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1 Introduction
Consider the recent work of Johnston et al. [2026]. As part of their study of the adoption
dynamics of agentic AI, they use an automated, privacy-preserving classifier of a Codex
conversation to predict how “complex” a user request submitted to Codex is. The prompt
for the classifier is in Appendix F of their paper; the prompt solicits the “active work time in
minutes an experienced human would need” to complete the task, as a specific quantitative
definition of task complexity.

Of course, what the classifier outputs is a prediction, not the “ground truth” for the how
long the task would take to perform. As such, there is a measurement error question at the
heart of analyses that are downstream of classifier-measured task complexity: if for some
reason the automated gpt-5-mini classifier used by Johnston et al. [2026] is systematically
biased at making predictions (even if it is good in a mean square error sense), it will bias
downstream estimates of economic quantities of interest.

Johnston et al. [2026] actually do check the performance of their automated classifier with
some benchmark data. They use a benchmark dataset of 1,000 random Codeforces problems,
which contains pairs of coding tasks and (fastest) completion times for competitive coders.
They find a correlation of 0.65 between the model-predicted times and the average completion
time among the five fastest human solvers of the coding task. They also find that “in general,
the model [classifier] tends to predict slower completion times than the scores derived from the
metadata.” Johnston et al. [2026] rightly point out that this is somewhat expected: “this is
in part because we are measuring our modeled prediction against the speed of a nonrandomly
selected group, which is largely made up of competitive programmers.” Even so, this exercise
is illustrative of the possibility for systematic measurement error raised earlier. (For a very
recent example of frontier LLM classifiers systematically failing to replicate expert human
judgment, see Su et al. [2026].)
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However, we do have access to some actual labels—some real ground truth—right? They
just come from the benchmark sample. The question is then: might we be able to use
information from this benchmark dataset to correct for the estimation-relevant consequences
of measurement error in conversation classifiers? The intuition for how we might do this is
somewhat straightforward: we can get some sense of how systematically wrong the classifier
is on the benchmark dataset, and perhaps use that knowledge of wrongness to adjust our
estimator based on the target conversation dataset, so long as we take into account that the
types of errors made in the benchmark dataset may not be totally representative of those in
the conversation dataset due to distribution shift. The purpose of this note will be to show
that we can do exactly this wrt almost any downstream estimation goal of economic interest
(for certain benchmark datasets, under certain assumptions).

Before moving on to specifics, it’s worth commenting on the fact that a natural alternative
idea here would be to subsample from the AI conversation dataset itself, and invoke some
expensive process to label that subsample with ground truth values—which some literatures
would call a validation dataset. That way, we ensure the bias we are measuring is representative
in the way we want. Indeed, when one can do this, there are many statistical benefits to using
a validation sample to correct for measurement error in downstream estimation [Angelopoulos
et al., 2023, Egami et al., 2024, Carlson and Dell, 2025]. However, specifically in this setting
where privacy-preservation is required, and no human should be looking at conversations,
this route may not be feasible. Moreover, we might simply find the ground truth signal in
a given benchmark to be most meaningful to match, e.g., humans carefully guessing how
long it would take to complete a task versus actual task completion timestamps. That said,
to the extent that automated, privacy-preserving means exist to collect meaningful ground
truth for a subset of the conversation dataset, such a strategy could be preferred.

2 Warm-up
Let’s add some notation here. Say that we have a dataset of unique AI users (for simplicity)
indexed by i and their conversations, Xi, at a given point in time. Say these users are
sampled iid. In principle, there exists some most meaningful ground truth measurement
Y ∗
i for each i, e.g., the “experienced” human task completion time associated with the task

described in Xi. The problem is that we don’t get to see Y ∗
i for any of the individuals in the

AI conversation dataset. This is a missing data problem.
However, we do have access to a benchmark dataset with some ground truth, i.e., we have

some (Y ∗
i , Xi) pairs, just drawn from a different distribution. Let’s join our conversation and

benchmark datasets, and for record keeping purposes we’ll introduce the random variable
Di, which indicates whether that observation i is from the target AI conversation dataset
of interest (Di = 1) or from the benchmark dataset (Di = 0). With this combined dataset
convention, we can write the estimand (parameter) of interest—say, the average human task
completion time in the target AI user population—as

θ := E[Y ∗ | D = 1].

