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Abstract

Machine learning models trained on Earth observation data,
such as satellite imagery, have demonstrated significant
promise in predicting household-level wealth indices, en-
abling the creation of high-resolution wealth maps that can
be leveraged across multiple causal trials while addressing
chronic data scarcity in global development research. How-
ever, because standard training objectives prioritize over-
all predictive accuracy, these predictions often suffer from
shrinkage toward the mean, leading to attenuated estimates
of causal treatment effects and limiting their utility in policy
evaluations. Existing debiasing methods, such as Prediction-
Powered Inference (PPI), can handle this attenuation bias but
require additional fresh ground-truth data at the downstream
stage of causal inference, which restricts their applicability
in data-scarce environments. We introduce and evaluate two
post-hoc correction methods—Linear Calibration Correction
(LCC) and a Tweedie’s correction approach—that substan-
tially reduce shrinkage-induced prediction bias without re-
lying on newly collected labeled data. LCC applies a sim-
ple linear transformation estimated on a held-out calibration
split; Tweedie’s method locally de-shrink predictions using
density score estimates and a noise scale learned upstream.
We provide practical diagnostics for when a correction is war-
ranted and discuss practical limitations. Across analytical re-
sults, simulations, and experiments with Demographic and
Health Surveys (DHS) data, both approaches reduce attenua-
tion; Tweedie’s correction yields nearly unbiased treatment-
effect estimates, enabling a “one map, many trials” paradigm.
Although we demonstrate on EO-ML wealth mapping, the
methods are not geospatial-specific: they apply to any setting
where imputed outcomes are reused downstream (e.g., pollu-
tion indices, population density, or LLM-derived indicators).

Code — https://aidevlab.org/unshrink
Extended version — https://arxiv.org/abs/2508.01341

Introduction
Machine learning (ML) models trained on Earth observa-
tion (EO) data have recently demonstrated impressive per-
formance in predicting household-level wealth indices, such
as the International Wealth Index (IWI), with reported R2

values approaching 0.80 (Pettersson et al. 2023; Jean et al.
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2016; Daoud et al. 2023; Chi et al. 2022). These EO-ML
models offer a much-needed solution to longstanding data
scarcity issues in global development, enabling researchers
to generate high-resolution, retrospective “wealth maps” in
data-poor regions. Indeed, two recurring downstream uses
are: (i) evaluating aid or infrastructure programs (e.g., differ-
ences in post-intervention wealth across treated vs. control
regions), and (ii) tracking regional poverty trends over time.

But while these predictions are promising in the EO-
ML upstream task, a key question remains (Jerzak, Johans-
son, and Daoud 2023a,b): the value of EO-ML-derived data
hinges on whether domain researchers, in the downstream
phase, can use these data to estimate causal effects for their
specific application areas, from evaluating applied environ-
mental to social science questions (Daoud and Dubhashi
2023). However, even under ideal conditions, the predictions
of EO-ML models tend to have lower variance than the tar-
get values, leading to attenuated treatment effects and, thus,
potentially misleading conclusions (Berglund 2012). When
upstream predictions shrink toward the global mean, esti-
mated effects are biased toward zero, increasing Type-II er-
ror: a true 5% effect can appear as only 2–3%, inviting “no
impact” conclusions despite meaningful gains. Figure 1 pro-
vides a pipeline overview linking the upstream map to mul-
tiple downstream trials without requiring new labels.

Recent research has developed methods that can debias
upstream machine-learning model predictions, but they re-
quire either fresh data in the downstream stage (Olofsson
et al. 2013; Egami et al. 2023; Lu, Bates, and Wang 2024) or
changing the way the model is trained (Ratledge et al. 2022).
For example, relying on such fresh data, Angelopoulos
et al. (2023) propose Prediction-Powered Inference (PPI),
a method that corrects any ML model for downstream infer-
ence. Similarly, Egami et al. (2023) achieve the same goal
but with better sample efficiency (de Pieuchon et al. 2025),
but it also requires knowing the probability of observing a
sample point. While these methods offer a path to integrate
upstream and downstream analyses, their success depends
on the availability of newly collected treatment-predictor-
outcome tuples in the downstream causal step or knowledge
of the data labeling process (Egami et al. 2023). Often, such
data are prohibitively costly or unethical to collect.

Ratledge et al. (2022) address the challenge of attenua-
tion bias and the unavailability of data in the downstream by
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adjusting the model’s loss function instead. During training,
they penalize quintile-level discrepancies between observed
and predicted means, encouraging predictions to match the
true outcome distribution more closely across its support.
Although their solutions do not need additional downstream
data, they require modifying the training pipeline, which is
computationally expensive and can degrade predictive per-
formance.

Thus, to enable broader applicability of ML models, the
upstream team needs to create a data product that is agnostic
to downstream use, requires no downstream-fresh data, pro-
duces unbiased causal estimates (due to attenuation), and is
computationally efficient (Daoud and Dubhashi 2023).

