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SPAC IN 2025

• 2 MSc students defenses

- Dynamics of information spread in online social systems: a Twitter-based study, by Jacopo 
Carotenuto, Universita de Padova

- Exploring Hidden Societal Biases in Twitter Cascades: A Sociophysics Study, by Tomás 
Estrócio e Silva, Instituto Superior Técnico

• Changes at SPAC

- Former postdoc, Ana Vranič, Researcher, University of Belgrade, Serbia
- Former postdoc, Cristina Mendonça, Assistant Professor, ISPA, Portugal
- Former postdoc, Lília Perfeito, Researcher, LIP, Portugal
- New PhD student, Mariana Silva – Physics Engineering, Instituto Superior Técnico
- 3 new MSc students

• 2 peer reviewed publications 

- Mesquita, S, Perfeito, L, Paolotti, D, Gonçalves-Sá, J (2025). Epidemiological methods in 
transition: Minimizing biases in classical and digital approaches. PLOS Digital Health, 4(1), 
e0000670.

- Damião, Í, Reis, JM, Almeida, P, Santos, N, Gonçalves-Sá, J (2025). Unequal Content: 
search engine personalization influences exposure to information regarding the Israel-
Palestine conflict. IEEE Access. 3/14



• 1 peer-reviewed commentary
- Pierri, F., Araujo, T., Kruikemeier, S., Lorenz-Spreen, P., Vanden Abeele, M. M., 

Vandenbosch, L., Gonçalves-Sá, J., Grabowicz, P. A. (2025). Research Opportunities and 
Challenges of the EU's Digital Services Act. Communications of the ACM

• 1 book for lay audiences

• 1 new grant – ERC Proof of Concept

• 1 dataset
- Vranić, A., Reis, J., Damião, Í., Almeida, P., & Gonçalves-Sá, 

J. (2025, October). Global Claims: A Multilingual Dataset of 
Fact-Checked Claims with Veracity, Topic, and Salience 
Annotations. In Proceedings of the 2nd International 
Workshop on Diffusion of Harmful Content on Online Web – 
ACM

• 1 report
- Huertas-Tato, J, et al., (2025). Disinformation on social 

networks in Spanish and Portuguese Iberian digital media 
ecosystem. IBERIFIER. 

SPAC IN 2025
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ROADMAP

- How to measure algorithmic bias? - How to audit algorithms?

1. Spread of fact-checked claims 
on Twitter 

- New dataset
- Popularity of  true and false claims 
- Comparison with 2 additional 

datasets 
- Unbiased comparisons

2.  Search Engine/LLM 
Answers to Political Queries

- Army of bots
- Neutral queries before the 

2024 EU Parliament Elections
- Comparison with Media, 

Polls, Results
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1. Spread of fact-checked claims on Twitter 

Paulo Almeida

Ana Vranič

Lília Perfeito

Fact-Checking
67K  claims
2015 - 2023

450 000 
cascades 

~ 3M 
tweets
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ROADMAP

2.  Search Engine/LLM Answers to Political Queries

José Reis Paulo Almeida

I look like a 
human!

Location, 
Language, 
Profile…

Íris Damião
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- Differences between true and false news are not universal and depend strongly on

- The time period,

- The content 

- Dataset

- Imbalances can bias conclusions about weather false or true content spreads more

- Applying sampling and balancing methods often reduces or even reverses initially found 

effects 1
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- Traditional media give unbalanced attention to radical right entities

- This cannot be explained by electoral outcomes or predictions

- This is “carried” and amplified by search engines and LLMs

- Citizens making broad electoral queries are  disproportionately directed to radical right 
content
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2 – SUMMARY

DIGITAL SERVICES ACT
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Strengths 

Solid multidisciplinary team; Demonstrated capacity to attract high quality 
researchers, competitive funding and publications in high impact journals. 

Weaknesses

Limited history of collaboration with researchers at LIP or with LIP’s main research 
partners; Breadth of interests, that limit the creation of focused, critical mass.

Opportunities

Ongoing research receiving wide (both popular and scientific) interest; Ample space 
to establish SPAC as a leader in a very novel research field; High interest in future 
collaborations both inside and outside of LIP.  

