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“An information-rich
world creates a 

poverty of 
attention” [2]

[1] - Falkinger, J. (2003). Attention Economies. Behavioral & Experimental Economics.
[2] - Simon, H. A. (1971). Designing organizations for an information-rich world. In M. 
Greenberger (Ed.), Computers, Communications, and the Public Interest. Johns Hopkins Press.

“A family of senders which employ costly signals to attract the 
attention of receivers characterized by their limited capacity.” [1]

Traditional Media

Senders

Receivers

New Media



Echo-chambers

Groups of like-minded users 
framing and reinforcing a shared 
narrative. [3]

Polarization
The tendency of users to interact with only a 
single type of information[4], usually strongly 
rejecting opposite points of view.

[3] Cinelli et al. (2021). The echo chamber effect on social media. Proceedings of the National Academy of Sciences. 118.

[4] Bessi et al. (2016). Homophily and polarization in the age of misinformation. The European Physical Journal Special Topics, 225(10), 2047-2059.



The COVID-19 Social 
Media Infodemic

• Users behave similarly for 
what concern the dynamics of 
reactions and content 
consumption

• Users' interactions patterns 
with the COVID-19 content are 
similar to any other topic

• Change of behavior around 
the 20th of January but with 
different delays:  social media 
platforms seem to have 
specific timings for content 
consumption



• R0 depends on different 
platforms

• Questionable and Reliable 
source spread with the same 
dynamic, but differ in terms of 
volume.

• The ratio questionable/reliable 
changes from social media to 
social media.

• Notably, Gab is very prone to 
disinformation diffusion.

The COVID-19 
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THE EFFECT OF ALGORITHMS



POLARIZATION ON DIFFERENT PLATFORMS

NEWS AND POLARIZATION

Cinelli, M., Morales, G. D. F., Galeazzi, A., Quattrociocchi, W., & Starnini, M. (2020). Echo chambers on social media: A comparative analysis. arXiv preprint arXiv:2004.09603. under revision to Science Advances



The tendency of users to ignore dissenting information and to 
interact with information adhering to their preferred 
narrative.[5]

[5] Cinelli et al. (2020). Selective exposure shapes the Facebook news diet. PloS one, 15(3), e0229129.







How long does attention survive?



Dataset

Analysis PeriodTotal InteractionsPostsUsers

1/1/2018 – 31/12/20218.015.177.60257.031.0262.224.430

InternationalNationalEventsTopicsTotal

11218487209296

UndefinedPlaceOrganizationPeoplePerson

32456961100

LaborHuman RightsEnvironmentEconomyArt-Culture-Sport

4789525034

HealthTech-ScienceSocialReligionPolitics

243614028141

War-TerrorismViolenceScandalDisasterCrimeVictims

404491385764



Results – 1) Engagement Dynamics
Low

Medium

High

Distribution of topics’ saturation speed

Low High



Results - 2) Sentiment Dynamics 

௡

௜ୀଵ

Relying on Love and Angry
reactions of Facebook’s posts, 
we define a sentiment ratio as:

Love-Hate score

-1 +10

Speed - LH Score Correlation



Results – 3) Sentiment across categories

Topics and categories show similar evolution patterns 
but sentiment dynamics differ between categories

Labor
Human 
Rights

EnvironmentEconomy
Art-Culture-

Sport

-0.44-0.21-0.24-0.27-0.23

HealthTech-ScienceSocialReligionPolitics

-0.55-0.37-0.26-0.07-0.33

War-
Terrorism

ViolenceScandalDisasterCrimeVictims

-0.02-0.21-0.39-0.39-0.33-0.22

Spearman correlation between LH Score and Speed per category



Take-Home Message

• Emergence of a persisting bulk of on-going topics which 
hold the attention constantly over time

• Topics with sudden saturation tend to trigger more 
negative and heated interactions

• Some categories show a stronger relationship between 
speed of saturation and users’ sentiment



Dataset
 Entire history of Facebook posts (2008 - 2023)

 More than 1000 news outlets in 4 languages

 Sourced from Newsguard, obtained through Crowdtangle

PostsPages

11.482.164223English

11.762.328245French

12.105.772257German

22.201.370357Italian

57.551.6341082Total



Theoretical Framework
Defined by Robert Gibrat in 1931, Gibrat's law states that [4] 

the growth rate of a firm is independent of its absolute size.

Growth can be formalized by the random multiplicative process:

St+Δt = St (1+ t)

where St and St+Δt are the size of the company at time t and t+Δt,
and t is an uncorrelated random variable with 0 and 1.

Gibrat assumed that:

1) t is independent of St (Gibrat’s Law)
2) t has no temporal correlation
3) There is no interaction between firms

[4] Gibrat, R. (1931). Les inégalits économiques. Sirey.



Analysis definition 

Size - Metrics Timescale - Focus
Followers

Audience

Total Interactions

Engagement

S  t+Δt = St (1+ t)

Day Week Month Quarter



2 – Evaluating growth dynamics

Burr Distribution

Laplace Distribution [5, 6]

[5] Stanley, M. H. et al. (1996). Scaling behaviour in the growth of companies. Nature, 379(6568), 804-806.
[6] Fujiwara, Y. et al. (2004). Do Pareto–Zipf and Gibrat laws hold true? An analysis with European firms. Physica A, 335(1-2), 197-216.



3 - Modeling growth

TimescaleParameterβ2β1β0

wµ-0.0620.054-0.109

mµ-0.0510.0370.073

qµ-0.0650.0310.384

wb-0.0540.0270.613

mb-0.0660.0410.593

qb-0.0940.0560.844

wc--372.778,420.469

mc--127.5592,550.010

qc--56.1131,053.905

wk-0.083-0.778

mk-0.078-0.751

qk-0.073-0.714

Knowing the distributions that describe the growth of our metrics allow us to 
evaluate the variation of their parameters according to size and timescale.

We can therefore simulate growth on the chosen timescale, 
given two starting values of Followers and Engagement, F0 and E0.



Results

Sizes represent pages with low, medium and 
high number of Followers.

Even by modeling engagement probability of 
growth based on Followers, on a weekly 
timescale, the engagement growth shows similar 
evolution, basically steady, for all three sizes. 

As the observed timescale increases, the growth 
of small pages begins to exhibit convex behavior, 
while the growth curve of bigger pages shifts 
toward concavity, providing evidence of how size 
(Followers) impacts the engagement evolution 
only over the long run.



Conclusion

 The possibility of producing viral content and reaching a broad 
audience is independent of the information provider’s size

 The engagement follows a universal growth regime in the short  
term, while the Followers’ driver effect only emerges in the long run

 Followers do not represent a sufficient proxy for evaluating pages’ 
actual influence

 There could possibly be the presence of ‘hidden influencers’ -
pages with a broader audience than their number of Followers


