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Al and Science

e Across many fields, Al and machine learning are accelerating scientific discovery.

e Algorithms are proposing and proving conjectures, predicting novel structures, and
surfacing patterns that researchers did not see.
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Al and Economics

e How might Al accelerate economics? There is no single answer.

e Al could accelerate existing workflows:
- Empirical: automating empirical analysis and policy evaluation (e.g., Han, 2025; Korinek,
2025; Social Catalyst Lab, 2026).

- Theory: formalizing arguments and suggesting new results and proofs, as in Al for
mathematics (e.g., Chen et al., 2026; Garg, 2026; Bei et al., 2026; Tan and Syrgkanis, 2026).



Al and Economics

e How might Al accelerate economics? There is no single answer.

e Al could accelerate existing workflows.

e Al lets us formalize and accelerate a new type of problem: hypothesis generation (this
lecture).

e This opportunity rests on three observations about how Al and machine learning interacts

with economics.



Al and Economics

e In many structured domains we study, machine learning algorithms outpredict our best
economic theories out of sample (Fudenberg et al., 2022; Liang, 2026).
- Decision-making under risk & ambiguity (e.g., Peterson et al., 2021; Plonsky et al., 2025;
Peysakhovich and Naecker, 2017; Enke and Shubatt, 2023; Mullainathan and Rambachan, 2025a).
- Game theory (e.g., Wright and Leyton-Brown, 2010, 2017; Fudenberg and Liang, 2019; Zhu et al.,
2024; Hirasawa et al., 2025).

e What signal have these machine learning algorithms discovered that researchers missed?
How can we extract theoretical insight?



Al and Economics

e In many structured domains we study, machine learning algorithms outpredict our best
economic theories out of sample. What signal have they discovered that researchers

missed?
e But economics is not just interested in within-domain prediction and generation.

e We want to generalize to new settings, evaluate counterfactuals, and understand
mechanisms:
- Economic theories transfer to new domains and data-scarce settings where black-box
algorithms may fail (Andrews et al., 2025; Ellis et al., 2026; Manning and Horton, 2026).
- Interpretable insights are portable: they can be communicated, taught, and built
upon (Ludwig and Mullainathan, 2024).



Al and Economics

e Machine learning algorithms outpredict our best economic theories out of sample.
e But economics is not just interested in within-domain prediction and generation.

e We face a pervasive lamppost problem: we search where the light is in our structured
data.
- Closed survey items, RCT outcomes, and the fields of an administrative extract we
study capture only a small sliver of the domains we study.



Al and Economics

Machine learning algorithms outpredict our best economic theories out of sample.

But economics is not just interested in within-domain prediction and generation.

And we face a pervasive lamppost problem: we search where the light is in our structured
data.

Across all subfields, unstructured data (text, images, audio, video) record features that we
never thought to measure (e.g., Gentzkow et al., 2019; Dell, 2025).

- Extremely incomplete list: policy uncertainty (Baker et al., 2016); urban life (Glaeser et al., 2018);
political risk (Hassan et al., 2019); job tasks (Atalay et al., 2020); culture (Michalopoulos and Xue,
2021); race and gender (Adukia et al., 2023); open-ended surveys (Haaland et al., 2024); religiosity
(Dube et al., 2026); firm perceptions (Sarkar, 2026); career transitions (Vafa et al., 2022; Athey et
al., 2024); monetary policy (Hansen et al., 2018; Gorodnichenko et al., 2023); product characteristics
(Compiani et al., 2025; Han et al., 2021), macro growth (Backer-Peral and Wittenbrink, 2026) ...




Discovery and Hypothesis Generation

e Three observations about how Al and machine learning interacts with economics:
- Algorithms extract signal from data that researchers and our theories miss.

- Economics seeks more than just within-domain prediction and generation.

- Unstructured data record features of economic life we never thought to measure.

e Together, these observations suggest an exciting opportunity:

Use ML and Al on unstructured data to discover what to measure and how it relates
to the quantities we care about — “hypothesis generation.”

Analyze generated hypotheses using our empirical and theoretical toolkit.



Discovery and Hypothesis Generation

e Together, these observations suggest an exciting opportunity:
Use ML and Al on unstructured data to discover what to measure and how it relates
to the quantities we care about — “hypothesis generation.”

Analyze what we discover using our empirical and theoretical toolkit.

e Almost every empirical study begins with a “prescientific’ step: deciding what to measure
and which hypotheses to pursue.

- There are many rigorous tools to test hypotheses with collected data.

- But generating them is left to researcher intuition, inspiration, and creativity.

e We can now build ML and Al tools that assist or automate hypothesis generation from
unstructured data (e.g., Ludwig and Mullainathan, 2024; Mullainathan and Rambachan, 2025b; Zhou
et al., 2024; Mowva et al., 2025).



Discovery and Hypothesis Generation

e Together, they suggest an exciting opportunity for economists:

Use ML and Al on unstructured data to discover what to measure and how it relates
to the quantities we care about — “hypothesis generation.”

Analyze what we discover using our conventional empirical and theoretical toolkit.
e We can now build ML and Al tools that assist or automate hypothesis generation from
unstructured data (e.g., Ludwig and Mullainathan, 2024; Mullainathan and Rambachan, 2025b; Zhou

et al., 2024; Mowva et al., 2025).

e We will focus the discussion around three empirical examples.



Prediction Policy Problems

e Many high-stakes policy decisions hinge on a prediction (Kleinberg et al., 2015; Mullainathan,

2025).
- Pretrial release: a judge jails or releases a defendant based on predicted flight /

re-arrest risk.
- Child protective services: an agency opens a case against a family based on predicted
maltreatment risk to the child.



