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Abstract

Advances in machine learning and the increas-
ing availability of high-dimensional data have
led to the proliferation of social science re-
search that uses the predictions of machine
learning models as proxies for outcomes of
interest. However, prediction errors from ma-
chine learning models can lead to bias in
downstream estimation tasks, including re-
gression. In this paper, we show how this
bias can arise, propose a test for detecting
bias, and demonstrate the use of an adver-
sarial machine learning algorithm in order
to generate predictions suitable for unbiased
downstream estimation. Here, we focus on
a setting where machine-learned predictions
are the dependent variable in a regression.
We conduct simulations and empirical exer-
cises using ground truth and satellite data on
forest cover in Africa. Using the predictions
from a naive machine learning model leads
to biased parameter estimates, while the pre-
dictions from the adversarial model recover
the true coefficients. Our approach consis-
tently matches or exceeds the performance of
existing methods.
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1 INTRODUCTION

Efforts to combat climate change, alleviate poverty,
and improve food security depend on studies that eval-
uate the effectiveness of policy interventions. These
studies increasingly rely on satellite remote sensing
data and machine learning methods to measure out-
comes (biodiversity, forest carbon, wealth, agricultural
productivity) of interest. Converting multispectral,
multitemporal, and spatial data into these dependent
variables relies on machine learning methods paired
with labeled data to generate detailed maps of vari-
ables of interest. With the increasing availability of
remote sensing data, decreasing cost of computation,
and continuing improvement of machine learning tools,
we are in the midst of a measurement revolution in
social, economic, and environmental sciences.

These advances in measurement derive from the field
of remote sensing, which generally develops tools to
improve measurement of particular outcomes, Y, us-
ing a small labeled sample and satellite data. These
approaches use satellite imagery features (k) to train a
machine learning model that generates predictions:

Yi(ki) =Y + v, 1)

where v; is the measurement error for a given observa-
tion. Y can be written as the output of a prediction
model, Y = f(k;,w), finds weights w that minimize
some function of v in the labeled data, for example
the sum of squared error: I/J2 =2, (Y;(k;) — Y;)2.
Researchers often use this approach when the labeled
observations are too few or their geographic coverage
does not fit the research question. For example, re-
searchers might measure a small number of field plots
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to measure forest carbon while seeking to understand
the broader forest carbon effects of forest carbon offset
projects, or use data from several air quality moni-
toring stations to infer ambient air quality across a
city. While this may be a sensible approach for some
descriptive tasks, it can generate bias when Y is used
as a proxy for Y in policy evaluations.

The bias occurs because of differential measurement
error with respect to policy assignment. For example,
say we want to study the effect 5 of road construction X
on forest cover Y. In practice, we run linear regression
for the model:

Vi = a+BX; + e, (2)

using our remote sensing proxy for forest cover as the
dependent variable. Our estimate of B , the treatment
effect of X on predicted forest cover, will obtain in
expectation:

. Cov(e, X)

B[] = 4+ e Cov(v, X)

Var(X)

3)

Here, 8 represents the true treatment effect of X on
Y and the second term is standard omitted variable
bias. The third term captures measurement error bias,
which arises from using our proxy variable rather than
true values of forest cover. It will bias our estimate as
long as Cov(v, X) # 0.

Previous approaches to correct this bias take model
predictions Y as given, and then attempt to correct for
this type of error using a subsample of points where
the ground truth measures of ¥ are known (Proctor
et al. [2023} |Angelopoulos et al., [2023; |[Egami et al.|
2023; |[Kluger et al.l 2025; Miao et al., [2024} Salerno
et al.l [2025; |[Wang et al., 2020). In contrast, we de-
scribe a class of models that generate Y such that
the magnitude of Cov(v, X) can be controlled by de-
sign. In particular, we borrow an approach from the
algorithmic fairness literature where prediction errors
are constrained to be uncorrelated with legally pro-
tected categories like race or gender (Zhang et al.
2018). Rather than having the adversarial component
of the model attempt to predict one or more protected
categories, we task it with predicting the independent
variable(s) X. This approach generates predictions
that are both precise and unbiased for the researcher’s
estimation task.

1.1 Contributions

The primary contributions of this paper are threefold.
First, we introduce an adversarial debiasing model ex-
plicitly designed to produce predictions suitable for
causal estimation. Unlike existing methods that cor-
rect bias in off-the-shelf or fixed-model predictions, our

approach directly generates predictions with minimized
measurement error bias, eliminating the need for subse-
quent bias-correction steps and potentially improving
precision. Second, we develop a statistical test for
detecting measurement error bias in machine-learned
proxies. Third, we propose a practical power calcula-
tion framework that enables researchers to determine
the required amount of ground truth labeling needed to
reliably identify and mitigate measurement error bias
in their analyses.

