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Abstract

LLMs make it cheap to measure a variable twice, which is what Obviously Related Instrumen-
tal Variables (ORIV) needs to correct measurement error. We show LLMs cannot provide the
second measure but can reduce how many humans must provide it. LLM errors are shared
across models and load on outcomes, and no number of LLM measures identifies the effect.
LLM twins overstate effects by 25 to 160 percent, and an LLM label doubles the effect of
toxicity on moderation. Retesting part of a random human sample and using LLM measures
as a correction cuts the human answers needed by 16 to 34 percent.
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1 Introduction

Economists increasingly use large language models (LLMs) to create variables. Models classify
news headlines, score the tasks in an occupation, and answer survey questions in place of people.!
Every such variable is measured with error, and error in a regressor biases its coefficient. Gillen,
Snowberg, and Yariv (2019) show how to remove this bias. Elicit the variable twice and run ORIV,
in which each measure instruments the other in a stacked regression.> The cost of the method is the
second elicitation, and LLMs seem to make it free. A researcher can ask a second model, rephrase
the prompt, or sample the same model again.

This paper shows that the shortcut fails but that LLMs remain useful in a different role. They
cannot provide the second measure, but they can reduce how many humans are needed to provide
it. The failure is large. In Twin-2K-500 (Toubia et al., 2025), ORIV with two LLM “digital twins”
as the duplicate measures overstates the effect of a trait on a human outcome by 25 to 160 percent.
In 28,188 online comments rated by crowds, an LLM toxicity label doubles the estimated effect of
toxicity on moderation, from 0.14 to 0.29.

The failure turns on one assumption. ORIV requires the errors in the two measures to be in-
dependent of each other and of the outcome. Human duplicates satisfy it reasonably well, because
the noise in a person’s answer today is unrelated to the noise in the same answer two weeks later.
LLM duplicates violate it in two ways. Their errors are shared, because models are trained on
overlapping text, aligned with similar methods, and given the same prompt.> Their errors also load
on the outcome, because a model reads the same cues that drive the outcome. We derive the bias
that each violation causes and then prove a stronger result (Section 2). Once LLM errors may load
on the outcome, no number of LLM measures identifies the effect (Proposition 5). More models,

reruns, or prompts cannot fix this. Only a measure that does not see the outcome can.

‘Examples include the sentiment of financial news headlines (Ludwig, Mullainathan, and Rambachan, 2025), the
cognitive content of occupational tasks (Espinal Maya, 2026), and simulated survey respondents (Horton, 2023; Argyle
et al., 2023). Dell and Rambachan (2026) review these uses.

’The instrument is “obviously related” to the regressor because both measure the same variable. Stacking uses
both IV estimates at once and removes the arbitrary choice of which measure to instrument.

3The prompt is itself a source of common error. Two models from different developers that receive the same
wording share any distortion the wording introduces.



We test the theory in three settings. The first is Twin-2K-500, which surveys 2,058 people, asks
the same questions again two weeks later, and releases LLM twins that answer as each person. It
therefore provides both a human retest and LLM duplicates of the same answers.* Twins from
different developers share 77 to 88 percent of their errors on purchase decisions, as much as twins
from the same developer. Their personas also contain the outcomes, so their errors load on the
outcomes, and ORIV with two twins overstates the effects. The second setting is the comments
data, where the LLM sees only the text. Its label still loads on the outcome, because it picks up
what moderators reject beyond what raters call toxic. In the third setting we build new twins with
Claude Haiku 5.5 from personas that withhold risk attitudes and altruism, so the model never sees
the trait. These twins barely measure it, with validities of 0.03 and 0.09, yet in one arm they
reproduce the human effect of altruism on empathy. Matching a human estimate is therefore no
evidence that an LLLM measures the trait.

The positive result is a design that keeps humans as the source of identification and uses LL.Ms
to lower its cost (Section 5). It rests on three results. First, one human answer per person is not
enough. Correcting a single answer with LLM measures, as in prediction-powered inference (An-
gelopoulos et al., 2023), makes the estimate more precise but leaves it attenuated. Its confidence
interval therefore misses the truth more often as the sample grows (Proposition 7). Second, only
part of the sample needs to answer twice. The first answer already predicts most of what the sec-
ond adds, so the cheapest design asks a random sample once and a random third to half of it again
(Proposition 8). Third, LLM measures should enter the estimator only as a correction with mean
zero. In this role their bias cannot affect the estimate, and they reduce the number of humans
needed by the share of the sampling variance they explain (Proposition 6). Two further results
complete the design. We derive the lowest variance that any estimator can reach with these data
(Proposition 9), and we show whom to ask again. At a given cost, retests should go to the people

whose outcome and first answer disagree most (Proposition 10).

“Toubia et al. (2025) evaluate twins by item-level accuracy. They report an average of 71.7 percent for twins against
81.7 percent for the human retest. Section 4 and Appendix C use person-level scores as well, because a regression
uses the score and not the item.



The savings are substantial and do not require good LLMs. In Twin-2K-500, estimating the
effect of policy liberalism with a standard error of 0.03 takes 594 human answers when everyone
is asked twice. Asking 340 people once and 113 of them again takes 453. Correcting with the
persona data brings this to 394, a third fewer. The twins add nothing here, because a regression on
the persona extracts more from the same data than the models do. In the comments data nothing
but the text is observed for every comment, and the LLM label becomes the useful correction. It
explains 18 percent of the sampling variance, against almost nothing for a text classifier trained
on 2,000 rated comments, and raises the saving in human ratings from 16 to 24 percent for $54 of
model calls. Targeting the retests cuts the variance of the moderation effect by a further 37 percent
at the same budget. When the twins carry no information, as for risk and altruism, the design loses
nothing.

The practical message is simple. Do not use an LLM measure as a duplicate, whether of another
LLM measure or of a human answer. Ask a random human sample once and part of it twice.
Use LLM measures, and anything else observed for everyone, to correct the human estimate, and
measure in a pilot how much they help before paying for them.

The paper relates to three literatures. The first studies measurement error with repeated mea-
sures, from Spearman (1904) to the ORIV estimator and its applications to economic preferences
and polygenic scores (Bokern et al., 2023; van Kippersluis et al., 2023).5 The second studies
inference with variables generated by machine learning and LLMs (Ludwig, Mullainathan, and
Rambachan, 2025; Duan and Pelger, 2026; Egami and Shin, 2026; Canen and Enamorado, 2026;
Dell and Rambachan, 2026). Most of these papers treat human labels as the truth, and Egami and
Shin (2026) combine several imperfect LLM labels without any human labels. We instead treat
human answers as measured with error and keep them as the source of identification. Human data
must then correct both the LLM bias and the human error, and we apply the logic of prediction-

powered inference (Angelopoulos et al., 2023) and two-phase sampling to an ORIV estimand.

Spearman (1904) proposed dividing a correlation by the square root of the product of the two reliabilities. Fuller
(1987) treats the general errors-in-variables problem. Chapman et al. (2023) apply corrections of this kind to a large
set of economic preferences.



Closest to us, Espinal Maya (2026) applies ORIV to scores from two LLMs under the assumption
that their errors are independent. We test that assumption and find that it fails. The third litera-
ture uses LLMs as simulated subjects (Horton, 2023; Argyle et al., 2023; Bisbee et al., 2024; Park
et al., 2024), and we bring the measurement design of Gillen, Snowberg, and Yariv (2019) to that
setting.®

Section 2 sets out the framework and reports simulations. Sections 3 and 4 present the Twin-
2K-500 data and the evidence on LLM duplicates. Section 5 develops the design that combines
human and LLLM measures, Section 6 applies it to crowd ratings of online comments, and Section

7 concludes.

2 Framework

2.1 Measurement Error and ORIV

A researcher wants the coefficient  in a regression of an outcome y on a latent variable x*,

yi=0o+Bx; +&. (1)

The variable x* is never observed. Instead the researcher has measures x;; = x; + ey for k =
1,...,K. These could be two elicitations from the same person, scores from two models, or one of

each.

Assumption A Each error has mean zero and is uncorrelated with x*, with €, and with every other

error.

Under Assumption A, OLS on a single measure converges to SA,, where A, = ze* / (0}2* + Geza )

%Qvergoor, Knight, and Bart (2025) show that correcting LLM labels toward a single human label corrects toward
an attenuated target, and they use a second human rater as an instrument. Our retest plays the same role, and the
two-phase design shows that the second rater is needed only for part of the sample.



is the reliability of measure a.” Instrumenting x, with x;, gives
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lim By = = = , 2
plim v Cov(xg,xp) 02 + Cov(eq, ep) @

which equals B when the two errors are uncorrelated. ORIV stacks the data so that each measure
is instrumented by the other and estimates one coefficient with standard errors clustered by person
(Gillen, Snowberg, and Yariv, 2019).2 With K > 2 measures, each measure is instrumented by all
the others, and the model is overidentified.’

Equation (2) carries the main point of this section. The correction depends on one number,
the covariance between the two errors. It does not depend on how accurate either measure is. An
accurate model whose errors are shared with another model is a worse instrument than a noisy

model whose errors are its own.

2.2 Errors Shared across Models

We decompose the error of model m on replicate r into a part common to all models, a part specific

to the model, and sampling noise, €;, = ¢; + dim + Wimr-

Proposition 1 Let x, and x, come from different models. Then ORIV converges to Bo2 /(o2 +

Gf ). If x, and x;, are two replicates of the same model, 63 is replaced by GCZ + 65.

ORIV therefore always lies between OLS and f3. It removes idiosyncratic noise and treats the
shared error as signal, so it estimates the effect of the models’ consensus x* + ¢ and not the effect
of x*. Reruns of one model are the weakest duplicates because they also share the model-specific
error. The shared variance 6> cannot be recovered from LLM measures alone. It requires one

measure from outside the family of models, such as a human retest.

"The reliability ratio is the share of the variance of a measure that is signal. A measure with reliability 0.6 attenuates
every coefficient on it by 40 percent.

8Each person appears twice in the stacked data, once with x, instrumented by x;, and once with x;, instrumented by
x4. Each copy has its own intercept. Stata and R code is available at github.com/geighei/ORIV.

9The overidentification test checks whether all measures share one latent factor with mutually independent errors.
With LLM measures, a rejection is direct evidence of shared error.



2.3 Compressed Scales

LLMs avoid extreme answers and differ in how much they do so. We model this as x;,, = (1 —
Km )X} + Uim, Where &, > 0 means model m compresses the scale. The error is now correlated with

x*, and IV converges to /(1 — k), the coefficient per unit of the model’s own scale.

Proposition 2 The standardized effect oy~ is identified from three covariances, whatever the

values of K, and Kp,

[3 Op = \/COV(y,xa) COV(y7xb) . (3)

B Cov(xg,xp)

The unknown scales enter the numerator and the denominator in the same way and cancel.
This is the identification of a one-factor model with congeneric measures (Joreskog, 1971).1°
We use equation (3) throughout as the standardized ORIV estimator. The one-direction version

Cov(y,xp)/+/Cov(xa,xp) is correct only when the two models compress the scale equally.

2.4 Binary Labels

Let x* € {0,1} with P(x* = 1) = &, and let model m label a true 0 as 1 with probability p,, and
a true 1 as 0 with probability ¢,,. A true 1 can only be mislabeled downward, so the error is

negatively correlated with x* and never classical.!!

Proposition 3 If mislabeling is independent across models conditional on x*, then

B

I—Pa—%.

Bous — pLL—Pe_da) TU 1)

Var(x,) @

< ﬁ < ﬁ]V =

ORIV overshoots, and OLS and ORIV bound B from below and above. With three or more

labels 3 is point identified.!?

10Measures are congeneric when they load on the same factor with possibly different loadings and error variances.
The loadings appear once in the numerator and once in the denominator of equation (3).

1 Aigner (1973) first showed that misclassification of a binary regressor is never classical. Kane, Rouse, and Staiger
(1999) and Black, Berger, and Scott (2000) show that IV with a second misclassified measure overcorrects.

12Mahajan (2006) and Hu (2008) give identification results with additional measures. Egami and Shin (2026) apply
this logic to labels from several LLMs without gold-standard labels.



2.5 Errors That Load on the Outcome
Suppose the model reads cues that also drive the outcome, so that e, = §€ + iy, for every model k.

Proposition 4 When the uy are independent, ORIV converges to

BoZ + 802
2 2
o% + 02%0;

®)

For B = 6% = 02 =1 this is (1+8)/(1+ 82), which exceeds I for 0 < 8 < 1 and falls below 1
ford <0ord > 1.