Prediction Policy Problems

e Many high-stakes policy decisions hinge on a prediction (Kleinberg et al., 2015; Mullainathan,
2025).

e In pretrial release, judges see more than any structured dataset (the defendant is in the
room), yet ML algorithms outpredict judges (Kleinberg et al.,, 2018; Rambachan, 2024; Angelova
et al., 2025).

- Reranking releases by predicted risk could cut crime by 25% with no extra jailing —
or cut the jail population by 42% with no extra crime.

e Judges appear to get these decisions wrong. But what exactly are they getting wrong?



Hypothesis Generation in Pretrial Release

e Ludwig and Mullainathan (2024) turn the camera on the judge and predict detention
decisions in Mecklenburg County, North Carolina.

e The most important predictor is the mug shot, above and beyond:
- structured information: current charge, prior record, demographics;

- known facial features and incentivized human guesses of who gets detained.

e ~78% of the predictive signal is unexplained by known facial features.



Hypothesis Generation in Pretrial Release

e Ludwig and Mullainathan (2024) turn the camera on the judge and predict detention
decisions in Mecklenburg County, North Carolina.

e The most important predictor is the mug shot, above and beyond:
- structured information: current charge, prior record, demographics;

- known facial features and incentivized human guesses of who gets detained.

e Something unnamed in the mug shot systematically drives detention decisions. What is it?



Hypothesis Generation in Child Protective Services

e In child protective services (CPS), an investigator decides whether to open a case against
a family based on predicted maltreatment risk to the child.



Hypothesis Generation in Child Protective Services

e Baron et al. (2026): in Michigan CPS, 36% of investigators outperform a machine
learning algorithm trained on structured characteristics.
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e The gap is not explained by how investigators use the structured information.
Something else separates the best investigators. What is it?



Hypothesis Generation in Child Protective Services

e Investigators visit the home, interview the family, and contact teachers and doctors.
Investigators record what they learn in their case notes.

Incriminating.

“Both Mr. Ramirez and Ms. Ramirez had
scratches on them; Ms. Ramirez ended up
having bruising all over her arms and her

neck.”

Exculpatory.

“Both children reported that they feel safe at
home. The home was viewed to be appropri-
ate. The water, and electricity observed to be

in working order.”

e Baron et al. (2026): can we generate hypotheses about what high- and low-performing
investigators do and observe differently? Does this help explain heterogeneity across

investigators?



Hypothesis Generation in Macroeconomic Expectations

e How people explain the macroeconomy shapes their expectations, and expectations drive
their behavior.

e Andre et al. (2026) study the narratives people held during the 2021-22 inflation surge.
- Narratives shape inflation expectations and how people interpret macroeconomic

news.
Example A Example B Example C
6 Supply chain issues Pandemic e Government spending
& Inflation @ Inflation @ Labor shortage
Q Energy crisis Price gouging ’ Inflation

e What narratives do people actually hold about the causes of inflation?



Hypothesis Generation in Macroeconomic Expectations

e To discover narratives, Andre et al. (2026) elicit open-ended survey responses.
- Essential: an ex-ante menu presupposes the narratives one is trying to discover.

- Painstaking: humans read every response and hand-code it into a DAG.

“Demand growing faster than supply, short-

“The federal reserve having to print more
age of truck drivers, deliveries, Covid, Deval-

money. The dollar is weak trash and will only
uation, rising wages, climate control affecting get weaker.”
Farmers.”

e Collecting open-ended responses is increasingly popular (Haaland et al., 2024) and
increasingly cheap with Al interviewers (Chopra and Haaland, 2026; Geiecke and Jaravel, 2026).

e Could we hand the responses to an Al and let it discover inflation narratives
automatically?



Discovery and Hypothesis Generation

e Hypothesis generation is a nascent but rapidly growing space across fields:

- Applications: pretrial release (Ludwig and Mullainathan, 2024); ECG biomarkers (Obermeyer et al.,
2026); effective teaching (Workman, 2025); parental speech (Pernaudet et al., 2026); preference
data (Movva et al., 2026); open-response surveys (Wang et al., 2026); cognitive experiments (Zhu
et al., 2026).

- Methods: describing how text corpora differ (Zhong et al., 2022, 2023); hypothesis generation with
LLMs (Zhou et al., 2024; Batista and Ross, 2024; Manning et al., 2024; Tranchero et al., 2024) and
sparse autoencoders (Movva et al., 2025; Peng et al., 2026); statistical inference (Modarressi et al.,
2025; Carlson, 2026); morphing (Miller et al., 2019); anomaly generation (Mullainathan and
Rambachan, 2025a); benchmarking (Liu et al., 2025).

e Goal: describe the structure of hypothesis generation procedures, the key choices
required, and some challenges that arise.



Setup

e \We observe data x € X and an outcome y € Y: each unit x is a piece of unstructured
data.
- Ludwig and Mullainathan (2024): x is a mug shot and y is the detention decision.
- Baron et al. (2026): x is the case note and y is the case-opening decision.
- Andre et al. (2026): x is the open-ended response and y is the respondent’s inflation
expectations.

e When x is structured (e.g., choice menu, game), the same setup describes techniques to
improve economic theory using machine learning (e.g., Fudenberg and Liang, 2019; Mullainathan
and Rambachan, 2025a).



Hypotheses

e \We observe unstructured data x € X and an outcome y € Y.

e The researcher chooses a candidate space of hypotheses H to generate into.
- Each hypothesis names a feature of the unstructured data: a function h: X — R
that measures the feature on each unit x.

- Often an indicator h(x) € {0,1}: “does x exhibit this feature?”



Hypotheses

e The researcher chooses a candidate space of hypotheses H: each names a measurable
feature of the data.

e In unstructured data, we can describe H at a high level:
Ludwig and Mullainathan (2024): descriptions of facial features.

Baron et al. (2026): descriptions of narrative evidence themes.

