tail scenario
(ACx,y = 197), the inferred network consists of 8,373,201
nodes and 31,051,991 edges, while the network inferred us-
ing the oversampled tail threshold (ACx,y = 1900), contains
4,732,405 nodes and 11,435,351 edges.

Figure 1(bottom) plots the complementary cumulative dis-
tribution of vertex degree sizes and indicates that the net-
work is primarily comprised of vertices with only a few edges
and only 10% containing more than roughly 10 or 20, de-
pending on threshold choice.

To quantitatively measure the degree to which groups make
up the network, we compute the vertex level clustering co-
efficient, defined as,

Ci =
number of connected neighbors

number of possible connected neighbors
. (3)

Ci provides a principled measure of how close vertex i and
its neighbors are to forming a clique [27]. A clustering co-

efficient equal to one indicates the vertex and its neighbors
form a clique, while a coefficient equal to zero indicates none
of the vertex’s neighbors are connected.

In addition to vertices containing only a few edges, the
majority possess low clustering coefficients, indicating that
most players usually choose to play games with only one
other person at a time (see Fig. 2, left). There is also a
small, but non-trivial group of players who have high clus-
tering coefficients, indicating that they choose to play with
two or more friends, who are also friends themselves.

Figure 2(center) plots the distribution of component sizes
and indicates that the network contains a single large con-
nected component composed of between two and four mil-
lion players. The majority of the remaining nodes are spread
amongst many components containing between roughly ten
and twenty nodes. In the undersampled tail case (ACx,y =
197), the network contains 1,194,032 components. While
in the oversampled tail case (ACx,y = 1900), the network
contains 991,932 components.

From this analysis, we can conclude that the network, as
a whole, contains between 23%-47% of the total 17 million
player population and that these players tend to interact
with their friends in pairs or small densely connected groups.

6. NETWORK DYNAMICS
The static analysis in the previous section sheds light on the
overall structure of the social network and provides clues
about how friends interact in the game, but it provides no
insight into how the network changes over the course of its
44 week time span.

To study the friendship network’s evolution, we create snap-
shots of the network by extracting the edges of inferred
friends from the interaction network at weekly time inter-
vals, where each interval is aligned with a week of the year.
The set of snapshots we study begins on the 37th week of
September, 2010, and extends through the week 28th week
of 2011, totaling 44 weeks of time.

Merrit & Clauset (2013)	
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we later compare against the behaviors predicted by our
model.

Varying the OSN parameters of our model we predict
five distinct behaviors in the evolution of A(t):

⌅ Self-sustaining OSN. A self-sustaining OSN may or
may not be marketing intensive. The main character-
istic of a self-sustaining OSN is having the ratio ↵/� >
1, which guarantees that the fraction of active sub-
scribers is stable and positive. The asymptotic frac-
tion of active subscribers is limt!1 A(t) = 1 � �/↵.
A self-sustaining OSN may also have a large � but,
unlike unsustainable marketing intensive OSNs that
we see next, it is able to sustain a non-negligible level
of interest below the marketing peak. In the absence
of strong marketing, the fraction of active subscribers,
A(t), has a characteristic sigmoid shape, as shown in
Fig. 5(b).

! Self-sustaning marketing intensive OSN. In
the presence of strong marketing A(t) acquires a
di↵erent shape, with a strong initial push and
then an exponential decay towards stabilization as
shown in Fig. 7.

⌅ Unsustainable OSN. An unsustainable OSN has ra-
tio ↵/� < 1. The ratio ↵/� < 1 guarantees that the
fraction of active subscribers is unstable and that it
asymptotically goes to zero. In the absence of strong
marketing, the fraction of active subscribers, A(t),
never takes o↵ and even the fraction of inactive users
remains small, growing slowly only due to � ⌧ 1, as
shown in Fig. 5(c).

! Unsustainable marketing intensive OSN. An
unsustainable marketing intensive OSN is charac-
terized by a large � – that is responsible for a siz-
able fraction of the initial network growth – and
a small ratio ↵/� < 1. The fast initial arrival of
new subscribers, propelled by the marketing cam-
paign, creates a significant active subscriber base.
However, the active subscriber base is not sustain-
able over time. The marketing campaign saturates
and exhausts the potential subscriber base. With
↵/� < 1 the active subscribers are not able to elicit
enough inactive subscribers into activity to sustain
any positive level of activity in the network. Be-
sides great marketing, similar activity time series
can be obtained when � is large (susceptible sub-
scribers are very likely to quickly join the OSN) and
� and ↵ are small, such that the OSN generates
great initial interest but eventually the activity in
the network goes to zero due to the ratio ↵/� < 1.
In the above scenarios, the fraction of active sub-
scribers, A(t), has the characteristic asymmetric
bell shaped curve shown in Fig. 5(a).

