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Measurement Bottleneck

e The researcher collects unstructured data X; (e.g., documents, images, videos) and linked

covariates W;.

e Each piece of unstructured data expresses a construct, defined by an existing
measurement process: V;* = f*(X;). Downstream parameters are defined from (V*, W;).

e The measurement process f*(-) is chosen by the researcher. It is whatever they would use
absent time and resource constraints:
- Text: write a careful rubric that defines the construct / adjudicates edge cases, and
have experts label each document in short sessions.
- Environment: send surveyors into remote forests at high frequency to measure tree
cover; blanket fields with physical monitors to measure pollution.

- Economic outcomes: field extensive in-person surveys to elicit consumption, income,



Measurement Bottleneck

e The researcher collects unstructured data X; (e.g., documents, images, videos) and linked
covariates W;. Unstructured data expresses a construct, defined by an existing
measurement process: V= f*(X;).

e The researcher faces a measurement bottleneck. Applying the measurement process
across the full sample is infeasible.

- We cannot carefully read every document in the corpus.

- We cannot send surveyors into remote forests at high frequency or blanket fields with
physical monitors.

- We cannot run extensive, in-person surveys in every place and period.

e Question: how can the researcher use ML/Al-generated measurements R; to solve the
measurement bottleneck?



Measurement with Validation Samples

e Question: how can the researcher use ML/Al-generated measurements R; to solve the
measurement bottleneck?

e Solution so far: collect R; on all observations and collect V;* on a random validation
sample to debias the ML/Al-generated measurements.

- An old idea in the measurement error literature (e.g., Bound and Krueger, 1991; Lee and
Sepanski, 1995; Chen et al., 2005, 2011).

- Recently revived by ML/A| literature (e.g., Angelopoulos et al., 2023; Egami et al., 2024;
Ludwig et al., 2026; Carlson and Dell, 2025).

- Related: bias correction also possible w/ a small external audit, or structure on how
the measurement is generated (Battaglia et al., 2025).

e Why is this attractive? Frontier ML/Al models are complicated (billions of parameters,

trained on data you have never seen) — correct for errors without strong assumptions on
their outputs.



Measurement with Validation Samples

e Question: how can the researcher use ML/Al-generated measurements R; to solve the
measurement bottleneck?

e Solution so far: collect R; on all observations and collect V;* on a random validation
sample to debias the ML/Al-generated measurements.

e Payoff: recover the estimand defined by (V/*, W;) while paying measurement costs on
only a subset of the sample.

e There are two requirements:
Researcher must choose the existing measurement process f*(-).

Validation sample collected from researcher’'s own sample.



This Lecture

e Question: how can the researcher use ML/Al-generated measurements R; to solve the
measurement bottleneck?

e Solution so far: collect R; on all observations and additionally collect V;* on a random
validation sample to debias the ML/Al-generated measurements.

e This lecture: what happens when i or | fails?
There is no existing measurement process that we would like to scale.
- Most often in text applications: labeling documents with large language models.
There is an existing measurement but only in another sample.

- Most often in remote-sensing applications: existing measurements from surveys
or censuses covering another region or period.



This Lecture

e Question: how can the researcher use ML/Al-generated measurements R; to solve the
measurement bottleneck?

e Solution so far: collect R; on all observations and additionally collect V;* on a random
validation sample to debias the ML/Al-generated measurements.

e This lecture: what happens when i or | fails?
There is no existing measurement that we would like to scale.

- Measurement error assumptions are assumptions about frontier model behavior.
- Construct is latent, and ML/AI offers multiple measurements.
- Revisit identification results using what is known about frontier model behavior.

There is an existing measurement but only in another sample.



This Lecture

e Question: how can the researcher use ML/Al-generated measurements R; to solve the
measurement bottleneck?

e Solution so far: collect R; on all observations and collect V;* on a random validation
sample to debias the ML/Al-generated measurements.

e This lecture: what happens when these requirements fail?
There is no existing measurement that we would like to scale.

There is an existing measurement but only in another sample.
- Identification turns on what is stable between the researcher’s sample and the
auxiliary sample.
- Two candidate assumptions are incompatible (outside of knife-edge cases), and
so researchers must choose.



This Lecture

e Question: how can the researcher use ML/Al-generated measurements R; to solve the
measurement bottleneck?

e Solution so far: collect R; on all observations and collect V;* on a random validation
sample to debias the ML/Al-generated measurements.

e This lecture: what happens when these requirements fail?
There is no existing measurement that we would like to scale.

There is an existing measurement but only in another sample.



What Counts as Ground Truth?

e With text, the measurement process typically proceeds in two steps (e.g., Baker et al., 2016;
Card et al., 2022; Ottonello et al., 2024).