- Andre et al. (2026): descriptions of causal narratives.

e But we cannot ex ante specify every hypothesis contained in H—it is implicit.
- That would mean enumerating everything we could ever discover from unstructured
data.
- A version of “Polanyi's Paradox”: we recognize hypotheses when we see them, but
we cannot list them in advance (Autor, 2014).



Hypothesis Generation Procedure

e \We observe data x € X and an outcome y € Y.

e The researcher chooses a candidate space of hypotheses 7: each hypothesis names a
measurable feature of the data.

e A hypothesis generator G takes input data (x,y) and returns a collection of hypotheses
H C H, alongside evaluation metrics that assess their “quality.”

- Ludwig and Mullainathan (2024): (mug shots, detention decisions) — descriptions
of facial features.

- Baron et al. (2026): (case notes, case-opening decisions) — descriptions of narrative
evidence themes.

- Andre et al. (2026): (open responses, inflation expectations) — descriptions of
causal narratives.



Hypothesis Generation Procedure

e A hypothesis generator G maps input data to a set of hypotheses and evaluations of their
quality.

Data (x, y) Hypothesis Hypotheses HCH
+ candidate space H Generator G + evaluation metrics

e For now, G is a black box: anything that maps data to named hypotheses qualifies.

- It could be a researcher (status quo) or a frontier Al model (tomorrow?).



Hypothesis Generation Procedure

e Many procedures share a common structure. They typically organize G into four stages.

Hypothesis Generator G

Inbut Hypotheses
Sp: —> Scoring —> Contrasting — Interpretation ——»  Evaluation — & Eval-
ata Q
uations
Score each unit Contrast high Name what Evaluate on
against low separates them fresh data

o (1) score each unit; (2) contrast high against low scores; (3) interpret what separates
them; and (4) evaluate the result.

e We walk through each stage: how the three examples implement it, and the problems
that arise.



Hypothesis Generation Procedure

e Many procedures share a common structure. They typically organize G into four stages.

Hypothesis Generator G

Hypotheses
——) Scoring —> Contrasting — Interpretation ——  Evaluation —) & Eval-
ata

uations

outcome - predictor morphs - tails humans - LLMs validity - completeness
- embedding - activations - others

e Each stage admits many implementations, varying within and across data modalities
(images, text, waveforms).

e To this point, there has been little systematic comparison of these choices. Which score,
contrast, or interpreter generates “better” hypotheses?



Hypothesis Generation Procedure

e Many procedures share a common structure. They typically organize G into four stages.

Hypothesis Generator G

Hypotheses
——) Scoring —> Contrasting — Interpretation ——  Evaluation —) & Eval-
ata

uations

outcome - predictor morphs - tails humans - LLMs validity - completeness
- embedding - activations - others

e Implementations can be judged the same way: do the generated hypotheses correlate with
the outcome y on a held-out sample?
- Within a domain, there's a verifiable “common task” (Donoho, 2024).

e One evaluation, but not the only one. What to demand of generated hypotheses is itself a
design choice.



Stage 1: Scoring

Hypothesis Generator G

Hypotheses

lrpiss Scoring Contrasting Interpretation Evaluation & Eval-

Data

uations

score each unit



Stage 1: Scoring

e Scoring constructs a score r(x): a number or vector summarizing each unit of data x.

e The score turns unstructured data into something we can systematically compare: which
differences in x move r(x)?



Stage 1: Scoring

e Scoring constructs a score r(x): a number or vector summarizing each unit of data x.
Three choices dominate existing work:

e The outcome itself, r(x) = y: score each case note by whether the case was opened (e.g.,
Zhong et al., 2023; Modarressi et al., 2025).

- Simplest choice. The data are already split into high (y = 1) and low (y = 0).




Stage 1: Scoring

e Scoring constructs a score r(x): a number or vector summarizing each unit of data x.
Three choices dominate existing work:

e The outcome itself, r(x) = y: score each case note by whether the case was opened (e.g.,
Zhong et al., 2023; Modarressi et al., 2025).

e A learned predictor, r(x) = E[y | x]: score each mug shot by its predicted detention risk
(e.g., Ludwig and Mullainathan, 2024; Baron et al., 2026; Obermeyer et al., 2026).

- Keeps only the variation in y explained by x.
- We can counterfactually score units we never observed.



Stage 1: Scoring

e Scoring constructs a score r(x): a number or vector summarizing each unit of data x.
Three choices dominate existing work:

e The outcome itself, r(x) = y: score each case note by whether the case was opened (e.g.,
Zhong et al., 2023; Modarressi et al., 2025).

e A learned predictor, r(x) = E[y | x]: score each mug shot by its predicted detention risk
(e.g., Ludwig and Mullainathan, 2024; Baron et al., 2026; Obermeyer et al., 2026).

e An embedding, r(x) € RY: place each response in a vector space where nearby points
express similar things. (e.g., Mikolov et al., 2013; Pennington et al., 2014) > primer
- Not tied to any single outcome; a general-purpose description of x.
- Familiar ancestor: topic models group documents by word co-occurrence (LDA) or
by embedding similarity (BERTopic), and how strongly a document belongs to a
group could be a score (Blei et al., 2003; Grootendorst, 2022).



Stage 1: Which Score?

e The outcome y and the predictor E[y | x| both score x by its relation to y; the predictor
additionally attempts to smooth this relationship.

e Two reasons the smoothed score is usually preferred:
y is noisy; E[y | x] attempts to preserve only the variation in y that x can explain.

A predictor scores units that never appeared in the data, which later stages can
exploit (e.g., scoring counterfactual images or waveforms).



Stage 1: Which Score?

e An embedding is different. Each unit becomes a point in a vector space; units that
express similar content sit near each other.
- Baron et al. (2026): Case notes about domestic violence cluster together, far from
notes about housing conditions.
- Each direction in the space is a potential score: r(x) measures how strongly unit x
aligns with that direction.
- Still need to pick a direction and decide how to interpret it (later).