Recall we only get to see Y ∗ when D = 0, under this bookkeeping convention. To formally
encode this missingness, we write that we get to see the random variable Yi for every i in
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the combined dataset, where
Yi = (1−Di)Y

∗
i .

That is, when Di = 0 the Yi = Y ∗
i , but otherwise when Di = 1 the Yi = 0, where zero is just

a convention for a missing value. (Note we can always differentiate a meaningful zero from
a missingness zero by looking at Di.)

As such, θ is not “identified” under our missing dataset setup (i.e., it is not computable
using our observed data, even if we had as much of it as we want) unless we make an
assumption that looks like the following:

[Y ∗ ⊥⊥ D] | X.

This resembles an “unconfoundedness” assumption in the causal inference literature (another
quintessential missing data problem) but can also be seen substantively as a covariate shift
assumption in the present context, which is that for all possible x ∈ X

Y ∗ | (X = x,D = 1)
L
= Y ∗ | (X = x,D = 0),

where L
= denotes equality in law (distribution).1 That is, the conditional distribution of

Y ∗ | X is “stable” across the AI conversation and benchmark datasets, though the marginal
distributions of X are able to vary. Concretely, for our running example, this would mean
that conditional on the coding task, the distribution of human completion times is the same
in the conversation and benchmark datasets, but the marginal distribution of coding tasks
may differ across the conversation and benchmark datasets.

If we can reasonably assume this condition, then we can leverage the stability of the
relationship Y ∗ | X across the conversation and benchmark distributions in order to debias
our estimates of θ wrt systematic measurement error in the conversation classifier. Doing
this well will come down to how well we can effectively model the covariate shift, the change
in the marginal distribution of X—though, fortunately, in practice, this will just mean we
need to build one more classifier, this time of whether a given conversation/task belongs in
the conversation or benchmark dataset. Finally, note that what we can debias effectively
then is a Y ∗ that is conditionally stable, i.e., here, completion times for competition coders,
given the nature of our benchmark dataset.

3 Framework
Now that we’ve established some basic notation and intuition for the strategy of handling
systematic measurement error, we turn to an overview of a fully general and rigorous
framework for accomplishing our goals.

In particular, we will adapt the framework of Chen et al. [2008], in the spirit of Carlson
and Dell [2025]. Specifically, we can look to the “verify-out-of-sample” results of Chen
et al. [2008]. These results will actually allow us to correct for measurement error based on
privacy-preserving classifier predictions used to estimate a parameter defined by any GMM

1This is an if and only if relationship (see Proposition 1 in the appendix).
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identification strategy (so almost anything of interest: means, linear regressions/models,
structural models, and more).

To start, we use the same essential setup as Chen et al. [2008], generalizing what we
did in our warm-up. We start with an iid sample of data {(Xi, Yi, Zi, Di)}ni=1, where Xi

are conversations (say, that contain a coding task within them), Zi are other covariates
for the observation (say, other structured metadata about the conversation), and Di keeps
track of where the observation came from: Di = 1 if the conversation came from the target
dataset, and Di = 0 if it came from a benchmark dataset. We again define Yi = (1−Di)Y

∗
i .

To simplify some notation later on, we’ll also introduce the sets C := {i : Di = 1} and
B := {i : Di = 0}, the indices of observations in the target conversation and benchmark
datasets, respectively.

Say we are interested in estimating a parameter θ ∈ Θ ⊆ Rdθ given by the moment
condition

E[m((Y ∗, Z);ϑ) | D = 1] = 0 iff ϑ = θ

where m(·;ϑ) is a set of functions with dimension dm ≥ dθ.
Going forward, let’s label X̃ := (X,Z). Then the more general assumption we make to

identify θ from observed data is just

[Y ∗ ⊥⊥ D] | X̃.

Under this assumption, by the law of total expectation

E[m((Y ∗, Z);ϑ) | D = 1] = E[E[m((Y ∗, Z);ϑ) | D = 1, (X,Z)] | D = 1]

= E[E[m((Y ∗, Z);ϑ) | D = 0, X̃] | D = 1]

= E[E[m((Y, Z);ϑ) | D = 0, X̃] | D = 1],

which is a moment condition solely in terms of the observed data. We also need natural
positivity assumptions here so that this expectation exists, sufficiently that

p := P (D = 1) ∈ (0, 1), p(X̃) := P (D = 1 | X̃) ∈ (0, 1) a.s.

