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Language = social and cultural data

“Postdoc at UW NLP”
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Language = social and cultural data

“encoder-decoder”, “attention” 
“convolutional”, “transformer”

➔ AI researcher
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Language = social and cultural data

Abstractive translation: 
“Sam is willing to do homework”

+ you’re likely friends
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Language = social and cultural data

“She was a librarian by day, 
quiet and unassuming, her 
life a patchwork of ancient 

books and whispered stories”



NLP for social science

Chris Bail’s “Mapping Computational Social Science”

https://www.chrisbail.net/post/mapping-computational-social-science


Examples



Examples: NLP for education

Wang & Demszky 2024, Suresh et al. 2022

“Do you agree with Juan 
that the answer is 7/10?”
➔ Getting students to 

relate to another’s 
ideas

“Why could I argue that the 
slope should be 
increasing?”
➔ Pressing for 

reasoning

https://github.com/stanfordnlp/edu-convokit
https://aclanthology.org/2022.lrec-1.497/


Example: NLP for history & political science 

1. Adapt RoBERTa to U.S. congressional speeches using self-supervised 
finetuning

2. Then, finetune on human annotators’ labels of tone

Card et al. 2022

https://www.pnas.org/doi/10.1073/pnas.2120510119


Example: NLP for history & political science 

Chinese 
Exclusion Act 

1882

Emergency 
Quota Act

1921

Immigration and 
Nationality Act 

1965

Card et al. 2022

https://www.pnas.org/doi/10.1073/pnas.2120510119
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Example: NLP for history & sociology

primary source materials → secondary source 

NLP for measuring collective memories

Nelson et al. 2021

https://www.lauraknelson.com/publication/the-rest-is-history/the-rest-is-history.pdf


Example: NLP for history & sociology

primary source materials → secondary source 

What frequent phrases are missing on Wikipedia? 

NLP for measuring collective memories

Nelson et al. 2021

https://www.lauraknelson.com/publication/the-rest-is-history/the-rest-is-history.pdf


Example: NLP for media studies

Automated speech emotion recognition on top box office films, 1980-2022

Naitian & Bamman 2024

https://naitian.org/once-more-with-feeling/


cultural analytics = “distant reading”

Example: NLP for media studies 

Naitian & Bamman 2024

https://naitian.org/once-more-with-feeling/


cultural analytics = “distant reading”

“... cultural analytics is a multi-disciplinary project—a bridge between the 
humanities and quantitative social science, belonging equally to both.”

– Ted Underwood 2018

Example: NLP for media studies 

natural language processing

https://tedunderwood.com/tag/cultural-analytics/


Example: NLP for social media studies
Who builds and maintains an online 
community? 

Analyze text from user sessions on cancer 
discussion board (Yang et al. 2019)

Supervised classification of behavioral 
features e.g. “seeking informational support” 

Unsupervised clustering of these features 
produced 11 distinct social roles of 
community members

https://dl.acm.org/doi/abs/10.1145/3290605.3300574


~5 min activity

https://bit.ly/4r3XN7o   

If you were a computational social science / cultural 
analytics researcher, what kind of data would you want 
to study, assuming there is a route for obtaining it ethically/legally?

Add an idea and/or put “+” next to an existing idea if you’re interested too (you have an 
unlimited # of agreement votes)

Note: the data can be human-AI interaction data too! So, consider questions you might 
ask about AI use in different settings 🤔

https://bit.ly/4r3XN7o


Most upvoted ideas in Berkeley’s NLP class

1. Reddit +++++++++++++++++++++++++++

2. Instagram reel comments ++++++++++++++++++++++

3. Memes & “Italian brainrot” ++++++++++++++++++++

4. Movies ++++++++++++++++++

5. Classroom conversations +++++++++++++++++

27



Now, moving more broadly…



computational social science != computer science + social data

● Hanna Wallach, 2018, Communications of the ACM

Social science: 
Why? How?

Computer science: 
What? When?

● Predictive analyses
● Short term, platform-specific
● Example RQ:

○ Can we classify whether users will make a 
purchase?

● Explanation, interpretability 
● Long term, big picture, multiple data sources
● Example RQ:

○ Do tweets influence on-the-ground political 
protests? 



Text analysis & social theory

Evans & Aceves (2016)



Measures, or indicators, for concepts of interest, or the process of turning 
abstract concepts (e.g. “self-esteem”) into something quantifiable (e.g. counts 
of keywords)

Construct validity: Do our measurements measure what we want to measure? 

Internal validity: Does our analysis correctly lead our measurements to our 
conclusions?  

External validity: Do our findings generalize to other situations?

