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Making Interpretable Discoveries from Unstructured Data

* Unstructured data (text, image, audio, video, + location data) increasingly popular.

> Why? Novel source of interpretable + econ. meaningful measurements.



Making Interpretable Discoveries from Unstructured Data

» Unstructured data (text, image, audio, video, + location data) increasingly popular.
e Growing number of use cases about unsupervised discovery of rich features.

1. Surveys where open-ended responses key to understanding beliefs (Stantcheva, 2024).
2. RCTs where important outcomes reported in text or audio interviews (Bergman et al, 2024).
3. Obs. analysis of language change under quasi-experiment (Hansen et al, 2018; Ash et al, 2026).
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Making Interpretable Discoveries from Unstructured Data

Unstructured data (text, image, audio, video, + location data) increasingly popular.

e Growing number of use cases about unsupervised discovery of rich features.

Usual “qual. coding” approaches are intuitive, but suffer from many sci. + stat. problems.

Contributions: (1) stat. + sci. principled framework for discovery; (2) extensions of 2
frontier econometric frameworks; (3) new formalization of Al interp. framework.



Running Empirical Example: Productivity RCT

e Consider labor RCT on productivity effects of Al (Noy and Zhang, 2023):

— What is causal effect of LLM access on prof. tasks like writing HR email on sensitive topic?
— Assign writing tasks to n = 453 college-edu. professionals, randomize access to ChatGPT.
— Key outcomes: time spent on task | 40%, human-assessed “quality grade” (1-7) 1 18%.

e Why higher quality? Can we discover systematic differences from email text itself?



Running Empirical Example: Productivity RCT

Consider labor RCT on productivity effects of Al (Noy and Zhang, 2023):

Why higher quality? Can we discover systematic differences from email text itself?

How to proceed? Could manually explore data + def. measures based on salience, but...
1. Sci. concerns: cherry-picking + fail to see important patterns (“streetlight effect”).
B Want: transparent, comprehensive accounting.

2. Stat. concerns: how many things did you try to measure + what guarantees are
meaningful? Would you have chosen to measure diff. things based on diff. sample?

m Want: handle multiple testing + post-selection inference.

Begs question: in light of difficulties + desiderata, what is a better way to proceed?
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Concept Embeddings

* Researcher observes unstructured data and other covariates sampled iid from P.
Zi€Z W,eWw
— NZ: Z; are emails, IW; are treatment indicators.




Concept Embeddings

* Researcher observes unstructured data and other covariates sampled iid from P.
Z,€Z W,ew
* Researcher has function Embed : Z — {0, 1}? that measures presence of p interpretable
features (‘concepts”) ina Z;; call V; := Embed(”7;) a concept embedding.

> pshould be large; rich index of concepts == rich hypo. + discoveries.
— Each Y}, € {0,1} has interpretation that concept j € {1,...,p} appearedin Z;.



Concept Embeddings

* Researcher observes unstructured data and other covariates sampled iid from P.
Z,€Z Wiew
» Researcher has function Embed : Z — {0, 1}” that measures presence of p interpretable

features (“concepts”) ina Z;; call Y, := Embed(Z;) a concept embedding.
* Promising default choice is sparse autoencoder (SAE) (zricken et al, 2023).

— SAE maps unstruct. data to sparse, binary vector of rich, interpretable concepts.
— Join others saying SAEs useful for concept d|scovery (Peng et al,, 2025; Movva et al., 2025).

Political topics
Text about politics! ‘ .
Exclamatlon

|
Z; Embed(- Y,
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Concept-Level Parameters and Hypotheses

The first step of the framework produced a new dataset of concept embeddings.
Y/
Natural next step: explore rich concept variation wrt research question.

— NZ: What are causal effects of ChatGPT assistance on concepts in emails?

Formalize by defining concept-level parameters {6;}_,.
— NZ: 6, is ATE on concept j (reg V;; ~ IV;) (happens to be causal—need not be).