Because X̃ is plausibly quite high-dimensional (it is unstructured conversation data), this
condition—sometimes called “overlap”—may plausibly fail to hold [D’Amour et al., 2021],
or fail in practice (causing high variance/finite sample instability). That said, the condition
suggests that we want to choose a benchmark dataset that has high covariate overlap with
our target conversation dataset, all else equal.2 Otherwise, we want to deploy strategies
at our disposal (mostly borrowed from the causal inference literature) to ameliorate this
problem, e.g., change the parameter to one that is conditioned on a high(er) overlap region
of the covariate space; “trim” the p(X̃); or invoke representation learning strategies to lower
the dimensionality of X̃ without introducing more bias [Clivio et al., 2026].

We know from Chen et al. [2008] what the “efficient influence function” (EIF) for any θ
in this framework is:

Ψ(Y, X̃,D; θ) = −J −1
θ × Fθ(Y, X̃,D)

2Technically, a minimal viable condition here is just that PX̃|D=1 ≪ PX̃|D=0. That is, we should choose
a benchmark that covers the target conversations, but does not necessarily need to match them.
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where

Fθ(Y, X̃,D) =
1−D

p

p(X̃)

1− p(X̃)
[m((Y, Z); θ)− E(X̃; θ)] +

E(X̃; θ)

p
D

for
E(X̃; θ) = E[m((Y ∗, Z); θ) | X̃], Jθ =

∂

∂θ
E[m((Y ∗, Z); θ) | D = 1].

What is this EIF thing, and why do we care about it? We care about the EIF in this
setting primarily because it can be used as a “doubly robust,” Neyman orthogonal estimating
equation [Chen et al., 2026], which is more permissive of using black-box AI/ML models to
estimate “nuisance” functions, i.e., the p(X̃), E(X̃; θ) here.3 Concretely, it is also true that

E[Ψ(Y, X̃,D;ϑ)] = 0 iff ϑ = θ,

and so Ψ can play the same role as m, but, when used as an estimating equation, yields a more
robust estimator. Moreover, estimators derived from EIF-based estimating equations will
typically have the lowest possible variance of any nice, “regular” estimator of our parameter
of interest. As such, there is a very real sense that, if we want to use benchmark data to
debias our estimator of a quantity of interest θ, we can do no better from a robustness and
efficiency standpoint than an estimator derived using the above framework.

4 Revisiting Johnston et al. [2026]
With a general framework in place, let’s go back to the simple motivating example, estimating
the mean human completion time in some period of AI use. Then the relevant moment
condition is simply

m(Y ∗;ϑ) = Y ∗ − ϑ

which implies that

E(X; θ) = E[Y ∗ | X]− θ = E[Y | D = 0, X]− θ, Jθ = −1,

as here X̃ = X. Thus we can compute that in this setting

Fθ(Y, X̃,D) =
1−D

p

p(X)

1− p(X)
[m(Y ; θ)− E(X; θ)] +

E(X; θ)

p
D

=
1−D

p

p(X)

1− p(X)
[(Y − θ)− (E[Y | D = 0, X]− θ)] +

E[Y | D = 0, X]− θ

p
D

=
1−D

p

p(X)

1− p(X)
(Y − E[Y | D = 0, X]) +

E[Y | D = 0, X]− θ

p
D

and so

Ψ(Y, X̃,D; θ) =
1−D

p

p(X)

1− p(X)
(Y − E[Y | D = 0, X]) +

D

p
E[Y | D = 0, X]− D

p
θ.

3These are “nuisance” functions in the sense that we don’t care about learning them for their own sake,
per se, but just towards the ends of learning θ.
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Using the EIF as an estimating equation immediately suggests the estimator (based on a
few lines of algebra only):

θ̂ =

(
1

n

∑
i

Di

p̂

)−1
1

n

n∑
i=1

(
Di

p̂
Cls(Xi) +

1−Di

p̂

p̂(Xi)

1− p̂(Xi)
(Yi − Cls(Xi))

)
,

where p̂ = 1
n

∑
i Di, and Cls(Xi) = Ê[Y | D = 0, Xi] and p̂(Xi) = P̂ (D = 1 | Xi), our best

feasible approximations of E[Y | D = 0, Xi], P (D = 1 | Xi), respectively. Simplifying,

θ̂ =
1

n

n∑
i=1

(
Di

p̂
Cls(Xi) +

1−Di

p̂

p̂(Xi)

1− p̂(Xi)
(Yi − Cls(Xi))

)
or equivalently, writing out terms as averages from the conversation and benchmark datasets,
respectively,

θ̂ =
1

|C|
∑
i∈C

Cls(Xi) +
1

|B|
∑
i∈B

|B|
|C|

p̂ (Xi)

1− p̂ (Xi)
{Yi − Cls(Xi)} .