The bias does not shrink as models are added, because every model carries the same &. It
also survives pairing a model with a human measure whenever the estimator uses Cov(y,x;). An
instrument removes measurement error in a regressor. It cannot remove a correlation between the

regressor’s error and the outcome that the regressor’s own covariance with y carries.

2.6 What LLM Measures Alone Cannot Identify

Propositions 1 to 4 describe biases for given error structures. A stronger question is whether any
amount of LLLM data, however many models and runs, can recover p when the error structure is
unknown. Let each LLM measure be 1, = kx* + &€ +c+u; for k=1,...,K, with a common

error ¢, model-specific errors uy, and loadings & on the outcome shock, all unrestricted.

Proposition 5 (i) For any K, the means and covariances of (y,t1,...,tx) are the same for every
value of p in (—1,1), and so is their joint distribution when (x*,€) are jointly normal. The identi-
fied set for p is the whole interval. (ii) If instead & = 0 for every k, K > 3, and the loadings K are
nonzero with ratios K./ ; that are not all equal, |p| is identified even when the error c is shared,
and so is p once one measure is known to rise with the trait. (iii) Two human measures whose

errors are independent of each other, of €, and of the LLM errors identify p whatever the ty.

The proof is in Appendix A. Part (i) holds because the outcome and the LLM measures span

the same two latent directions, and any direction other than y itself can be relabeled as x* with the

7



remainder of y relabeled as €. The LLM data cannot tell the trait from the outcome shock once the
models are allowed to read both. Part (ii) shows that shared error alone is a smaller problem than
outcome loading, because a factor model with three or more heterogeneous models separates the
trait from the common error. Part (i) concerns second moments, which is all that covariance-based
methods such as ORIV use. With non-normal latent variables, higher moments can in principle
separate the trait from the outcome shock (Reiersgl, 1950), but only under restrictions on the
shapes of distributions that nothing about LLLM errors makes plausible. Part (iii) is why the rest
of the paper keeps humans in the design. Outcome loading is a property of what the model sees,
so it cannot be ruled out from LLM data, and only measures that do not see the outcome restore

identification.

2.7 Monte Carlo Evidence

We simulate each case with f = 1, Var(x*) = 1, y = x* + € with & standard normal, n = 2,000,

and 500 replications per design point.'?

Every simulated estimate is within 0.015 of the value the
corresponding proposition implies.

Figure 1 fixes the reliability of each LLM measure at 0.6 and varies the share of its error
variance that is common to all models. Half of the remaining error is specific to the model and
half is sampling noise. A rerun shares the model-specific part. A second model does not. With no
shared error, ORIV across two models recovers 3. As the shared share rises, ORIV falls toward
OLS and reaches it when all error is shared. Reruns of one model never get above 0.75. A single
human measure used as the instrument recovers f3 at every level of sharing.

With a binary truth and a 10 percent misclassification rate in each direction, OLS converges

to 0.80 and ORIV to 1.25. At 25 percent, the two bounds are 0.50 and 2.01. A two-class latent

class model fitted to three labels recovers 8 within 0.01 at every rate up to 25 percent.!* When

3The simulation code fixes the random seed and is part of the replication package.

14We fit the latent class model by EM (Dempster, Laird, and Rubin, 1977) on the three labels alone and regress
y on the posterior probability that x* = 1. The difference between x* and this probability is uncorrelated with the
probability, so it does not attenuate the slope.
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Figure 1. ORIV and Errors Shared across Models

Notes: Monte Carlo with § = 1, Var(x*) = 1, reliability of each LLM measure 0.6, n = 2,000, and 500
replications per point. The dotted line is the true .

one model compresses the scale by Kk = 0.5 and the other does not, raw-unit ORIV converges to
1.50, the one-direction standardized estimator falls to 0.71, and equation (3) stays between 0.999
and 1.001. When both models load on the outcome shock with = 0.2, ORIV converges to 1.15.
With 6 = —0.2 it converges to 0.77. In both cases IV with a human measure returns 1.00.

Table 1 reports ORIV inference at n = 500, a typical size for the human subsample of Section
5. Coverage is close to nominal down to a reliability of 0.15, where the first-stage F' statistic is

about 12. Below that the instruments are weak. !>

3 Data

Toubia et al. (2025) surveyed 2,058 US adults in four waves between January and February 2025.

I5Staiger and Stock (1997) suggest a first-stage F statistic of 10 as a threshold. Our F statistic is cluster-robust and
comes from the stacked first stage.



Table 1. ORIV Inference at n = 500

Reliability of Median Median ORIV Coverage of

each measure first-stage F estimate 95 percent interval
0.90 11,365 1.00 0.942
0.60 446 1.00 0.956
0.30 55 0.99 0.958
0.15 12 0.99 0.934
0.10 5 0.98 0.886
0.05 1 0.74 0.826

Notes: Monte Carlo with § = 1 and 500 replications. Standard errors are
clustered by person in the stacked regression.

Waves 1 to 3 cover demographics, 19 personality scales, cognitive tests, economic preferences, and
a set of heuristics-and-biases experiments. Wave 4, two weeks after wave 3, repeats the heuristics-
and-biases items and a pricing study under the same conditions. The data are public under a CC
BY 4.0 license.

Each twin receives a persona built from one person’s waves 1 to 3 answers and predicts that
person’s wave 4 answers.'® We use four twins: GPT-4.1-mini with a text persona, GPT-4.1 with
the same persona in JSON format, Gemini 2.5 Flash with a text persona, and GPT-4.1-mini with
a persona that contains only demographics. For each person we therefore have six measures of
every repeated item: the original human answer (/7), the retest two weeks later (/;), and four twin
predictions of &;.

We build three person-level scores, the same way from each of the six sources. Purchase
propensity is the share of 40 grocery products the person would buy at the stated price.!” Policy
liberalism is mean support on a 1 to 5 scale for ten policies, such as a carbon tax and paid family
leave, with the two conservative policies reverse coded. Perceived public support is the mean share
of the public that the person believes supports the same ten policies. Two outcomes come only

from the human waves 1 to 3 data. The spendthrift index averages the standardized answers to four

16The four twins differ in model, in the format of the persona (text or JSON), and in its content (all waves 1 to 3
answers or demographics only). We use the twin predictions released with the data and do not rerun any model.
7Each product appears once per wave with a stated price. The score therefore runs from 0 to 1 in steps of 0.025.

10



Table 2. Means and Standard Deviations by Source

Source Purchase propensity Policy liberalism
Human, wave 4 0.44 (0.17) 3.62 (0.85)
GPT-4.1-mini 0.30 (0.10) 3.73 (1.10)
GPT-4.1 0.41 (0.13) 3.85(0.98)
Gemini 2.5 Flash 0.60 (0.12) 3.60 (1.51)
GPT-4.1-mini, demographics only 0.71 (0.17) 4.51 (0.51)

Notes: Means with standard deviations in parentheses. N = 2,058.

items of the tightwad and spendthrift scale of Rick, Cryder, and Loewenstein (2008).'® Political
views is self-placement on a five-point scale from very conservative to very liberal.

Table 2 shows that the twins do not answer on the human scale. GPT-4.1-mini compresses
purchase propensity to about half the human standard deviation. Gemini stretches policy liberalism
to almost twice the human standard deviation. The demographics-only twin places the average
person close to “liberal” on every policy. These differences are the k;,, of Section 2, so we report

every effect in standardized units using equation (3).

4 Results

All intervals in this section are 95 percent percentile intervals from 1,000 bootstrap draws over

people.'?

4.1 Humans Are Reliable and Twins Are Weakly Valid

The first column of Table 3 reports the correlation between the original answer and the retest. The
remaining columns report the validity of each twin, defined as its correlation with the stable human

trait,
Cov(t,h
validity(r) = ovlths) ©6)
\/Cov(hy,hy) Var(t)

8The four items are self-placement from tightwad to spendthrift on an 11-point scale, trouble limiting spending,
trouble spending (reversed), and similarity to a shopper who cannot resist a sale (reversed).

9Each draw resamples people with replacement and recomputes every statistic, including the human benchmark.
The intervals therefore account for the correlation between the estimators being compared.

11



Table 3. Human Reliability and Twin Validity

Human Twin validity
Score retest GPT-4.1-mini GPT-4.1 Gemini Demographics
Purchase propensity 0.86 0.22 0.18 0.24 0.10
Policy liberalism 0.92 0.75 0.72 0.73 0.63
Perceived public support  0.63 0.38 0.35 0.27 0.33

Notes: Human retest is the correlation between waves 1 to 3 and wave 4. Twin validity is the correlation
of the twin score with the stable human trait. Every 95 percent bootstrap interval is narrower than 4-0.06.
N =2,058.
The numerator uses the retest, so it does not depend on whether the twin saw the original answer.

Twins capture most of a person’s politics and little of their shopping. Personas built from earlier

answers beat demographics alone for both scores.

4.2 Twins Do Not Copy Earlier Answers

A twin that reproduced the noise in a person’s earlier answer would covary more with /4 than with
hy. We measure this as 1 — Cov(z,hy)/Cov(t,h;). Across the twelve combinations of twin and
score, the measure lies between —0.15 and 0.02. For policy liberalism every interval lies within
0.035 of zero. The twins track the stable part of the human answer and not its noise, which is the

pattern we would see if the repeated items were withheld from the persona.

4.3 Twins Share Most of Their Errors

Under Assumption A, the covariance between two twins equals

COV(l‘a,hz) COV(l‘b,hz)
COV(/’ll,/’lz)

(7

The excess over this benchmark is shared twin error, the 62 of Proposition 1. Table 4 reports
it for all six pairs of twins. The share is the same for twins from one developer (GPT-4.1-mini
and GPT-4.1) and from two developers (either one and Gemini). It is also the same when one

of the twins saw only demographics. The shared error therefore comes from beliefs the models

12



Table 4. Shared Error between Twins

Correlation Share of twin covariance not

Score between twins explained by the human trait
Purchase propensity 0.09 to 0.32 0.77 to 0.88
Policy liberalism 0.77 to 0.94 0.40 to 0.43
Perceived public support  0.65 to 0.88 0.84 to 0.87

Notes: Ranges across the six pairs of twins. The share is 1 —

Cov(ty,h2) Cov(ty,hy)/[Cov(hy,hy) Cov(ty,tp)]. N =2,058.

hold in common about people like the persona, and not from the persona text or from a particular

developer.

4.4 Twin Duplicates Overstate Effects

We now use each score as a regressor and ask whether twin duplicates recover the effect that the
human retest recovers. Table 5 and Figure 2 report standardized effects. The human benchmark is
ORIV on A and h;. Because humans are reliable, it exceeds OLS on 4, by only 5 to 10 percent.
Single twins miss in both directions, from 0.06 to 0.37 for purchase propensity. ORIV on two twins
lands above the benchmark for every pair, at 0.27 to 0.53 against 0.20 for purchase propensity and
at 0.90 to 0.92 against 0.73 for policy liberalism.

The mechanism is Proposition 4. Each persona contains the person’s answers to the spendthrift
items and their political views. The twin therefore infers purchase propensity and policy positions
partly from the outcome, and its error loads on the outcome. The demographics-only twin reaches
the same place by another route, since demographics predict both its answer and the outcome.
Pairing a twin with the human retest leaves the bias in place, because the estimator still uses the

twin’s covariance with y.