But we only have finite data, {(}7, 1/;)}~,, so we must do inference on 6;s.
+ NZ: 6; is estimate of ATE, Hy; : 6; = 0.
— Discoveries are null hypotheses H; o we reject w/ finite data.

Inference, however, will be more challenging than usual...
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High-Dimensional Multiple Hypothesis Testing

e Many tests = want multiple hypo. testing (MHT) guarantees (FWER, FDX, FDR, ...).
— NZ: p =~ 10%
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High-Dimensional Multiple Hypothesis Testing

e Many tests = want multiple hypo. testing (MHT) guarantees (FWER, FDX, FDR, ...).

e High-dim. (p > n), dep. test stats, not too conservative = need new MHT tool!

e Under mild reg. cond., using new ext. of high-dim. CLT, can control generalized FWER
under arbitrary dependence even in high-dimensions.

— Many formal results in paper.



High-Dimensional Multiple Hypothesis Testing

Many tests = want multiple hypo. testing (MHT) guarantees (FWER, FDX, FDR, ...).

High-dim. (p > n), dep. test stats, not too conservative = need new MHT tool!

Under mild reg. cond., using new ext. of high-dim. CLT, can control generalized FWER
under arbitrary dependence even in high-dimensions.

Mechanically, implement modified version of algo. from romano and wolf (2007) under
guidance of new theory.
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Local Automatic Interpretation

e SAEs tell us each of ¥}, V>, ... should indicate a human-interpretable concept.
— But need to do more work to give them English descriptions (c.f., LDA topic models).
* Enter automatic interpretation (“autointerp”) (ils et al, 2023, Temnpleton et al, 2024).

1. Get LLMs to generate concept descriptions.
2. Use LLMs to evaluate description quality (compute eval. scores).

e Run autointerp “locally” (on our data) + do inference on eval. scores.

— Punchline: measure exactly how good concept desc. are wrt our data distr. of interest P.
— Stat. inf. view motivates sample splitting, Cls, “inf. on winners” corr. (Andrews et al, 2024).
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Conclusion

e Human-in-the-loop not required = automaticity.

— Very few researcher DoF, highly replicable, easy sensitivity analysis.
e New results in high-dim. CLT and MHT useful in other settings.

* Complementary to existing discovery tools for unstructured data (vowa et al, 2025, Modarressi
etal, 2025); think PAP and contingent analyses (Banerjee et al, 2020).



Thank you!

jacob_carlson@g. harvard.edu




Appendix



What is unstructured data?

e Unstructured data typically defined by example: text, image, audio, video, location.
e Towards a unifying definition, all these modalities have 2 things in common:
1. Serve as source of idiosyncratic, meaningful “structured” features.
2. Features are quant. illegible from raw form of data = structure/meaning must be
learned/extracted.
e Today: deep neural networks (DNNs)—LLMs, etc.—serve as meaningful representation
learners and/or structured feature extractors. (Historically: “feature engineering.”)
— Modern "Al" trained to do precisely this; substrate of all “Al” is unstructured data.

— Interpretable prediction is structured feature extraction.
> DNNs simultaneously scalable and high fidelity.



What is qualitative coding? What is rich discovery?

» Natural reference class of discovery methods is qualitative coding.

— Broadly popular in soc. sci, increasingly so in econ. (Haaland et al, 2024).
— Family of semi-systematic approaches for rich, interpretable classif. of unstructured data.

m E.g, read through interviews, “code up” salient themes, map themes to keywords, and label
passages W/ keyword-theme map (Ferrario and Stantcheva, 2022).

— Approaches are sensible, but run into earlier discussed scientific and stat. shortcomings.
* Most popular alternatives are classic NLP methods (Gentzkow et al, 2019).

— More scientifically principled (though not always statistically).
— Not very rich in detail or nuance.

m Analysis typically uses coarser featurization based on, e.g., n-grams.

» This framework: retain richness, maintain scientific + statistical rigor.



What if the data is not iid?

» Various extensions to clustered sampling are arms reach, e.g., under single-cluster
sampling (data iid across clusters, but may be dependent within clusters).