⌅ Preyed OSN. The sudden appearance of a competi-
tor OSN may chip away subscriber attention. We

use (5) to model this competition. Figure 5(d) shows
the numerical solution to (5) with the following pa-
rameters: t0 = 200, t1 = 250, ✓ = 0.02, and
C = log(20). The competition will eventually an-
nihilate the OSN activity after the OSN reaches the
critical point ↵ (t)/� < 1 (Fig. 6 shows the evolution
of  (t) over time, showing that  (t) > 0.5, 8t < 400).
Note that when the competition starts, the fraction
of active subscribers, A(t), decreases initially almost
linearly (or super-linearly depending on the param-
eters of the model) but later takes the shape of an
exponential decay, as shown in Fig. 5(d).
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FIG. 7. Self-sustaining marketing intensive OSN.
Behavior of a self-sustaining marketing intensive OSN
predicted by our model with respect to its subscriber
activity time series.

Next we compare the above four of the five predicted
subscriber activity time series, A(t), against real world
data obtained from nearly thirty OSN websites. The
class of OSN activity time series not found in our data
is the self-sustaining marketing intensive OSN. Interest-
ingly, we also discuss a recent measurement study of a
massive multiplayer online gaming network [35] whose
subscriber activity time series conforms with our predic-
tions of a self-sustaining marketing intensive OSN.

VI. REAL OBSERVED BEHAVIOR

In this section we compare our model against real
daily subscriber activity obtained from a variety of
Internet sites. We select Alexa.com’s daily reach per
million as our metric of interest. The daily reach per
million is measured as the number of unique website
visitors per million web visitors in the same day. We
note, however, that Alexa.com is unlikely to include
the tra�c generated by mobile phone users in its data.
In the period that we are analyzing, from mid 2007
until early 2012, we believe that mobile users do not
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Behavior of a self-sustaining marketing intensive OSN
predicted by our model with respect to its subscriber
activity time series.

Next we compare the above four of the five predicted
subscriber activity time series, A(t), against real world
data obtained from nearly thirty OSN websites. The
class of OSN activity time series not found in our data
is the self-sustaining marketing intensive OSN. Interest-
ingly, we also discuss a recent measurement study of a
massive multiplayer online gaming network [35] whose
subscriber activity time series conforms with our predic-
tions of a self-sustaining marketing intensive OSN.

VI. REAL OBSERVED BEHAVIOR

In this section we compare our model against real
daily subscriber activity obtained from a variety of
Internet sites. We select Alexa.com’s daily reach per
million as our metric of interest. The daily reach per
million is measured as the number of unique website
visitors per million web visitors in the same day. We
note, however, that Alexa.com is unlikely to include
the tra�c generated by mobile phone users in its data.
In the period that we are analyzing, from mid 2007
until early 2012, we believe that mobile users do not

� large ↵

�
> 1



Carnegie Mellon!
School of Computer Science 

Bruno Ribeiro,    http://www.cs.cmu.edu/~ribeiro 

Without Attention Feedback websites never die	



37 

active users) metric. We showed that our model predicts
two general DAU signatures of growth (media & market-
ing versus word-of-mouth) and two DAU signatures of long
term stability (self-sustaining versus unsustainable). We
proposed an algorithm to fit the model parameters to real-
world DAU time series data. Finally, from the DAU time
series of twenty-two websites we show that our model not
only fits well the DAU data but can also predict its future
evolution.

This work makes a positive step not only towards model-
ing the dynamics of websites but possibly also towards mod-
eling a broad range of dynamics of societal movements, such
as the activity and growth of grass-root organizations. There
is, however, much left to do to tailor the above reaction-
di↵usion-decay dynamics to specific types of websites and
changing environments (e.g., new technologies and competi-
tion).
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7. APPENDIX

7.1 Simpler model oversimplifies problem
In this part of the Appendix we show that the simpler

model in N.B.II cannot characterize a vanishing DAU time
series. Contrast the prediction for Flixter.com made by the
simpler model in Fig. 6(a) against the predictions of our
complete model in Fig. 6(b). In both cases the training data
used to generate these graphs is slightly smaller than the
one used in our previous experiment in Fig. 4(h). Note that
the simpler model shown in Fig. 6(a) incorrectly stabilizes
the DAU while the data and our correct model in Fig. 6(b)
indicate that the Flixster.com DAU converges towards zero.