1.2 Related Work

This paper contributes to a growing literature that
has begun to document the problem of non-random
measurement error in machine-learning models (see
(Jain [2020) for a revieWEI). A number of recent papers
address the setting where researchers seek to correct
correlated measurement error for a downstream esti-
mation task by using some gold-standard labeled data.
One approach, prediction-powered-inference, develops
a loss function for the downstream estimator that re-
moves the bias (Angelopoulos et al. 2023} |Torchiana
et al., 2023} |Zhang}, |2021; [Egami et al. 2023). An-
other method known as predict-then-debias, estimates
the bias and subtracts it from the coefficient of inter-
est (Kluger et all 2025). A third set of papers use
a variety of ad-hoc approaches to correct the predic-
tions themselves (Wang et all 2020; Proctor et al.
2023; |[Miao et al., 2024 |[Ratledge et al., |2021). Our
approach is closest to this last group, however we im-
prove upon previous approaches by directly generating
predictions that are suitable for downstream estima-
tion. Finally, our approach relies on a similar intuition
to the deconfounding literature, though it targets re-
moving correlated measurement error rather than a
latent confounder estimated via correlation in multiple
treatments.

2 ADVERSARIAL DEBIASING

2.1 Detecting Bias

Unlike for omitted variable bias, an estimate of mea-
surement error bias is obtainable if researchers have
access to or can generate some ground-truth values of
Y (for example, by visually interpreting high-resolution
satellite imagery). Let j € J index observations in the
labeled set. Consider the regression:

v; = Xy + uy, (4)

'For topic-specific reviews, see Balboni et al.|(2022) on
deforestation, |Gibson et al.| (2021]) and |Bluhm & McCord
(2022) on night lights, and |Fowlie et al.| (2019) on air pollu-
tion.
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with X as a vector of independent variables, and
v;j = Y —Y is the prediction error. Our estimate
of v will be ¥ = (X’X)~1X’v, which will converge
to the multivariate analog of the bias term in equa-
tion [3| under the assumption that the labeled set is
representative of the full population.

Estimates of the standard errors of 5 can be used to test
whether the bias is significantly different from zero, or
to rule out biases greater than a certain size. We adapt
standard power calculations to estimate a ‘minimum
detectable bias’ given a certain number of observations
and an estimate of the standard error of 4. Researchers
can estimate the number of labeled observations which
will likely be necessary to rule out some amount of mea-
surement error bias. We demonstrate this procedure
in our first two applications.

Direct estimates of bias can also be used to perform a
‘bias correction’ on estimates of # from equation

B.=B-7. (5)

In expectation, our bias-corrected estimate BC will con-
verge to the true value of 8 when the labeled sample is
representative. This is identical to the un-tuned model
developed in [Kluger et al| (2025). An estimate of the
standard error of . can be produced by a normal ap-
proximation as described in |Angelopoulos et al.| (2023)
and [Kluger et al|(2025)) or with a bootstrap procedure.

There are two main benefits to this approach. First, B
and 7 can be generated with off-the-shelf predictions
and a relatively small amount of ground-truth data,
which is straightforward for those who do not want to
generate a custom machine learning model for their
research question as we describe in the following section.
Second, we expect this approach to perform well when
a very small number of ground truth observations are
available. There are shortcomings of this estimator,
however. The estimation uncertainty of 7 inflates the
variance of fS.. Secondly, this approach takes a set
of Y predictions as given, which bounds the precision
of 8. In the next section, we describe an adversarial
approach to obtain precise predictions of Y without
differential measurement error for a given estimation
problem.

2.2 Adversarial Model

We investigate prediction models that directly avoid
differential measurement error by construction. Given
bias in the form of C&%&f),
model’s objective function as a constrained optimiza-
tion problem. In particular, we seek a model with

parameters w* that satisfy:

we can formulate the

Outcome measurement model
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Figure 1:
approach.

The model architecture of the debiasing

w* = arg min Lp()?(w), Y, k)

v . (6)
such that Cov(X,Y — Y (w)) =0,

where L, is a standard loss function, such as mean
squared error. Now consider the adversarial debias-
ing model proposed by |Zhang et al| (2018)), which
was originally used to debias machine learning model
predictions with respect to race or gender.
introduce a secondary model, called the
adversary, with model weights v and loss function
Lo(X(7), X,Y,Y (w)). Intuitively, the adversary tries
to predict a ‘protected’ variable using the measurement
errors from the primary model. In |Zhang et al.|(2018),
the protected variable is race or gender; in our setup,
the protected variable is X: an observation’s treatment
status.