Notice that the role of Cls(x) is usually played by the privacy-preserving classifier, which
in the status quo is implemented with a frontier LLM; the efficiency theory here tells us what
the classifier should approximate is a particular conditional expectation function, x 7→ E[Y ∗ |
X = x]. The p̂(x) is another classifier we should build—a “discriminating” binary classifier
of the probability a conversation/task came from the target conversation data versus the
benchmark data (perhaps approximated using the softmax distribution over the final token
of a calibrated LLM, or some small neural network trained on an independently held-out
dataset). That is, there is one additional prediction problem we must do for appropriate
handling of measurement error, which we can still plausibly do in privacy-preserving way.
Further notice that the issue of poor “overlap” directly manifests in the properties of the
weights p̂(x)

1−p̂(x)
.

For comparison, the (possibly biased) estimator implicitly being used in the status quo,
which we might call θ̃, is just the first term in θ̂, the

θ̃ :=
1

|C|
∑
i∈C

Cls(Xi).

The work above informs us of the appropriate debiasing correction for θ̃ using some benchmark
data, assuming that we can model well the probability a given conversation/task comes from
the benchmark or comes from the AI usage dataset, the p̂(x).

Recall, this machinery is general to any θ of economic interest defined by a GMM
identification condition, though we have fully worked out the case for a simple mean estimation
question.

For the sake of this note, we will not derive the large-sample properties of this estimator,
but doing something formal about inference would be the natural next step in the project.
That said, this is almost certainly the actual estimator one would implement, given how
it was derived—there are simply some additional questions about how well one needs to
approximate E[Y ∗ | X = x] and p(x) that formal asymptotic analysis would clarify. If we
knew E[Y ∗ | X = x] and p(x) with certainty, the inference results here would be immediate.
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5 More Intuition
For more intuition, we can observe that the estimator θ̂ also naturally corresponds to a
sensible estimator that measures the systematic mistakes in the benchmark predictions and
then applies that as a bias correction to predictions on the target conversation dataset,
appropriately adjusting for covariate shift across benchmark and target with a density ratio
(Radon-Nikodym derivative).

To see this, we start with another identification for a θ which is the expected completion
time (generically, a mean of missing data). In particular, say P is the target conversation
distribution of interest, and Q is the distribution of the benchmark data. We make a covariate
shift assumption as before, now denoting it as PY |X = QY |X , but again where PX and QX

are able to differ. Then we have that

θ := EP [Y
∗] = EP [Cls(X)]︸ ︷︷ ︸

Expected classifier prediction

+ EQ [w(X)(Y ∗ − Cls(X))]︸ ︷︷ ︸
Bias in benchmark, reweighted for cov. shift

where w(x) = dPX

dQX
(x), the Radon-Nikodym derivative.

The natural plug-in estimator implied here, call it θ̌, is just (assuming we knew the
density ratio and p momentarily)

θ̌ =
1

n

n∑
i=1

(
Di

p
Cls(Xi) +

1−Di

1− p
w(Xi)(Y

∗
i − Cls(Xi))

)
.

By Bayes, however,

w(x) =
dPX

dQX

(x) =
f(x | D = 1)

f(x | D = 0)
=

P (D = 1 | x)f(x)/p
P (D = 0 | x)f(x)/(1− p)

=
p(x)(1− p)

(1− p(x))p

and so if we estimate p with p̂ = n−1
∑

i Di and p(x) with p̂(x)

θ̌ =
1

n

n∑
i=1

(
Di

p̂
Cls(Xi) +

1−Di

p̂

p̂(Xi)

1− p̂(Xi)
(Y ∗

i − Cls(Xi))

)
.

Notice that θ̂ = θ̌; it is equivalent to the estimator we found earlier with the verify-out-of-
sample approach. Thus the intuition that allowed us to build θ̌ is the right intuition for θ̂
and the verify-out-of-sample approach too.