4.5 Reruns, Fine-Tuning, and Published Benchmarks

Two further sets of results are in the appendix. Appendix B uses three more twin versions released

with Twin-2K-500. Two runs of the same model share 95 percent of their purchase error, more

13



Table 5. Standardized Effects with Human and Twin Duplicates

Estimator

(1
Purchase propensity
on spendthrift index

2
Policy liberalism
on political views

Panel A. Human measures

OLS, retest

ORIV, original and retest
Panel B. OLS on one twin

GPT-4.1-mini
GPT-4.1

Gemini 2.5 Flash
Demographics only

Panel C. ORIV on two twins
GPT-4.1-mini and GPT-4.1

GPT-4.1 and Gemini

GPT-4.1-mini and Gemini

0.182[0.143, 0.221]
0.201 [0.158, 0.240]

0.168 [0.127, 0.212]
0.136 [0.090, 0.181]
0.368 [0.326, 0.408]
0.063 [0.020, 0.105]

0.269 [0.204, 0.334]
0.434 [0.356, 0.502
0.525 [0.449, 0.597

0.693 [0.669, 0.716]
0.725 [0.702, 0.747]

0.890 [0.881, 0.899]
0.868 [0.857, 0.879]
0.887[0.879, 0.894]
0.737 [0.718, 0.754]

0.911 [0.903, 0.920]
0.915 [0.908, 0.922]
0.914 [0.908, 0.921]

GPT-4.1 and demographics only 0.304 [0.159, 0.444] 0.912[0.902, 0.923]
Gemini and demographics only 0.439 [0.264, 0.557] 0.904 [0.895, 0.913]

Panel D. ORIV on one twin and the human retest

GPT-4.1-mini 0.393 [0.321, 0.479] 0.924
GPT-4.1 0.391 [0.302, 0.481] 0.932
Gemini 2.5 Flash 0.556 [0.485, 0.632] 0.937 [0.926, 0.947]
Demographics only 0.353[0.195, 0.500] 0.918 [0.898, 0.935]

]

] [
GPT-4.1-mini and demographics only 0.309 [0.168, 0.433] 0.908 [0.898, 0.919]

] [

] [

0.912, 0.935]
0.920, 0.944]

—

Notes: Standardized effects (standard deviations of the outcome per standard deviation of the trait).
OLS rows report the correlation. ORIV rows use equation (3) divided by the standard deviation
of the outcome. Brackets contain 95 percent bootstrap intervals from 1,000 draws over people.
N =2,058.
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A. Purchase propensity B. Policy liberalism
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ORIV, human retest - + R +
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OLS, Demographics only 1 —O— e —o—
ORIV, GPT-4.1-mini + GPT-4.1 A + E

ORIV, GPT-4.1 + Gemini - —— .

* ¢ ¢

ORIV, GPT-4.1-mini + Gemini —— h

ORIV, Gemini + demographics only - —_— R L 2

0.0 0.2 0.4 0.6 0.7 0.8 0.9
SD of outcome per SD of trait  SD of outcome per SD of trait
Figure 2. Effects Estimated with Human and Twin Duplicates
Notes: Panel A regresses the spendthrift index on purchase propensity. Panel B regresses political views on
policy liberalism. Squares mark the human benchmark (ORIV on the original answer and the retest), whose

interval is the shaded band. Hollow circles are OLS on one twin and diamonds are ORIV on two twins. Lines
are 95 percent bootstrap intervals.

than any pair of developers, and ORIV on them barely moves OLS, as Proposition 1 predicts for
replicates. A twin fine-tuned on 500 people is less over-coherent but also much less valid, so fine-
tuning trades shared error for noise. Appendix C compares every statistic with published estimates.
Measured by item accuracy, our twins reach 80 to 85 percent of the human retest on purchases, in
line with the 86 to 88 percent reported by Toubia et al. (2025) and Park et al. (2024). Measured at
the level of the person, which is what a regression uses, they recover only 11 to 25 percent of the
retest correlation. Item accuracy rewards predicting the common answer, and a regression needs

differences between people.
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S Combining Human and LLLM Measures

LLM measures fail as duplicates of each other. This section asks what they can still do, and what
a study that corrects measurement error with human answers should look like. The answer has
three parts. A single human answer cannot do the job of two, even when it is combined with LLM
measures for everyone. Two answers are needed, but only from a fraction of the people in the
human sample. And information observed for everyone, including LLM twins, lowers the number
of humans needed by the share of the sampling variance it explains, which in our data is small for
the twins and larger for the persona data they were built from.

The results of this section are of two kinds. Propositions 1 to 5 and 7, and the consistency of
every estimator below, are statements about probability limits that hold for any random sample.
The variances in Propositions 6, 8, and 9, the optimal shares in Proposition 8, and the retest rule in
Proposition 10 are first-order approximations that hold as the human sample grows. Assumption
B in Appendix A.12 states the conditions for these approximations when the corrections are esti-
mated: independent draws, retest probabilities known and set before the study sample is drawn,
finite fourth moments, Cov(h,,hp,) > 0 and p # 0, and corrections that are least-squares projec-
tions or cross-fitted predictions. Theorem A1l gives the limit distribution under these conditions,

and Section 5.5 measures how good the approximation is with 50 to 200 humans.

5.1 The Hybrid Estimator

Suppose the outcome y and the LLM twins 71, ...,7x are available for all N people in a sample,
as they are in a survey or an administrative file. Two human measures s, and A, of the regressor,
such as an answer and a retest, are collected only for a random subsample of n people. Let p,
be the standardized ORIV estimate of equation (3) on the subsample, which is what a study with
only these humans would report. The hybrid estimator corrects it with the information observed

for everyone,

A

Pr = Pn— AN (81— 3N), (®)
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where g; collects five functions of person i’s outcome and twins: #;, y;, Vif;, t_l-z, and }71'2’ with y; the
demeaned outcome and #; the average of the standardized twins. The bars denote means over the
subsample and over the full sample. The coefficient A comes from a regression, in the subsample,
of the influence function of P, on g. In practice we correct each of the covariances in equation (3)
with g and then combine them, which is the same estimator to first order and remains stable when

the effect is close to zero.

Proposition 6 Let the subsample be a simple random sample and let h, and hy, satisfy Assumption
A. For any joint distribution of the twins with the latent variable, the outcome, and the human

errors, Py is consistent for the standardized effect p and asymptotically normal with variance

1—-R*> R?
Vi p +ﬁ, 9)

where Vy, is the variance of the influence function of p, and R? is the share of it explained by

g. A study that measures only humans needs ny people for the same precision, where n = (1 —

R*)ny /(1 —R?ny /N).

The proof is in Appendix A. The twins enter equation (8) only through a term with mean zero,
so their shared errors and their loading on the outcome cannot bias the estimate. Humans correct
the measurement error. The twins only reduce the number of humans needed. When the full sample
is much larger than the subsample, the share of human answers saved is R?. This R? refers to the
influence function, which depends on products of the outcome and the human answers, and not to
the human answer alone. A twin can predict the human answer well and still explain little of V.
A pilot that collects both human answers from a few hundred people measures R? directly.

We test the hybrid estimator on the data of Section 4. The outcome and the four twins are
kept for all 2,058 people. For a random subsample of n people we keep both human answers
and hide them for everyone else, and we draw 1,000 subsamples for each n. The benchmark is
the human estimate on all 2,058 people. Both estimators are centered on the benchmark at every

subsample size. The largest gap between the average hybrid estimate and the benchmark is 0.007,
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against a bias of 0.07 to 0.32 when ORIV uses two twins as duplicates of each other. Controlling
for demographics does not rescue the twin-only estimates. With 13 demographic variables as
controls, ORIV on two twins puts the policy effect at 0.81 to 0.88, against a human benchmark of
0.47 with the same controls. Controls cannot remove outcome loading when the persona contains
the outcome itself.

The precision gain is small. For policy liberalism, where the average twin correlates with the
human answer at .74, the twins explain 11 percent of the sampling variance of the human estimate
and save 9 to 10 percent of human answers. For purchase propensity, where that correlation is 0.28,
they save 1 to 2 percent. At about £2 per human answer on Prolific and $0.04 per person for four
model calls, twins for all 2,058 people roughly pay for themselves for policy liberalism, where
they lower the cost of a study with a standard error of 0.03 by 4 percent, and cost more than they
save for purchase propensity. Inference requires a minimum number of humans. With 50 humans
the 95 percent interval of the hybrid covers the benchmark 83 percent of the time, with 100 humans
90 to 91 percent of the time, and from 200 humans on between 93 and 100 percent of the time.

Section 5.5 gives intervals that keep their level with fewer humans.

5.2 One Human Answer Is Not Enough

A tempting shortcut is to collect one human answer from more people and correct it with LLM
measures for everyone. This is prediction-powered inference with the human answer as the label
(Angelopoulos et al., 2023). A second shortcut uses the human answer and an LLM measure as

the two duplicates of ORIV.

Proposition 7 Let h, satisfy Assumption A with reliability A,. (i) The correlation of y with h,, with
or without a correction of the form in equation (8), converges to p\/ 2. (ii) Equation (3) with h,
and an LLM measure t as the two duplicates converges to p only if 562 = B Cov(u,e,), where 8¢
is the part of the error in t that loads on the outcome and u the rest. When the errors in t and h,

are uncorrelated, this requires & = 0.
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The correction removes noise and leaves the limit unchanged. Part (1) is the point that Overgoor,
Knight, and Bart (2025) make for LLM labels of television advertisements, where human labels are
themselves a noisy benchmark. More LLM measures and a larger full sample make the attenuated
estimate more precise, so its confidence interval covers the truth less often as the study grows. Part
(i1) follows from Proposition 4. A twin that loads on the outcome biases the mixed estimator even
when its partner is a human.

Table 6 compares the estimators at a fixed budget of human answers. Panel A simulates a trait
with human reliability 0.6 and a true standardized effect of 0.5, with three LLM measures that
share an error and load on the outcome (Appendix Table A4). With 400 answers, one answer per
person converges to 0.39, which is 0.51/0.6. Prediction-powered inference makes the estimate
more precise and lowers coverage from 24 to 16 percent. The mixed estimator converges to 0.64.
Every design with two human answers is centered on 0.50 with coverage between 92 and 94 per-
cent. Panel B repeats the exercise in Twin-2K-500 with 800 human answers. Human reliability
there is 0.86 to 0.92, so one answer is attenuated by only 0.01 to 0.03. For purchase propensity
this bias is smaller than the sampling error, and one answer has the lowest error of all designs. For
policy liberalism the bias dominates. The interval of the corrected one-answer estimate covers the
benchmark 77 percent of the time with 800 answers and 29 percent of the time with 2,000 (Figure

3). The mixed estimator puts the two effects at 0.46 and 0.93, against 0.20 and 0.73.

5.3 Who Needs to Answer Twice

The second human answer is needed to measure how noisy the first one is. That does not require
a second answer from everyone. Let a random subsample S; of n; people give one answer and a
random subsample S, of ny of them give a second. Moments observed on S; are corrected with
information observed for everyone, as in equation (8). Moments observed only on §; are corrected
with information observed on S, which includes the first answer. This is the regression estimator

of two-phase sampling applied to the five moments of equation (3).

Proposition 8 Ler S» C S| be nested random samples and let h, and hy, satisfy Assumption A. For
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Table 6. One and Two Human Answers at a Fixed Budget

A. Simulation B. Twin-2K-500
p =0.50 Purchase (0.20) Policy (0.73)

Design Mean RMSE Cover Mean RMSE Cover Mean RMSE Cover
One answer, humans only 0.39 0.120 024 0.19 0.027 097 0.70 0.028 0.82
One answer, corrected with 0.39 0.118 0.16 0.19 0.025 098 070 0.027 0.77
LLM (and persona) data
One answer and one LLM 0.64 0.148 020 046 0.267 0.00 0.93 0.206 0.00
measure as duplicates
Two LLM measures, no humans 0.60 0.097 0.00 0.38 0.179 . 091 0.186 .
Two answers, humans only 0.50 0.066 094 020 0.044 096 0.73 0.024 0.96
Two answers, corrected with 050 0.060 093 020 0.043 095 0.73 0.022 0.95
LLM twins

Some answer twice, corrected 0.50 0.061 092 020 0.032 098 0.73 0.018 0.98
with LLM (and persona) data

Notes: Mean, root mean squared error, and coverage of the 95 percent interval of the standardized
effect. Panel A: 1,000 simulated populations of 2,000 people, human reliability 0.6, a budget of 400
human answers. Panel B: 300 random subsamples of the 2,058 Twin-2K-500 participants, a budget
of 800 human answers, with the full-sample human estimate (in parentheses) as the benchmark. One
answer uses 800 people (400 in Panel A), two answers use 400 (200), and the two-phase design of
Proposition 8 uses 586 people of whom 214 answer twice for policy liberalism (619 and 181 for
purchase propensity, 230 and 170 in Panel A). In Panel B the correction uses the twins and a cross-fitted
prediction from persona data, in Panel A the three LLM measures. Two LLM measures average over
the six pairs of twins. The twin-only estimate has no sampling variation from humans, so coverage is
not reported.

any auxiliary information observed for everyone, the two-phase estimator is consistent for p with

variance

1—-R? R*-R: R?
V Ly 1L 049, 10
lI/< n» + ni + N ( )

where R(z) is the share of Vy explained by information observed for everyone and R% the share
explained once the first answer is also known. If a first answer costs ¢y and a second costs c;, the

cheapest design for a given precision sets

(1)

whenever this ratio is below one, and has everyone answer twice otherwise.