Adversarial debiasing models are trained to minimize
L,, while maximizing L,, subject to the adversary
choosing ~ in such a way as to minimize L, (Figure .
Formally, this can be written as the following objective
function:
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min max {Lp (Y(w), Y, k) —a- L, (X7X (),Y,Y (w), k)

w o
such that v € argmin L,(X,Y, ?(w),% k)

(7)
where « is a parameter that controls the weight on
the adversary’s loss function, and must be tuned (e.g.
by cross fitting). Intuitively, by maximizing the adver-
sary’s loss function, the primary model tries to make
sure that the measurement errors contain as little ‘in-
formation’ as possible about X. When linear regression
is used as the downstream estimation model, we are
specifically concerned with ‘information’ in the form of
a linear relationship. Now consider an adversary model
that is a linear model of the exact form of the bias test
above:

vi =X;v+¢ (8)

with the adversary loss function as the sum of squared
errors. The loss function of this adversary is minimized
with respect to v when v = (X’ X)~!X’v. The primary
model will try to choose w such that the prediction
errors v maximize the adversary’s loss function:

1
L, = NHV - X(X'X)"'X"v|?,

while balancing this task with overall accuracy.

Consider prediction errors at step ¢ and ¢+ 1 of training:
vy and vgy1. Holding accuracy of the primary model
predictions constant, moving in the opposite direction
of the adversarial loss gradient means the bias at time
t + 1 will be smaller than at time ¢, |y1] < |74l
assuming that treatment X is univariate (Proof in
Appendix A). Thus, if « is sufficiently high, choosing
w to optimize equation [7| implies that the bias term
will shrink if accuracy is stable. In practice, the model
will balance the goal of maximizing the adversary’s loss
with the goal of overall prediction accuracy.

In our tests, a similar objective function that penalizes
the covariance of X and v directly in the loss function
has improved performance:

min Ly(V (@), Y.k) — o 3@ =@y (9)

This method is also applicable to bias terms that can be
derived for regressions with controls, or an instrumental
variables setting, with slight modifications (details in
Appendix B). The associated algorithm is presented in
Appendix C.

We experiment with both approaches; tests of the lin-
ear regression adversary are in Appendix H. For both
methods, the choice of « is important. With too low of

a value of a the model does not effectively debias the
esults and minimizes squared prediction error instead
f maximizing the adversarial loss. However, when o

is too high the model may produce uncorrelated but
poor measurements to inflate the adversary’s loss (e.g.
a random Y would satisfy our bias constraint). We
use cross-fitting within the labeled data to set a. A
practical rule-of-thumb is to increase « sequentially
until the difference in average estimated biases between
the ayy1 and oy models, and between the oo and
oy models, stays within a tolerance range of 1/2 the
estimated bias standard error of the a; model.

Kluger et al.|(2025) show that a convex combination of
the coefficient generated using the predicted }A’, which
we call fp and the coefficient generated using the true
values of Y estimated in the labeled ground-truth data,
which we call SgT reduces the variance of the resulting
estimate, which we call §*. In particular if:

B* = (1 - \)Ber + A B, (10)
we can choose A to minimize Var(ﬁ*) resulting in:

Vo COV(BG:F\7 Bar — Bp)
Var(Sar — Ap)

. (11)

Note that A is not a user-chosen parameter, but a
weight that can be calculated directly. We refer to 5*
as estimates from the “tuned adversarial” model. We
compare these with untuned estimates in Appendix H.

2.3 Standard Errors

The variance of Op can be expressed as:

Var(fp) =Var ((X’X)—lx’f/) (12)
=Var ((X'X) ™' X'e) + Var (X'X)7'X'v) +
2C0ov (X'X) ™' X'e, (X'X) ' X'v)

Holding the covariance term constant, larger prediction
errors will inflate the variance of estimates of 5 through
the second term, compared to when researchers have
ground-truth labels for every observation. This high-
lights the potential efficiency gains from adversarial
debiasing compared to bias correction. The bias correc-
tion methods take the set of prediction errors as given,
and these are possibly from a non-optimized model.
Formally, if adversarial model prediction errors are v,
standard model prediction errors are v, and we assume
covariance terms are 0, we have that
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Var(Bp) =Var((X'X) ' X'v,) + Var((X'X) "' X'e)
Var(f,) =Var((X'X) "' X'v) + Var((X'X) "' X'e)+
Var((X'X) "1 X"u), (13)

where here X and X distinguish data from the labeled
data set the evaluation set respectively and S, is from
equation Depending on the relative precision of
the debiasing model predictions and the predictions
used for the bias correction approach, and the number
of labeled samples, the debiasing approach can result
in efficiency gains. Assuming that debiased model
predictions have a similar variance to the off-the-shelf
predictions, the bias correction approach will be less
efficient due to the additional uncertainty in estimating
the bias term.