> Intuition: still apply the iid LLN and CLT by working w/ rep. of data in terms of clusters.
e For example, can write means as
éj — % Zf ZiEI(c) Yijj
o2 Ne
ratio of two cluster-level averages, where Z(¢) is set of cluster ¢ indices, C'is cluster

count, N, is number of obs. in cluster c.

e B/c éj is asy. lin. estimator of 0; := E[Y;;] = % new theory goes through.



|s this dimensionality reduction? If not, why not do that?

* Not always case that dim(Z) > p = spirit of Embed is not dimensionality reduction.
— Role of Embed is to go from semantically thin to semantically rich representation.
* Framework aims to embrace inherent high-dimensionality of unstructured data.
— Text, images are inherently high-dim., even in the space of interpretable concepts.
— Tackle this directly with high-dim. inference methods.
o Alt. approaches and rationales exist to do dim. reduction (Vodarressi et al, 2025; Ludwig et al.,
2017), but that is explicitly not the goal of this project.
— Such approaches can be seen as complementary; have different profiles of scientific costs
and benefits.



Alternative Concept Embeddings

e SAEs + other sparse dictionary learning methods useful default choice of concept
embedding, but can readily consider others.
— Nothing in framework requires SAE = just need data-indep. curation.
— Other choices may not require step 4 of the framework, as possible benefit.

e Two other examples could be:
1. n-gram dictionary: each index catalogs of presence or absence of particular n-gram.
m Comp. is cheap, richness/interp. is worse.

2. Wiki categories + GABRIEL: each index indicates absence or presence of Wikipedia
category (https://en.wikipedia.org/wiki/Wikipedia:Contents/Categories);
implement via zero-shot LLM classification (Asirvatham et al, 2026).

m Comp. is expensive, richness/interp. is better.


https://en.wikipedia.org/wiki/Wikipedia:Contents/Categories

Sparse Dictionary Learning + SAEs

e Sparse dictionary learning popular tool in “mechanistic interpretability” + Al safety.
— Most popular implementation are SAEs, others exist (Paulo et al, 2025).
— Not just for text models (Abdulaal et al, 2024; Pluth et al, 2025; Fel et al, 2026).
* "Read minds” of Al models by mapping internal activations to interpretable concepts.

— Implement: autoencoders attached to residual stream of LLM, with dim(SAE hidden layer)
> dim(residual stream); trained with sparsity-inducing penalization on reconstruction loss.
— |dea: “Linear rep. hypothesis” + “superposition hypothesis” = SAEs ~act as
overcomplete linear basis of activations = “monosemantic” features. (Bricken et al, 2023)
— Insight: mind of LLM says a lot about what it's reading! (Echoed in Jiang et al (2025).)

e Lots of debate about the success of SAES (Leask et al, 2025 Bhalla et al., 2026a); MOSt criticisms
still consistent w/ SAEs having role in discovering novel concepts (Peng et al, 2025).



SAE Visualized (Bricken et al., 2023)

_r
unembed Our goal is to decompose the MLP activations
1 with a sparse, overcomplete autoencoder.
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Examples of Off-the-shelf SAE Concepts

* SAE concepts vary by LLM, hyperparam. (sparsity penalty, dim.), + training distr.

e 20 random examples from the T-SAE (Bhalla et al, 2026b):  numbers and dates (#62), 12C related
terms (#409), substrings with underscores and angle brackets (#577), phrases with on the (#635),
general concepts (#667), historical dates and years (#781), geographic locations (#1011), import
statements (#1149), understanding and explanation concepts (#1180), health issues (#1196),
relationships and romance (#1325), nouns related to concepts and objects (#1377), North
America and United States references (#1549), words related to change in shape (#1590), effort
and time investment (#1676), license terms (#2003), proper nouns and names (#2259), words

related to volunteering (#2341), words in angle brackets (#2610), units per something (#2826).

e |ocal autointerp can overwrite these descriptions or use as prior.



Do we really need a new MHT procedure?