The proof is in Appendix A. With n; = n; the variance reduces to that of Proposition 6. The first

answer predicts most of what the second adds, because both measure the same trait with similar
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Table 7. Human Answers Needed for a Standard Error of 0.03

Purchase propensity Policy liberalism

Once Twice Saved Cost Once Twice Saved Cost

Humans only, everyone twice 0 1,040 . 5,551 0 297 . 1,588
Corrected with LLM twins, 0 1,034 1% 5,605 0 278 7% 1,567
everyone twice

Corrected with twins and persona 0 1,001 4% 5,427 0 242 19% 1,376
data, everyone twice

Some twice, humans only 878 351 24% 4,219 227 113 24% 1,210
Some twice, corrected with 816 348 27% 4,038 182 106 34% 1,052
persona data

Some twice, corrected with twins 844 347 26% 4,191 186 106 33% 1,145
and persona data

Notes: People who answer once and twice, the share of human answers saved relative to a human-only study,
and the total cost in dollars, from Propositions 6 and 8 with Vi, estimated on all 2,058 people. R% is measured out
of sample as one minus the ratio of the sampling variances of the corrected and human-only estimators across
random subsamples of 300 people, with any prediction trained on those 300 people only. R% is estimated on the
full sample. Costs assume $2.67 per human answer (about £2 on Prolific at 1.33 dollars per pound in October
2026) and $0.04 per person for four model calls for all 2,058 people. Persona data are the 13 demographic
variables and the first 30 principal components of the waves 1 to 3 answers, excluding the target items and the
outcomes.

error. In Twin-2K-500, R% is 0.91 for policy liberalism and 0.93 for purchase propensity, and R(z)
is between 0.01 and 0.22 depending on the information used. Equation (11) then asks a second
answer from about one person in three. When the retest costs twice as much as the first answer,
because it requires recontacting people, the share falls to one in four or five.

Table 7 reports the human answers and the cost needed for a standard error of 0.03. A human-
only study of the policy effect needs 297 people measured twice, 594 answers at a cost of $1,588.
Asking 340 people once and 113 of them again reaches the same precision with 453 answers, 24
percent fewer, without any LLM. Adding a prediction from persona data raises the saving to 34
percent and lowers the cost to $1,052. For purchase propensity the two-phase design saves 24 to
27 percent. Adding the LLM twins to the persona data does not raise these savings, and the twins
cost $82 for the full sample. Figure 3 confirms the ranking at every budget. At equal cost, the
two-phase design has the lowest error among the designs that are centered on the benchmark, and

its realized error is at or below the value implied by equation (10).
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Figure 3. Error of the Effect Estimate by Budget
Notes: Root mean squared error of the standardized effect against the full-sample human benchmark across 300
random subsamples of Twin-2K-500 participants, for a budget measured in human answers. One-answer designs
ask each person once. Two-answer designs ask each person twice. “Some answer twice” splits the budget as in

equation (11). Panel A regresses the spendthrift index on purchase propensity. Panel B regresses political views
on policy liberalism.

5.4 Efficient Estimation and Targeted Retests

The estimator of Proposition 8 corrects each moment with linear functions of the information
available at each stage. Two questions remain. Is there a better estimator for the same design,
and should everyone in the first sample have the same chance of a retest? The design makes both
questions answerable, because the researcher chooses who is asked again and therefore knows
each person’s probability of being asked. Let Wy denote the information observed for everyone,
W, add the first human answer, and (W) be the probability that a person in the first sample is

asked again.

Proposition 9 Let y be the influence function of the standardized ORIV estimator with both an-

swers for everyone, hy = E[y | Wy|, hy = E[y | Wy, and 6*(W;) = Var(y | Wi). No regular
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estimator has asymptotic variance below

Var(ho) E[(hl —/’10)2] 1 Gz(Wl)
N + - + n—lE[ } . (12)

The two-phase estimator with inverse-probability weights attains the bound when its corrections

equal hg and hy, and remains consistent and asymptotically normal for any other corrections.

The proof is in Appendix A, and Theorem A1 gives the asymptotic distribution when the cor-
rections are estimated by cross-fitting. Prediction-powered inference is the special case with one
phase, a single human answer, and the attenuated target of Proposition 7. Equation (10) is the
variance of this estimator with linear corrections and a constant 7, and it equals the bound when
the conditional means are linear in the features. Better predictions of y, linear or not, move the
variance toward the bound, and their errors can never bias the estimate.

The bound also shows who should be asked again. The last term weights each person’s re-
maining uncertainty by the inverse of their retest probability, so retests are worth most where that

uncertainty is largest.

Proposition 10 Let a first answer cost ¢ and a second answer c¢). For a given expected cost, the

variance in equation (12) is smallest when

(W) =min{1, Ac(W)}, o(Wl):‘B( y h“_E[h"]) sd(hy | W1), (13)

2 \ Cov(y,hy) Cov(ha,hp)

where A = +/c1/(c2A) with A = E[(hy — ho)?] when no probability reaches one. At a given expected
number of retests, the retest term of the variance falls by the factor (E[c])?/E|[c?] relative to a

constant probability.

The proof is in Appendix A. The rule is a version of Neyman allocation (Neyman, 1934). It
asks again the people whose outcome and first answer, each scaled by its covariance with the
retest, disagree most. These are the people whose second answer moves the estimate. A pilot gives

every quantity in equation (13), and the estimator weights each retested person by 1/, so a poor
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pilot costs precision but never introduces bias. The pilot must be a separate sample. Estimating
the retest probabilities on the same people whose answers enter the estimate makes the design
adaptive, which our results do not cover. We keep a floor of 0.10 on 7 to bound the weights.
Table 8 tests the rule. Each dataset is split at random into a pilot half, which sets the design,
and a study half, which plays the population. At the same budget of human answers we compare
the random design of Proposition 8 with the targeted design of Proposition 10, averaging over ten
splits. The gain follows the dispersion of o (W) ), as Proposition 10 predicts. For moderation, where
rejected comments are rare and carry most of the information, targeting asks again only 18 percent
of the first sample against 53 percent under random retests, and cuts the variance of the estimate by
37 percent. For likes and in the simulation it cuts the variance by 13 percent. In Twin-2K-500 the
slopes vary little and only about 100 people are asked again, so the noise from the weights offsets
the predicted gain of 8 to 9 percent. Targeting pays when the outcome or the first answer is skewed

and the retest sample has several hundred people.

5.5 Inference with Few Humans

The delta-method interval of Proposition 8 undercovers with few humans. With 50 people mea-
sured twice, the 95 percent interval covers the benchmark 83 to 91 percent of the time (Table 8,
Panel B). The cause is not weak identification, since the human measures in our data have reliabil-
ities of 0.59 to 0.92. It is that the correction regressions are fitted on few people and the plug-in
variance is too small. Two changes fix this. The correction for each person is fitted without that
person, which keeps it mean zero exactly, and the variance is estimated by the jackknife over the
first sample. With these changes coverage is 91 to 97 percent with 50 people and 93 to 98 percent
with 100 or more. Computing the interval for the Fisher transform of p adds one to two points
when the effect is large. When the effect itself may be zero, Theorem A1 shows how to invert tests

of a smooth moment condition instead of using a standard error.

24



Table 8. Targeted Retests and Inference with Few Humans

Panel A. Random and targeted retests at a fixed budget
Share asked again ~ Variance, targeted over random

Data Budget Random Targeted Realized  Predicted
Simulation 400 0.75 0.52 0.87 0.86
Purchase propensity 400 0.29 0.26 1.08 0.92
Policy liberalism 400 0.36 0.26 0.98 0.91
Comments, moderation 4,000 0.53 0.18 0.63 0.74
Comments, likes 4,000 0.57 0.44 0.87 0.89

Panel B. Coverage of 95 percent intervals, everyone asked twice
People Delta  Jackknife Jackknife, z

Simulation 50 0.90 0.97 0.98
100 0.91 0.96 0.94
Purchase propensity 50 0.91 0.96 0.96
100 0.93 0.94 0.95
Policy liberalism 50 0.83 0.91 0.92
100 0.92 0.93 0.94

Notes: Panel A: each dataset is split ten times into a pilot half and a study half, with 100 draws per split.
The budget is in human answers. The random design asks again a constant share of the first sample,
chosen by Proposition 8. The targeted design uses equation (13) with parameters from the pilot half and
a floor of 0.10. Both use the inverse-probability weighted estimator with the same auxiliary information
(the average twin in Twin-2K-500, the LLM label for comments). Realized is the ratio of mean squared
errors around the study-half benchmark, predicted is the ratio of the variances in equation (12). Panel B:
400 draws per row. Delta uses the plug-in standard error. Jackknife uses leave-one-out corrections and
a jackknife standard error, on the scale of p or of its Fisher transform z.

5.6 When the Retest Is Imperfect

Assumption A requires the errors in the answer and the retest to be independent. A person who
remembers the first answer, or who reads the question the same way twice, violates it. Let the two
errors have covariance u > 0, and let Kk = p/ Cov(hg, hy) be the share of the retest covariance that
they account for. The covariances of the two answers with y do not change and Cov(h,, hp) rises
by 1, so equation (3) converges to py/1 — k. Because u cannot exceed the larger of the two error
variances, this limit lies between p and the one-answer limit py/A of the less reliable answer.
Three consequences follow. First, the design does not change the target. Every estimator in
this section is a function of the same five population moments, so the two-phase, targeted, and

corrected estimators converge to the same p+/1 — K as a study that asks everyone twice. In the
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simulation of Table 6, Panel A, with a correlation between the two human errors of 0 to 0.3, both
designs are centered within 0.003 of p+/1 — k. Second, memory makes the first answer a better
predictor of the second. It raises R%, and the optimal design asks fewer people again. In Twin-
2K-500, replacing each retest by a mix that puts weight 0.3 on the first answer raises the saving
in human answers from 24 to 32 percent and lowers the estimate by 0.004 to 0.008, because the
human answers are already reliable. Third, the bias works against our conclusions about twins.
Memory makes the human benchmark understate the effect, so the twin estimates could be right
only if memory were large. The smallest overstatement in Table 5, 25 percent for policy liberalism,
requires K = 0.36. The answer would then have a reliability of 0.59 despite a retest correlation of
0.92, and a person’s errors two weeks apart would have to be correlated at 0.81. For purchase
propensity every pair of twins requires K of 0.44 or more. A retest asked in different words or in a
different format reduces memory without changing the estimator, because equation (3) allows the

two measures to have different scales (Proposition 2).

5.7 What Predicts Human Answers

The value of any information observed for everyone is the share of Vy, it explains. We compare
four sources. The outcome alone explains 1 to 5 percent. The average of the four twins explains
5 percent for purchase propensity and 14 percent for policy liberalism when the coefficients are
estimated on all 2,058 people. A ridge regression of the human answer on persona data, cross-
fitted on the same people, explains 27 and 35 percent, and adding the twins to it changes neither
number by more than one percentage point. The twins are built from the same persona data, and a
regression extracts more of the relevant information from it than the models do. With the prediction
trained on only 300 people, the persona regression still explains 12 and 22 percent, against 1 and 8
percent for the twins.

More models help little. The share explained rises from 3 percent with one twin to 5 percent
with four for purchase propensity, and from 10 to 14 percent for policy liberalism. This is Proposi-

tion 1 at work. Models that share most of their errors add little independent information, whether
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they correct a human estimate or duplicate each other.

The advantage of the twins is that they need no training data. They are the natural source of
auxiliary information when the persona is text, when the human subsample is too small to train a
regression, or when the target was never asked of anyone. In Twin-2K-500 none of these conditions

holds, and a regression on the structured persona data dominates.

5.8 How Many Personas

The last term of equation (10) gives the number of people with personas, and hence with LLM
measures, that a study needs. The variance is within 10 percent of its limit with infinitely many

personas when

N> 10Rg (14)

~ (1=R})/ma+ (R} —R) /m
which for a design in which everyone answers twice is N > 10R3n/(1 — R3). Personas are cheap
only when the persona data already exist. If a persona costs cy, the cost-minimizing number is

N =m[R3ea /(1 — R)ew) (Appendix A).