Olteanu et al. 2019

Operationalization

https://www.frontiersin.org/journals/big-data/articles/10.3389/fdata.2019.00013/full


Challenges of working with social data

Data quality

● Sparsity, noise, redundancy

word segmentation errors

“senatoradmits” 
➔ “senator admits”



Challenges of working with social data

Data quality

● Sparsity, noise, redundancy

Population biases

● Demographics & characteristics of users

Pew Research



Challenges of working with social data

Data quality

● Sparsity, noise, redundancy

Population biases

● Demographics & characteristics of users

Behavioral biases

● Distortions in user behavior, interaction

“Families on Facebook” Burke et al. 2013

https://research.facebook.com/file/966400877549587/families-on-facebook.pdf


Challenges of working with social data

Content production biases

● Linguistic variation in content

Predicting political orientation 
using tweets’ hashtags
1. “California Governor” ✓ 
2. “Republican and loving it!” ✓ 
3. “Mom of four” ✗

Cohen & Ruths 2013

https://ojs.aaai.org/index.php/ICWSM/article/view/14434


Challenges of working with social data

Content production biases

● Linguistic variation in content

Linking biases

● Implications of how connections 
are defined



Challenges of working with social data

Content production biases

● Linguistic variation in content

Linking biases

● Implications of how connections 
are defined

Temporal biases

● Sudden events, seasonal changes
Grinberg et al. (2013) “Extracting Diurnal Patterns of Real World Activity 
from Social Media”

https://ojs.aaai.org/index.php/ICWSM/article/view/14409
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Back in my day … 

Use machine learning models, e.g. 
logistic regression, SVMs, random forest 
classifiers, to 

1. scale up “annotations”, or 
predictions

2. identify features highly related to a 
social phenomena

from topic modeling

Althoff et al. 2014

Example: predicting random acts of 🍕 
on Reddit

https://web.stanford.edu/~jurafsky/pubs/icwsm2014_pizza.pdf


And then …

Ziems et al. 2024

[ARTICLE]

Which of the following 
leanings would a 
political scientist say 
that the above article 
has? 
A: Liberal 
B: Conservative 
C: Neutral

https://arxiv.org/pdf/2305.03514


Language models for content analysis

Lam et al. 2024

https://stanfordhci.github.io/lloom/about/vis-guide.html


Language models for content analysis

Decompose content into 
implicit propositions

Hoyle et al. 2023

https://arxiv.org/abs/2305.14583
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Language models for content analysis

Q: Should I fine-tune a small LM or prompt a large LM?

● Example: social media story detection in Antoniak et al. 2025
○ Fine-tuned RoBERTa >> zero-shot, few-shot, and chain-of-thought GPT-4

● Example: Bamman et al. 2025 tested 10 cultural analytics tasks
○ Fine-tuning BERT, RoBERTa, Llama 3 8B >> 10-shot prompting LLMs if task involved a new 

concept

Sometimes what ends up mattering is efficiency.

https://arxiv.org/abs/2311.09675
https://2024.computational-humanities-research.org/papers/paper119/


“LLM-hacking”

A modern form of p-hacking

“By replicating 37 data annotation tasks from 21 published social science 
studies, we show that, with just a handful of prompt paraphrases, 
virtually anything can be presented as statistically significant.” 

- Baumann et al. 2025

How to reduce the risk? 

● Use highly capable models with higher task performance
● Human annotations can protect against false positives

https://arxiv.org/abs/2509.08825
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Human-computer interaction 

Some HCI subfields have traditionally involved a lot of intersection w/ NLP: 

● AI fairness, ethics, & safety
● Social computing: the study of how computers and technology facilitate 

human behavior, interactions, and communication



Now, with language models …

smart compose smart reply



Human-computer interaction 

Some HCI subfields have traditionally involved a lot of intersection w/ NLP: 

● AI fairness, ethics, & safety
● Social computing: the study of how computers and technology facilitate 

human behavior, interactions, and communication
● Human-AI interaction



Human-AI interaction

Lee et al. 2022

https://coauthor.stanford.edu/


Evaluation

Evaluating AI
Static benchmarks, automatic 
metrics. 
➔ Pros: 

◆ Task-focused
◆ Allows for rapid iteration 

during development 
◆ Reproducible

➔ Cons: 
◆ Lack of generalizability
◆ May not reflect real-world use

Evaluating AI + users
Interactive studies involving 
people/users. 
➔ Pros: 

◆ Emphasizes real world 
relevance and complexity

◆ Could measure longer-term 
outcomes and impact 

➔ Cons: 
◆ Resource-intensive
◆ Slower



How could we evaluate human-AI interactions?

Static eval: end result matters most

Interactive eval: evaluate…

● An entire interaction trace, or sequences 
of states (e.g. dialogue history) & actions 
(e.g. clicks)

● Third party (e.g. consistency, edit distance) 
and user’s first-person experiences

● More than accuracy, e.g. enjoyment, 
efficiency, effort

Human-AI Language-based Interaction 
Evaluation (HALIE)



Single-turn → multi-turn

A possible bridging step: simulation or modeling of user behaviors

Challenges: 

- What kinds of user behaviors are useful for identifying pitfalls in 
LM chat assistants? 

- What kinds of user behaviors can we faithfully simulate?

Evaluating AI
Static benchmarks, automatic 
metrics. 

Evaluating AI + users
Interactive studies involving 
people/users. 



Recap of today

NLP for education, history, political science, sociology, media 
studies, social media

Operationalization, measurement, validity, and data biases

Language models for content analysis

Human-AI interaction



Thank you! Questions? 

Contact: lucy3li@cs.washington.edu

I will be a prof next year at the University of Wisconsin-Madison. 

I am recruiting PhD students and research-based master’s students! 

mailto:lucy3li@cs.washington.edu