We address this gap by proposing a linear calibration
method and a family of Tweedie corrections, a novel ap-
proach that reduces prediction bias without requiring fresh
labeled data. We evaluate these two approaches against
three others: Prediction-Powered Inference (PPI), the loss-
adjustment approach of Ratledge et al. (2022), and naive
(uncorrected) predictions. The methods introduced here
pave the way for the same wealth map to be reused across
multiple trials without needing to refit a model for each
trial. This also removes the requirement for interaction be-
tween the upstream machine-learning team creating the data
product and any other domain-knowledge team in the down-
stream phase. Hence the concept: one map, many trials. We
derive analytical proofs and demonstrate the empirical per-
formance of all methods in both simulations and real-world
applications, using data from the African Demographic and
Health Survey (DHS).

We make these corrections accessible via an open-source
software package called unshrink (see Appendix F); al-
though developed for EO-ML wealth maps, these same at-
tenuation and remedies arise broadly whenever surrogate
outcomes replace direct measurements, including in envi-
ronmental (air pollution, urban heat), demographic (popu-
lation density), and text/LLM-annotated constructs.

Figure 1: Pipeline for causal inference using ML predictions
without fresh ground-truth data. Upstream teams train and
calibrate once; downstream teams reuse the same map across
multiple trials.

Problem Setup & Related Work
Statistical predictions can systematically shrink estimates
toward the central modes of the training distribution (Ting
2024a). This phenomenon is rooted in optimal error-
minimization estimation (cf. Stein’s paradox), where a
model “hedges” predictions in regions of greater uncertainty.
When facing noise or limited training data, the optimal strat-
egy, in terms of minimizing residuals, is to pull predictions
toward denser regions of the training data. For instance, con-
sider an image that appears with an IWI of 80, but the model
has observed this outcome only once, compared to thou-
sands of observations with an IWI of around 70. A perfect
prediction would be 80 for this data point, but the model will
pull this data point’s prediction towards 70 instead to hedge
against the risk of overcommitting to a rare value.

When such biased predictions replace true outcomes in
downstream causal analyses, the resulting regression-to-the-
mean induces attenuation bias, reducing observed treatment
group differences even under randomization (Shu and Yi
2019). The difference in mean predicted outcomes between
treated and control units shrinks both group means toward
the global average, thereby attenuating the estimated effect.
In our held-out DHS clusters, the calibration curve exhibits
this shrinkage pattern—overpredicting poor locations and
underpredicting wealthy ones (Figure 2).

Regression-to-the-mean bias is particularly acute in up-
stream tasks with scarce ground truth (due to finite sam-
ples) or in high-dimensional input data (due to the curse
of dimensionality), forcing greater reliance on error-prone
predictions—something especially pertinent in development
economics, political science, and global health contexts—
where household data is often expensive or unavailable—to
increasingly substitute upstream predictions (Kino et al.
2021; Kakooei et al. 2024; Daoud and Johansson 2024).
Moreover, high out-of-sample R2 does not eliminate this
bias: models can achieve strong accuracy yet yield attenu-
ated causal estimates (Ting 2024b).

Existing remedies are PPI, which subtracts a rectifier esti-
mated from fresh ground-truth pairs at the causal-inference
stage (Angelopoulos et al. 2023), or loss-function adjust-
ments that penalize quintile-level errors (Ratledge et al.
2022). However, these approaches require that the upstream
team adapts the data for downstream analysis, slowing or
limiting altogether “one map, many trials” efforts.

To address these limitations, we propose a Tweedie-
inspired approach. This Tweedie approach debiases the
shrinkage effect in ML-predicted outcomes, enabling down-
stream researchers to accurately recover causal effects from
the upstream data product. Our Tweedie framework treats
the ML model as a black box: we assume access only to
its out-of-sample predictions and do not rely on retraining
or modifying the model. Under this setting, we demonstrate
that shrinkage can be reversed, either by learning a global
calibration correction from held-out labeled data or by es-
timating a local correction using ideas from Tweedie’s for-
mula, initially described by Robbins and Tweedie in 1956
in the context of empirical Bayes estimation of means un-
der Gaussian observation noise. Both strategies aim to re-
cover unbiased treatment effect estimates from biased pre-
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dictions, without requiring fresh ground-truth labels at the
time of intervention. We benchmark our Tweedie adaptation
to existing methods, which are compared in Table 5 based
on their associated assumptions and data/training require-
ments.1 In short, Tweedie’s formula is canonical; we adapt
it to post-hoc, local de-shrinkage of surrogate outcomes used
for causal estimation without new labels, estimating the den-
sity score and noise scale from upstream data and applying
correction downstream at analysis time.
Setup. Our pipeline assumes access to two datasets. First,
from upstream, a labeled dataset with training points (with
indices in ITrain): DTrain = {(Xi, Yi) : i ∈ ITrain}, where
Xi ∈ X denotes covariates (e.g., satellite imagery) and Yi is
ground-truth outcome (e.g., poverty level from the DHS).