For the two-phase designs of Table 7 with twins and persona data, the 10 percent rule requires

643 personas for policy liberalism, about twice the 292 people who give a first answer. For pur-
chase propensity it requires 780, fewer than the 1,191 people who give a first answer, so personas
for the human sample alone are enough. When the persona data exist and only model calls must be
paid for, the cost-minimizing number is 1,307 for policy liberalism and 2,831 for purchase propen-
sity. When each persona requires a new survey costing $1, the optimum falls below the size of the
human sample in both cases, and personas beyond the people already in it do not pay. With R(Z)
close to zero, as for the twins alone, personas add nothing and the right number is zero. The num-
ber of personas is therefore not a separate design choice. It follows from how much they explain,

which a pilot measures.
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5.9 Five Rules

The framework and the evidence give five rules for researchers who use LLM measures. First,
keep outcome information out of the model’s input, because the largest bias in Section 4 comes
from models that see the outcome. Second, do not use an LLM measure as a duplicate, of another
LLM measure or of a human answer, and do not replace the second human answer by an LLM
correction of the first. Third, ask a random human subsample once and part of it twice, choose
the share with equation (11) or target the retests with equation (13) when the outcome or the first
answer is skewed, and correct the estimate with whatever predicts human answers for everyone,
LLM twins included. With fewer than 200 humans, report jackknife intervals. Fourth, report
standardized effects using equation (3). Fifth, do not use ORIV on binary labels. Report OLS and

ORIV as bounds, or ask for three labels or a continuous score.

5.10 Held-Out Twins for Risk Attitudes and Altruism

The twins of Twin-2K-500 are weakly informative about purchases and saw the outcome for both
scores. The natural next step is a trait the models have not seen, with twins built from personas that
exclude the outcome. Twin-2K-500 already measures risk attitudes and altruism more than once
in waves 1 to 3. Risk attitudes are elicited with three certainty-equivalent lists over 50-50 lotteries,
each with 14 rows. Altruism is elicited with a dictator game and with five trustee decisions in
a trust game, alongside an ultimatum offer and a trust transfer that mix altruism with strategic
motives. Table 9 shows that the three risk lists correlate at 0.62 to 0.70, close to the duplicate risk
elicitations of Gillen, Snowberg, and Yariv (2019), and that 95 percent of people switch once in
each list. Dictator giving correlates at 0.51 with the share returned as a trustee.

These human duplicates make the study possible without new human data. We generate new
twins with Claude Haiku 5.5 from personas that withhold the whole economic preferences block,
and the model completes the three risk lists and the allocation games for all 2,058 people. A
random half of the personas also contain the outcome items (the empathy scale and the spendthrift

items), which identifies the loading of Proposition 4 directly. A second run covers a random 300
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Table 9. Human Duplicates for Risk Attitudes and Altruism in
Twin-2K-500

Pair of measures Correlation

Panel A. Risk attitudes (sure choices in a certainty-equivalent list)

Lottery ($6, $0) and lottery ($8, $2) 0.62
Lottery ($6, $0) and lottery ($10, $0) 0.70
Lottery ($8, $2) and lottery ($10, $0) 0.63
Panel B. Altruism

Dictator giving and share returned as trustee 0.51
Dictator giving and trust transfer 0.40
Dictator giving and ultimatum offer 0.37

Notes: Waves 1 to 3 of Twin-2K-500, N = 2,058. Each lottery pays either
amount with probability one half. The share of people with a single switch
point is 0.95 in each list. Variable definitions are in Appendix E.

people. The human measures are the first risk list and the average of the other two, and dictator
giving and the share returned as a trustee. The outcomes are the spendthrift index for risk and the
empathy scale for altruism. The run cost about $9.

Table 10 reports the results, and they are stark. Held out from the persona, these preferences are
almost invisible to the model. The validity of the twin is 0.03 for risk aversion and 0.09 for altruism,
against human reliabilities of 0.73 and 0.51. The twin answers with perfect internal consistency,
switching once in every risk list (95 percent of humans do), but it compresses the scale. Its risk
scores have a standard deviation of 2.1 against 3.7 for humans, and three quarters of twins give
exactly $3 in the dictator game. Two runs correlate at only 0.20, and all of their covariance is error
unrelated to the trait. ORIV on two runs is therefore uninformative, with intervals that span most
of the admissible range.

Two lessons follow. First, a twin that barely measures a trait can still reproduce its effect. In
the arm without the outcome items, OLS on the twin’s dictator giving puts the effect of altruism
on empathy at 0.14, against a human benchmark of 0.13, although the twin’s validity is 0.09. The
model infers generosity from personality answers that also predict empathy, which is the loading
of Proposition 4 operating through correlated content rather than through the outcome item itself.

In the other arm the same estimate is 0.03, and the difference between arms is not significant.

29



Table 10. Held-Out Twins for Risk Attitudes and Altruism

Risk aversion Altruism
Panel A. Measures
Correlation between the two human measures 0.73 0.51
Validity of the twin 0.03 0.09

[—0.01, 0.08] [0.03,0.15]
Correlation between two runs (300 people) 0.20 0.21
Shared error between two runs 1.00 0.99
Panel B. Standardized effect on the outcome
Human ORIV, personas without the outcome —0.067 0.129
OLS on the twin, personas without the outcome —0.017 0.138
Human ORIV, personas with the outcome —0.088 0.132
OLS on the twin, personas with the outcome —0.019 0.026
Outcome loading of the twin 0.02 —0.12

[—0.11,0.15] [-0.26, 0.06]

Panel C. Correction with the twin

Share of the human-only variance explained 0.00 0.00
Humans measured twice for a standard error of 0.03, 1,403, 1,417 2,029, 2,029
without and with the twin

Notes: Twins generated by Claude Haiku 5.5 from waves 1 to 3 personas without the economic
preferences block, N = 2,058, with a second run for 300 people. Human measures: sure choices
in the first risk list and the average of the other two lists, dictator giving and the share returned as
a trustee. Outcomes: the spendthrift index for risk and the empathy scale for altruism. Validity
and shared error are defined as in Tables 3 and 4. Outcome loading is the change in the twin’s
effect between the two arms minus the change in the human effect. Brackets are 95 percent
intervals from 1,000 bootstrap draws.

Agreement with a human estimate is no evidence that a twin measures the trait. Second, the
design of this section loses nothing when the twins are useless. They explain none of the sampling
variance, the hybrid estimate stays centered on the human benchmark at every subsample size, and
the number of humans needed is the same as without them. A cheap pilot with a weak model costs
a few dollars and reveals this before any human data are bought. One limitation remains. The
human duplicates for these traits come from a single session, so session-specific error enters both

measures and the human benchmark slightly understates noise.
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6 A Second Application: The Toxicity of Online Comments

Twin-2K-500 is a demanding test for LLMs, because the persona data that built the twins are
themselves available to the researcher. Most uses of LLMs in economics are different. A model
labels text, and nothing else observed for every document measures the same thing. We therefore
repeat the analysis on comments from the Civil Comments platform, released by Jigsaw for a
public competition. Each comment was rated toxic or not by four to ten crowd raters, and the
platform recorded two outcomes, whether the publication’s moderators rejected the comment and
how many likes it received.

We use a random sample of 28,682 comments with four to ten raters. The raters of each
comment are split at random into two halves, and each human measure is the share of a half that
rates the comment toxic. Different people produce the two halves, so their errors are independent
given the comment’s latent toxicity, which plays the role of the retest in Twin-2K-500. Both
outcomes are residualized on publication and calendar-month fixed effects, and the likes outcome
is the logarithm of one plus the number of likes, for approved comments only. Claude Sonnet 5.5
reads each comment, and nothing else, and reports the percentage of crowd raters it expects to call
the comment toxic. A second run covers a random subset of 3,177 comments. Labels for 494
comments failed because of connection errors unrelated to the comments, which leaves 28,188.
The labels cost $54, or about $0.002 per comment.

Table 11 reports the results. Human measures are noisy. The two rater halves correlate at 0.59,
so a single half attenuates the effect of toxicity on moderation from 0.142 to 0.105, by 26 percent.
The LLM label is less valid than a rater half. Its correlation with latent toxicity is 0.47, against
0.77 for a half. Two runs of the model correlate at 0.99, and 77 to 79 percent of their covariance is
error they share, as Proposition 1 predicts for reruns.

The LLM error loads on the outcome. Regressed on the LLLM label alone, moderation responds
with a standardized effect of 0.288, twice the human benchmark of 0.142, even though the label
is less valid than a human half. ORIV with two runs gives 0.298, against 0.189 for the human

estimate on the same comments, and the mixed estimator with a rater half and the LLM label gives
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Table 11. Toxicity of Online Comments:

Human Raters and an LLM

Moderation Likes
Panel A. Measures
Correlation between the two rater halves 0.59 0.58
Validity of the LLM label 0.47 0.44
Shared error between two LLM runs 0.77 0.79
Panel B. Standardized effect of toxicity
One rater half 0.105 0.053
ORIV, two rater halves (benchmark) 0.142 0.072
LLM label alone 0.288 0.063
One rater half and the LLM label as duplicates 0.291 0.099
ORIV, two LLM runs (subset) 0.298 0.063
ORIV, two rater halves (same subset) 0.189 0.033
Panel C. Share of the human-only variance explained
Text regression trained on 2,000 comments 0.01 0.00
LLM label 0.18 0.07
Panel D. Human answers for a standard error of 0.03 (once, twice, saved)
Humans only, everyone twice 0, 2,612 0, 1,574
Corrected with the LLM, everyone twice 0,2,176, 17% 0, 1,419, 10%

Some twice, humans only
Some twice, corrected with the LLM

1,501, 1,450, 16%
1,251, 1,353, 24%

943, 938, 10%
833, 868, 18%

0.291.

Notes: 28,188 comments (26,580 approved comments for likes).

A human answer is the share

of one random half of a comment’s raters who rate it toxic. Outcomes are residualized on pub-
lication and month fixed effects. Validity is the correlation of the LLM label with latent toxicity,
Cov(t,hp)/+/Cov(hq, hp) Var(t). The LLM is Claude Sonnet 5.5. The two runs overlap on 3,127 com-
ments (2,932 approved). Panel C reports one minus the ratio of sampling variances of the corrected
and human-only estimators across 200 random subsamples of 2,000 comments rated twice. Panel D
uses Propositions 6 and 8. For likes the correction combines the LLM label with the text regression.
Saved is the share of human answers saved relative to the first row.

Panel C turns to the correction. Here the LLLM is worth having. A ridge regression on the words
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the loading is smaller and the mixed estimator gives 0.099 against 0.072.

estimates are centered on the benchmark at every budget.

The label captures what moderators reject beyond what crowd raters call toxic, such as

off-topic or abusive content that raters did not flag, which is the error of Proposition 4. For likes

of the comment, trained on 2,000 comments with human ratings, explains essentially none of the
sampling variance of the human estimate. The LLM label explains 18 percent for moderation
and 7 percent for likes, without any training data. The bias of the label does not matter for this

use, because it enters the estimator only through a correction with mean zero, and the corrected



Panel D gives the human answers needed. Rater reliability is lower than in Twin-2K-500, so
the first answer predicts less of the second (R% is 0.81 to 0.83), and the cheapest design asks about
half of the comments twice rather than a third. With the LLM correction it saves 24 percent of
human answers for moderation and 18 percent for likes, against 16 and 10 percent for the same
design without the LLM. At equal budgets the ranking is the same as in Figure 3. With 8,000
human answers the root mean squared error of the moderation effect is 0.039 with one answer per
comment, 0.022 with two, and 0.018 with the two-phase design corrected with the LLM. With
16,000 answers the interval of the one-answer estimate covers the benchmark in O to 2 percent of
samples and the two-answer intervals in 98 to 100 percent.

The two applications agree on the role of LLMs. As duplicates they fail in both, because their
errors are shared across runs and load on the outcome. As a correction they are harmless in both,
and they pay off when nothing else observed for everyone measures the trait. For text, $54 of
model calls for 28,000 comments save another 8 percentage points of human answers on top of

what the two-phase design saves by itself.

7 Conclusion

LLMs make duplicate measures cheap, and ORIV turns duplicate measures into unbiased esti-
mates. The link between the two is one assumption, that the errors in the duplicates are independent
of each other and of the outcome. We have shown why LLM duplicates violate this assumption,
what the violation does to ORIV, and how large it is in data where a human retest is available.
Three results stand out. Errors are shared across models from different developers, so more
models do not mean more independent information. Errors load on the outcome whenever the
model can see information related to it, and this bias survives every combination of models. Item
accuracy, the standard measure of LLLM fidelity, hides both problems because it rewards predicting
the common answer. And when the trait itself is held out from the persona, as with risk attitudes

and altruism, the twins carry almost no information about it, even when their regression estimates
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happen to match the human ones.

