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Welcome
▶ This course is about using artificial intelligence as a working tool in

applied economics and social science.
▶ Engineering goals:

▶ develop practical skills in machine learning, natural language processing, and
agentic workflows;

▶ apply them to real economic data — legal, political, media, and firm-level
text and images.

▶ Scientific goals:
▶ relate unstructured data to metadata in order to measure social and

economic forces;
▶ understand the decisions of judges, legislators, journalists, and firms through

what they write and say.

▶ Policy goals:
▶ ask what happens to labor markets, law, and science when machines can

read and write.
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Why now: the cost of reading collapsed

▶ Economists have always wanted to use documents as evidence. Until
recently, reading them did not scale.

▶ Three things changed:

1. Supply of digitized data: court opinions, legislative records, patents, filings,
newspapers, parliamentary transcripts, satellite and street-level imagery.

2. Methods: representation learning, transformers, instruction-tuned language
models.

3. Cost: annotating a million documents went from a research grant to an
afternoon.
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Three waves of text and AI in economics

1. Dictionaries and bag-of-words (roughly 2005–2015)
▶ counts of chosen words; transparent, cheap, easily criticized;
▶ e.g., Baker, Bloom, and Davis (QJE 2016) economic policy uncertainty.

2. Learned representations (roughly 2017–2022)
▶ word2vec, GloVe, topic models, then contextual embeddings (BERT);
▶ measurement of latent dimensions: ideology, slant, sentiment, culture.

3. Large language models and agents (2023–)
▶ zero-shot annotation, extraction, summarization, and now code execution

and multi-step research workflows.

▶ Each wave lowered the cost of proposing a measure. None removed the
obligation to validate it.
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Two distinct kinds of gains
▶ Speed-ups: things we already did, done faster and cheaper.

▶ cleaning and linking messy administrative data;
▶ coding a few thousand documents an RA would have coded;
▶ writing and debugging estimation code;
▶ drafting, translating, and literature search.

▶ New methods: research designs that were previously infeasible.
▶ measuring dimensions with no closed-form dictionary (tone toward a group,

legal ambiguity, argument structure);
▶ corpus-scale designs: every judicial opinion, every parliamentary speech,

every local newspaper;
▶ automated hypothesis generation, simulation, and replication.

A useful discipline
For every application: is this a speed-up, or a new method? The econometric
issues are different.
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The central caution: measurement error with structure

▶ An AI-generated variable Ŷ is a prediction of a latent construct Y ∗, not the
construct itself.

▶ The error Ŷ − Y ∗ is:
▶ not classical — it correlates with the text, and hence with the treatment

and the outcome;
▶ systematic across documents — the same model makes the same mistake

everywhere in your panel;
▶ invisible — cheap to produce, expensive to audit.

▶ Consequences: attenuation, spurious significance, and confounding by
writing style rather than substance.
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Example: text reveals things metadata cannot
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Documents sit inside a system, and the system is text

▶ Institutions: constitutions, charters,
treaties

▶ Elections and policymaking:
campaign ads, parliamentary debates,
proposed bills

▶ Media: newspapers, TV transcripts,
lobbying, academic research

▶ Laws and policies: legislation,
regulation, judicial opinions

▶ Outcomes: contracts, culture, prices

Every node is observable as text. That is
what makes the whole chain newly
measurable.



11/56

Text corpora – have to think at a different scale
e.g., legal texts in U.S. states (Ash, Morelli, and Vannoni 2025)

Per year, U.S. states produce
roughly:

▶ ∼1.3M words of
statutes

▶ ∼3.3M words of
regulations

▶ ∼4.8M words of state
court opinions

No research team reads this.
A model can.
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AI is also an object of study
Brynjolfsson et al. (2025)
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Structure of the Summer School

▶ Week 1 — online (Zoom), 31 August – 4 September, afternoons
CET
▶ eight lectures over four afternoons, plus a Friday recap-and-presentations

session;
▶ lectures pair concepts with hands-on notebooks.