- Step 1 (Definition): draft a detailed rubric for the construct; label with it; surface
edge cases and disagreements; iterate.

- Step 2 (Labeling): trained annotators apply the rubric across the corpus.

e Solution so far: invest in Step 1 and then run Step 2 on a random subsample —
recovers the estimand defined by V.

e Why should we privilege trained human annotators once the rubric is defined?



Impressive Capabilities of Al
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e |f frontier Al can accomplish these feats, why privilege trained human annotators once the
rubric is defined?



Which Model? Which Prompt?

e Suppose we grant the point: just hand the rubric to a frontier model rather than a
trained annotator.

e The rubric alone does not pin down the measurement R;. Many choices remain:
- Which model should | use?

- Which prompting strategy should | use?

e Do these choices change the resulting measurements? (e.g., Sclar et al., 2024; Atreja et al.,
2025)



lllustration: Congressional Legislation

e Dataset: 10,000 randomly sampled Congressional bills through 2018 (Adler and Wilkerson,
2020). For each bill, we observe:

- Text description (X;),
- Party affiliation of sponsor, DW-NOMINATE score of sponsor, and whether bill
originated in House or Senate (W;),

- Label for bill's policy area (e.g., defense, health, etc.) based on text description (V).

1

e Example: “A bill to revise the boundary of Crater Lake National Park in
the State of Oregon.”



lllustration: Congressional Legislation

e Dataset: 10,000 randomly sampled Congressional bills through 2018 (Adler and Wilkerson,
2020). For each bill, we observe:

- Text description (X;),

- Party affiliation of sponsor, DW-NOMINATE score of sponsor, and whether bill

originated in House or Senate (W;),
- Label for bill's policy area (e.g., defense, health, etc.) based on text description (V).

1

e Using various prompt strategies with models from OpenAl's GPT family, label each bill's
policy area (R;) (Ludwig et al., 2026).

e Compare regression estimates across alternative LLM measurements:
R =r} = WM +¢&

Do these choices matter?



lllustration: Congressional Legislation

GPT-35-Turbo 4 GPT-40 X GPT-5-mini GPT-5-nano
Health Banking, Finance & Dl Government Public Lands &
Domestic Commerce Operations Water Management
44 - o
2+ = z
04 T = —{8
-24 e = . o &
4
[0 Lssso s X 44000 200K X
2 4
B 2 @
“f-v’ P i
+= anas [
7 . e e e
o o o
-4
44 porT— st Jo—
21 e w06 pr—— g
0 =
24
scoco0t s
-4

Prompt-Model Index (Sorted)

e Yes: across models and prompts, t-statistics differ in magnitude, in significance, and even
in sign (Ludwig et al., 2026).



lllustration: Immigration Speeches, Revisited

e Dataset: immigration-related speeches in the U.S. Congress, 1880—2020 (Card et al., 2022).
For each speech, we observe:

- Speech text (X;),
- Speaker's party, chamber, and Congress (W),

- Tone label: proimmigration, neutral, or antiimmigration (V).

e Example: “Let us not forget the part that immigrants played in this
country. Who are you and I to discredit the immigrants?”



lllustration: Immigration Speeches, Revisited

e Dataset: immigration-related speeches in the U.S. Congress, 1880—2020 (Card et al., 2022).
For each speech, we observe:

- Speech text (X;),
- Speaker's party, chamber, and Congress (W),

- Tone label: proimmigration, neutral, or antiimmigration (V).

e Using various prompt strategies with models from OpenAl's GPT, Anthropic’s Claude,
and Google's Gemini families, label tone of each speech segment (R;).

e Compare estimates of the partisan tone gap using alternative LLM measurements:
Ri = Wip"™M 1+ &

Do these choices matter?



lllustration: Immigration Speeches, Revisited

X GPT5.4mini  m Claude Sonnet 4.6 Gemini 2.5 Flash
GPT-5.4nano  + Claude Haiku4.5  a Gemini 2.5 Flash-Lite
04

14

24
o N
2 34 A
I} A
% A

A
_a
N
oA
X
X &
X
-5 - xxX
+ X
"ERE
- - + + X
L "+
-6 am+oX
-
1 60

Prompt-Model Index (sorted)

e Yes: across models and prompts, the estimated partisan tone gap differs in magnitude
and in significance.



The Language Model Is All There Is?

e Given the rubric, the remaining choices — which model? which prompt? — can move the
estimates in magnitude, significance, and even sign (e.g., Ludwig et al., 2026; Yin et al., 2026).

e One answer: stop treating the model as a proxy. The construct is the model’s output —
f*(-) is the measurement produced by a particular model under a particular prompt.
- How do we manage the choice of model (GPT vs. Claude vs. Gemini)? The choice of
prompt?