The practical message follows directly. LLM duplicates are not a substitute for the second
elicitation that Gillen, Snowberg, and Yariv (2019) built into their study, and neither is a single
human answer corrected with LLM measures. The second elicitation is needed, but only for part
of the sample. A researcher should ask a random human sample once, ask a random third of it
again, and correct the estimate with whatever predicts human answers for everyone. This cuts
the human answers needed by a quarter to a third, and targeting the retests at the people whose
outcome and first answer disagree most cuts further when either is skewed. LLM measures can be
part of that correction, and they cannot bias it. In survey data they add little to the persona data
from which they were built. In text, where no such data exist, they add a meaningful share, as
the comments application shows. In both cases a pilot measures their value before a researcher
pays for them. The design inherits the quality of the human retest and adds no bias of its own.
If people remember their first answer, every design converges to the same attenuated value, so a
retest worded differently or asked later protects the estimate more than any choice about who is

asked again.
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A Proofs

Throughout, 62 = Var(x*) and 67 = Var(&). All components of measurement error are indepen-

dent of x* unless stated otherwise.

A.1 The Probability Limit of ORIV

With two measures, the stacked data contain each person twice. In the first copy the regressor is x,
and the instrument is x;,. In the second copy the regressor is x;, and the instrument is x,. Each copy

has its own intercept, so the estimator demeans within copy, and

Cov(y.xy) +Coviyxa)  p, Cov(y.xa) +Cov(y. xp)
2Cov(xq,Xp) 2Cov(xg,xp)

. (Al)

ﬁORIV =

Every proof below evaluates the covariances in equation (Al).

A.2  Proof of Proposition 1

Let x, =x* + c+d,; 4+ u, and x;, = x* + ¢ + dj + u, for two different models, with all components
mutually independent and independent of €. Then Cov(y,x;) = Bo? for k = a,b, and Cov(x,,x;) =
02 + o2. Substituting into equation (A1) gives o2 /(6% + c7).

For two replicates of model a, x,; = x* +c+dy; +uy and x,p = x* +c+d; +uyn. Now
Cov(Xa1,%s2) = 6%+ 02+ 07, and the limit is fo? /(0% + 67 + 07).

OLS on x, converges to o2 /(02 + 62 + 65 4 02). Because variances are nonnegative, for
B >0,

Bors < Boa® < Bowis™ < B, (A2)

with the inequalities reversed for B < 0. Finally, let &~ = x* + ¢, be a human measure with

e, independent of every model error and of €. IV of x, with instrument 4 converges to

Cov(y,h)/Cov(x,,h) = Bo?/c? = B. O
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A.3 Proof of Proposition 2

Let x,, = (1 — Ky)X* + uy, with K, < 1 and ug,, up, € mutually independent. Then Cov(y,x,;) =
B(1—x,)0? and Cov(x,,x,) = (1 — x,)(1 — k)02 Therefore
Cov(y,xa)Cov(y,xp)  B*(1—Ka)(1—Kp)0* 5 »

Cov(xaxy)  (1—ky)(1— )02 =p-o”, (A3)

and the square root equals |3|c. The sign of B equals the sign of Cov(y,x,) because 1 — K, > 0.
Dividing by o, gives the correlation between y and x*, which is the standardized effect we report.
IV of x, with instrument x;, converges to B (1 — k;)02/[(1 — k,)(1 — &)0?] = B/(1 — K,). The

one-direction standardized estimator converges to

Cov(y,xp) _Bo 1 —xp (Ad)
Cov(xa,xb) 1— Ka,
which equals B o if and only if K, = K. O

A.4 Proof of Proposition 3

Write x; = pr + (1 — px — qx)x* + vk, where E[vy | x*] = 0. This holds because P(x; = 1 | x*) =
P+ (1 — pr—qi)x*. Nondifferential misclassification means that (x,,x;) is independent of € given

x*. Conditional independence across models means that v, and v;, are uncorrelated. Then

Cov(y,x) = B(1 = pr —qi)w(1 — ), (A5)

COV(xauxb):(1_pa_CIa)(l_pb_Qb>7t<l_7r)' (A06)

IV of x, with instrument x; therefore converges to /(1 — p, — q4), and equation (A1) gives

1 1
Borv = b ( + ) , (A7)
2\1=pa—qa 1—=ppr—qp

which exceeds B in absolute value whenever 0 < p; + g < 1 for some k.

38



OLS on x, converges to B(1 — p, — q4)7(1 — 1)/ Var(x,). To show that this is smaller than 3

in absolute value, decompose

Var(x,) = (1-p—gq)*n(1 — 1)+ 7g(1 - q) + (1 - 7)p(1 - p), (A8)

dropping the subscript a. The claim is D = Var(x,) — (1 — p—q)n(1 — &) > 0. Collecting terms,

D=rnq(l1-q)+(1—-m)p(1-p)—(1=p—q)(p+q)n(l —m). (A9)

ForO<m<lwehaven(l—n)<mandm(l—-7m)<l—m. Alsol—p—g<l—gandl1—p—¢g<
I —p. Hence (1-p—gq)qn(l —m) <q(l—g)mand (1 -p—q)pn(l —7) < p(1 —p)(1 — )
whenever p+¢ > 0,so D > 0.

With three labels that are independent given x*, the two-class latent class model is identified
up to the labeling of the classes, and the restriction p + ¢ < 1 fixes the labeling (Hu, 2008). Let
P = E[x* | x4,xp,xc]. Theny = o+ BP+ B(x* — P) + €. The term x* — P is uncorrelated with P
by construction, and € is uncorrelated with P because misclassification is nondifferential. OLS of

y on P is therefore consistent for f3. U

A.5 Proof of Proposition 4

Let x; = x* 4+ 8¢ + uy with u,, u;, independent of each other, of x*, and of €. Then Cov(y,x;) =
Bo?+ 86?2 and Cov(xy,x,) = 62+ 8262, and equation (A1) gives the expression in the propo-
sition. With 8 = 62 = 62 = 1 it equals (14 8)/(1+ 62), which is greater than 1 if and only if
8 > 62, that is, if and only if 0 < & < 1, and smaller than 1 for 6 <0 or § > 1.

Now pair x; with a human measure 7 = x* 4 ¢;, whose error is independent of € and uy. IV of x;

with instrument % uses only the human covariance with y and converges to Cov(y, )/ Cov(xg,h) =
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B. The symmetric estimator of Proposition 2 applied to (x;,%) uses Cov(y,x;) and converges to

\/ (B2 +662) Bo>

62

= o\/ﬁ2+ﬁ50§/62, (A10)

which differs from Bo whenever 6 # 0. This is the sense in which the bias survives pairing a

model with a human measure. [l

A.6 Proof of Proposition 5

(i) Normalize Var(x*) = 1 and let (x*, €) be independent normal variables, independent of ¢ and the
uy. Every observed variable is a linear function of (x*,&,c,uy,...,ux), and y and the 7, depend on
(x*, €) only through the plane they span. Take any r € (—1,1) and any variable z in that plane with
Var(z) = 1 and Corr(y,z) = r, which exists because the plane is two-dimensional and |r| < 1. Define
x* =z, B’ = Cov(y,z), and & = y— B’z. Then €' is uncorrelated with z, so the two are independent
normal variables, and (z,€’) spans the same plane as (x*,€) because z is not proportional to y.

Each 7 can therefore be written as i x*

+ 6{€' + ¢ + uy for unique (%, ;). The primed model
satisfies every assumption of the original model, generates exactly the same random variables
(»,11,...,1x), and has standardized effect Corr(y,x*') = r. Since r was arbitrary, every value in
(—1,1) is observationally equivalent.

(i) With & = 0, Cov(y,tx) = Bk and, for j # k, Cov(t;,ty) = kjky + 02 If B =0
all covariances with y are zero and p = 0 is identified. Otherwise the ratios ry, = Ki/k] =
Cov(y,t;)/Cov(y,t;) are identified and ki = sr; for an unknown scale s. Because the r; are not
all equal and K > 3, there are distinct j, k, [ with ry # r;, and r; # 0 because every k; is nonzero.
Then s> = (Cov(t;,t) — Cov(t;,4;))/(rj(rx — r;)). This gives |ki|, then || = |Cov(y,#;)/k| and
|p| = |B|/0oy. Changing the sign of every x; and of 3 leaves all second moments unchanged, so
the sign of p is identified only with the sign of one loading, which holds when one measure is

known to rise with the trait.

(1i1) This is Proposition 2 applied to the two human measures, whose covariances with y and
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with each other do not involve the ¢;. [

A.7 Proof of Proposition 6

Let S be the subsample of n people, drawn at random from the N people of the full sample, and
treat the N people as independent draws. Write fyq; = (yi — lUy)(ha,i — Ha), define fyp,; and f,p; in
the same way, and let Cy,, Cyp, and Cy, be their means. The influence function of the symmetric

estimator is

(Al1)

- (fya,i_cya L Iwi =G fab,i_Cab) .

2 Cya Cyp Cap
Under Assumption A the symmetric estimator is consistent for p on any random sample (Proposi-
tion 2). The human-only estimator divides by the standard deviation of y in the subsample, which
adds —(p/2) ((yi— uy)z/cy2 —1) to y;. We include this term in ¥ from here on. By the delta
method p, —p = ¥s+ op(n_l/ 2). The added term is a function of 2, which is an element of g, so
it changes Vy, and R? but not the variance of the residual of v on g.

Because S is random, gs and gy have the same expectation for any g with finite variance. The
estimated coefficient A converges to A = Vg’ngl,,, where V, is the variance of g and Cy is its

covariance with y. Hence
pr—p =Ws—N (g5 —8&n) +op(n~"1?), (A12)

which has mean zero. No assumption on the twins enters except the finite variance of g. The twins’
errors may be shared across models, compressed, or correlated with €, and the estimator remains
consistent.

For the variance, Var(s) = Vi /n and Var(gs — gn) = V,(1/n—1/N). Because S is contained
in the full sample, Cov(Ws,&gn) = Cgy /N and Cov(¥s,&s — gn) = Cgy(1/n—1/N). Therefore

. V, 1 1 B 1—-R> R?
Var(py) = 7"’ — (Z — N) CoyVy 'Coy =Vy (T + ﬁ) , (A13)
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with R? = Cglnggilcgw /Vy. Asymptotic normality follows from the central limit theorem applied
to the linear terms. A study that uses only humans, with ny people, has variance Vi /ny. Setting
the two variances equal gives n = (1 —R*)ny /(1 — R*ny /N).

When the N people are instead treated as a fixed population, as in the subsampling exercise of
Section 5, both variances lose the term Vi, /N. The human-only variance becomes Vi (1/n—1/N)
and the hybrid variance becomes Vi, (1 —R?)(1/n—1/N). Their ratio is exactly 1 — R?, which is

how Section 5 measures R? out of sample. 0

A.8 Proof of Proposition 7

Let h, = x* + e, with e, independent of x* and €, and let A, = ze* (ze* + Geza ). Then Cov(y,h,) =

2
Bo; and

2
Cort(y hy) = — PO _ PO = o /e (A14)

) 2 9
Gy Gx* + Gea Y

The raw estimator is a smooth function of the sample moments of y and 4, and converges to

this value. The corrected estimator adds a term —A/(gs — gv), which converges to zero for the
reason given in the proof of Proposition 6. It therefore has the same probability limit. More LLM
measures or a larger N change its variance and leave its limit at p+/A,.

For the second part, let r = kx* +u+ d € with u independent of x* and €, and allow Cov(u,e,) =
Gua- Then Cov(y,h,) = Bo2, Cov(y,t) = BxoZ + 867, and Cov(h,,t) = K624 + 0,,. Equation

(3) gives

, (A15)

i\/ﬁof* (BkoZ +607)

Oy KO2 + Ouq
which equals p = Boy+ /o, if and only if & 682 = B0yq. With 6,, =0 and f # O this requires d = 0.
A loading on the outcome and a correlation with the human error can offset each other only on this

knife edge. U
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A.9 Proof of Proposition 8

Write the standardized effect as a function of five moments,

. mym
p= 51gn(m1), / m/cy, (A16)

with my = E[Jh,], my = E[yhy|, m3 = E[hghp|, mg = E|[h,], ms = E[h], and § the outcome minus
its mean. Let y be the influence function of p in these moments. Let go collect functions of
information observed for everyone and g; add functions that also involve h,. The functions yh,
and h, are elements of g;.