▶ Week 2 — in person at ETH Zürich (RZ building, room F21), 7–10
September
▶ faculty research sessions each morning;
▶ project studio and advisor meetings each afternoon.
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Week 1 roadmap (1/2)

Monday

1. Course introduction — AI and applied economics (today, Ash)

2. ML basics, embeddings, and clustering — prediction, regularization,
validation; representations and unsupervised structure (Ciccarone)

3. Text and image data — text and images as economic measurement
(Ciccarone)

Tuesday

4. ML and econometrics — inference with machine-generated variables
(Gauthier)

5. LLMs and alignment — how a language model works (tokens, attention,
transformers), then instruction tuning, RLHF, reasoning, RAG, and agents
(Ash)
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Week 1 roadmap (2/2)

Wednesday

6. Working with AI agents — orchestration, tooling, evaluation (Roeben)

7. Software and application development with AI — building research
infrastructure (Roeben)

Thursday

8. Training LLMs — running and adapting models in practice: APIs, open
weights, fine-tuning, LoRA (Drinkall)

Friday: Week 1 recap, conclusion (Ash)

▶ The arc: measure → model → infer → automate.
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Week 2: research sessions in Zürich

We will see:
In applied AI/econ papers, the model choice is usually not that interesting.
Measurement validation, research design, and scientific contribution are
paramount.
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Assignments

▶ Week 1: problem set and web app.
▶ analyze text and images from the supplied Fox/MSNBC YouTube dataset or

a dataset of your choice;
▶ on Day 3, build a web app to explore or visualize the analysis;
▶ present the web app during Friday’s recap session.

▶ Week 2: project development.
▶ work on your own project or join a group project;
▶ use AI as a research method, study AI as an object, or use AI to build

research infrastructure;
▶ make concrete progress in project-studio and advisor sessions.
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Preparation and tools

▶ Bring a laptop:

1. access to a capable AI service — ChatGPT Plus or Claude Pro (or higher);
contact the organizers if this is not feasible;

2. at least one coding agent installed: Codex and/or Claude Code;
3. Git and a working Python/Jupyter environment.

▶ Notebooks and data links are distributed in the course repository.

▶ Corpora: get familiar with Hugging Face Datasets
(https://huggingface.co/docs/datasets/), REST APIs, and basic
scraping.

https://huggingface.co/docs/datasets/
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How to get the most out of this course

▶ Bring a question, not a method. The best projects here start from an
economic question that a corpus can answer.

▶ Run and refine the notebooks, don’t just read them. The friction is
the lesson.

▶ Break the models on purpose. Feed them adversarial documents and see
where the measure fails.

▶ Validate everything you measure against human labels, even a
hand-coded sample of 100 documents.

▶ Use the agents openly. Tell us when they go wrong.
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What is the endpoint of Natural Language Processing (NLP)?

Machine understanding of discourse across long documents and corpora.

▶ good summaries of long texts: extract the relevant, discard the irrelevant;

▶ question answering: retrieve evidence and answers from large corpora;

▶ reasoning over a body of documents that no human could read.

▶ Are we there now?

▶ If not, what is missing — capability, evaluation, or data?
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Four modes for NLP

▶ Local: linguistic information from local context (sentences, paragraphs)
▶ local sentiment, textual entailment, co-reference resolution, closed question

answering.

▶ Long document (covering multiple topics)
▶ TF-IDF and bag-of-words representations → supervised learning; cosine

distance between document vectors.

▶ Global / knowledge base: corpus-level tasks
▶ information retrieval and search; open question answering; claim checking.

▶ Generative / creative: produce text for a purpose
▶ draft a summary, a legal brief, a counterargument, or a simulated survey

response.
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Objectives: social-science research using text data

1. What is the research question?

2. Corpus and data
▶ obtain, clean, preprocess, and link to metadata;
▶ produce descriptive statistics and visuals on text and metadata.

3. Language modeling
▶ what exactly are we trying to measure?
▶ select a model and train (or prompt) it;
▶ probe sensitivity to hyperparameters and prompts;
▶ validate that it measures what you claim.

4. Empirical analysis
▶ produce statistics or predictions with the trained model;
▶ answer the research question.
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Text is high-dimensional

▶ Text data is a sequence of characters called documents; the set of
documents is the corpus D.

▶ For documents of fixed length nL drawn from a vocabulary of size nV , the
number of distinct possible documents is nnLV .
▶ 30-word messages using only the 1,000 most common English words:

(103)30 = 1090 distinct documents.

▶ Represent a document as a matrix of nV -dimensional categorical variables:

X =
[
x1 · · · xt · · · xnL

]
▶ dimensionality of one document = nLnV , sparse with nL non-zero entries;
▶ for nL = 30, nV = 1,000: dimensionality = 30,000.
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Text data is unstructured

▶ The information we want is mixed together with (a lot of) information we
do not want.