Using typical OLS standard errors or heteroskedasticity-
consistent standard errors to estimate the variance of
Bp will underestimate uncertainty, because these do
not take into account uncertainty about the prediction
model itself. If the labeled training set was sampled
again by the same mechanism and from the same source,
it might lead to a different trained model, a different set
of outcome measurements, and a different estimate of 3.
Even fixing a training sample, re-training these models
with different seeds results in different estimates. We
account for this by bootstrapping over the training of
the machine learning model. This approach is com-
putationally intensive, since it requires many training
runs of a potentially complex machine learning modeﬂ

3 APPLICATIONS

To demonstrate the efficacy of our approach, we con-
duct simulations and empirical exercises predicting
forest cover in settings where we have access to ground
truth data. We use a dataset of 20,621 points in West
Africa (Bastin et al. 2017); each point is labeled with
percent treecover and a binary forest/not forest label.
The data was originally collected in part to show the
biases of the widely used Hansen et al.| (2013) data
set in dryland areas. Researchers used high-resolution
imagery from between 2011 and 2015 to label the data
— shown in Figure 2] We use a sample of the data in
West Africa within 30 km of a road.

As inputs to our machine learning models, we use data
from the Landsat 7 ETM sensor. This sensor records
the surface reflectance of light at visible, near-infrared,
and infrared wavelengths (called ‘bands’ in the remote

’In training the adversarial model takes 27.4 epochs
compared to the 25.1 for the traditional model when using
early stopping with a lookback window of five epochs.

Forested samples within 30km of road in
Bastin et al. 2017

‘;7 lllustration of hand
labelling procedure

Figure 2: Colored areas show labeled pixels from Bastin|
(2017) — green for forested and beige for non-forested.
Inset shows an example of how percent forested labels
were generated from high-resolution satellite data.

sensing literature) at a 30-meter resolution. We gener-
ate three popular indices from these bands: Normalized
Differenced Vegetation Index, Normalized Differenced
Built Index, and Enhanced Vegetation Index. Over
the course of a year, each location is observed up to
28 times (cloudiness obscures locations in some areas
at some times). We take the 25th, 50th, and 75th
percentiles of each of the eight bands and three indices,
and use those 24 variables as inputs. This feature-
engineering strategy mirrors the approach in

(2013). With a simple 1-layer neural network (a

logistic regression) we are able to predict binary forest
cover using this data with 75% accuracy.

3.1 Simulation experiment

All of the following empirical exercises take the follow-
ing structure. First, we apply three-fold cross-fitting
of a standard machine learning model so we have a
ground-truth value of Y and a prediction Y for each
point. Then we add the adversarial constraint - in this
case, the constraint that penalizes the absolute value
of Cov(X,v) - and conduct the same cross-fitting pro-
cedure. Finally, we estimate our regression of interest
using the ground truth data, the baseline predictions,
and adversarial model predictions. We also test multi-
ple imputation (Proctor et al. 2023)), the tuned PTD
method (Kluger et al.,[2025), PPI (Angelopoulos et al.,
2023), and PostPI (Wang et al., [2020). For all ap-
proaches, we bootstrap standard errors using the same
sample.

In this simulation and the next simple example, we
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focus on the cross-sectional relationship between roads
and forest cover. Previous work has found that
roads are an important driver of deforestation (Asher
et al. [2020)). Roads and other infrastructure are non-
randomly placed, so this cross-sectional relationship
is likely to generate confounder-induced bias (Supple-
mental Figure 8.c). Consider X to be the construction
of a road, Y to be forest cover, and W to be some
omitted geographic variable, like slope, that induces
a correlation between the placement of roads X and
measurement errors v.

Our first simulation follows this procedure:

1. Draw 20,000 observations of W from a Poisson
distribution with shape parameter of 1.

2. Assign each observation X ~ Bernoulli with p =
max(1 — W/4,0), so that treatment is more likely
when W is lower.

3. Assign each observation a random forest cover Y
and associated satellite data k from the Bastin
points.

4. If W > 0, make the satellite data artificially
‘greener’ without changing the true forest cover
label. In practice, this is done by replacing k with
the satellite data from a different point with a
higher percent forest cover.

The true treatment effect of X is zero, since the forest
labels Y are assigned randomly. However, the last step
mimics a real source of bias — remotely sensed forest
cover tends to be overestimated on steeper slopes since
images are taken from above and tend to capture more
trees in a smaller spatial area when on a slope. Because
of this bias, and selection into treatment, it will appear
that roads are associated with lower forest cover. Note
also that there are no “traditional” confounders here —
nothing in the simulation is associated with both road
proximity and true forest cover.