Moments observed on S| are estimated by fsl — ﬁ{) (80.s, — &o.n)- Moments observed only on S»
are estimated by fs, — L (21,5, — fly, ), Where flg, = 215, — L((80.s, — o) is the corrected mean
of g1. Because the moments observed on §; are elements of g1, their estimator is also of the second
form with a coefficient that selects them, so every moment is estimated by the same formula. Let
A1 be the coefficient of the population projection of ¥ on g and Ag that of ¥ on go. Because gg is

contained in g, the projection of A/ g; on go is Ajgo. By the delta method,
A _ _ _ —1/2
p—p=érs,+eis, +eén+op(n, '), (A17)

with ep = y — A g1, e1 = A| g1 — A{go, and ey = Ajgo, each centered at its mean. Each term has
mean zero whatever the relation between the auxiliary information and x*, €, or the human errors,
so p is consistent for p.

The samples are nested and random. The covariance between &, 5, and é; s, is Cov(ez,ey) /ni,
which is zero because e; is uncorrelated with every function in g;. The same argument gives zero

for the other two pairs. Hence

Var(p) =

v v, V. 1—R?> R?*—R:} R?
ar(e2)+ ar(el)+ ar(eo):Vw< 14 7l 0+_0)_ (A18)

ny ni ny ni N
For the design, minimize cinj + cyn, subject to Az/nz +A1/I’l1 =v, with Ay =1 —R%, A=
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R% — R%, and v the target variance divided by Vi, net of the term in N. The first-order conditions

give cj = /lAj/nﬁ, sonjo\/Aj/cjand

n _ (I_R%)Cl (A19)
ni (R%—R%)Cz

When this ratio exceeds one, the constraint n, < nj binds and everyone in the subsample answers
twice. Adding cyN to the cost and Ag/N with Ag = R% to the constraint gives in the same way
N/m = \/R3ea/ (1= R)ew).

When the auxiliary information includes a prediction trained on Sy, each person in S receives

the prediction of a model trained without their fold, and g v is the average over folds of the full-
sample means under each fold’s model. Conditional on the models, the people of each fold are a

random sample, so every correction keeps mean zero. U

A.10 Proof of Proposition 9

Treat the N people as independent draws. Each enters S} independently with probability p; =n; /N
and, given W, is asked again with probability w(W;) > & > 0, both chosen by the researcher. Let
R and R; indicate the two events. With both answers for everyone, p is a smooth function of five
means, and in a nonparametric model the plug-in estimator is efficient with influence function .
The observed data are a monotone coarsening of the full data with known coarsening probabilities
that depend only on what is observed at each stage. By the representation of Robins, Rotnitzky, and
Zhao (1994) for such data, every regular asymptotically linear estimator has an influence function

of the form
RiR,

M—Wl)(w—hl(wl)) (A20)

0 = ho(Wo) +§j<h1<wl> — ho(Wo)) +

for some functions /g and /1, plus terms with mean zero that only add variance. Let i, = E[y | Wy

and hj = E[y | Wi], and let ¢* be ¢ evaluated at them. At these functions the three terms of ¢* are
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uncorrelated, because each has mean zero given the information of the stage before, so

o o Elhi=h)% | 1 _[o*(W)
Var(¢*) = Var(hg) + o +—p1E{ 2 (W) } . (A21)
For any other hg and Ay,
s (1B o LB L R e
0—9F = (1 p1>(h0 )+ (1 n(Wl))(hl 1), (A22)

and each term is uncorrelated with ¢* and with the other, because E[R/p1] = 1, E[Ry /7 | W] =1,

E[h} —hi | W] =0, and E[y — h} | W] = 0. Hence

1 —E(Wl)
(W)

—P1
P1

Var(0) = Var(9") + LU E[(ho 5] + | m-n2), @)
which is minimized by Ay = hj and h; = hj. Dividing by N gives the bound in the text. The
estimator of Section 5 has influence function ¢ with /g and & equal to the limits of its corrections,
so it attains the bound when those limits are the conditional means. When they are not, ¢ still has
mean zero, so the estimator remains consistent and asymptotically normal, with the larger variance
Var(¢)/N. With 7 constant and least-squares projections on nested features, the three terms of ¢

are again uncorrelated, Var(hg) = VyR3, E[(h1 —ho)*] = Vy(R? —R3), and E[(y — h1)?] = V(1 —

R?), which gives equation (10). O

A.11 Proof of Proposition 10

With expected cost nj(c; + coE[7n]) fixed at B, the variance in Proposition 9, net of the term in N,

is proportional to

(c1+E[r)) (A+E[0?/n]),  A=E[(hi—ho)*], 6*(Wi) = Var(y | W}). (A24)
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The derivative with respect to m(w) at a point where 0 < w(w) < 1 is proportional to c»(A +
E[62/x]) — (c1 + c2E[r])o?(w)/m(w)?. Setting it to zero gives 7(w) = Ao (w) with A common
to all w. Let ¥ be the set where the constraint 7 < 1 binds. Substituting 7 = Ao off € and & = 1
on it, the first-order condition becomes A% = (¢ + 2P (%)) /(c2(A + E[6*14])), which reduces to
A% = ¢1/(c2A) when no constraint binds. For a given expected share E[x], minimizing E[c? /7]
subject to 0 < 7w < 1 is a convex problem, and its solution has the form 7 = min{1,Ac} by the
first-order condition above. The optimal design is therefore in this family, and the condition on A
selects the best member.

For the standardized effect, write hy, = hyj, — E|[hp]. Given Wi, the influence function y of

equation (3) is linear in A, with slope

Bow) =2 ( ot E ) , (A25)

(y7 hb) B COV(haahb)

so 6(Wy) = |B(Wy)|sd(hp | W1). When o is constant, * is constant and the design is that of
Proposition 8. Otherwise the retest term of the variance falls, at a given expected number of

retests, by the factor (E[c])?/E[c?]. O

A.12 Assumption B and Theorem Al: Asymptotic Theory with Estimated

Corrections

The corrections used in Section 5 are estimated, either as linear projections on a fixed set of features

or as cross-fitted predictions. The following conditions cover both.

Assumption B (BI) The N people are independent draws from a population, and ny /N — p; €
(0, 1]. (B2) Each person enters the first sample independently with probability p| and, given Wy, is
asked again with a probability w(Wy) that is known to the researcher, satisfies 1(Wy) > m > 0, and
does not depend on the sample itself. (B3)y, h,, hy, and every feature have finite fourth moments,
and the second-moment matrices of the features are nonsingular. (B4) Cov(hg,hy) > 0 and p # 0.

(B5) Each correction is either a linear projection on a fixed, finite set of features, estimated by
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least squares, or a prediction estimated by K-fold cross-fitting that converges in mean square to a

fixed function. Neither limit needs to equal the conditional mean.

Condition (B2) describes independent selection. The code draws samples of fixed size without
replacement, which has the same first-order behavior when n; /N and n;/n; converge, and gives
smaller variances by the finite-population factors 1 —n; /N and 1 —ny/n;. This is why coverage
in our subsampling exercises exceeds 95 percent when the human sample is a large share of the
population. Condition (B2) also requires that the retest probabilities be set before the study sample

is drawn, for instance from a separate pilot as in Section 5.

Theorem A1 Under Assumption B, let hy and hy be the limits of the estimated corrections. Then

Var (p—p) = A (0, prVar(9)), (A26)

where @ is the term ¢ of the proof of Proposition 9 evaluated at ho and hy. When hy and h
are the conditional means, or least-squares projections on nested features with T constant, the
variance equals py Var(ho) + E|[(h1 — ho)?] + E[(w — h1)?/x(W1)]. The variance estimator that
computes each person’s contribution to the moments and estimates their variance by regression on

the features of Wy is consistent.

Proof. Write the estimator of each moment as the sample mean of the augmented term ¢ of the
proof of Proposition 9 with & in place of h. The difference between this mean and the same
mean with % is a sum of terms of the form (R;/p1)(1 — Ry/m)(hy — hy) and (1 — Ry /p1)(ho —
ho). Under cross-fitting each h is estimated without the person it is evaluated at, so given the
other folds each term has mean zero because 7 and p; are known. Its variance is bounded by
w'E[(h — h)?], which converges to zero. The difference is therefore op(nl_]/ 2), and no rate of
convergence is needed beyond consistency, because the selection probabilities are known by design
(Chernozhukov et al., 2018). For linear corrections estimated by least squares on the same sample,

the estimated coefficients converge at rate ”1_1 % to the projection coefficients under (B3), and they
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multiply terms such as gg, — gy that are themselves OP(nfl/ 2), so their estimation error is again
-1 /2)

op(ny . This is the standard argument for the regression estimator in two-phase sampling.

The mean with / is a mean of independent terms and obeys the central limit theorem under the

moment conditions. The delta method applied to p = sign(my)+/mimy/(m3 — mams) /oy, which
is differentiable when Cov(h,,h,) > 0 and p # 0, gives the limit. Consistency of the variance
estimator follows from the same argument applied to second moments. The jackknife variance of
Section 5.5 is consistent because p is a smooth function of sample means (Shao and Tu, 1995).
Fitting each person’s correction without that person changes each mean by O 17(”1_]) and leaves this
argument intact. When p = 0 the square root is not differentiable, and confidence sets should be

obtained by inverting tests of mym; = pg (73 (m3 — myms), a smooth function of the moments. [J

A.13 The Measures Used in Section 4

Let hj = x* + e for waves j = 1,2, with e and e, independent of each other and of x*. Let a twin
be t = Ax* + Y;e1 + 1, Where ¥; measures copying of the wave 1 to 3 error and 7; is independent

of e>. We assume that x* is stable over the two weeks between waves. Then

Cov(hi, o) =02, Cov(t,hy) = A02, Cov(t,hy) = 40>+ y0;.. (A27)

Validity. Cov(t,hy)/+/Cov(hy,hy) Var(t) = 4,0 /0, = Corr(t,x*).
Copying. 1—Cov(t,hy)/Cov(t,h) = %02 /(462 + %062 ), which is zero if and only if % = 0.

Shared error. For two twins,

Cov(tg,hy)Cov(ty, h2)

_ 2
Cov (i) = AAp02.  (A28)

CoV(ta,1p) = AadpG” + YaYOz +CoV(a, M),

The difference is the covariance of the twins’ errors, including any copying they share. Section 4
finds 7 close to zero, so the difference measures Cov(n,, 7). If the trait changes between waves

in a way unrelated to its level, x; = x* 4 v, none of these expressions changes. If it partly reverts
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with a stable variance, x; = px* + v with p < 1 and Var(x}) = 62, then Cov(hy,h,) and Cov(t,h,)
both fall by the factor p. Validity is then understated by the factor /p, and a reported shared share
s corresponds to a true share 1 — (1 —s)/p. The retest correlations bound p from below by 0.86
for purchases and 0.92 for policy, so validity is understated by at most 7 percent, and the shared
share for purchases is at least 0.73 to 0.86 instead of 0.77 to 0.88. The human ORIV benchmark is

unaffected, because Cov(y, ;) and Cov(hy,hy) fall by the same factor.

B Reruns, Repeated Questions, and Fine-Tuning

Three further twin versions released with Twin-2K-500 test the framework without new model
calls. Table A1 reports them.

Reruns. A second run of GPT-4.1-mini at its default temperature agrees with the main run on
87 percent of items. For purchase propensity the two runs correlate at 0.71, and 95 percent of their
covariance is shared error, more than for any pair of developers (77 to 88 percent). ORIV on the
two runs moves the effect only from 0.17 (OLS) to 0.18, as Proposition 1 predicts for replicates.
For policy liberalism the shared share is 0.42 for the two runs and for every pair of developers
alike, so on this score almost all twin error is common to all models.

Repeated questions. The version labeled “repeating questions” in the release matches the orig-
inal answers on 67 percent of purchase items and the retest on 67 percent, the same as the main
twin. Its copying measure and its validity are unchanged. In every released version the copying
channel is closed, so the test of Section 4 serves as a check and not as a finding.

Fine-tuning. A GPT-4.1-mini model fine-tuned on 500 people is evaluated on the 1,558 people
outside its training set. It is far less over-coherent. Its OLS effect of policy liberalism on political
views is 0.41, against 0.89 for the base twin and 0.74 for humans. It also shares less error with
other twins (0.32 to 0.37 of the covariance for policy, against 0.40 to 0.43). The gain comes at a
cost in validity, which falls from 0.76 to 0.41 for policy and from 0.22 to 0.06 for purchases, and

its purchase scores are 2.7 times as dispersed as human ones. ORIV that pairs the fine-tuned twin
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with another twin still overstates the policy effect (0.86 to 0.89 against 0.74), by less than pairs of

base twins. Fine-tuning trades shared error for noise. It does not make twins valid duplicates.