Stage 1: Which Score?

e An embedding is different. Each unit becomes a point in a vector space; units with similar
content sit near each other.

e A given direction often behaves like an index. It typically bundles several concepts at once.
- If we contrast units along a direction, then the differences mix many candidate
hypotheses and are therefore hard to differentiate.

- Jargon: with more concepts than dimensions, they are stored in superposition” — so individual
dimensions, and typical directions, are polysemantic” (Olah et al., 2020; Elhage et al., 2022;
Cunningham et al., 2024). ' > more

e Sparse autoencoders (SAEs) attempt to “unbundle” the index, re-expressing the
embedding as sparse dimensions that each track a single concept (Cunningham et al., 2024;
Movva et al., 2025) « > more



Stage 1: Which Score?

e Which score? The choice turns on at least three considerations:
Where the outcome enters: built into the score (]/E[y | x]); used only to select from a
general-purpose space (embeddings/SAEs) (Mowva et al., 2025); or not at all.

What the data allow: predictors need enough (x, y) pairs to meaningfully train;
pretrained embeddings are cheap but encode only what the underlying model learned
about your domain.

What comes next: a scalar score supports ranking and morphing; an embedding
supports many contrasts at once. The score is chosen jointly with the later stages.

e Our examples illustrate different possible choices.



Stage 1: Which Score?

e Predictor versus embedding scores consume labeled data very differently.
- A predictor is supervised from the start. Every step of training consumes (x, y) pairs.

- Embeddings come pretrained, and features are learned from unlabeled x alone.

e So the routes may better suit different data regimes:
- Label-rich: ample (x, y) pairs; train the predictor directly.

- Label-poor, data-rich: millions of unlabeled x (e.g., many mug shots but few linked
to detention decisions, many case notes but few linked to case openings).



Stage 2: Contrasting

Hypothesis Generator G

Hypotheses
Evaluation & Eval-
uations

Input
Data

Scoring Contrasting Interpretation

contrast high against low



Stage 2: Contrasting

e Contrasting uses the score to construct a set of examples E C X: units that differ along

r(x).

e Working presumption: hypotheses can be labeled by inspecting differences. If we can see
what separates high scorers from low scorers, we can name it.

e The example sets take two broad forms:
- Morphed / counterfactual pairs: two versions of the same unit, constructed to differ
only in the score (i.e., a mug shot morphed to have higher detention risk).

- High- versus low-scoring sets: real units drawn from the two tails of the score (i.e.,
case notes with high versus low predicted case opening rates).



Contrasting: Building the Example Sets

e Three common contrast strategies, each returning an example set E:
Morphs: generate a counterfactual pair E = {x, x’} by moving along the gradient
Vr inside a generative model of the data (Ludwig and Mullainathan, 2024; Mullainathan and
Rambachan, 2025a; Obermeyer et al., 2026).

Tails: pick real units from the two tails of the score, E = {XiX*}, potentially
holding other known structure fixed (e.g., Batista and Ross, 2024; Baron et al., 2026).

Activations: pick real units on which a selected SAE feature's activation is high
versus low, E = {Xf, X+} (Movva et al., 2025; Workman, 2025; Wang et al., 2026).



Contrasting: Building the Example Sets

e Three common contrast strategies, each returning an example set E:
Morphs: generate a counterfactual pair E = {x, x’}.
Tails: pick real units from the two tails of the score, E = {X~, X*}.

Activations: real units where a selected SAE feature’s activation is high versus low,
E={X",X"}.

e Each strategy leans on a different choice of score:
- Morphs score units that do not exist in the data — a predictor (plus a generative
model).
- Tails rank observed units — any scalar score works, even the raw outcome.
- Activations require SAE features — embedding 4+ SAE route.

e Let's return to our three examples to see these strategies in action.



Contrasting: Morphed Pairs of Mug Shots
e Ludwig and Mullainathan (2024): the score is a convolutional neural network that
predicts detention from the mug shot x alone:
r(x) = Ely | x].

e Morphing: pairs of mug shots that are close to one another but differ on the score,
producing the example set £ = {x, x'}.

e Why? Two faces sampled at low and high r(x) differ along many dimensions at once
(age, hair, lighting, ...). We may struggle to interpret what drives differences in the
score.



Contrasting: Morphed Pairs of Mug Shots

e Ludwig and Mullainathan (2024): the score is a convolutional neural network that
predicts detention from the mug shot x alone:

r(x) = Ely | x].

e The goal: pairs of mug shots that are close to one another but differ on the score,
producing the example set £ = {x, x'}.

e The idea: start from a mug shot and follow the score's gradient,
X' x+nVr(x),

direction in pixel space that most increases predicted detention (Ludwig and Mullainathan,
2024).



Staying on the Manifold

e Implement it literally, and the update x 4+ 77 Vr(x) produces something that is not a face.

original x naive morph x’



Staying on the Manifold

e Implement it literally, and the update x 4+ 77 Vr(x) produces something that is not a face.

e In the space of all possible images, real faces occupy a low-dimensional manifold. Almost
every direction steps off it.

Image space

Morphed Face manifold
hetee

..
Image e

ContourJmap of
prediction function




Staying on the Manifold
e let's build a generative model of the mug-shot distribution and follow the gradient in its
latent space, so every step decodes to a realistic face (Miller et al., 2019). *> GAN
Update in latent space z' +— z+7Vr(g(z)).
Then decode.