Next, in the downstream phase, we assume that different
teams have assembled collections of trial datasets indexed
by s, corresponding to different randomized controlled tri-
als, quasi-experiments, or geographic partitions, with a spe-
cific treatment (or action) of interest indexed by treatment
setting: DTrial s = {(Xi, Ŷi, Ais) : i ∈ ITrial s, s ∈ S}. The
data product associated with the outcome is population-wide
(e.g., all-Africa), but investigators may want to use that data
in multiple causal settings, s, each with a different treatment,
Ais ∈ {0, 1}. The outcome Yi is not directly observed for
all i. Instead, inference will need to take place through the
noisy variable, Ŷi. We henceforth remove dependence on s
for simplicity.

A key idea here is that the upstream team—a machine-
learning team—creates an agnostic dataset (Grimmer,
Roberts, and Stewart 2022), meaning that this team’s data
product should produce unbiased causal estimates for any
number of applications (trials) for a variety of (social
science) teams downstream. This setup implies that the
upstream team versus the downstream teams should be
able to execute on their respective research goals without
communication—hence the firewall between the two phases.

Figure 2: The left is a calibration plot of predicted versus
true IWI values at held-out DHS clusters. The orange line
shows that the predictions exhibit attenuation bias, resulting
in overestimation of wealth for poorer locations and under-
estimation for wealthier ones. The dashed lines represent the
ideal relationship. The right plot shows the residuals.

1As previously mentioned, the only method we are unable to
deploy in our setting is the DSL method, as the probability of DHS
samples depends on unknown country-level DHS sampling strate-
gies (probabilities not publicly provided at the unit level).

Debiasing Methods
In this section, we present a suite of methods designed to
debias treatment effect estimates that rely on ML-predicted
outcomes. Our overarching goal is to mitigate regression-to-
the-mean dynamics in the downstream analysis, improving
estimates of causal effects or population-level statistics. We
first more formally describe two existing solutions, PPI and
the method of Ratledge et al. (2022), before introducing two
no-new-data debiasing approaches—(1) Linear Calibration
Correction (LCC) and (2) Tweedie’s Corrections—that aim
to correct shrinkage bias without requiring fresh labels in the
causal step.

Existing Debiasing Methods (PPI, Ratledge, DSL)
PPI proposes a framework for valid statistical inference
when a large set of unlabeled observations is paired with a
predictive model’s outputs (Angelopoulos et al. 2023). Con-
cretely, letting θ∗ be the target parameter (e.g., a popula-
tion mean) and f denote the model that maps covariates
Xi to predicted outcomes f(Xi), PPI forms an estimator by
adding a rectifier term—an adjustment for the average dis-
crepancy between Yi and f(Xi) observed in a smaller, la-
beled dataset. An estimate for θ∗ is computed using an “im-
puted” version based on unlabeled data ({Xi}Ni=n+1), then
corrected by subtracting the bias estimated on the labeled
subset. For mean estimates, this adjustment is:

θ̂PPI =
1

N − n

N∑
i=n+1

f(Xi)−
1

n

n∑
i=1

(f(Xi)− Yi)

Because the rectifier is estimated on ground-truth pairs
{Xi, Yi}ni=1, the procedure maintains valid coverage for θ∗
in large samples, provided that the predictive model f is
fixed (i.e., not retrained on the labeled data). Unlike our ap-
proach, however, PPI crucially relies on gathering labeled
observations in the downstream phase. Such labels come
from high-quality surveys coordinated by USAID across
the African continent and cost millions of US dollars to
execute. Given the 2025 funding cuts to USAID, it is un-
likely that new and fresh DHS data points will be collected.
Hence, there is an acute need for unbiased data creation,
which should be fully handled in the upstream phase. We
will nonetheless include PPI correction in our analysis with
the goal of showing what would have happened to our esti-
mates had fresh data actually been available downstream.

Another approach to remedy attenuation bias is to ad-
just the loss function: Ratledge et al. (2022) propose a spe-
cialized upstream training procedure that directly penalizes
quintile-level discrepancies between observed and predicted
means, thereby encouraging Ŷi to match the true distri-
bution of Yi more closely across the support of the out-
come distribution. Specifically, the training objective aug-
ments the mean squared error loss with an ℓ2 penalty and a
quintile-bias term:

L(θ) = MSE(θ) + λr ∥θ∥22 + λb Êb(θ),

where MSE(θ) is the mean squared error given parame-
ters, θ, λr ∥θ∥22 is a regularization term, and λbÊb(θ) is the
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quintile-specific bias loss, with Êb(θ) = maxj{B̂j(f̂θ)
2}

and B̂j(f̂θ) = E[f̂θ(Xi) − Yi | Yi ∈ Qj ] penalizing
quintile-level discrepancies (where quantiles are indexed by
j). Here, λr and λb denote the weighting terms for the regu-
larization and quantile-specific loss, respectively.2

Through the quintile-specific bias loss, this approach re-
duces the likelihood that group-level estimates of causal ef-
fects are attenuated when Ŷi is used in downstream analyses
by directly operating on model parameters, θ. In contrast,
the two new methods introduced next operate as post-hoc
corrections on out-of-sample predictions from a black-box
model, requiring no specialized retraining or customized
loss function that might reduce predictive performance.

