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BSc and MSc @ UFMG, Brazil 🇧🇷

PhD @ EPFL, Switzerland, 🇨🇭

Since 2025 @ Princeton, 🇺🇸 
Social 

computing

Content 
moderation

Causal 
inference

Algorithmic 
auditing

GenAI

HCI

Computational 
Social Science
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How to make 
online platforms 

better?
W
HA
T?

W
HY
?

HO
W
?

What is the 
impact of GenAI 

on society?

How can we use 
AI to understand 
humans better?

To improve our online 
spaces and our 

information 

To ensure we can reap the 
benefits and mitigate 

harms of new AI 

To further our 
understanding of how 
humans & machines 

Asking (the 
right) causal 
questions!

Developing neat 
models and 
methods! 

Running 
experiments!

Studying “found” data 
capturing human (and 

machine) behavior!
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Founding Myths

Scientific disciplines have 
“founding myths” that shape:


- How they see themselves;

- What they value;

- What they believe their role 

ought to be in society;
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Computer Science’s Myths

COS 583: Great Moments in Computing

Foundations of Digital Logic

[Boole, 1854]


[Shannon, 1938]

Operating Systems

[Ritchie & Thompson, 1974]

[Engler et al. 1995]

Crypto and Encryption

[Diffie & Hellman, 1976]


[Rivest et al., 1978]

Compilers

[Hopper, 1952]


[Backus et al. 1957]

CS’s founding myths:

- theory;

- system building;
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https://registrar.princeton.edu/course-offerings/course-details?term=1264&courseid=010571


Yet, Modern CS is Empirical
Modern CS is driven by observation and experiment!

USENIX 2025 (Security & Privacy)

Wang et al.; NeurIPS 2025

 (Machine Learning)CSCW 2025 (Human Comp. Inter.)
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Why did this happen?
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Reason #1: Socio-technical 
integration of computing
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“Scope Creep”
Computer Science Broadened 
its scope. Why?

- Computing became ubiquitous.

- Problems started involving 

humans using computers.
(Link)
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“Only when things disappear in this way are we 
freed to use them without thinking and so to 
focus on beyond them on new goals”

https://dl.acm.org/doi/10.1145/329124.329126


Security and Privacy

Original framing: 

- Cryptography;

- Privacy = technical property.


Modern framing: 

- All of the above;

- Also: social, norms, and context.

- Privacy may fail at the human 

interface.

We may have to get 
another pet, I am running 

out of passwords

(Link)
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https://dl.acm.org/doi/10.1145/1242572.1242661


Human Computer Interaction

• Empiricism is no longer optional! 
You've got to do user studies!


• Over time, HCI has broadened 
the scope of what it considers 
“interaction” to be. ACM SIGCHI Curricula for HCI (1992)
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The design, evaluation, and implementation 
of interactive systems “for human use,” and 
with “the study of major phenomena 

https://dl.acm.org/doi/pdf/10.1145/2594128


SIGMETRICS
• Systems and networking 

communities institutionalized 
measurement itself.


• After the advent of the Internet, 
no one understood how it 
worked “in the wild.” 
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- SIGCOMM Workshop 2001

“Submissions should contribute to 
the current understanding of how to 
collect or analyze Internet 
measurements, or give insight into 
how the Internet behaves.”

- Kernighan et al. 2002

In a recent comparison test, six computer manufacturers were asked to code a 
particular program loop to run as quickly as possible on their machine. (…) We have 
reduced the number of Instructions for the loop by an average of one instruction per 
machine, a 15% decrease. It appears that conclusions might more appropriately be 
drawn about manufacturers' software.



Computational Social Science
• The study of society through digital 

traces.


• CSS blurs the boundary between 
“CS papers” and “social science 
papers.”


• IC2S2: hard to tell if CS or PoliSci.

(Link)
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https://www.science.org/doi/full/10.1126/science.1167742


Reason #2: The Triumph 
of Empiricism
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The Rise of “Connectionism”
• Case study: Deep Learning. 


• 90s: Unfashionable

- “People used other methods 

because doing theory on them 
was easier.” 

• But… benchmarks!

(Link)

“In 1992, NIST and the Census 
Bureau sponsored a competition 
and a conference to determine the 
state of the art in this industry.”

(Link)
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https://spectrum.ieee.org/facebook-ai-director-yann-lecun-on-deep-learning
https://spectrum.ieee.org/facebook-ai-director-yann-lecun-on-deep-learning


A Tipping Point: ImageNet

- Enter ImageNet (10M+ images; 1k+ labels)

- Neural networks outperformed traditional 

methods by wide margins!

- Performance started driving scientific progress.

AlexNet sparked a revolution 
because it worked!