Figure [3| shows the distribution of coefficient estimates
from 100 bootstrapped runs of each of the models with
«a =1 and regressions using 10,000 training points and
10,000 unlabeled points. As predicted, using the base-
line machine learning model results in a negative and
significant estimate of the effect of X on Y. Failing
to bootstrap standard errors that include prediction
model uncertainty (e.g., using satellite data products
as proxies for true values) leads to dramatically over-
stated precision. Both the bias correction method and
the adversarial model result in coefficient distributions
correctly centered around O. EI

3Model specifics and computational resources are de-
scribed in Appendix E and Appendix F

Adversarial Tuned
Multiple Imputation
[] PostPI Boot

[]PPI
PTD
Baseline
100
2
‘@
c
[0}
°
50
0 LT
-0.04 -0.03 -0.02 -0.01 0.00 0.01
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Figure 3: Simulation experiment estimate distributions
from our proposed adversarial model (“Adversarial
Tuned”), a baseline neural network model, and compet-
ing methods, each trained with 10,000 labeled observa-
tions. Each distribution includes the coefficients from
each model after 100 runs on bootstrapped training
data.

We test the performance of each model using a pro-
gressively increasing sample of labeled points. For each
given sample size of labeled points J, we use the J
labels to train the model, and then predict on the re-
maining points so that the sample size for the regression
is always N = 20,000. For each J we bootstrap 100
different versions of the model to estimate standard
errors of all models.

Figure [] shows the results of this exercise. The base-
line model generates biased estimates. The debiasing
models, aside from PostPI, are centered on 5 = 0, and
precision increases as the sample size of labeled points
increases. Figure|3|shows the distributions of estimates
at 10,000 samples.

In this setting, PPI and PTD perform best because the
satellite data contains no information about the source
of the bias, since it has been replaced by imagery from
randomly drawn pixels with higher forest cover. This
means that the adversarial model has to do a worse
job predicting the low W, high Y observations so that
the measurement error is balanced across X. Note that
the adversary never has access to W, yet is still able to
adjust for W-induced measurement error. In real-world
cases, we expect the adversarial model to outperform
PTD and PPI methods by learning representations
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Figure 4: Estimates from our proposed adversarial
model (“Adversarial Tuned”), a baseline neural net-
work model, and competing methods across training
sample sizes. Each light colored line is an individual
training run where researchers label progressively more
observations. The thick lines represent the mean and
20 intervals.

that predict bias and adjusting for them.

Finally, we conduct power analyses of our bias test
to estimate the minimum detectable bias (MDB) at
different sample sizes. The results are presented in
Figure pl Each line represents a different random draw
of points to label. At each sample size, for each set
of points, we estimate the standard error of v and use
that to perform a standard power calculation using 0.8
power and 95% statistical significance. Given that the
true magnitude of the bias is 0.025 in this simulation,
researchers would need to label more than 2,500 points
to detect this bias as statistically different from zero
80% of the time.

3.2 Empirical Application: Roads and Forest
Cover

Next we use the true (2017)) data, and data on

the African road network from [Meijer et al.| (2018)),
to estimate the gradient of forest cover with respect
to distance to the nearest road. Whereas before the
independent variable was binary and the outcome was
continuous, now our independent variable is continuous,
log distance to the nearest road, and our outcome is
binary (forested or not). We apply the same cross-
fitting procedure as above for a standard model, an

o
o

Minimum Detectable Bias
o
3

0.00

0 2500 5000 7500 10000
Sample Size

Figure 5: Minimum detectable bias (MDB) estimates
across sample sizes at power of 0.8 and a = 0.05.
Each black line represents an estimate of MDB using a
different random sample of labeled data, and the red
line is the true MDB using standard errors estimated
with the whole dataset.

Adversarial Tuned
|_| Multiple Imputation
[ PostPI Boot

1 PTD
Baseline

50

0 >

-0.08 -0.07 -0.05 -0.04 -0.03

-0.06
estimate

Figure 6: Distributions of estimated effects of roads on
forest cover from our proposed adversarial model (“Ad-
versarial Tuned”), a baseline neural network model, and
competing methods, each trained with 10,000 labeled
observations. Each distribution includes coefficients
from each model after 100 runs on bootstrapped train-
ing data. The dashed vertical line represents a “true”
estimate using all 20,000 ground truth labels.

adversarial model using a 3-layer neural network, the
bias correction approach, and the multiple imputation
method recommended by [Proctor et al.| (2023). We
then run the same regressions as in Section [3.1] The
results are shown in Figure [0}