Image space

Face manifold

Morphed
face

ContourJmap of
prediction function




Sanity Check: Morphing Along a Known Feature

e Sanity check: apply the morphing algorithm to a score we already understand. Let's train
r(x) to predict age.

e Morphing along the age gradient recovers aging.

original x morphed x’ along the age predictor



Morphed Pairs

e Apply the morphing algorithm on the detention predictor: morph each face along Vr(x)
from low to high predicted detention, staying on the manifold.

e The output is many pairs (x, x’): faces differing along the score. This is the example set
E.
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Morphing Beyond Faces

e Nothing here is specific to faces and detention. Wherever we have a predictor and a good
generative model, we can morph.

e Obermeyer et al. (2026) predict sudden cardiac death from ECGs, build a generative
model of waveforms, and apply the same technique (Miller et al., 2019). > VAE
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Morphing Beyond Faces

e Nothing here is specific to faces and detention. Wherever we have a predictor and a good
generative model, we can morph.

e Obermeyer et al. (2026) predict sudden cardiac death from ECGs, build a generative
model of waveforms, and apply the same technique (Miller et al., 2019). > VAE

e Images and waveforms have good generative models with latent spaces we can
manipulate and then sample from.

e What about text?



Child Protective Services: Can We Morph Text?

e Baron et al. (2026) score each case note by predicted case opening, r(x) = E[y | x], built
on pre-trained embeddings of the notes.

e Let's reuse the morphing recipe, with a language model as the generative model of text,
Update in latent space z' + z+7Vr(g(z)).

Then decode.



Child Protective Services: Can We Morph Text?

e Let's reuse the morphing recipe, with a language model as the generative model of text.

e But steering text along a trained predictor is challenging. Some obstacles:
- General embeddings are polysemantic: moving along a direction shifts many features
at once, not one (Elhage et al., 2022; Cunningham et al., 2024).

- Sparse autoencoders isolate concepts, yet they steer poorly. Modifying a feature's
activation does not cleanly change the text (Peng et al., 2026).

- You could prompt: “rewrite this note.” But that requires an English description, the
very hypothesis we are trying to discover.



Child Protective Services: Can We Morph Text?

e But steering text along a trained predictor is challenging.

e This is an interesting problem. And the ingredients exist:

- latent-space editing of known attributes (style, sentiment) (Wang et al., 2019);
gradient-guided generation (Dathathri et al., 2020); steering SAE features (Bhattacharyya
and Rooshenas, 2025); counterfactual text for causal estimation (Feldman et al., 2026).

e But we are not aware of a clear example of steering a language model along a trained
outcome predictor to produce morphed text for hypothesis generation.

e So instead of generating counterfactual notes, Baron et al. (2026) select real ones.



Tails: Hold Structured Risk Fixed, Vary the Text

e Baron et al. (2026) find case notes that are similar on structured characteristics but differ
on the score r(x).

e Bin cases by structured risk predictions from the administrative data.

e Within a bin, a gap in r(x) reflects the text, not the structured characteristics: the top
notes (X™) versus bottom notes (X ) are the examples E = {X~, X*}.

° top OIT bin

° o X

text score r(x)

e  bottom of bin

v

-
same structured risk
Predictions from structured characteristics



Re-Analyzing Inflation Narratives

e Andre et al. (2026) collect open-ended explanations of why households expect the
inflation they do; the outcome y is the inflation expectation.

e Let's convert each response into an embedding (e.g., using OpenAl’'s embedding models).
But which direction should we choose? Recall that each direction may bundle many
concepts.

e A sparse autoencoder (SAE) re-expresses the embedding as many features, each intended
to track a single concept. »more
- HypotheSAEs: increasingly popular tool for hypothesis generation in text (Movva et
al., 2025, 2026; Peng et al., 2026; Wang et al., 2026).

e The result is many candidate scores r(x), one per SAE feature: “how strongly does
feature j activate on response x?7"



Re-Analyzing Inflation Narratives

e Which candidate scores deserve attention? Keep the ones that predict the outcome: the
~20 features whose activation correlates with inflation expectations on a validation
sample (Mowva et al., 2025).  * details

e Notice that only now does the outcome enter.
- An attractive option when unlabeled text is abundant but labeled pairs (x, y) are
scarce.

- The SAE builds candidate scores from unlabeled text, and the labels are used only
for the final selection.

e Contrasting: for each kept feature j, the responses with high versus low activation form
the example set E = {X—, X" }.



Stage 3: Interpretation

Hypothesis Generator G
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Stage 3: Interpretation

e Contrasting hands us examples E that differ on the score. How do we go from examples
to hypotheses?

e How do people generate hypotheses? By searching for differences. Hypothesis generation
procedures do the same.

e An interpreter 1 examines the examples and returns hypotheses:
H=(E).

e This is the stage most changed by Al and large language models. We have a meaningful
choice over who the interpreter is.



Interpretation: Who Interprets?

e Existing work uses two interpreters:
Humans: subjects inspect the examples and name the difference they see (Ludwig and
Mullainathan, 2024; Obermeyer et al., 2026).

Large language models: an LLM reads the examples and proposes candidate
descriptions (Zhong et al., 2023; Baron et al., 2026; Movva et al., 2025).

e Both receive the same input (examples E) and return the same output: a description of
what separates the high scorers from the low scorers.

e With multi-modal models, the same choice is in principle available in every modality:

images, video, audio.



Interpretation: Which Interpreter?

e We are choosing from a class of interpreters Z, where each 1 € Z maps examples to
hypotheses, 1 : E — H C H.

e Different interpreters need not return the same hypothesis from the same examples.
Humans and LLMs carry different “inductive biases” in what they notice from examples.

e Ample evidence says human and LLM intelligence differ:

- LLMs can be jagged across tasks (Dell'Acqua et al., 2023), and humans mispredict
where models succeed or fail (Vafa et al., 2024).

- LLMs exhibit their own systematic reasoning patterns (McCoy et al., 2023; Dasgupta et
al., 2022).



Stage 4: Evaluation

Hypothesis Generator G
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Stage 4: Evaluation

e The procedure returns named hypotheses H. Evaluation asks: how predictive of the
outcome are they?

e So far evaluation is a standard supervised-learning problem: evaluate on a test set
(Mullainathan and Spiess, 2017).