- Do we revisit everything once the next model generation ships?

e Complication: the estimand is now indexed by the model-prompt choice. Are researchers
using different models and prompts really studying different estimands?



The Language Model Is All There Is?

e Given the rubric, the remaining choices — which model? which prompt? — can move the
estimates in magnitude, significance, and even sign (e.g., Ludwig et al., 2026; Yin et al., 2026).

e One answer: stop treating the model as a proxy. The construct is the model’s output —
f*(-) is the measurement produced by a particular model under a particular prompt.

e Complication: the estimand is now indexed by the model-prompt choice. Are researchers
using different models and prompts really studying different estimands?

e Better measurement harnesses may make these choices less consequential: Asirvatham et
al. (2026) provides one such harness, with evidence of better robustness across
semantically similar prompts.



Latent Constructs and Repeated Measurements

e Alternative view: the construct V" is inherently latent.

- There is no feasible measurement process that recovers it, human or machine.

- Every label (whether by expert or Al) is an imperfect proxy for the construct.

e Under this view, humans vs. Al and ChatGPT vs. Claude vs. open-source model are
potentially repeated measurements of the same latent construct V.

e Could we apply classic ideas from the measurement error literature? (e.g., Dawid and Skene,
1979; Hu and Schennach, 2008; Bonhomme et al., 2016)



Example: ldentification with Repeated Measurements

e Let k=1,..., K denote different model-prompt combinations, where Rj is the
associated measurement.

e Suppose V* € {0,1} with 6 :=Pr(V*=1) € (0,1).

e Assumption: Rj1,..., Rix are conditionally independent given V.
- Measurements co-move only because of the latent construct.

- Nests classical measurement error: with continuous measurements, Ry = V/* + €,
noise independent across k and of V.

e Intuition: 2K — 1 observed frequencies vs. 2K + 1 unknowns: at K = 3, seven equations
and seven unknowns.



Example: ldentification with Repeated Measurements

e Assumption: Rj1,..., Rix are conditionally independent given V.

e Additional assumption: at least three measurements are informative and oriented,
PI’(R,'k =1 | V/* = 1) > Pr(R,-k =1 | \/;’< = 0)

e Theorem (informal): under conditional independence, informativeness, and orientation,
the joint distribution of (Ri1, ..., Rix) point identifies 6.
- Celebrated result: Dawid and Skene (1979); Schennach (2021)

e Generalizations: multi-valued case: informativeness becomes a full-rank condition on
three blocks of protocols (i.e., dependence allowed within blocks) and generalized
orientation (Bonhomme et al., 2016; Schennach, 2021); general moment conditions (Chen et al.,
2011; Schennach, 2020).



What Does This Mean for LLMs?

e |dentification is driven by what we are willing to assume about language model behavior.
Which assumptions are credible?

e In this simple case, the additional informativeness and orientation assumption is mild: at
least three measurements satisfy Pr(Ry =1 | V*=1) > Pr(Rxy =1| V/ =0).
- Presumably a researcher willing to use language model measurements is already
assumes this.



What Does This Mean for LLMs?

e |dentification is driven by what we are willing to assume about language model behavior.
Which assumptions are credible?

e In this simple case, the additional informativeness and orientation assumption is mild.

e Conditional independence is key. Is that credible for language models?
- Co-movement of the measurements is only driven by the latent construct.
- Errors must be unrelated across models and prompts conditional on the latent
construct.
e Why might we worry? Substantial overlap in pre-training data, fine-tuning data, and
architectures across models (Kleinberg and Raghavan, 2021; Bommasani et al., 2022).
e Ultimately this is an empirical question about frontier model behavior.



Benchmark Evaluations

e Quantitative basis for model behavior comes from benchmark evaluations: performance
on standardized exams, domain-specific exams, tests of “general intelligence”, coding,
math problems, etc.

Exam results (ordered by GPT-3.5 performance)
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Evidence of Correlated Errors

e Why might errors be correlated across language models? Shared pre-training data, similar
architectures, similar post-training data, ...

e Kim et al. (2025): across pairs of models on Al benchmarks, report how often two models
give the same wrong answer conditional on both being wrong.

- 349 models on a HuggingFace Leaderboard; 71 models on Stanford's Holistic
Evaluation of Language Models (Helm).

e The authors find:

Wrong-answer agreement far exceeds chance: 42% vs. 13% at random
(HuggingFace); 60% vs. 33% (HELM).

Better-performing models tend to have more correlated errors.