Table Al. Reruns, Repeated Questions, and Fine-Tuning

Purchase propensity  Policy liberalism

(1 ) 3) “)
Panel A. One twin: validity and OLS effect
GPT-4.1-mini, main setting 0.22 0.168 0.75 0.890
GPT-4.1-mini, default temperature 0.18 0.130 0.75 0.886
GPT-4.1-mini, repeating questions 0.23 0.167 0.75 0.890
GPT-4.1-mini, fine-tuned” 0.06 0.074 0.41 0.409
Panel B. Two twins: shared error share and ORIV effect
GPT-4.1-mini, two runs 0.95 0.175 0.42 0.900
GPT-4.1-mini and GPT-4.1 0.88 0.269 0.42 0911
GPT-4.1-mini and Gemini 0.77 0.525 0.42 0.914
Fine-tuned and GPT-4.1-mini¢ 0.94 0.234 0.37 0.858
Fine-tuned and Gemini¢ 0.86 0.510 0.32 0.894
Panel C. Human benchmark: ORIV on original and retest
All people 0.201 0.725
People outside the fine-tuning sample® 0.200 0.737

Notes: Columns (1) and (3) report twin validity in Panel A and the share of twin covari-
ance not explained by the human trait in Panel B. Columns (2) and (4) report standardized
effects on the spendthrift index and on political views. “Evaluated on the 1,558 people
outside the fine-tuning training set. Bootstrap intervals from 1,000 draws are in the repli-
cation package. N = 2,058 unless marked.

C Benchmarks against Published Estimates

Table A2 places our estimates next to published ones. We compute each of our statistics the way
the cited paper computes it.?°

Four comparisons stand out. First, our human measures are more reliable than the preference
elicitations in Gillen, Snowberg, and Yariv (2019), where two elicitations of risk aversion correlate
at about 0.6. Purchase propensity averages 40 decisions and policy attitudes are stable, so attenua-

tion is small. ORIV raises the human coefficient by 5 to 10 percent, less than the 12 to 22 percent

20tem accuracy is the share of items on which two answers are identical, for the 40 binary purchase items and the
10 five-point policy items. Normalized accuracy divides twin accuracy by human retest accuracy, as in Toubia et al.
(2025) and Park et al. (2024).

50



Table A2. Benchmarks against Published Estimates

Statistic This paper Published Source
Correlation between two 0.86 (purchase), 0.92 About 0.6 (risk), 0.58  Gillen, Snowberg,
human elicitations (policy), two weeks apart  to 0.67 across waves and Yariv (2019)
Twin item accuracy 0.80 to 0.85 (purchase), 0.88 (twins, all items) Toubia et al. (2025)
relative to human retest 0.60 to 0.62 (policy)
0.86 (surveys and Park et al. (2024)
interviews)
Same, demographics-only  0.70 (purchase), 0.57 0.74 Park et al. (2024)
agent (policy)
Person-level validity 0.11 to 0.25 (purchase), Not reported
relative to human retest 0.66 to 0.78 (policy)
Correlation between two 0.09 to 0.32 (purchase), 0.76 Espinal Maya
LLM measures 0.77 to 0.94 (policy) (2026)
Standard deviation, LLM 0.56 to 1.00 (purchase), About 0.51 Bisbee et al. (2024)
relative to human 0.60 to 1.78 (policy)
ORIV relative to OLS, 1.10 (purchase), 1.05 1.12 (height), 1.22 van Kippersluis
human duplicates (policy) (education) et al. (2023)
1.25 (LLM Espinal Maya
duplicates) (2026)
Twin ORIV relative to 1.34 to 2.62 (purchase), Not reported
human ORIV 1.25 to 1.26 (policy)

Notes: Ranges across the four twins or the six pairs of twins. The published standard deviation ratio is computed
from Table 1 of Bisbee et al. (2024) for affective polarization among partisans. The 0.88 for Toubia et al. (2025)
is 71.7 divided by 81.7.
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that van Kippersluis et al. (2023) find for polygenic indices. Corrected correlations between pref-
erence measures in Gillen, Snowberg, and Yariv (2019) and Bokern et al. (2023) rise far more,
often from below 0.45 to above 0.6. Section 5 of the paper turns to those preferences.

Second, item accuracy and person-level validity tell different stories. On purchase items, twins
reach 80 to 85 percent of human retest accuracy, which matches the 86 to 88 percent reported by
Toubia et al. (2025) and Park et al. (2024). The demographics-only twin reaches 70 percent, close
to the 74 percent Park et al. (2024) report for demographic agents. At the level of the person,
the same twins recover only 11 to 25 percent of the retest correlation. Figure A1l shows the gap.
Purchase decisions have a common answer for most products, and a twin that predicts it scores
well on accuracy while missing who buys more than whom. A regression uses only the second
kind of information.

Third, agreement between models is not evidence of independent errors. Espinal Maya (2026)
reports a correlation of 0.76 between two LLMs and treats it as support for ORIV. Our policy twins
agree at 0.77 to 0.94, yet 40 to 43 percent of their covariance is shared error. Agreement measures
the sum of shared signal and shared error, and ORIV needs the second to be zero.

Fourth, LLMs do not simply compress. Bisbee et al. (2024) find synthetic responses with
about half the human standard deviation. Our twins range from 0.56 to 1.78 times the human
standard deviation depending on model and score, which is why we use the scale-robust estimator
of equation (3). Bisbee et al. (2024) also find that partisanship predicts attitudes more strongly in
synthetic data than in survey data. Our twins show the same over-coherence between ideology and

policy positions, and Proposition 4 explains why it biases regression estimates.

D LLM Prompts and Protocol

D.1 Persona

For a new sample, each person’s demographics fill the following template. The persona contains

no answer to any task or outcome question, except in the randomized arm described below.
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0.5 A Policy items
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Person-level validity: corr(twin, retest) / corr(original, retest)

® GPT4.1-mini M GPT4.1 4 Gemini2.5 Flash A Demographics only

Figure Al. Item Accuracy and Person-Level Validity

Notes: Vertical axis: share of items on which the twin matches the wave 4 answer, divided by the
same share for the waves 1 to 3 answer. Horizontal axis: correlation of the twin score with the wave
4 score, divided by the correlation of the waves 1 to 3 score with the wave 4 score. The shaded band
marks published item-level estimates. The dotted line is the 45-degree line.

You are taking part in a study as the following person. Age: dage}.
Gender: {gender}. Highest education: <{education}. Household income:
{income band}. Region: {region}. Employment: {employment status}.
Answer every question as this person would. Answer only with the
requested format.

In the randomized arm, for two models and for a random half of personas, the template adds
the participant’s answers to the three outcome questions. Comparing the two halves identifies the

loading & of Proposition 4.
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D.2 Tasks

The model receives the same instructions as human participants, one part per message, in the
participant’s randomized order, within a single conversation. Comprehension checks are omitted.
After each part the model returns a JSON object. For the multiple price list it returns a JSON object
with one entry per row, such as "row_1": "A". For the certainty equivalents it returns the first
row at which it prefers the sure amount for each lottery. For the dictator game it returns the amount

sent, and for the slider it returns the selected position on each item.

D.3 Models and Settings

Models from at least three developers answer every persona, including at least one open model run
from Hugging Face. We record the exact model version string and date of every call. Calls use
temperature 1 where the model accepts a temperature setting. For one closed and one open model,
each persona is answered three times to estimate sampling noise separately from model-specific
error. For open models we also record the log-probability of each option, which gives a continuous
measure of each choice. For one open model family we run both the base and the instruction-tuned

version.

D.4 Held-Out Twins within Twin-2K-500

The same protocol applies to the existing Twin-2K-500 participants. Each persona is rebuilt from
the person’s waves 1 to 3 answers, in the question-and-answer format of Toubia et al. (2025), with
the economic preferences block removed. The tasks are the three certainty-equivalent lists, the
dictator game, the trust game, and the ultimatum game, worded as in the original survey. The risk
lists state that option 1 keeps the lottery and option 2 takes the sure amount, because the original
screen conveyed this by position. The outcome items, the empathy scale (QID232) and the four
spendthrift items (QID31 to QID34), are removed from every persona and then added back for a

random half of people. The outcomes are the spendthrift index for risk attitudes and the empathy
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scale for altruism. Each call is about 19,000 input tokens (about 32,000 in Claude’s tokenizer).
The run in Section 5.10 uses Claude Haiku 5.5 (model claude-haiku-5-5, effort set to low,
structured JSON output) for all 2,058 people, on 18 October 2026, with a second run for a fixed
random subset of 300 people. Every one of the 2,362 answers parsed, and the run cost about $9.
The analysis estimates the hybrid of Section 5 for human subsamples from 50 people to the full
sample, and ORIV on pairs of twins with and without controls for the demographics in the persona.
The code is in the replication package (folder code/new_twins), with a synthetic model that tests

every step without API calls.

D.5 Toxicity Labels for Online Comments

For Section 6, Claude Sonnet 5.5 (model claude-sonnet-5-5, effort set to low, structured JSON
output) receives each comment with the following instructions. System: “You rate online com-
ments the way a crowd of raters would. A toxic comment is a rude, disrespectful, or unreasonable
comment that is likely to make people leave a discussion.” User: the comment text, followed by
“What percentage of crowd raters (0 to 100) would rate this comment as toxic?” and a request to
answer as an integer. The definition of toxicity is the one shown to the crowd raters. The model
sees neither the ratings, nor the publication, nor the moderation decision, nor the likes. The data
are a random sample of 30,000 comments with at least four raters from the Kaggle competition
“Jigsaw Unintended Bias in Toxicity Classification,” of which 28,682 have at most ten raters. The

code is in the replication package (folder code/jigsaw).

E Variables and Simulation Parameters
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Table A3. Variable Definitions in Twin-2K-500

Variable

Items

Construction

Purchase propensity
Policy liberalism

Perceived public
support

Spendthrift index

Political views
Risk aversion, list &

Dictator giving
Ultimatum offer
Trust transfer
Trustee return share

1_Q295 to 40_Q295
QID287, rows 1 to 10

QID290, rows 1 to 10

QID31 to QID34

QID22
QID250, QID251,
QID252

QID231

QID224

QID117

QID118 to QID122

Share of products the person would buy (1 =
buy)

Mean support on a 1 to 5 scale, rows 9 and 10
reversed as 6 minus the answer

Mean percent of the public believed to support
each policy, rows 9 and 10 as 100 minus the
answer

Mean of z-scores of QID31, QID32, 6 minus
QID33, and 6 minus QID34

1 = very conservative to 5 = very liberal
Number of the 14 rows in which the person
takes the sure amount

Dollars sent out of $5

Dollars offered out of $5

Dollars sent out of $5

Mean share returned across the five tripled
amounts

Notes: Item codes refer to the question catalog released with Toubia et al. (2025). In the formatted twin
files, the first data row holds question text and is dropped. People are matched across files on TWIN_ID.

Table A4. Monte Carlo Designs

Design

Parameters

Shared errors

Binary labels
Equal compression
Unequal compression

Outcome loading

Three labels
Designs of Section 5

Coverage

Total error variance 2/3 per measure (reliability 0.6). Share s of it
common to all models, (1 —s)/2 model-specific, (1 —s)/2 sampling
noise. Human error variance 2/3. s from 0 to 1 in steps of 0.1

7w =0.5, p=gq from 0 to 0.25 in steps of 0.05, independent across

labels

K, = K3 from O to 0.5, noise variance 0.3
K, =0, k3, from 0 to 0.5, noise variance 0.3
ex = 0€+uy, 6 from —0.4 to 0.4, Var(uy) = 0.5, human error variance

0.5

As in binary labels, latent class model fitted by EM with 200 iterations
y=x"+¢, Var(x*) = 1, Var(€) = 3, so p = 0.5. Two human answers
Xx* + e with reliability 0.4, 0.6, or 0.8. Three LLM measures

0.8x* + ¢ + uy +0.3€ /+/3 with Var(c) = 0.5 common to all and
Var(uy) = 0.3. N = 2,000, a budget of 400 human answers, 1,000

replications

n = 500, reliability A from 0.05 to 0.9, error variance (1 —1)/A,
cluster-robust standard errors

Notes: In every design B = 1, Var(x*) = 1, € ~ N(0, 1), 500 replications, and n = 2,000 unless stated

otherwise.
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