▶ Every text-as-data approach throws away information. The trick is choosing
what to keep.

▶ Tokenization and dimension reduction are exactly this step: transforming an
unstructured corpus D into a usable matrix X .

The same logic applies to LLMs
Prompting a model to output a number is also a dimension-reduction choice —
it is just made implicitly, by the model, rather than explicitly, by you.
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Addressing high dimensionality in text
Ash & Hansen (2023)

▶ Dictionaries: count the terms you care about (Baker et al. 2016; Hassan et al. 2019;

Enke 2020)

→ dimensionality is the number of tagged categories.
▶ Bag-of-words models: count each word/phrase in a vocabulary (Hoberg &

Phillips 2016; Cagé et al. 2020; Kelly et al. 2021)

→ dimensionality is the vocabulary size.
▶ Factor models: apply PCA or LDA (topic models) to the bag-of-words

representation (Hansen et al. 2018; Bertrand et al. 2021)

→ dimensionality is the number of low-dimensional factors.
▶ Static word embeddings: vectorize documents as averaged word

embeddings (Gennaro & Ash 2022; Ash et al. 2024)

→ dimensionality is determined by the embeddings.
▶ Sequence models (LLMs): process the token sequence itself

→ Tuesday’s lecture.
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Why context matters: what counts cannot see

▶ Synonymy — different words, same meaning:
▶ the legal ruling was rejected
▶ the legal ruling was invalidated

▶ Polysemy — same word, different meanings:
▶ The court stayed the proceedings.
▶ The defendant stayed in the jurisdiction.

▶ Sequence — same words, different meaning:
▶ Congress passed limits on the budget and expansions on taxes.
▶ Congress passed expansions on the budget and limits on taxes.

▶ Counts miss all three. Models that read words in context — the sequence
models above — can address these limitations.
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This course is about relating documents to metadata

▶ Applied NLP: the documents are rarely interesting on their own.

▶ We want to relate text to metadata.

▶ e.g., positive–negative sentiment Y in judicial opinions is not meaningful by
itself.

▶ But sentiment Yijt in opinion i , by judge j , at time t:
▶ how does it vary over time t?
▶ does a judge from party pj express more negative sentiment toward

defendants from group gi?

Rule of thumb
A text measure becomes economics only when it is indexed by a unit, a time, and
a source of variation.
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Dictionary methods: still a workhorse

▶ A pre-selected list of words or phrases, counted across documents.
▶ e.g., how often a judge says “justice” versus “efficiency”.

▶ Why economists keep using them despite obvious limitations:
▶ transparent and reproducible;
▶ the researcher explicitly “regularizes out” confounding language dimensions

rather than letting a model absorb them.

▶ Limitation: brittle to negation, domain shift, and sarcasm — and the word
list is itself a researcher degree of freedom.



31/56

Dictionary methods in practice: policy uncertainty
Baker, Bloom, and Davis (QJE 2016)

For each newspaper on each day since
1985, count articles that contain:

1. “uncertain” OR “uncertainty”; and

2. “economic” OR “economy”; and

3. “congress” OR “deficit” OR “federal
reserve” OR “legislation” OR
“regulation” OR “white house”.

Normalize by total articles that month.

How would you do this with an LLM?
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Supervised measures and their confounders
▶ Off-the-shelf sentiment models fail on domain text: in a court opinion,

“murder” scores negative regardless of the judge’s tone.
▶ More generally:

▶ supervised models learn features correlated with the annotated label, not
only its true cause;

▶ unsupervised models learn correlations between topics and contexts;
▶ Contextual language models, including BERT-type encoders, inherit both

problems and can absorb additional language confounders.
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LLMs: From measurement tool to research collaborator

▶ First-generation use: LLM as an annotator — classify, extract, summarize.

▶ Second-generation use: LLM as an agent — read a paper, write code, run
the analysis, inspect the output, revise.

▶ This changes which parts of the research process are scarce.
▶ Cheap: implementation, literature search, robustness checks.
▶ Still scarce: question selection, identification, validation, and judgment

about what is interesting.
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“Prompt engineering” for research

▶ Treat the prompt as a codebook: written so that a human coder and the model
would produce the same label.
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Using LLM outputs in regressions

▶ Practical guidance: hand-label a validation sample; report error rates by
treatment group; show how estimates move under measurement-error corrections.
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Case study: can agents replicate published research?
Kohler et al., “Read the Paper, Write the Code” (2026)

▶ AI models can now write and execute code autonomously.