Evidence of Correlated Errors

e : Correlated Errors (HELM)

Error Agreement Rate
Ertor Agreement Rate:

Model (Sorted by Accuracy)

Model (Sorted by Accuracy)

Model (Sorted by Accuracy)

(a) HuggingFace (b) Helm

Same-wrong-answer agreement, models sorted by accuracy: nearly all pairs exceed chance,

and more accurate models have more correlated errors (Kim et al., 2025, Figure 1)



From Al Benchmarks to Economic Applications

e This evidence focuses on Al benchmarks. What about the measurement problems that
economists are interested in studying?

e Let’s revisit our two running examples and assess whether measurements from different
models / prompts are conditionally independent:

Congressional legislation: policy topics (Ludwig et al., 2026).
Immigration speeches: tone (Card et al., 2022).

e We use the authors’ human-annotated labels as the reference ground-truth V;*.



From Al Benchmarks to Economic Applications

e Let’'s revisit our two running examples and assess whether measurements from different
models / prompts are conditionally independent.

e For each pair of measurements:
If conditionally independent given the human label, the joint distribution of the pair
factorizes into the product of marginals. Compute this benchmark.

Compute the total variation (TV) distance between the observed joint distribution
and the independence benchmark.

Simulate critical values under the null by permuting one model’s labels conditional
on the authors’ labels.

e Report observed TV / 95% critical value for each model pair: a simple summary of the
strength of evidence against conditional independence (ratio > 1 rejects at the 5% level).



[llustration: Congressional Legislation
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Within a model, each prompt pair sits at 3—6x the critical value.



[llustration: Immigration Speeches, Revisited
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[llustrations: Correlated Errors across Models

Congressional legislation Immigration speeches



Evidence of Correlated Errors

e On benchmarks and in economic applications, errors are strongly correlated across models
and prompts.

e Assuming language model labels across models and prompts are conditionally independent
is not credible — identification results that rely on it should not be naively applied to

LLM-generated measurements.

e But the errors are not arbitrarily correlated either. At least this is true for the benchmark
evaluations conducted so far.

e Could we still make progress?



Relaxing Conditional Independence

e Errors are correlated but not perfectly. Benchmarks measure model behavior. Can we
incorporate these evaluations into our econometric framework?

e One strategy (Chen et al., 2026): replace conditional independence with what benchmarks
can help evaluate:

Marginal performance: how often each model-prompt combination is right?

Joint response events: how often two model-prompt combinations err together?




Relaxing Conditional Independence

e Errors are correlated but not perfectly. Benchmarks measure model behavior. Can we
incorporate these evaluations into our econometric framework?

e One strategy (Chen et al., 2026): replace conditional independence with restrictions on
marginal performance and joint response events, informed by benchmarks.

e Downstream parameter is partially identified under restrictions on how correlated
protocols may be, or how far performance degrades from benchmark to task, indexed by ¢:

H(6;0) = [0(5), 0(5) ],

Identified set is an interval whose endpoints solve two linear programs.



Relaxing Conditional Independence

e One strategy (Chen et al., 2026): replace conditional independence with restrictions on
marginal performance and joint response events, informed by benchmarks.

e Downstream parameter is partially identified under restrictions on how correlated
protocols may be, or how far performance degrades from benchmark to task, indexed by ¢:

H(0;8) = [60(5), 6(6)],

e Researchers can report sensitivity analyses on measurements that are informed by
benchmark evaluations:

- “Performance would have to degrade by 0* relative to benchmarks before my
conclusion is overturned.”

- "Model-prompts would have to at least as correlated as they are on benchmarks
before my conclusion is overturned.”



Takeaways

e Step back: cleanest framework remains the validation sample. Properly understood, its
goal is to automate our measurements at their best.

e “Best” is not the compromise we settled for pre-Al. It is the measurement process we
would actually defend: a documented adjudicated rubric decided upon and applied by
domain experts.

e “Best” no longer has to cover the corpus. A small expert-labeled sample may be
affordable, and Al does the scaling.

e The scarce input is constructing high-quality measurements, and that is what researchers
must invest in.
- We have seen this before: when running regressions became cheap, attention moved
to the identification strategy (Angrist and Pischke, 2010).



Measurement Error as Model Behavior

e Qutside of the validation-sample framework, assumptions on measurement error are
unavoidable.

e Assumptions on measurement error are claims about frontier model behavior. An entire
field already studies it at scale: benchmarking.
- Conditional independence: assumed it — benchmarks falsified it — benchmarks
provide external calibration.
- What's the analogue of instruments?



Measurement Error as Model Behavior

e Qutside of the validation-sample framework, assumptions on measurement error are
unavoidable: conditional independence, instruments, bounded dependence.

e Assumptions on measurement error are claims about frontier model behavior. An entire
field already studies it at scale: benchmarking.

e But today’'s Al benchmarks are not the ones we need, in two ways:
- Wrong tasks: exams and coding, not economic measurement. We are bad at
generalizing performance does to new tasks (Vafa et al., 2024).