The baseline model overestimates the negative rela-
tionship between proximity to roads and forest cover.
The multiple imputation and PostPI approaches pro-
duce biased estimates. PPI and PPD are unbiased but
not as efficient as the tuned adversarial model, which
produces unbiased and precise estimatesﬂ

We use this setting to run experiments on the weight
on the adversary in the loss function . The results are
summarized in Figure [7| for two different primary pre-

4Results from 1200, 5000 labeled observation tests are
included in Appendix G
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Figure 7: Tuning «: Tradeoffs between bias and accuracy. Graphs show how coeflicient bias (left column) and
overall predictive accuracy (MSE - right column) change as the weight on the adversary increases. Top row shows
results for a primary model that is a logistic regression. Bottom row shows results for a Deep Neural Net (DNN -

3 layers). Blue lines show Loess-smoothed best-fit curves.

diction models, a logistic regression and a deep neural
net (DNN). The left column shows that increasing the
weight on the adversary from zero (standard model) to
1 quickly eliminates bias in the estimated coeflicients.
For each value of o, we run three-fold cross validation,
then average the resulting coefficient estimates and
accuracy metrics. We expected the MSE to increase
at higher « values, and this is the case for the logistic
primary model. For the DNN, however, increasing the
adversary’s weight improves prediction accuracy. This
result can be understood as a kind of regularization
effect. In some settings with many model parameters,
it is well known that a regularization penalty can re-
duce overfitting and improve out-of-sample prediction
performance (Tibshirani, [1996)). While it is difficult
to say precisely when adversarial models will improve
prediction accuracy, the adversary seems to be serving
a regularization function in this example.

4 DISCUSSION

We have introduced an adversarial machine learning
approach to debiasing predictions for downstream in-
ference. Our results show that it effectively debiases
predictions in a simulation where the bias is artificially
constructed, and in an application where researchers es-
timate the relationship between roads and forest cover.
We also construct a test for measurement error bias
and guidelines for researchers to estimate the number

of observations they will need to label to detect and
remove the bias. We also show that this approach
can match or exceed the performance of competing
algorithms. We show how this debiasing algorithm
can be applied when machine-learned predictions will
be used as an outcome variable for an inference task,
and does not require any knowledge of the structure of
measurement error bias.

We encourage researchers who use machine learned
predictions to test and correct for measurement error
bias using the following procedure. First, obtain some
ground-truth labels, either from an existing data source
or by labeling them yourself. Then, use the procedure
from section 2.1 to test for measurement error bias,
noting that the power of the test depends on the num-
ber of labeled points. If researchers discover bias, they
have several options for debiasing. If they conducted
the machine learning prediction stage, they should im-
plement the adversarial debiasing approach described
above, as it appears to efficiently generate unbiased
estimates. If they are using predictions from a model
that is not available for debiasing, we recommend the
predict-then-debias approach (Kluger, 2025), as it is
the most efficient of the post-hoc corrections in our
tests.

The main limitation of our approach is its accessi-
bility compared to competing methods. It requires
researchers to build an adversarial measurement model,
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which, to our knowledge, is only feasible for methods
that use stochastic gradient descent-based optimization
algorithms. This approach necessitates internalizing
the measurement part of the research pipeline, poten-
tially broadening the expertise needed for a project and
increasing computational demands. This is in contrast
to approaches such as PPI or PTD that are relatively
easy to implement and require few computational re-
sources.

In future work, we plan to expand the results here
to a broader set of downstream tasks, including han-
dling errors in independent variables in regressions as
well as estimating other population parameters. We
also plan to extend the types of models for which this
approach can be implemented beyond deep learning.
As researchers in remote sensing or other computa-
tional fields increasingly turn to constructing their own
measurement models, we expect our approach to be-
come more useful compared to approaches that debias
existing predictions.
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Adversarial Debiasing for Parameter
Recovery

1 PROOF THAT MAXIMIZING ADVERSARIAL LOSS DECREASES BIAS
WHEN ACCURACY IS HELD CONSTANT

Define P = X(X’X)~1X’ as the n x n symmetric and idempotent projection matrix, and I as the n x n identity
matrix. The adversary’s loss function is:

L,=(v—Pv)(v— Pv) (1)
= (I - P) (I - P)v
=01 -Pv=vv—vPv

by the properties of the projection matrix. Consider prediction errors at step ¢t and ¢ + 1 of training: v; and
viy1, and suppose that their prediction accuracy is equivalent. Maximizing the adversarial loss implies that
Lo(vi41) > Lo(vy). Therefore,