- Generate hypotheses using only the training data; evaluate on a test set.

- On the test set, each hypothesis is just a covariate h(x).

e If hypothesis generation never touches the test set (firewall), it does not matter how the
hypotheses were produced.

- When LLMs are involved though, concerns surrounding “training leakage” apply
(Sarkar and Vafa, 2024; Ludwig et al., 2025).

- This is a verifiable “common task” for every implementation (Donoho, 2024).



Evaluation: Validity of Each Hypothesis

e What should we report on the test set?

e First the validity of each hypothesis: on its own, how correlated is h(x) with the outcome
y?
Ely [ h(x) = 1] = E[y | h(x) =0].
This is a standard testing problem on the test set (Ludwig and Mullainathan, 2024; Baron et al.,
2026; Movva et al., 2025).

- Caveat: we need some way to measure h(x) on the test set (next lecture).

o Researchers often additionally calculate, for example, the incremental R?> or AUC
contribution of h(x) relative to structured covariates (Modarressi et al., 2025).



Evaluation: Many Hypotheses

e Hypothesis generation procedures propose many candidates. Corrections for multiple
testing are essential in evaluation.

e How much can this matter? In one pipeline, 3,296 generated candidate hypotheses yield
only 13 that survive correction (Zhong et al., 2023).

e Multiple testing corrections should be applied on the test set.



Evaluation: Many Hypotheses

e And the test set is not the endpoint: we often select the best performers for further
downstream analysis and future work.

e Compute a test statistic \7(hj) for each h; € H on the test set summarizing how related
are y and h(x), and suppose

(V(h1),.... V(hy)) ~ N (V. %),
selection rule: j = arg max \7(hj) (or the top k).
J

e This is an inference-on-winners problem: conditional on being selected, the winner's
test-set performance is a biased estimate of its true validity. Selective-inference
corrections apply (Andrews et al., 2024).



Evaluation: Completeness of the Hypotheses

e Procedures return many hypotheses. So it is valuable to also ask: how much of the signal
in the unstructured data do they capture?

e Build a benchmark B: a flexible predictor of y from the data itself.
Completeness compares the hypotheses’ predictive performance against it:

~. _ perf(H) — perf(naive)
C(H) = perf(B) — perf(naive)

(Fudenberg et al., 2022; Ludwig and Mullainathan, 2024; Modarressi et al., 2025; Baron et al., 2026)

e Originally proposed as a metric to evaluate the predictive performance of economic theory
relative to machine learning algorithms (see Fudenberg et al., 2022).



Evaluation: Judging the Procedure

e So far we evaluated one realized output: given H, compute validity and completeness.

e But a procedure G maps data to hypotheses and metrics. Imagine resampling the data:
how would V and C vary across draws?

e There are two properties of the procedure we can in principle define:

- Size-like property: if x is independent of y, how often does G still return hypotheses
on the test set? Pr(max,_g|V(h)|/5e > c) under x L y.

- Completeness property: across draws of the data, how much of the unstructured
signal does H summarize? C(G) = E[C(H)].



Evaluation: Judging the Procedure

e So far we evaluated one realized output: given H, compute validity and completeness.

e But a procedure G maps data to hypotheses and metrics. Imagine resampling the data:
how would V and C vary across draws?

e There are two properties of the procedure we can in principle define:
- Size-like property.

- Completeness property.

e Test-set evaluation is important for controlling size: under x _LL y, every rejection is a
false discovery, so setting c appropriately controls it using standard arguments.

e But splitting the data leaves less signal for generating the hypotheses in the first place.
Are we therefore losing out on completeness?



Evaluation: Judging the Procedure

e There are two properties of the procedure: a size-like property and a completeness
property, defined over redraws of the data.

e This raises open questions:
Are these the only desiderata? What about novelty relative to known features or
existing theory? (Mullainathan and Rambachan, 2025a)

Are there fundamental tradeoffs between them? In hypothesis testing, there is a
size-power tradeoff. Are there analogues for hypothesis generators?

e Which circles back to where we started: as implementations proliferate, more systematic
evaluation of alternative procedures is needed (both theoretical and empirical).



Hypothesis Generation Procedures

Hypothesis Generator G

Inout o 9 e o Hypotheses
Sp: Scoring —> Contrasting ——» Interpretation ——»  Evaluation & Eval-
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e Four stages: score each unit, contrast high against low, interpret what separates them,
evaluate the result.



Hypothesis Generation Procedures

Hypothesis Generator G

Input Hypotheses
Sp: — Scoring —> Contrasting — Interpretation ——  Evaluation & Eval-
ata 5
uations
outcome - predictor morphed pairs - selection  humans - LLMs validity - completeness
- embedding + SAE - activations (model x prompt) - corrections

e Many defensible choices at every stage, and the choices are interconnected (e.g.,
morphing requires a predictor).

e So what did these procedures actually produce in our three examples?



Ludwig & Mullainathan (2024): Pretrial Release

Scoring
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Interpretation
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Generator

Contrasting

e The detention predictor is the score; the generator, morphing tool, and synthetic pairs
build the contrasts; human subjects who inspect and name them are the interpreter.



What Hypotheses Were Generated?

e A morphed pair: the same face, moved from low to high predicted detention risk. What
changed?




What Hypotheses Were Generated?

e A morphed pair: the same face, moved from low to high predicted detention risk.
Subjects name what they see.
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e The named hypothesis: well-groomed defendants are less likely to be detained.



Validating the Hypothesis Out of Sample

e Is well-groomed real? Evaluate out of sample: fresh raters measure h(x) on held-out
photos, and then examine how it correlates with detention decisions (validity).

e Defendants in the top versus bottom quartile of well-groomedness differ in detention rates
by 5.5 percentage points: 24% of the base rate, and larger than the gap between violent
and nonviolent arrests (4.8pp).