- Wrong properties: typically report accuracy, which does not fully characterize biases
of downstream estimates.

e Benchmarking for economic measurement is an essential activity: it allows us to check
and falsify measurement error assumptions.



This Lecture, Revisited

e So far: there is no existing measurement to scale. The construct is latent, every
identification assumption is a claim about frontier model behavior, and benchmarks are
how we discipline it.

o Next: P there is an existing measurement but only in another sample.
- Ground truth from a survey or census covering another region, period, or population.

- Most often in remote sensing and digital-trace applications.

e The researcher must combine two samples, and identification turns on what is assumed
stable across them.



When Ground Truth Is Expensive

e The existing measurement is not in dispute: everyone agrees what a consumption survey
or a forest-cover ground plot measures.

e The constraint is cost and coverage. Surveys and field measurements run in some places,
in some years.

e By contrast, satellite images and digital traces are frequent, granular, already collected.

- A growing literature measures poverty, consumption, deforestation, and crop burning
at scale (e.g., Blumenstock et al., 2015; Jean et al., 2016; Huang et al., 2021; Ratledge et al.,
2021; Aiken et al., 2025; Jack et al., 2025).

e How can we take advantage of these unstructured data to lower measurement costs in
experiments and observational studies?



With Validation Data, We Are on Familiar Ground

e Researcher collects unstructured data X; (satellite imagery and digital traces) for each
unit.

e Each unit is associated with some construct V* (i.e., the survey or field measurement)
and a prediction R; of the construct that is built from the unstructured data X;.

e Remotely sensed predictions are imperfect proxies of V;* that suffer from various forms of
measurement error (e.g., Alix-Garcia and Millimet, 2023; Proctor et al., 2023, 2025).

e Solution so far: collect R; on all observations and collect V;* on a random validation
sample to debias the ML/Al-generated measurements (e.g., Kluger et al., 2025; Lu et al., 2025;
Pelletier et al., 2026).



Labels Exist Somewhere Else

e We cannot always collect a validation sample: infeasible, or too costly.

e But labels frequently already exist: a government environmental survey, a census, or an
earlier survey round.
- Collected somewhere other than the researcher’s sample, such as another region or
another time period.

Auxiliary sample Researcher’s sample
observe ground truth and prediction observe prediction and design variables
(Vi Ri, W;) (Ri, W;, D;); V" missing

e Can we use these existing labels to correct the errors in R;? A data combination problem.



Do Predictions Transfer?

e Suppose the auxiliary sample were a random validation sample. What would we expect?

Predictive performance should be stable as we transfer to another region or time
period.

e Proctor et al. (2025): predictors of 115 socioeconomic and environmental variables, built
from a single satellite mosaic.

MOSAIKS: a general-purpose embedding of satellite imagery, computed once and
reused for every outcome (Rolf et al., 2021).

Each of the 115 variables is predicted by a ridge regression on that embedding.

Evaluate on a random split, then on checkerboards that push training and validation
cells further apart geographically.

See also Aiken et al. (2023, 2026).



Do Predictions Transfer?

Performance (R?)

e No: median R? falls by half, 0.44 — 0.22 (Proctor et al., 2025,
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Do Predictions Transfer?

e Run the same exercise ourselves: train in one place and period, then transfer the
prediction to another region or another period.

e Two targets:
Living standards: a 14-component index of housing, infrastructure, assets, and
financial access (Kenya DHS 2022). Train on 1,064 clusters; evaluate on held-out
clusters, a western block, an earlier Kenya survey, and Ethiopia.

Forest cover: train on Uganda cells, 2017-2020; evaluate in a western region and in
2021-2024, never used in fitting (Hansen et al., 2013).

e Report the predictive gain lost in each new environment:

0% = does as well as in its own development sample,

100% = no better than the sample mean.



Living Standards: Transferring Across Regions and Countries
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e Within Kenya transfer: modest losses. Across country transfer: roughly 80% of the gain
is gone, and at worst the prediction does worse than the sample mean.



Forest Cover: Transferring Across Years and Regions
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e Losses grow with temporal distance, and compound when geography shifts too.

e Prediction quality is not stable under transfer: using it elsewhere requires additional
assumptions.



Two Samples

Suppose the researcher has two samples, indexed by S; € {e,a}:

Empirical sample (S; = e): sample of interest with only (W;, R;) observed.
Auxiliary sample (S; = a): where the existing measurement was collected and
(Wi, R;, V¥) are observed.

