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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!
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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


Example: Security and Privacy
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Before: Privacy is about cryptography; 
it is a “technical property.”

After: Privacy is also about people: 
social norms, expectations, context.

(Link)

https://www.contrib.andrew.cmu.edu/~danupam/RevnissenbaumDTP31.pdf


But also…
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Human Computer 
Interaction

Systems Research

Computational Social 
Science

    studying interaction made user studies central.

    the live Internet made measurement essential.

    digital traces blurred CS and social science.



Reason #2: The Triumph of 
Empiricism in Machine Learning
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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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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)
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https://terrytao.wordpress.com/2025/12/08/the-story-of-erdos-problem-126/
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So what is this course?

• This course is about breadth, 
not depth.


• What methods and tools are out 
there?


• How can we use them in a 
principled fashion?



Syllabus

Describing & 
Visualizing Data

Network & Text Data

Applied ML Experiments

Regression Analysis

Causal Inference

Causal ML

LLMs in practice

Quasi-experiments
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Basics Causal Inference Advanced Topics



Example: Post Guidance

(Link)(Link)

https://arxiv.org/abs/2411.16814
https://arxiv.org/abs/2411.16814






Manual Review +



Enter Post Guidance



Typical Reddit Experience…
If you were analyzing Reddit logs like 
I was… You’d find something like…

User posts something … 

… only to get their post deleted instantly…

… for an absolutely avoidable reason.

User gets mad…

Describing & 
Visualizing Data

Network & Text Data
and sends a bunch of messages to moderators…



But does it work?



Testing Post Guidance! An RCT

Experiments

Regression Analysis

Causal Inference

What sample size do we need?

What is the best unit of analysis here?

What are treats to the validity of the experiment?



Post guidance…

… increases the number of non-removed 
contributions to communities adopting it.

…  decreases the workload for 
moderators in communities adopting it.

…  increases the quality of contributions 
to communities adopting it.

−9.4%*** Number of reports

−34.9%*** Posts removed by Automod

+28.6%** Comments

+36.1%** Upvotes



What’s next?
Applied ML

Causal ML

LLMs in practice

Training a classifier to detect posts 
likely to be removed

Determining which communities 
will post guidance work

Allowing mods to customize 
prompts instead of regexes

Quasi-experiments How can we answer causal 
questions without experiments?
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Meeting Logistics
• Lectures: Tuesdays and Thursdays (2:55 pm – 4:15 pm)


• Quizzes: “live” during the first 15 minutes of (most) 
Thursday lectures


• Precepts: Fridays! We will give you exercises that will 
prepare you for homework and the project.


- We have 25-seat slots either 10:40 am to 11:30 am; or 
12:15 am to 1:05 pm.



Course Components
• Project (50% of grade): End-to-end data science project 

in groups of ~5! (AI use encouraged!). Three milestones

- M1 (2%): Propose project idea 
- M2 (8%): Initial data wrangling and result. 
- M3 (40%): Final report and presentation.


• Quizzes (25% of grade): Multiple-choice questions 
administered at the beginning of most Thursday lectures.

- The two worst grades are not considered!



Course Components
• Homework (25% of grade): Short exercises assigned at the 

end of each precept. (AI use forbidden!)

- Graded on a fail/pass basis. Pass = At least 60% correct!

- Released: Fridays; Deadline: the next Friday.

- The worst grade will be dropped; it will not be considered!


• Precepts: Not graded but essential to the class!  You…

- Can ask questions about homework & projects.

- Will go through tutorials that will teach practical skills!



Final Project Submission

Following the university policy, you must 
submit your final project report during the 
3-hour window on  December 17th  from 

8:30 am to 11:30 am ET  set by the 
university registrar!
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Project

W1* W2 W3 W4 W5 W6 W7 W8 W9 W10 W11 W12 W13^ W14

X X X

X X X X X

X X X X X

Milestone #1

Milestone #2

Milestone #3

Precepts
Exercise

Project

X X X X

X

X X
X X X X

Basics Causal Inference Advanced

Hwork 1 2 3 4 5 6

Quizzes * 1 2 3 4 5 6 7 8

X



Questions?