Linear Calibration Correction (LCC)

For LCC, we approximate the relationship between EO-ML
predictions and ground-truth wealth on a held-out calibra-
tion set by a linear transformation:

E[Ŷi | Yi, Ai] = E[Ŷi | Yi] = k Yi+m, k > 0, m ∈ R.(A1)

When 0 < k ≤ 1, shrinkage toward the mean is indi-
cated; m ∈ R is the intercept, representing the mean fixed
bias. The first equality essentially indicates that there is now
conditional independence of Ŷi from group/treatment vari-
able Ai ∈ {0, 1} given Yi; the second equality indicates a
global affine (linear) calibration of predictions to truth, i.e.,
E[Ŷi | Yi] = kYi + m with constant slope and intercept.
This linearity might not always be empirically satisfied, but
appears to occur approximately in our data (see, e.g., Fig-
ure 9). When these predictions are used in place of true out-
comes to estimate causal effects, this shrinkage attenuates
estimated treatment effects.

Let τ = E[Yi | Ai = 1]− E[Yi | Ai = 0] denote the true
Average Treatment Effect (ATE). Using Ŷi instead of Yi for
ATE estimation yields the bias shown in Proposition 1.

Proposition 1 (Attenuation bias under linear shrinkage)
Let Yi be the true outcome and Ŷi an ML prediction obeying
the linear calibration model (A1) with k and m constants.
Let Ai ∈ {0, 1} denote a binary treatment that is randomly
assigned (Ai ⊥ Yi(a) for a ∈ A). Define the true average
treatment effect (ATE) τ := E[Yi(1)] − E[Yi(0)] and
the estimate, τ̂ , from the difference in predicted expected
outcomes:

τ̂ := E[Ŷi | Ai = 1]− E[Ŷi | Ai = 0].

Then E[τ̂ ] = k τ. That is, the ATE estimated on the predic-
tions is multiplied by the shrinkage factor k and is therefore
attenuated toward 0 whenever k < 1.

2In our experiments, we use AdamW with weight decay for ℓ2
regularization; to avoid double-counting, we set λr = 0 whenever
weight decay is non-zero.

Proof. Take expectations and use linearity:

τ̂ = E[Ŷi | Ai = 1]− E[Ŷi | Ai = 0]

= E[E[Ŷi | Yi, Ai = 1] | Ai = 1]

− E[E[Ŷi | Yi, Ai = 0] | Ai = 0]

= E[kYi +m | Ai = 1]− E[kYi +m | Ai = 0]

= k{E[Yi | Ai = 1]− E[Yi | Ai = 0]} = kτ.

Replacing observed with potential outcomes follows from
randomization; ATE estimates with Ŷi are biased downward
by a factor of k.

Now, to adjust for this attenuation bias, we will estimate
k and m on a held-out calibration set from the training data
by regressing Ŷi on Yi (i.e., fitting the linear model with
functional form, Ŷi = k̂Yi + m̂ + ei, where ei are mean
0 residuals). We then invert this fitted relationship (solving
for Yi, which gives Yi =

(Ŷi−m̂−ei)

k̂
) to obtain a calibrated

estimate, given by Ŷ L
i = Ŷi−m̂

k̂
, assuming conditional mean

zero residuals ei. Here, Ŷ L
i reflects the calibrated estimate

of the true outcome, Yi. This calibrated estimator restores
the scale of the outcome variable, yielding Proposition 2:

Proposition 2 (Consistency of LCC correction) Under
the conditions of Proposition 1, estimate (k,m) on an
independent calibration sample and set3:

Ŷ L
i := (Ŷi−m̂)/k̂; τ̂L := E[Ŷ L

i |Ai = 1]−E[Ŷ L
i |Ai = 0].

If (k̂, m̂)
p−→ (k,m), and k > 0, then τ̂L

p−→ τ ; i.e., the linear
calibration correction removes the attenuation bias.

Proof sketch. By Slutsky’s theorem, since (k̂, m̂)
p−→ (k,m),

it follows that:

Ŷ L
i = [[kYi +m+ ei]− m̂]/k̂

= (k/k̂)Yi︸ ︷︷ ︸
→Yi

+(m− m̂)/k̂︸ ︷︷ ︸
→0

+ ei/k̂︸︷︷︸
ei/k

→ Yi + ei/k.

Since E[ei|Ai] = 0 under the conditional mean 0 assump-
tion outlined earlier,

τ̂L → E[Yi + ei/k | Ai = 1]− E[Yi + ei/k | Ai = 0]

= E[Yi | Ai = 1]− E[Yi | Ai = 0] = τ.

A drawback is that we assume a linear model for the shrink-
age mechanism, which enters through an assumed functional
form for the expected value of Ŷi given Yi (cf. A1); estimat-
ing m̂ and k̂ introduces another potential source of error.

Tweedie’s Correction
To go beyond the linearity assumption in LCC in a way
that respects the structure of ML predictions, we now
turn to Tweedie’s identity, which provides a local, den-
sity–score–based way to reverse shrinkage without assum-
ing global linearity of the measurement error process.