1

e Both samples observe the prediction R; and covariates W;. Only the auxiliary sample
observes the ground truth V*.

e The target is a parameter of the empirical sample: e.g., a base rate Pr(V* =11 5; =

or a treatment effect of D; on V.
e How can we combine these two samples?

e NB: Distinct from classical data combination problems, which combines unmatched
observations from the same population (Fan et al., 2014; D'Haultfceuille et al., 2025a,b).



Outcome Stability

e Assumption (outcome stability):
Vit IL S | (Ri, W;).

Predictions of V;* | R;, W; can transfer across the samples, but the distribution of
(R,', VV,), and the base rate of V:* may differ (e.g., Chen et al., 2008; Athey et al., 2026; Kallus

]

and Mao, 2025; Proctor et al., 2023).

e Example: a poverty score built from mobile phone metadata (Blumenstock et al., 2015; Aiken
et al., 2025).
- Plausible claim: the same score means the same expected consumption in both
samples.



Outcome Stability

e Assumption (outcome stability): V* 1L S; | (R;, W;).

e Strategy: learn yi;(r,w) =Pr(V* =1| Ri =r, W; = w, 5; = a) in the auxiliary sample,
then transfer it over the empirical sample. For 8 = Pr(V/ = 1),

0 =E [pa(Ri, Wi) | Si =e].

e Additional assumption (support): PRW < PRW — every (R;, W;) the empirical
sample visits is one the auxiliary sample visits.



Outcome Stability

e Assumption (outcome stability): V* 1L S; | (R;, W;).

e Special case: no covariates, V* € {0,1} and R; € [0,1], so R; is a predicted probability.
Outcome stability is then

E[Vi|R=rS=¢=E[V|R =rS =a] forallr.

o Interpretation: the predictor has the same calibration curve in both samples.

- In algorithmic fairness, this is “sufficiency,” with sample membership S; playing the
role of the protected attribute (Chouldechova, 2017; Kleinberg et al., 2017; Barocas et al.,
2023).

- In distribution shift, this is “covariate shift.”



Measurement Stability

e Assumption (measurement stability):
Ri LLS; | (Vi", Wp).

The measurement channel R; | V¥, W; can transfer across the samples, but base rates
and predictions may differ (e.g., Lipton et al., 2018; Rambachan et al., 2026).

e Example: crop burning, measured from satellite imagery (Jack et al., 2025; Rambachan et al.,
2026).

- The outcome generates the signal: a burned field reflects differently.

- Plausible claim: burning looks the same from orbit in both samples.



Measurement Stability

e Assumption (measurement stability): R; 1L S; | (VF, W;).

e Strategy: learn p,(w) =Pr(Ri =1| V* = v, W; = w, S; = a) in the auxiliary sample,
then invert the mixture me(w) =Pr(Rj =1 | W; =w,S; =e). For § =Pr(V* =1),

(Rambachan et al., 2026)

e Additional assumptions: coverage, Pr(V = v | S; =a) > 0 and PV < P, for

v =0,1; relevance, p;(w) # po(w).



Measurement Stability

e Assumption (measurement stability): R; 1L S; | (VF, W;).
e Special case: no covariates, V* € {0,1} and R; € {0,1}. Measurement stability is then
Pr(Ri=1|V/f=v,S5i=e)=Pr(Ri=1|V =v,5=a) forv=0,1

e The predictor has the same true positive rate and false positive rate in both samples.

- In algorithmic fairness, this is equalized odds if R; € {0,1} and separation if
R; € [0, 1] (Hardt et al., 2016; Pleiss et al., 2017; Barocas et al., 2023).

- In distribution shift, this is “label shift.”



Relationship between Stability Assumptions

e Suppose outcome stability holds:
Pr(V=1|Ri=rS=e)=Pr(V:=1|R =rS5 =a).

e Write each side by Bayes' rule and rearrange for the measurement channel:

Pr(Ri=r|Vi=v,S5=e)=Pr(Ri=r| V' =v5 =a)
Pr(V* =v|S =a) Pr(R =
Pr(V* =v|Si=e) Pr(Ri=

depends on the base rates

S|~
NI
I

%)
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e Measurement stability asks the two measurement channels to be equal, so it needs that
factor to be one.



Relationship between Stability Assumptions

e Suppose instead measurement stability holds:
PF(R,': I” \/’* = v,S,-:e) = PI’(R,': r‘ \/’* = V,S,‘:a).

e By Bayes’ rule again, we can re-arrange for the outcome channel:

Pr(Vf =1|Ri=r,Si=e)=Pr(V =1|Ri=r,5 =a)
Pr( Vi=1|S =e) Pr(Ri=r|S =a)
Pr( Vi=1|S =a) Pr(Ri=r|S =e)

depends on the base rates

i

e Outcome stability asks the two outcome channels to be equal, so it also needs that same
factor to be one.