Vi1Vl — Vi1 Py > vy — v, Py, (2)
V£+1Pl/t+1 < I/épl/t
v; PPy < VPP, (3)
Vi X(X'X) ' X' X(X'X) T X v < X (X'X) XX (X' X) 71X
Vi1 X X1 < X' Xy
el < Il (4)

Concluding the proof.
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2 DEBIASING WITH CONTROL VARIABLES AND INSTRUMENTS

Adding Control Variables

Assume we want to estimate 31 in the regression

?z‘ = B1z1 + 2202 + € (5)

where 71 is an n x 1 vector of the treatment variable, and x5 is an n x k matrix of control variables. By the
Frisch-Waugh-Lovell theorem, we can write 5y as:

B = (X{Xl)_lj(ﬂx/ (6)

yhere Xl are the residuals of the regression of X; on X5, and Y are the residuals of the regression of Y on Xo.
(1 can thus be rewritten as follows:

~

B = (X1X1) ' X{(1 - Xa(X5X2) ' X5)(Y +v) (7)
= (X1 X1) "X (I - Xo(X5X0) ' X))V +
(X1 X)X (1= Xa(X5X2) ' X
= (X{X1) 7 XY + (X Xy) ' X(p

where v are the residuals of the regression of v on Xs5. The expectation of this estimate is

COV(Xl, 17)

Elfi] =5+ Var(Xl)

(®)

Intuitively this makes sense — if the residual variation in X is correlated with the residual prediction error, after
controlling for X5 in both cases, our estimate will be biased. Thus following the same logic as above, we can
make the adversary a linear regression of 7 on X,. The same logic applies for when adding additional covariates
to the regression.

Instrumental Variables

A similar argument can be extended to the instrumental variables case with controls. Following the two-stage
least squares estimation procedure, we first use covariates X and instruments Z to predict X;:

XV =co)tex,; (9)
where C = [1, X5, Z]. Then, we regress the outcome against the predicted values of X; and the covariates Xs

and take the estimated coefficient for )A({ V' in this second stage regression as our estimate of the true ;. By the
Frisch-Waugh-Lovell theorem, we have

B = (X )?1)—1)?1 % (10)

where X; are the residuals from regressing X7V on X,, Y are the residuals from regressing Y on X5, and © are
the residuals from regressing v on Xs.



In the case of a single instrument Z, this estimator of 8; can be rewritten more simply following the indirect
least-squares procedure. For this approach, we perform linear regressions for the models

-~

Yi = v0 +nwi + 75X + wi; (11)
Xli = Qo + alZi + O/QXQi =+ u; (12)

—~2SLS
This produces the following estimate of 81, which coincides with S for this special case:

SILS o2l (Z/Z)_lz/i} COV(Z,{;)

s L \Z2) 7Y CovlZ, ) (13)
a (2'2)'Z'X,  Cov(Z, X))
B Cov(Z,Y) N Cov
Cov(Z,X,) Cov(Z,X;)

—~25LS ~
In the above expressions for (7 and 175, we see that the coefficient estimates are the sum of the coefficient

estimate that we would obtain from performing these procedures given Y without measurement error - which
is consistent for 4 given IV assumptions - and an additional bias term involving the measurement error v. To
minimize this bias, we propose an adversary in the form of a regression of  on Z for the single instrument case,

or 7 on X7 more generally.

3 ADVERSARIAL DEBIASER ALGORITHM

Algorithm 1 Adversarial Debiasing Algorithm

Require: Labeled data {(k;,z;, yj)}é\'zl; primary model P(-;w); adversary A(-;7); loss functions L, and L,;
learning rates 7., 7y; adversarial weight o; number of training iterations 7.
1: Initialize primary model parameters w.
2: Initialize adversary parameters ~.
3: fort=1,...,T do
4: Primary Model Forward Pass:
For each sample j, compute Y; < P(k;;w).
Compute prediction errors v; + y; — }A/](w)
Adversary Update (minimize L,):
v 47 =1, Vo [La(zj, v5,7)]-
Primary Model Update (minimize L, — a L,):
10: W= w—1nyVy [LP(Y, ) —aLa(x]-,l/j,'y)].
11: end for
return Trained primary model parameters w*
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4 POTENTIAL SOURCES OF BIAS

X ¥ YV ¥ v X ¥ YV > vV
12 1
(a) (b)
X ¥ Y ¥ v X ¥ Y %
w R4 11,74 > UV

() (d)

Figure 1: Four Directed-Acrylic-Graphs illustrating potential relationships between treatment (X), outcomes
(Y), measurement error (), machine learning model predictions (Y), and unobserved variables (W). (a) is
classical measurement error, (b) shows outcome-induced bias, (c) shows confounder-induced bias, and (d) shows
treatment-induced bias.