3To be clear, (k̂, m̂) are estimated on a random validation-style
calibration split carved from the upstream labeled data.
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A first instinct might be to formalize shrinkage in a way
that generalizes beyond the linearity assumption of LCC by
using a measurement-error model, in which the prediction is
a noisy version of the truth:

Ŷi = Yi + εi, εi ∼ N (0, σ2)

However, in ML predictions scenarios, models approximate
E[Yi | Xi] for covariates Xi and thus predictions tend to
exhibit systematically lower variance than targets due to
shrinkage toward the mean (the opposite of what is implied
in the baseline classical case, where Var(Ŷi) > Var(Yi)). In-
deed, upstream ML models are trained to minimize expected
loss over Xi (Shalev-Shwartz and Ben-David 2014):

Yi = Ŷi + ϵi, Ŷi = fθ(Xi)

where θ are neural parameters optimized to reduce MSE.
Any residual noise Yi − Ŷi thus arises after the prediction,
approximately independent of Ŷi itself in distribution (as the
model would otherwise exploit correlations to reduce loss).
This reasoning therefore inverts the classical view, motivat-
ing adoption of the Berkson error model (Carroll et al. 2006;
Heid et al. 2004):

Yi = Ŷi + εi, εi ∼ N (0, σ2) ⊥ Ŷi,

as a more natural framing for debiasing ML surrogates.

Adapting Tweedie’s Formula. To reverse shrinkage un-
der this model without fresh labels, we propose an approach
using Tweedie’s formula, introduced by Robbins (1956) and
commonly encountered in Gaussian diffusion models:

—Tweedie’s Formula:—
For any random variable, Z, with Z = ω + ε,
where ε ∼ N (0, σ2),
E[ω | Z = z] = z + σ2 d

dz log pZ(z) (Efron 2011).
In its native form, Tweedie’s formula under the Berkson
model gives us an expression for E[Ŷi | Yi = y], i.e., re-
covering model predictions under attenuation bias from true
labels. Our aim is to derive a novel debiasing method that
works in the opposite direction, i.e., recovering estimates of
the true labels without attenuation bias in downstream ap-
plications. We achieve this goal by introducing a new-label-
free corrected pseudo-outcome, Ỹi, whose conditional mean
recovers the truth, E[Ỹi | Yi] = Yi. To obtain this end, we
need to deploy the score-swapping relation:

d

dy
log pY (y) = E

[
d

dŷ
log pŶ (Ŷi) | Yi = y

]
,

as derived in Appendix I, to the Tweedie identity:

E
[
Ŷi | Yi = y

]
= y + σ2 d

dy
log pY (y)

= y + σ2 E
[
d

dŷ
log pŶ (Ŷi) | Yi = y

]
=⇒ y = E

[
Ŷi − σ2 d

dŷ
log pŶ (Ŷi) | Yi = y

]
,

where the move from the second to the third line follows
from linearity of expectations.

Intuitively, subtraction in the correction arises from in-
verting the forward application of Tweedie’s formula under
the Berkson model. Unconditionally, E[Ŷi] = E[Yi], so pre-
dictions are centered around the true values on average (as
ensured by MSE minimization during training). Condition-
ally, however, E[Ŷi | Yi = y] = y + σ2 d

dy log pY (y), where
the score term attenuates extreme predictions toward the
population mean—for instance, when y exceeds the mode
of pY , the score is negative and pulls the conditional ex-
pectation below y and towards the mode. In other words,
while the overall distribution of predictions matches that
of the truths in expectation, a given prediction (absent ad-
justment) shrinks toward the mean conditional on the real-
ized true value. The inversion thus requires subtracting the
score—now estimated via the swapped relation on pŶ —to
reverse this attenuation and expand the tails.

This discussion then yields the Tweedie corrected pseudo-
outcome under the Berkson model:

Ỹi = Ŷi − σ2 d

dŷ
log pŶ (Ŷi). (1)

The score term expands both tails: when the score is posi-
tive (where we evaluate the score rising to the left of a local
mode), it pushes Ŷi downward; when the score is negative
(score evaluated to the right of a local mode) it pushes Ŷi

upward; around a mode, where the score is near zero, ad-
justment is negligible. In practice, σ and the score function
will need to be estimated on data: σ is estimated from resid-
uals; the score function with, e.g., a KDE on {Ŷi}ni=1.

Proposition 3 (Tweedie calibration identity) The pseudo-
outcome satisfies: E

[
Ỹi

∣∣∣Yi

]
= Yi.

Proof sketch. By Tweedie’s identity, E[Ŷi | Yi = y] =
y + σ2 d

dy log pY (y). By score-swapping (Appendix I),
d
dy log pY (y) = E[ d

dŶ
log pŶ (Ŷi) | Yi = y]. Take condi-

tional expectations of Ỹi given Yi = y to obtain y.
Remark. This is the key statement giving rise to well-
calibrated downstream applications of the “one-map” ML
prediction. Note that the variance of Ỹi will almost certainly
be larger than the variance of Ŷi, so for purely predictive
purposes, the overall MSE of pseudo-outcomes may also be
larger that of Ŷi; however, downstream teams will for causal
inference purposes be concerned with well-calibrated group
conditional means—discussed later.