Relationship between Stability Assumptions

e Suppose instead measurement stability holds:
Pr(Ri=r|V =v,S5=e)=Pr(Ri=r|V/=v5=a).

e By Bayes' rule again, we can re-arrange for the outcome channel:

Pr(Vi =1|Ri=r,Si=e)=Pr(V/ =1|R =r S5 =a)
Pr(V=1|Si=e) Pr(Ri=r]|
Pr(V¥=1|S=a) Pr(Ri=r|

S;
S

i

depends on the base rates

e But differing base rates are exactly what we expect! The auxiliary sample was collected
somewhere else, at some other time.

- A government forest survey run in another part of Uganda.

- Mobile phone carrier data from Malawi matched to census year, with the predictor
deployed during COVID.



The Two Assumptions Are Incompatible

e Theorem (informal): suppose 0 < Pr(V*=1|S; =s) < 1 for s = e,a. Then outcome
stability and measurement stability can both hold only if
(i) the base rates agree, Pr(V =1|Si=e)=Pr(V:=1|S;=a); or
(i) the base rates differ and R; perfectly reveals V;*: there is a function h with
V¥ = h(R;) almost surely.



The Two Assumptions Are Incompatible

e Theorem (informal): with interior base rates, outcome stability and measurement
stability can both hold only if (i) base rates agree, or (ii) R; perfectly reveals V.

e Neither case is reasonable in practice:

- Equal base rates: the auxiliary sample was collected somewhere else, at some other
time — another part of Uganda, a census year before COVID.

- Perfect revelation: empirical benchmarks show that predictions are far from perfect.

e Incompatibility results are canonical in algorithmic fairness: sufficiency and separation
cannot both hold when base rates differ across groups (Kleinberg et al., 2017; Chouldechova,
2017; Pleiss et al., 2017).

- Stability assumptions are two definitions of what it means for a predictor to behave
the “same” way across samples.



The Two Assumptions Are Incompatible

e Theorem (informal): with interior base rates, outcome stability and measurement
stability can both hold only if (i) base rates agree, or (ii) R; perfectly reveals V.

e Neither case is reasonable in practice.
e Incompatibility results are canonical in algorithmic fairness: sufficiency and separation
cannot both hold when base rates differ across groups (Hardt et al., 2016; Kleinberg et al.,

2017; Chouldechova, 2017; Pleiss et al., 2017).

e Upshot: the two stability are alternatives. Researchers must choose and defend the
choice.



Using the Wrong Assumption

e The two bridges are alternatives, so the researcher must choose. What does it cost to
choose wrong?

e Target the empirical base rate 6. = Pr(V* = 1| S; = e), and write 0, for its auxiliary
counterpart.

e With 0 < 6, < 1, summarize how good the prediction is by its reliability in the auxiliary
sample,

. Var, {E [V | R, S; = a]}
B Var, (V)
- The share of the variation in V;* the prediction accounts for.
- For binary R;, this is Corra( V¥, R;)2.

€ [0,1].



Using the Wrong Assumption

e Reliability x = Var,{E[V/" | R;, S; = a]} /Var, (V) € [0, 1]; target .

e Theorem (informal): suppose measurement stability holds, but the researcher imputes
under outcome stability. Then,

00s =E[E[V/ |R,Si=a]|Si=¢e| =0.+x (0 — 0a).
e Theorem (informal): outcome stability holds, but the researcher inverts under
measurement stability. Then, for binary R; with ¥ > 0,

egﬁzeﬁee_"a_

e The choice matters exactly when the samples differ, which is exactly when the auxiliary
sample was needed.



Using the Correct Assumption

e Alsharif et al. (2026): semi-synthetic exercises illustrating a deforestation experiment in
the DRC, Brazil, and Indonesia

- R; is prediction from MOSAIKS embeddings: held-out AUC of 0.979-0.998.
- Measurement stability holds by construction.

- Distribution shift: a more heavily forested area is targeted for intervention than
auxiliary sample.

e Consider two data environments:
No experimental outcomes: 1,000 experimental units, 1,000 auxiliary-sample units.

Limited experimental outcomes: outcomes additionally retained for a 250-unit
validation subsample.

e Example: What happens when measurement stability holds?



Using the Correct Assumption

e Identification: exploiting measurement stability is approximately unbiased. Alternative
identifying strategies yield severely biased estimates.

Panel A. No experimental outcomes
DRC Brazil Indonesia

Normalized bias
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Using the Correct Assumption

e Precision: exploiting the auxiliary sample through measurement stability substantially
tightens standard errors.