Generating Another Hypothesis

e Morph again, now in a direction orthogonal to well-groomedness, searching for the
residual signal.

morph: low — high predicted detention, orthogonal to well-groomed

e The second named hypothesis: heavy-faced defendants
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Generating Another Hypothesis

e The second hypothesis validates out of sample too: defendants in the top versus bottom

quartile of heavy-facedness differ in detention rates by 7 percentage points (about 30% of
the base rate).

e Ludwig and Mullainathan (2024) compute a completeness analogue: well-groomed,
heavy-faced, and all previously known facial features together explain 27% of the variation
in the mug-shot predictor.

- C(ﬁ) with the predictor as the benchmark B: most of what the algorithm sees
remains unnamed.



Ludwig & Mullainathan (2024): Takeaways

well-groomed heavy-faced

e Ludwig and Mullainathan (2024) probe novelty: hypotheses are new to the literature and
to practitioners.

e Unstructured data plus hypothesis generation uncovered a potential mechanism for judge
error in pretrial release.

e The method is general: the same pipeline discovered a novel ECG marker of sudden
cardiac death (Obermeyer et al., 2026).



Baron et al. (2026): Child Protective Services
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e The case-opening predictor is the score; binning by structured risk and selecting within
bins build the contrasts; the LLM that reads and names them is the interpreter.



What Hypotheses Were Generated?

e The LLM interpreter returns five evidence themes that appear consistently across the case
notes:

‘

Corroborated harm or injury. “ .. bruising all over her arms and her neck.”

Absence, ambiguity, or contradiction of abuse evidence. “Jordan denied that this hurt and does not have

any visible injuries as a result.”

Exculpatory corroboration of adequate care. “Both children reported that they feel safe at home. The

home was viewed to be appropriate.”

Caregiver absence, unstable placement, or abandonment. “Since the incident Rebecca has moved into her
own apartment and is no longer living with the family.”

Caregiver involves child in dangerous or exploitative conduct. “Maria admits to allowing Jordan to try her
wine and putting the video on Snap Chat.”



Evaluating the Themes: Completeness

e The LLM interpreter returns five evidence themes that appear consistently across the case
notes.

e On a held-out sample, Baron et al. (2026) report a completeness metric, with the
embedding predictor as benchmark B and chance (AUC = 0.5) as the naive baseline.

e Five named, human-readable themes capture ~84% of the predictive signal in the notes.



What Separates the Best Investigators?

e Higher-performing investigators are far more likely to record exculpatory evidence:
+10.1pp adequate-care corroboration, 4+7.3pp ambiguous or contradictory evidence.

10.1 p.p. (s.e. = 0.7)
Adequate-care corroboration { ——

-7.0 p.p. (s.e. = 0.8)
Corroborated harm/injury - ——

7.3p.p. (s.e. = 0.5)
‘Ambiguous/contradictory evidence -

-2.7p.p. (s.e. £ 0.6)
Caregiver absence/placement - .

-1.0 p.p. (s.e. = 0.3)
Caregiver dangerous conduct >

20 1o 0
High Minus Low Skill (p.p.)

e The best investigators appear to report disconfirming evidence more often.

- Classic corrective for confirmation bias (Nickerson, 1998; Lord et al., 1984) and used in
interventions to promote system-2 thinking (Heller et al., 2017; Dube et al., 2025).



Reanalyzing Inflation Expectations

Scoring Interpretation
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Contrasting

e The selected SAE features are the scores; the responses with high versus zero activation
are the contrasts; the LLM that names them is the interpreter.

e Output: 20 named narrative concepts expressed in households' open responses.



Evaluating the Concepts Out of Sample

e On a held-out test set, predict inflation expectations y:

Model Features Test R2
Structured covariates X 10 0.108
X + 20 SAE features 30 0.167
X + 20 named concepts 30 0.147
X + authors’ hand-coded features 489 0.184

e The concepts add substantial signal over the structured covariates.

e Against the authors' 479 hand-coded features, the 20 generated hypotheses recover 51%
of the hand-coding's predictive signal.
- SAE activations recover 77% of the hand-coding’s predictive signal.
- LLM-generated hypotheses lose some fidelity relative to SAE features (Mowva et al,
2025).



What Are the Concepts?

Correlation with 1-year ahead inflation expectations

0.24

0.14

0.0

0.0 0.2 0.4 0.6
Correlation with author-coded features

each dot: one of the 20 named concepts

0.8

e Each concept, two correlations: with
inflation expectations (vertical), and with its
closest hand-coded feature (horizontal).

e The right side recovers the hand-coding:
hypotheses aligning with the authors’
features, such as monetary policy, energy
crisis, government spending, and supply
chains.



What Are the Concepts?

e The right side recovers the authors’
. hand-coded categories.

0.24

0.14

e o ¢ e Moving left: concepts that predict
expectations yet do not align with
oo hand-coded features.

- explicit blame of Biden, particularly by
nickname.

. - pipeline shutdowns, reduced U.S. oil
production.

Correlation with 1-year ahead inflation expectations

- government “giveaways.”
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Correlation with author-coded features

each dot: one of the 20 named concepts



What Are the Concepts?

Correlation with 1-year ahead inflation expectations

0.24

0.14

0.0

each dot:

0.2 0.4 0.6
Correlation with author-coded features

one of the 20 named concepts

0.8

e The right side recovers the authors’
hand-coded categories.

e Moving left are concepts that predict
expectations yet do not fully align with
hand-coded features.

e All of this runs on 2,951 open-ended
responses, with 589 held out (i.e., an
ordinary survey experiment).



Hypothesis Generation

e We now have procedures that turn unstructured data into hypotheses (e.g., Ludwig and
Mullainathan, 2024; Mullainathan and Rambachan, 2025b; Zhou et al., 2024; Mowva et al., 2025).