Proposition 4 (Local Reduction to LCC) If pŶ is locally
Gaussian with mean µ and variance γ2, then the score is
−(ŷ − µ)/γ2 and the pseudo-outcome is the affine map:

Ỹi = Ŷi − σ2

(
− Ŷi − µ

γ2

)
= µ+

(
1 + σ2

γ2

)
(Ŷi − µ),

i.e., a linear calibration with slope (1 + σ2/γ2) increasing
in the ratio of measurement error variance to local signal
variance that expands extremes away from µ.
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Proof. Plug the Gaussian score into Ỹi.

Further Relations to LCC. When the score term is neg-
ligible (e.g., flat density), Ỹi ≈ Ŷi, reverting to uncor-
rected predictions. While LCC provides a single global scal-
ing adjustment for errors that operates in a uniform man-
ner, Tweedie adjustment here can handle more complex
distributional patterns, rescaling depending on the position
of predictions relative to local (possibly multiple) modes.
Thus, LCC captures a single regression-to-the-mean dy-
namic, while Tweedie adjustment captures a broader range
of error processes, adjusting for regression to local modes.
Proposition 5 (Unbiasedness of Tweedie means) Under
the assumptions of Proposition 3, for any partitioning vari-
able Ai such that Ŷi ⊥ Ai | Yi (which implies Ỹi ⊥ Ai | Yi

[because Ỹi is a deterministic function of Ŷi]):

E[Ỹi | Ai = a] = E[Yi | Ai = a].

Consequently, the difference-in-means estimator τ̂ := Ê[Ỹi |
Ai = 1] − Ê[Ỹi | Ai = 0] satisfies E[τ̂ ] = E[Yi | Ai =
1]− E[Yi | Ai = 0]. Under random assignment, E[τ̂ ] = τ .
Proof sketch. Iterated expectations using Proposition 3 yield
E[Ỹi | Ai = a] = E{E[Ỹi | Yi, Ai = a] | Ai = a} =
E[Yi | Ai = a]. Independence of Ai and ϵi is key here, since
it implies that there is no additional relationship between Ỹi

and Yi once Yi is known, so E[Ỹi|Yi] = E[Ỹi|Yi, A]. Ran-
domization identifies E[Yi | Ai = a] = E[Yi(a)] and thus
enables unbiased ATE estimates in RCT scenarios.
Remark. The key assumption here, Ŷi ⊥ Ai | Yi, indicates
that, conditional on the true value of Yi, there is no additional
signal relating Ai and Ŷi. For example, if Ai is gender and
Yi is income, the assumption states that, among truly high-
income individuals, the model error does not predict gender.
This unbiasedness result does therefore not mean all forms
of bias are eliminated, simply that the bias added from at-
tenuation is eliminated. See Appendix I for a discussion of
plug-in consistency, which is, in practice, complicated by
how overfitting in the training set can lead to distribution
shifts affecting performance.

Viewed through an optimization lens, the Tweedie
pseudo-outcome Ỹi = Ŷi − σ2 d

dŶ
log pŶ (Ŷi) is exactly a

single gradient-descent step on the log-density log pŶ , with
learning rate η = σ2, that nudges predictions away from
the over-shrunk high-density region toward the tails (see Ap-
pendix I). This perspective naturally points to a broader class
of Tweedie-style updates obtained by varying the step size,
number of steps, and implicit error model. In the Appendix,
we discuss how one might organize the resulting Tweedie
corrections as a family indexed by the implicit error model
that links the latent outcome Yi and the ML prediction Ŷi.
The variants differ by the structure one is willing to assume
and by how one wishes to correct global scaling (via a single
calibration slope k and number of update steps) in addition
to local shrinkage. In our experiments below, we focus on
the Berkson variant we have been analyzing—leaving to fu-
ture work elucidation of the full range of bias-variance trade-
offs in the Tweedie family.

Experiments with Simulated Data
Simulation Design. Our simulation study benchmarks all
debiasing methods and monitors the upstream and down-
stream analyses while maintaining the firewall between
them. The simulation uses a canonical directed acyclic graph
(DAG), shown in Figure 3. It is canonical in the sense
that the EO-ML literature tends to assume this structure
(Sakamoto, Jerzak, and Daoud 2025), while illustrating the
various research phases and corresponding data needs.

In phase 0, the data-generation process (approximating
reality) unfolds in the direction of the arrows. In the up-
stream phase, only the blue-nodes data are available, with
finite samples of Yi, to produce Ŷi for the entire popula-
tion N . In the downstream, only red nodes are available: Ŷi

is now available for N , jointly with Ci and Ais. They en-
able inference on the estimand τs. (We suppress the index s
henceforth.) Appendix D delineates our simulation further.

Ai1 · · · Ais · · · AiS

Ci

Yi Xi Ŷi

g(Yi) fϕ(Xi)

0. Data-generating process

Ai1 · · · Ais · · · AiS

Ci

Yi Xi Ŷi

g(Yi) fϕ(Xi)

1. Upstream data creation

Ai1 · · · Ais · · · AiS

Ci

Yi Xi Ŷi

τs

g(Yi) fϕ(Xi)

2. Downstream causal analysis

Figure 3: A panel illustrating the problem setup.
0. Reality (data generation) shows the complete causal DAG.
1. Upstream phase: Yi, Xi, and Ŷi are observed (blue).
2. Downstream phase: Ais, Ci, and Ŷi are available (red.)