Benchmark regression PPI: validation
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Using the Correct Assumption

e Example: what happens when measurement stability holds?
(i) Exploiting measurement stability is approximately unbiased. Alternative identifying

strategies yield severely biased estimates.
(i) Exploiting the auxiliary sample substantially tightens standard errors.

e Rambachan et al. (2026) provide two further empirical illustrations to an anti-poverty
program and crop-burning experiment in which measurement stability holds.

e There are large returns to exploiting the right stability assumption: both in terms of bias
and precision. How should researchers choose?



How Should Researchers Choose?

e There are large returns to exploiting the right stability assumption: both in terms of bias
and precision. How should researchers choose?

e Ask what generated the data: does the outcome produce the generated-measurement, or
does the generated-measurement merely predict the outcome?

e Post-outcome measurement: the realized outcome generates the measurement. For
example, a burned field reflects differently, a new building appears in the imagery.

- The mapping is physical, so it has a reason to hold elsewhere: start from
measurement stability (Rambachan et al., 2026).

- Threats are engineering: sensor, season, product vintage, processing pipeline
changing across samples.



How Should Researchers Choose?

e Post-outcome measurement: the outcome generates the trace, the mapping is physical —
start from measurement stability.

e Pre-outcome prediction: the signal is correlated / merely forecasts the outcome — phone
metadata, baseline characteristics, short-run surrogates.

- There is no physical mechanism to appeal to, and the link is a correlation: start from
outcome stability.

- Threats: treatment, institutions, or behavior changing how the signal predicts the
outcome.



How Should Researchers Choose?

e Another way to see the choice: which way does the causal arrow run? (Athey et al., 2026;
Rambachan et al., 2026).

outcome stability measurement stability
* *
’
Pre-outcome Post-outcome

surrogates remote sensing



Testable Implications and Sensitivity Analyses

e Measurement stability implies the empirical distribution of the prediction is a mixture:
Pr(Ri =r | VV,':W,S,':e)IZ Pr(Ri=r|Vi=v,W,=w,S =a)
XPr(Vi=v|W =wS5 =e).

Everything but the weights are observed, so the model has testable restrictions (Rambachan
et al., 2026):

e By contrast, outcome stability restricts Pr(V* = 1| R;, W;, S; = e) but V/* is never
observed when S; = e (Athey et al., 2026).

e Replace exact stability assumptions with a bounded violation, and report the identified set
or the breakdown violation that would overturn the conclusion (Rambachan et al., 2026; Fan
et al., 2026).



Stability as Model Behavior

e Ultimately, outcome stability and measurement stability are assumptions about how an
ML /Al measurement behaves when it is moved to another place or period.

e So we need an empirical answer: evaluation and benchmarking.

e Existing benchmarks evaluate remote-sensing predictors for their predictive performance
(Rolf et al., 2021; Proctor et al., 2025), but that is not the only metric of interest:
- A predictor can be shed inaccurate and still deliver an unbiased effect, or be quite
accurate and fail to deliver an unbiased estimate.

- Predictive performance does not inform which stability assumption is plausible.

e The answer may vary depending on outcome, by modality, and by the kind of transfer —
across space, time, institutions.



Al and Economics

e Al and machine learning are accelerating discovery across the sciences. What might that
look like in economics?

e These lectures offered one answer to this question: ML/AI let us attack the lamppost
problem, which limits economics in two ways:

We collect limited measurements from the settings we study.

Collecting high-quality measurements is costly, which limits the questions we can
study at scale.



Al as a Tool for Measurement

° We collect limited structured measurements — ML/AI provide the opportunity to

expand our aperture.
- Use ML and Al on unstructured data to discover what to measure and how it relates

to the quantities we care about — hypothesis generation.
- The "prescientific’ step can now be assisted, and sometimes automated. This is a
nascent and rapidly growing space.

° Measurement is costly — scale the measurements we would already defend.
- With a random validation sample: collect ground truth on a subsample and debias.
Credible measurement is a missing data problem.
- Without a random validation sample: many proxies for the same latent construct, or
measurements transferred from another sample. Credible measurement rests on
assumptions about frontier model behavior.



Measurement in the Age of Al

e Causal inference = unlocked new ways to see the world, and opened questions we could
not study before.

e And we built an econometric toolkit to go with it. Every method paired with an
assumption you defend:
- Difference-in-differences < defend parallel trends.

- Instrumental variables < defend exclusion, independence, monotonicity.

e ML/AI as tools for measurement = unlock new ways to see the world and open up new
questions we could not study before.

e We are building new toolkits that enable creative empirical research using ML/Al + new
data modalities while preserving rigorous downstream statistical conclusions.
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