7.2 Dataset description
The web tra�c data used in the evaluation of our model

was obtained by the commercial web analytics company
Alexa.com, a subsidiary of Amazon.com. Today, Alexa pro-
vides tra�c data, global rankings and other information on
30 million websites [1]. Alexa ranks sites based primarily
on tracking information of users of its toolbar available for
all the Internet Explorer, Firefox and Google Chrome web
browsers. Since 2008 Alexa claims to remove self-selection
bias – bias related to gathering data of a specific audience
subgroup that is more likely to install Alexa’s toolbar – by
taking into account other data sources “beyond Alexa Tool-
bar users” [1], but the nature of such data sources and the
methodology employed are not disclosed. Nonetheless, be-
cause Alexa’s report is detailed and widely used in the in-
dustry, we believe that Alexa’s unique subscriber daily tra�c
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Figure 6: Incorrect simpler model prediction of flixter.com DAU

evolution. Note that unlike our original model, the simpler model

presented in N.B.II is not able to capture the vanishing DAU

trend of flixter. The training data used to generate these graphs

is slightly smaller than the one used in our previous experiment.

reports are a good source of data for our study. The follow-
ing websites were used:

I 12seconds.tv: “12seconds.tv is a Twitter-like video status service.
It gives you 12 seconds to share video moments from your life” [15].

I adaptu.com: Membership-based online mobile wallet.
I ashleymadison.com: “Ashley Madison is a Married Dating ser-

vice and social network for those engaged in relationships but look-
ing to have an a↵air” [15].

I brandstack.com: “Brandstack lets designers create their own stu-
dios and sell design work to their peers or to directly consumers”.
It was sold in December 2011 to DesignCrowd [15].

I cafemom.com: “CafeMom is a social network site for moms,
reaching an audience of more than 20 million users.” [15].

I community.babycenter.com: The Community Baby Center, launched
in 2008, is a social network for parents with young children of all
ages to share their experiences.

I facebook.com: Online social network website.
I flixter.com: Flixster is a social networking site for movie fans.
I formspring.me: “Formspring helps people find out more about

each other by sharing interesting & personal responses” [15].
I hu�ngtonpost.com: The Hu�ngton Post is a leading left-leaning

online news aggregator and producer.
I linkedin.com: Is a fast-growing online professional networking

website.
I marriedsecrets.com: Married dating service and social network.
I meetup.com: Is a local community social network.
I netflix.com: Membership-based movie rental website.
I occupywallst.org: Is a website for people interested in the Oc-

cupy Wall Street movement.
I patientslikeme.com: Patientslikeme is a social networking site

that allows people with similar diseases to share their experiences
about treatments, doctors, and seek emotional support.

I ruelala.com: Membership-based online retail store.
I teapartynation.com & teapartypatriots.org: TeaPartyNation.com

and TeaPartyPatriots.org are the o�cial website of conservatives
American political organizations considered part of the Tea Party
movement.

I true.com: True is an online dating service that was founded in
2003 [15].

I theblaze.com: The Blaze is a conservative news and opinion web-
site run by conservative pundit Glenn Beck [47].

I webchat.freenode.net: Is a web-based IRC chat server.

7.3 Model & the growth of MySpace
Online social network websites rarely allow access to their

subscriber activity data. To complement the analysis of the
preceding sections we use a complementary source of data.
This dataset records the activity of 1.2 million random mys-
pace.com subscribers that joined MySpace from 2006 to 2008
(collected by Ribeiro et al. [44]).

A Short History of MySpace. MySpace was founded in 2003
and from 2005 until early 2008 MySpace was the most vis-
ited social networking website in the world. In June 2006
MySpace surpassed Google as the most visited website in
the United States. By late 2007 MySpace first reports of a
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}  Facebook, Twitter, the Tea Party and Occupy Wall Street rely on 
users intensely generating content to compete for attention	


◦  How modern Information Systems compete for popularity 	



	


}  Model point to an even more sensationalist and competitive 

future for social media	


◦  Website-addicted teens good for business	


◦  Help users to create more attention-grabbing content	



}  Models of attention-activity dynamics may help us finally find a 
way to reduce our ever-increasing information overload	
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A link to all data collection scripts and model-related code is provided in the paper	
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