Simulation Results. We focus on two key objectives in
the downstream task: minimizing error and minimizing
causal bias. To assess error, we measure how closely the
predicted values match the true values of τ , using Mean Ab-
solute Error (MAE). A lower MAE indicates a more accu-
rate recovery of the true treatment effects. To assess bias,
we examine the calibration slope from regressing the pre-
dicted effects τ̂ on the true τ values and analyzing the cali-
bration slope. If the estimates are unbiased, the slope should
be close to one. Intuitively, a slope of one means predicted
and true scales align (no global shrinkage) so downstream
treatment effects are not attenuated purely by scaling. De-
viations from one indicate systematic over-/underestimation
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across the range of τ . We report both the slope and its stan-
dard error, checking whether the 95% confidence interval
includes one. Figure 7 visualizes these slope results.

Results (Table 1) show that Tweedie’s correction achieves
the lowest MAE and yields slope estimates whose confi-
dence interval contains one, indicating no detectable atten-
uation bias. In contrast, both the Ratledge and naive ap-
proaches yield calibration slopes significantly below one, in-
dicating systematic underestimation of effects.

Method MAE Slope ± SE 1 ∈ 95% CI?
Tweedie’s 0.04 0.995 ± 0.006 ✓
LCC 0.05 1.008 ± 0.007 ✓
PPI (10%) 0.19 0.985 ± 0.028 ✓
Ratledge 0.37 0.641 ± 0.024 ×
Naive 0.48 0.535 ± 0.004 ×

Table 1: Performance on simulated treatment-effect estima-
tion. Tweedie’s correction yields the lowest error and an un-
biased slope; Ratledge and the naive approach show substan-
tial attenuation bias.

Experiments with Real Data
In this section, we conduct two types of downstream-real
experiments. First, we will evaluate how well our debiasing
methods succeed in descriptive tasks, especially those in-
volving group aggregation. Second, we will apply our pro-
cedure to causal tasks. These two tasks cover the main use
cases of our EO-ML-driven poverty data (see Figure 5).

The full dataset consists of n ≈ 69,000 geo-located sur-
vey clusters from the Demographic and Health Surveys
(DHS) across 30 African countries (2009–2020), where
each cluster comprises 20–30 households sampled via strat-
ified two-stage design (primary sampling units selected with
probability proportional to population size, followed by ran-
dom household selection). We partitioned the data into five
random folds for cross-validation (CV). For each run, four
folds were used as upstream data (three for training, one
for calibration): DTrain = {(Xi, Yi) : i ∈ ITrain}. Down-
stream trial datasets DTrial s were drawn from the remaining,
fifth fold and geo-referenced aid interventions, s, ensuring
no overlap with training data.

Here, Yi denotes the International Wealth Index (IWI), a
continuous asset-based wealth score (0–100) aggregated at
the cluster level to mitigate noise (Burke et al. 2021; Zhu,
Jerzak, and Daoud 2025). The covariate array Xi consists of
Landsat satellite imagery (30 m resolution, six multispectral
bands) centered on each DHS cluster (6.72 km × 6.72 km
tiles), processed by taking the three-year median over cloud-
free pixels leading up to the survey date.

Two models were fitted for each fold, one using MSE and
one using the loss introduced by Ratledge et al. (2022). The
models shared the same ResNet-50 architecture and were
initialized with weights pretrained on the SSL4EO-L dataset
(Stewart et al. 2023). For more details about model training,
see Appendix B. The resulting MSE models all have an R2

score between 0.74 and 0.76 on their hold-out fold, and an
average slope of 0.79 . Their combined predictions can be

seen in Figure 2. The Ratledge models have a slope of 0.99,
but at the cost of reduced R2 scores between 0.67 and 0.70.

Estimating Region Means with Bias Adjustment. In
our descriptive task, we estimate conditional means, av-
eraging wealth by local second-level administrative region
(ADM2), roughly corresponding to municipalities or coun-
ties. We group the clusters in the held-out downstream fold
by ADM2 region and compare the mean observed IWI with
the predicted IWI with and without the different methods
of bias correction. These quantities are subject to the same
shrinkage bias as causal estimates, and our framework ap-
plies equally well in this setting, enabling us to assess how
effectively we correct biased group-level estimates.

Descriptive Results. As expected, the MSE of the naive
model exhibits shrinkage behavior: it tends to overpredict
the wealth of poorer regions and underpredict the wealth of
richer regions. As shown in Figure 4, Tweedie’s correction
accurately compensates for this, not only resulting in less
biased estimates (regression slope of 0.83 to 0.90), but also
decreases the MAE from 2.67 to 2.39. In fact, if we con-
sider only regions with at least 100 clusters, the Tweedie-
corrected estimates exhibit virtually no shrinkage bias, with
a slope of 0.99. Appendix C explicates.