Threats

Very competitive research areas, particularly misinformation and digital epidemiology 
(and bias detection); Main funding source ending in 2026
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Fact-Checking Structured datasets

Online spread

67K  claims

2015 - 2023

politics
health

environment
science
society
other

- Expert
- mTurk workers
- ChatGPT

450 000 cascades 
~ 3M tweets

1 – GLOBAL_CLAIMS DATASET

https://zenodo.org/records/16942245

https://dl.acm.org/doi/abs/10.1145/3746275.3762201
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How sensitive are the observed differences 
to sample size and other sampling effects? 

dataset

timespan

Topics

veracity TRUE FALSE TOTAL TRUE FALSE TOTAL TRUE FALSE TOTAL

N claims 490 1 699 2 189 136 2 648 2 784 578 477 1 055

N cascades 24 409 82 605 107 014 29 622 421 510 451 132 66 081 62 377 128 458

N tweets 202 348 3 525 344 3 727 692 261 915 2 600 162 2 862 077 434 316 510 876 945 192

N users 20 266 63 589 83 855 28 120 298 854 326 974 139 45 184

Truth Seeker

2008-2016 2015-2022 2008-2022

US Poliics Diverse Topics Politics and Health 

Vosoughi News Global Claims

1 – IMBALANCED DATASETS
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1 – SAMPLING METHODS
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2 – HOW BIASED ARE SEARCH ENGINES AND LLMs?
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Thank you!
https://socialcomplexity.eu

spac@lip.pt





S. Vosoughi et al., 2018

1 – FAKE NEWS SPREAD

“Falsehood spread farther, faster, deeper, and more broadly than the truth”



1 – FAKE NEWS SPREAD

Confirmed by others

● On Weibo in China and Twitter in Japan 
fake news propagate differently than true 
Zhao (2020)

● On Twitter Larger false cascades, 
driven by emotional response
Pröllochs (2021)

● Tweets in German Unreliable news are 
more retweeted (Garcia 2025)

● False news are retweeted more on different 
platforms (Mosleh 2025)

● Matching on cascade size distribution differences 
in cascade properties disappear (Juul 2021)

● On Twitter - Limited reach - “Overall, 
disinformation outlets obtain less engagement 
than others” Cinelli (2020)

● On Facebook - vaccine hesitancy, “Small 
exposure of fact-checked posts, and non-flagged 
data can be more harmful” Allen (2024)

● On Twitter - “From 2016 to 2020 volume of fake 
news decreased, but echo chambers increased”
Flamino (2023)

Showing otherwise

“Falsehood spread farther, faster, deeper, and more broadly than the truth”

English ~Political News 2006 - 2016
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1 – SHARING ON TWITTER

dataset

timespan

Topics

veracity TRUE FALSE TOTAL TRUE FALSE TOTAL TRUE FALSE TOTAL

N claims 490 1 699 2 189 136 2 648 2 784 578 477 1 055

N cascades 24 409 82 605 107 014 29 622 421 510 451 132 66 081 62 377 128 458

N tweets 202 348 3 525 344 3 727 692 261 915 2 600 162 2 862 077 434 316 510 876 945 192

N users 20 266 63 589 83 855 28 120 298 854 326 974 139 45 184

Truth Seeker

2008-2016 2015-2022 2008-2022

US Poliics Diverse Topics Politics and Health 

Vosoughi News Global Claims
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1 – CASCADE SIZE DISTRIBUTIONS

- Vosoughi News (2008-2016)
- False spread more than true news

- Global Claims (2014-2022)
- True news spread more, distributions mostly differ in tail

- Truth Seeker (2008-2022)
- False news have heavier tail and appear produce larger cascade sizes on 

average

Vosoughi News Global Claims Truth Seeker
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How sensitive are the observed differences 
to sample size and other sampling effects? 

dataset
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Topics
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N claims 490 1 699 2 189 136 2 648 2 784 578 477 1 055

N cascades 24 409 82 605 107 014 29 622 421 510 451 132 66 081 62 377 128 458
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1 – IMBALANCED DATASETS
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1 – FAKE NEWS SPREAD
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1 – SAMPLING METHODS

Random sampling Sample Matching
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- Probability across 1000 bootstrap samples that true (blue bars) or false (red bars) 
have larger mean cascade size

- Dashed bars - statistically significant comparisons between true and false (KS test)

1 – SAMPLING METHODS
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2-INFORMATION BUBBLES

What is the best party
Who should I vote for
European Elections 
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2 – HOW BIASED ARE SEARCH ENGINES AND LLMs?
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AT
…

PT

…

I look like a 
human!

OpenWPM webcrawler

Proxy system

(kindly provided by
                               )

2- METHODOLOGY:  “ARMY” OF BOTS

Location, 
Language, 
Profile…
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METHODOLOGY
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RESULTS
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SUM UP II

- Traditional media give unbalanced attention to radical right 
entities

- This cannot be explained by electoral outcomes or predictions

What is the best party
Who should I vote for
European Elections 
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RESULTS
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RESULTS
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GENDER BIAS?

Financial Times
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TOP RESULTS – GENDER BIAS

Leaning of the political parties and politicians mentioned by 
gender

As a female / male (who should I vote for)...
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