* Recall that inference is challenging b/c:
1. pislarge, so inference on all #;s is multiple hypothesis testing (MHT) problem.
2. p > n, soinference is high-dimensional MHT problem.
3. Each estimator, test stat., or p-value formed plausibly stat. dependent on every other.
4. For discovery, selective (familywise) error control ideally not too conservative.
e Need dep.-agnostic, high-dim. MHT procedure w/ control over generalized error rate.
— Also want: (1) well-powered (uses resampling); (2) allow for asy. valid test stat’s.
e Bonferroni? Benjamini and Yekutieli (2001)? Too conservative.
— Benjamini and Hochberg (1995)? Fithian and Lei (2022)? Need indep., or known dep. (e.g., PRDS).
— Barberand E. J. Candés (2015), E. Candeés et al. (2018), and Barber and E. J. Candés (2019)? Low-dim.,

operational mismatches, and/or known distr.
— Romano and Wolf (2007)? Low-dim. == Ding et al. (2025) Or Feng (2026) provide way forward!



Generalized Selective Error Control

Under mild reg. cond., using new ext. of high-dim. CLT, can show version of Algorithm 2.1
(2.2) of romano and Wolf (2007) achieves “k-FWER control” in high-dim:

lim sup P(> k false rejections) < «

n,p—r 00

for “small” (fixed) &, researcher chosen «, p growing nearly expo. in n.

20



Algonthm 21 (Romano and Wolf, 2007)

1 LetA; ={1,...,p} fmax (T, : j € A1) < é,,4,(1 — a, k), then accept all hypotheses and
stop; otherwise, reject any Hy ; for which T), ; > ¢, 4, (1 — o, k) and continue.

2. Let R, beindices j of Hy ; prev. rejected, let A, be indices of remaining hypotheses. If |Ry| < k,
then stop. Otherwise, let

dpoa, (1 — o, k) = b k(1 —a,k): K= Ay UTY.
Ao (1= a. k) IcR;ﬂ?ﬁ%_l{C,K( a, k) 2 UT}

Then, reject any Hy ; with j € A, satisfying T,, ; > dp. 4, (1 — v, k). If no further rejections, stop.

0. Let R, beindices j of Hy ; prev. rejected, A, be indices of remaining hypotheses. Let

dpa,(1—a, k)= bnic(l—a k) K = A, UT).
Al -ak) ICR(I.,nl(rIi|X:k—1{C w(l=ak) V1

Then, reject any Hy ; with j € A, satisfying T, ; > dn7A£(1 — a, k). If no further rejections, stop.

21



Local Automatic Generation

e Goal: get LLMs to generate English descriptions of the concepts j € {1,...,p}.

e Canonical procedure from Bricken et al (2023) and Templeton et al (2024), integrating insights from
Bills etal. (2023); for j € {1,...,p}:

Rank texts in dataset by max token activation for SAE feature j.

Collect L = 10 top ranked texts to be used as “exemplars.”

Annotate high activation tokens w/ activation info (brackets, quant. summaries, etc.).

Prompt LLM with context + L annotated texts, asking for English desc. of plausible concept

that produced activation pattern.

5. Extract description and use as label for concept j.

W -

e Locality: collect exemplars drawn from P (not from some opaque sample of web data).

22



Local Automatic Evaluation

Goal: get LLMs to “score” quality of English descriptions of concepts j € {1,...,p}.

Popular eval. scoring choice from paulo et al (2024) called “detection scoring.”

Idea: good desc. is good classifier of SAE feature activation in a given text.
— Classifier is desc. (oper. via LLM), produces pred. label Y;; € {0,1}
—» Labelis true feature presence v, € {0,1}.
> Binary classifier metrics, e.g., accuracy, recall, become quality metrics for desc.

Procedurally, using indep. hold-out sample, for concepts j € {1,...,p}:

1. Show LLM each text in sample and ask “does the concept {concept desc. j} appear?”

2. Compare each answer Y;; to ground truth activation V;; + compute, e.g., accuracy.

Locality: use indep. hold-out sample from P for estimating det. scores and Cls.

23
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