Figure 4: Mean residuals (LEFT) and adjustments from
Tweedie’s method (RIGHT) for each ADM2 region in the
dataset. Regions that are overestimated in the left plot (blue)
are shown to be correctly adjusted down in the right plot
(red), and vice versa.

Empirical Analysis of Aid Interventions. To assess the
practical utility of our correction methods in a setting where
the true treatment effect is unknown, we construct an evalu-
ation framework based on real-world development projects.
Specifically, we leverage the same dataset of geo-referenced
interventions funded by the World Bank and the Chinese
government as was used in (Malik et al. 2021; Conlin 2024).
Each project is tagged with an associated aid sector s ∈ S
(e.g., Health, Water Supply and Sanitation, or Women in
Development), which defines a downstream trial DTrial s =

{(Xi, Ŷi, Ais) : i ∈ ITrial s}. Here, Ais ∈ {0, 1} indicates
exposure to a sector-s intervention at location i, Xi are satel-
lite features, and Ŷi are IWI predictions from the upstream-
trained model. Figure 8 depicts the spatial distribution of
treatments across the continent.
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Since the treatment effects of these interventions are un-
known, we deem this analysis a test of external validity by
comparing ML predicted wealth values with observed ones.
Our goal is to assess whether bias-corrected predictions can
reflect causal estimates similar to those from groundtruth.

To avoid label leakage and emulate real-world constraints,
we perform a two-stage evaluation. We begin by randomly
partitioning the available DHS survey data into two disjoint
sets: an upstream set for training and calibrating the EO-ML
model, and a downstream set used solely for evaluation. The
model is trained on the upstream data, without any exposure
to the intervention data or knowledge of future evaluation
criteria. Shrinkage corrections (e.g., LCC or Tweedie’s cor-
rection) are also estimated on this upstream set.

We match project locations to the corresponding ADM2-
level administrative regions, roughly equivalent to districts
or municipalities. For a given funder-sector pair (e.g., Health
projects funded by the World Bank), we identify all ADM2
regions containing at least one relevant intervention site. We
then consider villages surveyed in the downstream DHS data
within those regions, 3 to 8 years after the intervention, as
the treated group. Villages in the same surveys, but outside
the treated ADM2 regions, serve as controls.

For each funder-sector combination, we estimate the av-
erage treatment effect as the difference in mean outcomes
between treated/control villages, for simplicity. We compute
this using both observed IWI values and the model-predicted
(and correction-adjusted) IWI values. The former provides a
benchmark estimate using labeled data, while the latter eval-
uates the debiasing methods applied to predictions.

Causal Results. See Figure 5 for results. Each point is
a causal study. While the x-axis shows what would have
happened when using the label Yi in these studies, the y-
axis shows the corresponding causal effect using Ŷi with its
corresponding adjustment approach. Orange lines check the
correlation among these data. A score of one is perfect. The
analysis shows that Tweedie’s correction (panel d) comes
close to this desiderata, with a correlation of 0.998; and it
does so with the lowest MAE of 0.57. Had we used the naive
predictions (panel a), the correlation would be 0.958 and the
MAE would be 0.69. Assuming the PPI set up, with 10%
fresh data available, we would have achieved a 0.981; and
it does so with the lowest MAE of 0.73. The PPI perfor-
mance is, however, a function of available data in the down-
stream, and panel f shows that with increasing fresh data, the
PPI correction will outperform our Tweedie. However, since
PPI demands substantial amounts of such data, this method
would necessitate costly new surveys, resulting in large ex-
penditures for downstream teams (de Pieuchon et al. 2025).

Discussion and Conclusion
Our experiments show that post-hoc, data–free corrections
can eliminate the lion’s share of the shrinkage-induced
attenuation that plagues causal analyses based on ma-
chine–learning predictions. In controlled simulations where
the true ATE is known, Tweedie’s correction reduces
mean–absolute error by an order of magnitude and, cru-
cially, restores calibration: the fitted slope of τ̂ on τ is in-

f

Figure 5: (a–e) Estimated treatment effects of aid interven-
tions using unadjusted predictions, which display attenua-
tion bias due to shrinkage. (f) PPI outperforms Tweedie’s
correction in MAE bias reduction on larger hold-out sets,
but requires many ground-truth labels.

distinguishable from one. The linear calibration correction
also performs nearly as well despite its simplicity, suggest-
ing that much of the bias arises from a first-order scaling
distortion that can be identified on a small held-out calibra-
tion set. When applied to real DHS imagery, both corrections
markedly narrow the gap between predicted and observed
country-level means, and in a quasi-experimental evaluation
of large-scale aid projects, they bring estimated ATE into
line with those obtained from ground-truth survey data.

That said, bias can remain or be reintroduced when
(a) the joint distribution of (X, Y ) shifts between up and
downstream, (b) errors are strongly heteroskedastic or non-
Gaussian so that a single σ over- or under-corrects in parts
of the support, or (c) σ̂ is misestimated (e.g., from overfit-
ting late in training). We therefore (i) recommend estimat-
ing σ on the training split to reduce over-correction, (ii)
report block-bootstrap uncertainty for spatial analyses, and
(iii) monitor calibration after correction. □
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