Er
ro

r r
at

e

15.3%

 26.2%

(Runner up)

Check the papers: Deng et al. 2009 (CVPR); Russakovsky et al. 2015 (IJCV)
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https://ieeexplore.ieee.org/abstract/document/5206848
https://arxiv.org/pdf/1409.0575


How is Knowledge Accumulated?

Before: through theory Vapnik (1999): Use SVMs because they are 
based on the developed theory.

After: through experimentation

Srivastava (2014): “A motivation for dropout 
comes from a theory of the role of sex in 
evolution (…). A closely related motivation for 
dropout comes from thinking about successful 
conspiracies.”

Intuition Theory Model Experiment

Intuition Model Experiment Theory
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Theory Often Comes After

Theory Practice
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Machine Learning is Eating CS Science
• Already true in the Deep Learning era — two Nobel prizes in 2024!


• Generative AI may become a “method layer” that percolates science, and 
even mathematics (see Terrence Tao’s account of Erdős #1026)


• In CS: New conferences, like MLSys, so much of HCI is about LLMs
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https://terrytao.wordpress.com/2025/12/08/the-story-of-erdos-problem-126/


Wait… But…

• This whole rant started as a “we don’t have 
empiricism as a founding myth.”


• But then I spent so much ink trying to 
convince you that CS is already empirical.


• Am I just reminiscing? What’s my point?
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Build-and-Test Empiricism
• Engine: Construction


- Create a system or a model

- Evaluate your system

- Compare your system to others


• Works best when there’s a shared 
yardstick.


• Knowledge accumulates through 
artifacts + evidence, e.g., AlexNet.

AlexNet 

Er
ro

r r
at

e

15.3%

 26.2%

Check the papers: Deng et al. 2009 (CVPR); Russakovsky et al. 2015 (IJCV)
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https://ieeexplore.ieee.org/abstract/document/5206848
https://arxiv.org/pdf/1409.0575


Describe-and-Defend Empiricism
• Engine: Inference


- Formulate a claim about the world

- Assemble quantitative evidence

- Argue why said data supports claim


• Works best when there is a shared 
language for what counts as evidence


• Knowledge accumulates by refining 
and defending generalizable 
statements about reality
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Engine 

How results get produced.

The maintenance layer 

How to ensure the engine doesn't produce nonsense.

Maintenance Layer
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Build-and-Test Empiricism
Maintenance layer: rituals
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Describe and Defend Empiricism

28

Maintenance layer: robustness checks



Two Stories
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But Why Isn’t Build-and-Test 
Empiricism Enough?
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B&T is actually remarkable

“Researchers might’ve indeed 
dismissed the idea of 
benchmarking as unreasonable, 
if it hadn’t been so successful.”
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We are studying non-benchmarkable things

• Mismatch between “build-and-test” 
habits and “claim-centered” research.

- This design choice changes behavior, or

- This intervention improves real outcomes.


• High-stakes claims, unserious methods.
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Going from benchmarks to the real world is hard

Examples:

- Self-driving cars

- COVID side projects


GenAI widens this crisis! 

- No crisp yardstick

- Test set? 
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We can learn from D&D
Evals: “Apples-to-oranges”


People ought to think about

- What construct are you measuring?

- How is it operationalized?

- What are the sources of bias?
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But we should also be wary of D&D’s limitations

35



Why not do both?
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What are we doing here?

A deep dive into causal inference and 
quantitative methods.


(Focused on things I deem particularly helpful)
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• 29 January (Today): Class intro 


• 5 February: Potential Outcomes


• 12 February: Experiments


• 19 February: Thinking with DAGs


• 26 February: Regression (Part 1)


• 5 March: Regression (Part 2)

Module #1: “Basics”

Homeworks #1-2 (Individual) 

 Jupyter notebooks 
• Experiments (Due Feb. 26th)

• Regression (Due Mar. 19th)


Readings 
• Come prepared to have a 

discussion at the end of class!
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Module #2: Advanced Topics
• 19 March: Benchmarks 


- Olawale Salaudeen (MIT)


• 26 March: Quasi-experiments 

- Pietro Lesci (Cambridge)


• 02 April: Causal ML

- Drew Dimmery (Hertie School)


• 09 April: Labeling with LLMs

- Kristina Gligorić (Johns Hopkins)


• 16 April: No classes (Manoel goes to CHI)


• 23 April: Final project presentations

Homework #3:  
• Project proposal

• “A paper up to the methods 

section”

• Experimental study / 

Benchmark / Observational study

• Deliverables (Due 23rd of April):


- Presentation 

- Report (~4-5 pages)
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Where to find details!

https://humans.cs.princeton.edu/teaching/spring2026_empirical_methods.html
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