▶ Social science journals increasingly mandate replication packages (data +
code) — yet these packages are rarely re-run, and the reproducibility crisis
persists.

This paper asks:
Can AI agents automatically replicate empirical social science research,
given only the paper and the raw data?
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What Is an AI Agent?

A simple definition

▶ Reasoning LLM +

▶ Chained Requests +

▶ Tools
▶ Open files and read data
▶ Write and run code
▶ See errors, debug, and retry
▶ Work autonomously for a long time

“Think”

Act (use tools)

Observe result

Done? Continue?

iterate



38/56

”Coding” Agents in Practice

Claude Code (Anthropic)
Codex (OpenAI)
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The testbed: 48 papers, 14,214 blank cells to fill

▶ 48 papers, top econ & poli-sci
journals (AJPS, EJ, AER, JOP, . . . ),
all human-verified reproducible by
I4Replication

▶ Extracted 222 tables / 14,214 cells
(5,149 coefficients, 4,253 standard
errors)

▶ Task: fill the redacted cells from
methods + data alone
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Originals are Stata/R — agents rewrite in Python

Original replication packages:

▶ 54% Stata, 27% R, 2% MATLAB, 0%
Python

▶ avg 5,324 lines of code

Agents rewrote everything in Python —
this is reimplementation, not re-running
code.

Also weakens any leakage worry: memorized
results would have to be translated across
languages.
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Cell-level results: correct coefficient sign
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Coeff. Match: CDF of Statistical Difference (β/SE) from

Original
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Token Usage and Costs
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Processing time
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Bonus: Replicating Plots

Original Reproduced
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The surprise: failures mostly aren’t the AI’s fault

Over 3/4 of divergences trace to
a specific source:

∼50% paper underspecification

∼16% missing data

≈66% human-attributable

For the best agent, agent
mistakes are just ∼8%.
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Underspecification, concretely

Paper says “controls included”; the code actually uses specific variables, filters,
transformations. The agent must guess — and different agents guess differently.
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The bottleneck is shifting

Not model capability → documentation quality.



50/56

If papers aren’t the source of truth, what are they for?

Code defines what was done. Paper explains why.
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Reproduction agents as a diagnostic

Automated reproduction can verify paper/code alignment — surfacing where methods are
underspecified, implementations diverge, or assumptions must be inferred.
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Implications for how we do research

For social science practice:

▶ methods sections alone are
frequently insufficient to
reproduce an analysis;

▶ structured, machine-readable
methods summaries may become
part of submission;

▶ automated reproducibility checks
are now technically feasible.

For AI agents:

▶ scaffold–model alignment matters
as much as raw model quality;

▶ the frontier moves fast enough
that results date within months;

▶ error rates would fall substantially
with better paper practices.

Direction of travel
A first step toward autonomous conceptual reproduction — from data collection
through method design.
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AI and (researcher) human capital

▶ AI can reduce the cost of learning: an always-available tutor that explains
concepts on demand.

▶ AI can also substitute for the learning process: the student completes the
task without acquiring the skill.

Relevance to this course
We assume you use AI throughout. The skill we care about is not “can you write
the code” but “can you tell when the output is wrong”.

Terence Tao: ”My suggested rule of thumb: if the authors cannot convincingly
demonstrate that they can give a clear, expert-level talk on their results, that is

correct and properly attributed, then the result should not be published.”
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What do human researchers still do?

▶ Choose the question. Models optimize objectives; they do not decide
what is worth knowing.

▶ Own the identifying assumption. No amount of generated text makes an
exclusion restriction credible.

▶ Validate the measure against ground truth the model has never seen.

▶ Take responsibility. Authorship means accountability for every number in
the paper.

The bet behind this Summer School
The returns to economic judgment go up, not down, as implementation becomes
free — provided you understand the tools well enough to supervise them.
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Where we go from here

▶ Next, today: machine learning foundations, embeddings and clustering, then
text and image data.

▶ Tuesday: econometrics with machine-generated variables; then how
language models work and what alignment does to them.

▶ Wednesday: working with agents; building research software with AI.

▶ Thursday: training and adapting LLMs in practice.

▶ Week 2: faculty research sessions and your own project.

Questions and comments?
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