6 Takeaways
What are the overall takeaways from this note?

1. To estimate something like the average complexity of tasks for some target AI user
population, researchers are currently using a privacy-preserving automated classifier in
an estimator that looks like:

θ̃ :=
1

|C|
∑
i∈C

Cls(Xi).
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This estimator may suffer from bias due to systematic measurement error in Cls. To
purge this bias, we could leverage a benchmark dataset, so long as it only differs from
the target population of interest by a covariate shift (change in marginal distribution
of the conversations being had); a highly general framework based on this assumption
would tell us to use the debiased (and efficient) estimator:

θ̂ =
1

|C|
∑
i∈C

Cls(Xi) +
1

|B|
∑
i∈B

|B|
|C|

p̂ (Xi)

1− p̂ (Xi)
{Yi − Cls(Xi)} .

Naturally, if there is no measurement error, Yi − Cls(Xi) = 0 almost surely, and we
recover the unadjusted estimator.

2. The theory that underlies this general framework would make it easy to debias any
θ of interest fairly straightforwardly, be that a θ from a linear regression, structural
model, or the like.

3. The theory underlying the framework reveals that we should ideally be choosing
a benchmark dataset that has conversations that are as similar as possible (in a
distributional sense) to the ones in the target population.

4. The framework tells us we only need to do one more piece of engineering to debias
our estimates: fit a discriminating classifier of whether an observation came from the
target or benchmark dataset. Plausibly, this can also be done in a privacy-preserving
way.

5. The benchmark outcome (the “ground truth” it contains) naturally dictates which
attribute of the target conversation dataset we can most credibly leverage for estimation,
e.g., if the outcome in the benchmark is competition coder completion times, that’s the
outcome we can most credibly debias wrt (as opposed to completion times for average-
skill coders), and the choice of privacy-preserving classifier prompt should reflect this.
By the same logic, then, in the setting of Johnston et al. [2026], curating a benchmark
of real-world reminiscent tasks and timing their completion by non-competitive coders
would be preferred.

6. If we could annotate at least some of our AI conversations of interest with ground truth
in privacy-preserving way, that would be the most promising thing to do. However,
the present approach provides a naturally privacy-preserving alternative, involving no
human looking at user conversations.
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7 Appendix
Proposition 1. Assume that P (D = 1) ∈ (0, 1), P (D = 1 | X) ∈ (0, 1) a.s. Then
[Y ∗ ⊥⊥ D] | X iff Y ∗ | (X,D = 1)

L
= Y ∗ | (X,D = 0).

Proof. Our goal is to show that almost surely

[Y ∗ ⊥⊥ D] | X ⇐⇒ Y ∗ | (X,D = 1)
L
= Y ∗ | (X,D = 0).

The first direction then is

[Y ∗ ⊥⊥ D] | X =⇒ Y ∗ | (X,D = 1)
L
= Y ∗ | (X,D = 0).

To show this, it is immediate that assuming [Y ∗ ⊥⊥ D] | X implies

P (Y ∗ = y | X,D = 1) = P (Y ∗ = y | X) = P (Y ∗ = y | X,D = 0).

To show the other direction,

[Y ∗ ⊥⊥ D] | X ⇐= Y ∗ | (X,D = 1)
L
= Y ∗ | (X,D = 0)

observe that if Y ∗ | (X,D = 1)
L
= Y ∗ | (X,D = 0), then

P (Y ∗ = y,D = d | X) = P (Y ∗ = y | X,D = d)P (D = d | X)

and then that by the law of total probability

P (Y ∗ = y | X) = P (Y ∗ = y | X,D = 1)P (D = 1 | X)+P (Y ∗ = y | X,D = 0)P (D = 0 | X).

But under the covariate shift assumption, then for all d ∈ {0, 1}

P (Y ∗ = y | X) = P (Y ∗ = y | X,D = 1)P (D = 1 | X) + P (Y ∗ = y | X,D = 0)P (D = 0 | X)

= P (Y ∗ = y | X,D = d)P (D = 1 | X) + P (Y ∗ = y | X,D = d)P (D = 0 | X)

= P (Y ∗ = y | X,D = d)(P (D = 1 | X) + P (D = 0 | X))

= P (Y ∗ = y | X,D = d)

and so

P (Y ∗ = y,D = d | X) = P (Y ∗ = y | X,D = d)P (D = d | X)

= P (Y ∗ = y | X)P (D = d | X)

which is the definition of conditional independence, Y ∗ ⊥⊥ D | X.
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