5 TRAINING AND TEST DETAILS

All details of the model training and testing can be found in the code package, but we provide a quick overview
here. For the baseline model we use a two layer neural network with 32 nodes in each layer, followed by a single
final layer with a sigmoid activation function if the outcome is categorical or a linear activation if the outcome is
continuous. For categorical outcomes we use a binary cross-entropy loss function and for continuous outcomes we
use mean squared error. We apply batch normalization before the first layer. We allow the model to train for up
to 50 epochs with an early stopping rule on improvement of the mae with a patience of 10. We use an adam
optimizer and we set the number of cross-fit folds to 3.

For the adversarial models we use the same machine learning model described above with the addition of the
adversarial loss component described in the paper. For the correlational adversary described in the paper we set
the adversarial weight a =1

6 COMPUTATION RESOURCES

Our main tests consisted of 100 runs of each algorithm at the following sample sizes of labeled observations out of
20,000 total observations: 300, 600, 900, 1200, 1500, 1800, 2100, 2400, 3000, 4000, 5000, 6000, 7000, 8000, 9000,
and 10000. Each faint line in Figure 4 corresponds to one run where 300 points were sampled, then 300 more,
progressively sampling up to 10,000 labeled observations. We estimated coefficients of interest for each debiasing
method for each sample size and run.

This task was split over 20 job submissions, each containing 5 runs. Each submission used one node with 4 CPUs
and 8gb of memory per CPU. In total the process took 3.5 hours.



7 RESULTS FROM DIFFERENT SAMPLE SIZES
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Figure 2: Estimates from various debiasing approaches across labeled sample sizes for the roads example. Figure
6 shows the distribution after 10,000 labeled samples.
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Figure 3: Estimates from various debiasing approaches across labeled sample sizes for the simulated example.
Figure 3 shows the distribution after 10,000 labeled samples.

8 RESULTS FROM DIFFERENT ADVERSARIES
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Figure 4: Estimates from various adversarial approaches across labeled sample sizes for the simulated example.

9 SENSITIVITY TO o« TUNING PARAMETER

Table 1: Alpha-sensitivity results for the tuned adversarial measurement model (yhat_adv_corr) at labeled
sample size 10,000. For each debiasing weight (0.5, 1.0, 2.0, 5.0), 50 independent replications were run with
randomized data order/folds; within each weight, the tuning parameter A was estimated from replication-level
covariance/variance and used to form tuned estimates. The table reports the mean tuned estimate with a 95%
confidence interval and the mean measurement-model MSE (unlabeled portion) with a 95% confidence interval.

Debias Weight Mean Estimate 95% CI (Estimate) Mean MSE  95% CI (MSE) n

0.5 -0.0026 [-0.0036, -0.0017] 0.0679 [0.0631, 0.0726] 50
1.0 -0.0026 [-0.0035, -0.0016] 0.0732 [0.0682, 0.0783] 50
2.0 -0.0027 [-0.0037, -0.0018] 0.0682 [0.0650, 0.0714] 50
5.0 -0.0026 [-0.0036, -0.0016] 0.0700 [0.0664, 0.0737] 50




Manuscript under review by AISTATS 2026

Ground Tru
0040 = === = = == m e e e ——— - - - + _____________ ¢_ -

%
I %

-0.045

-0.050

Estimate with 95% Confidence Interval

0 2500 5000 7500 10000
Sample Size

Model -® Adversarial Tuned -® SLR Adversary -® Correlational adversary

Figure 5: Estimates from various adversarial approaches across labeled sample sizes for the roads example.

Table 2: Alpha-sensitivity results for the tuned adversarial measurement model (yhat_adv_corr) on roads data at
labeled sample size 10,000. For each debiasing weight (0.5, 1.0, 2.0, 5.0), 50 independent replications were run with
randomized data order/folds; within each weight, the tuning parameter A was estimated from replication-level
covariance/variance and used to form tuned estimates. The table reports the mean tuned estimate with a 95%
confidence interval and the mean measurement-model MSE (unlabeled portion) with a 95% confidence interval.

Debias Weight Mean Estimate 95% CI (Estimate) Mean MSE 95% CI (MSE) n

0.5 -0.0403 [-0.0410, -0.0397] 0.1649 [0.1627, 0.1671] 50
1.0 -0.0401 [-0.0408, -0.0394] 0.1508 [0.1492, 0.1524] 50
2.0 -0.0402 [-0.0409, -0.0395] 0.1427 [0.1411, 0.1442] 50
5.0 -0.0401 [-0.0408, -0.0394] 0.1395 [0.1383, 0.1407] 50
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