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Predictions from ML models trained on Satellite-data

used in earth science research


Great interest in how to reliably use predictions from these complex ML models in downstream scientific analyses

Is it reliable to use predictions as if they are real data?                      Prediction Errors ∼ 𝒩(0,σ2)

Many fields are grappling with these questions, but will focus discussion on challenges the field of Remote Sensing is grappling with
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Workflow pipelines in remote sensing

• Trains an ML model on satellite data 
to predict quantity of interest

• Releases “dataset” of these 
predictions on a repository

3

Upstream Lab
• Downloads it 

• Uses it in a statistical analysis as 
if it is real data

• Prediction errors can bias 
statistical analyses…

Downstream Lab
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4
Other application domains are similarly grappling with issue
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Method desiderata

1. No distributional assumptions about prediction errors

2. Easy to generalize to new statistical tasks and data setups

3. Easy for domain scientists to understand 

5

• We think approach originating Chen and Chen (2000) meets desiderata

• more recently studied in: Tong et al. (2019), Yang and Ding (2020), Kremers 
(2021), Zrnic (2024), Miao and Lu (2024), and Gronsbell et al. (2024),…

• We call it the Predict-Then-Debias approach (it has no consistent name)
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Incomplete

sample

Complete 

sample

⋮ ⋮



Setting and notation
• Let   with X ≡ (Y, Z) ∈ ℝp X ∼ ℙ

•  always observedZ

•  expensive to measure (few observations available)Y

•  is a widely available ML-based prediction of Ỹ Y
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Incomplete

sample

Complete 

sample

⋮ ⋮

Recall setting:



Two natural approaches

7

a complete sample  


an incomplete sample 


an algorithm  that estimates  using an input sample
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• Proceeds in 2-steps
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• ̂γ◯ = 𝒜((Ỹi, Zi)i∈S◯)
• ̂θ∙ = 𝒜((Yi, Zi)i∈S∙)
• ̂γ∙ = 𝒜((Ỹi, Zi)i∈S∙)
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Incomplete

sample

Complete 

sample

⋮ ⋮

Recall setting: a complete sample  


an incomplete sample 


an algorithm  that estimates  using an input sample
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(Yi, Ỹi, Zi)i∈S∙
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(Yi, Ỹi, Zi)i∈S∙
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• ̂γ◯ = 𝒜((Ỹi, Zi)i∈S◯)
• ̂θ∙ = 𝒜((Yi, Zi)i∈S∙)
• ̂γ∙ = 𝒜((Ỹi, Zi)i∈S∙)
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Incomplete

sample

Complete 

sample

⋮ ⋮

Recall setting: a complete sample  


an incomplete sample 


an algorithm  that estimates  using an input sample
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• Percentile bootstrap

• General and flexible (algorithmically 
agnostic to choice of estimand  and 
estimation approach )

θ
𝒜
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• Assumptions

1.  is IID, with  missing (unobserved) completely at random(Yi, Ỹi, Zi)N
i=1 Yi

2.  gives a consistent and sufficiently smooth estimate of  using data as inputs𝒜( ⋅ ) θ

• See paper for

• More details on Assumption 2 and generalizations beyond Assumption 1

• Real data-based simulations that validate these theoretical guarantees



Generalizations and other findings

• See paper for: 


• Generalizations when data comes from a weighted, clustered or stratified sampling scheme


• Computational speedups for settings where  is very large


• Data-based experiments demonstrating Predict-Then-Debias approach leads to confidence 
intervals that are up to 4 times narrower than those from classical approach

N
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Kluger et al. “Prediction-Powered 
Inference with Imputed Covariates and 
Nonuniform Sampling” (2025+) on arXiv



Questions
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Email: dkluger@mit.edu

• One line summary of method
̂θPTD = Ω ̂γ◯

⏟
Biased, low variance term

+ ( ̂θ∙ − Ω ̂γ∙)

Bias correction

Apply percentile bootstrap to this estimator

• For more information see:

R Package and Python module on Github


Lu et al. “Regression coefficient estimation 
from remote sensing maps” (2025). Remote 
Sensing of Environment

Kluger et al. “Prediction-Powered Inference with 
Imputed Covariates and Nonuniform Sampling” 
(2025+) on arXiv

• Thank you to Matthew Gordon (session chair), Ed Rubin (discussant) and organizers

Kluger et al. “A Preview of the Predict-Then-
Debias Bootstrap” (2026). To appear in AEA 
Papers & Proceedings

mailto:dkluger@mit.edu
mailto:dkluger@mit.edu
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Overview of Predict-Then-Debias Bootstrap
• Guarantees of lower variance than simply ignoring ML data


• Few line characterization


 


• CIs from bootstrap have theoretical guarantees


• Construction allows for natural generalizations to new settings:


• Works for a variety of estimators  and estimands  without additional modifications


• If the labelling scheme is known, bootstrap scheme can be modified accordingly


• E.g., if the labels collected according to weighted, clustered, or stratified sampling


• More extensions?

𝒜( ⋅ ) θ
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̂θPTD,Ω̂ = Ω̂ ̂γ◯

⏟
Biased, low variance term

+ ( ̂θ∙ − Ω̂ ̂γ∙)

Bias correction



Takeaways
• Many fields are grappling with questions of how to reliably use machine learning 

predictions in downstream statistical analyses


• Methods exist but are not widespread in some fields


• Predict-Then-Debias Bootstrap is an option


• Requires a small complete sample


• Construction also allows for natural generalizations to new settings


• R and Python Packages online!
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