- Hypotheses: named, measurable features of the unstructured data.
- Well-groomed/heavy-faced, exculpatory corroboration, inflation narratives.

- Each carrying the claim that it predicts an outcome we care about (detention,
case-opening, inflation expectations).



Hypothesis Generation

e We now have procedures that turn unstructured data into hypotheses (e.g., Ludwig and
Mullainathan, 2024; Mullainathan and Rambachan, 2025b; Zhou et al., 2024; Mowva et al., 2025).

e What happens next? Generated hypotheses can be explored with existing empirical tools.

e Hypothesis generation supplies fodder for downstream empirical work: which mechanisms
to test, which interventions to trial, which causal effects we have overlooked.
- In child protective services: would training lower-performing investigators to search
for disconfirming evidence improve decisions? (Heller et al., 2017; Dube et al., 2025)

- In inflation expectations, causal narratives about inflation are incorporated into a

New-Keynesian model to quantify their potential effects on aggregate outcomes
(Andre et al., 2026).



Hypothesis Generation Recipe

Hypothesis Generator G
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- embedding + SAE - activations (model x prompt) - corrections

e The barrier to your entry is low:
(i) Simplest version: hand an LLM contrasting documents, name what differs, and
validate out of sample.
(ii) Elaborate versions are largely off-the-shelf: pretrained embeddings, standard
architectures for generative models, etc.

e The scarce input is your comparative advantage: economic setting with unstructured data
and an outcome.



Methods Questions

e There are many open methodological problems:

Steering: move unstructured data along a score while staying on the manifold.

Inference: everything here was split-sample. Can we re-use data? Cross-validate?
But the hypotheses themselves change across folds.

Evaluation: which metrics matter (validity, completeness, novelty)? Are there
tradeoffs between them?

Interpreters: how should we understand the choice of interpreter and the space of
models and prompts behind it?

e The frontier is moving rapidly: what was impractical a year ago may work now, so these
tradeoffs are time-dependent — requires interdisciplinary engagement with CS/Al.




From Hypotheses to Measurement

e To analyze a generated hypothesis, we must measure it: turn the named concept into a
variable across the full data and use those measurements reliably for downstream
estimates.

e Whether the hypothesis came from a human or a machine, can we use Al to measure it at
scale?

e That is where the next lectures pick up: estimation and inference with Al-generated data
(e.g., Angelopoulos et al., 2023; Egami et al., 2024; Carlson and Dell, 2025; Ludwig et al., 2025).



Appendix Slides



What Is an Embedding? = «sa«

e An embedding isa map ¢ : X — R? that places units of data with similar content near
each other (e.g., by cosine similarity).

e For text, geometry in the embedding space often encodes meaning:

¢(king) — ¢(man) + ¢p(woman) =~ ¢(queen).

(Mikolov et al., 2013; Pennington et al., 2014)
e Modern LLM embeddings extend this from words to whole sentences and documents.

e For scoring, any direction in the space is a potential score: project ¢(x) onto it to
measure how strongly unit x aligns with whatever that direction encodes.



Superposition & Polysemanticity b

e Embeddings compress unstructured data, packing far more concepts than they have
dimensions. To do so, they store concepts in superposition: concepts share dimensions
(Elhage et al., 2022).

e The symptom: individual dimensions are polysemantic. One dimension corresponds to
several unrelated concepts at once, so no single axis is one clean theme (Olah et al., 2020).

e This is the sense in which a raw direction behaves like an index: contrast units along it,
and the differences you see mix several candidate hypotheses.

e This is a documented property of dense representations, and the motivation for sparse
methods that aim to recover monosemantic features (Cunningham et al., 2024).



Sparse Autoencoders (SAEs) <o

e A sparse autoencoder (SAE) re-expresses a dense embedding e = ¢(x) € R9 as a sparse,
higher-dimensional code z(x) € RM (M >> d), then reconstructs it:

z(x) = ReLU(Wepc € + b), & = Wec 2(x),
trained to reconstruct e under a sparsity penalty on z (few features active per unit).

e Each dimension of RM aims to be monosemantic and associated with one interpretable
concept (Cunningham et al., 2024; O'Neill et al., 2024).

e Each feature zj(x) is a potential score. lts activation is high on units exhibiting its
concept, and it can be selected for outcome-relevance (Movva et al., 2025).



HypotheSAEs: SAE and Feature Selection <«

e A k-sparse autoencoder re-expresses the dense embedding e = ¢(x) € R9 as a wider but
sparse code z(x) € RM, M >> d, keeping the top k features per response:

z(x) = ReLU(TopK(Wenc(e — bpre) + benc)), € = Waec 2(x).

e Picking the features (the outcome enters). Fit an {1-regularized regression of the
outcome on the sparse code, tuning A to keep ~20 nonzero coefficients:

12 ) + Bl

Each selected feature is a potential score, r(x) = zj(x) (Mowva et al., 2025).



What Is a GAN?7 «ba

e A generative adversarial network learns a generator g mapping a low-dimensional latent
vector u to a realistic unit g(u), trained so its outputs are indistinguishable from real data
(Goodfellow et al., 2014).

e The decoded images {g(u)} trace out (an approximation of) the data manifold — the
thin set of pixel combinations that are actually faces.

e “Stepping in latent space” means updating u — u+ tJ and then decoding. Every
g(u—+ td) is a realistic face, so following Vr in u-space produces on-manifold
counterfactuals.



What Is a VAE? <o

e A variational autoencoder learns an encoder x — u and a decoder v — X, trained so
decoded latents reconstruct the data and the latent space is smooth (Kingma and Welling,
2014).

e As with a GAN, the decoder traces out the data manifold: every decoded u is a realistic
waveform.

e Unlike a GAN, a VAE comes with an encoder: embed a real ECG into latent space, step
along Vr, decode (Miller et al., 2019).
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