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First, Some Acknowledgements
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This slide is by no means exhaustive, but it represents individuals who have 
contributed most recently to the papers I will be highlighting in this talk.
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What is AI?
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What is AI? A three part definition

Data

4
Adapted from Post-prediction inference. Source: jtleek.com/talks

Algorithm Interface

https://www.innerdoc.com/periodic-table-of-nlp-tasks/14-tokenization/ https://arxiv.org/abs/1706.03762 https://chatgpt.com/

https://simplystatistics.org/posts/2017-01-19-what-is-artificial-intelligence/
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Why is AI all over the news?

5
Adapted from Post-prediction inference. Source: jtleek.com/talks
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How attention changed the game in AI (2017)
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https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf

Adapted from Post-prediction inference. Source: jtleek.com/talks
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LLM breakthroughs have driven AI’s current momentum
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https://medium.com/@lmpo/a-brief-history-of-lmms-from-transformers-2017-to-deepseek-r1-2025-dae75dd3f59a
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AI is everywhere, and it is spreading faster than ever
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https://www.nebuly.com/blog/2024-the-year-of-llm-user-intelligence
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Why is now different, and what 
does that mean for us?

9
Adapted from Post-prediction inference. Source: jtleek.com/talks
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Simultaneous Revolutions in Computing and Biology
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Adapted from Post-prediction inference. Source: jtleek.com/talks

https://digitalfoodlab.com/graph-week-genome-sequencing-price-going/https://www.ark-invest.com/articles/analyst-research/ai-training
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We can now predict complex genetic traits with AI/ML
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PRS for disease susceptibility, imputed expression from genotype arrays, TWAS, ...

https://elifesciences.org/articles/43657 https://elifesciences.org/articles/43803https://www.nature.com/articles/s41588-018-0132-x
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Example: Common two-stage workflow of a TWAS
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1) Model training in a reference panel → 2) Expression imputation and association testing in data

https://www.nature.com/articles/ng.3367

Adapted from Post-prediction inference. Source: jtleek.com/talks

→
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Adapted from Post-prediction inference. Source: jtleek.com/talks

Sample SizeN =

How does this relate to statistical inference?

A simple sample size calculation
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Adapted from Post-prediction inference. Source: jtleek.com/talks

$ You Have
$ Per SampleN =

How does this relate to statistical inference?

A simple sample size calculation
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In many cases, unlabeled features are cheap and easy to collect 
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Certain outcomes of interest, however, can be time-consuming or costly to obtain

X Z Y
X: Covariates of Interest

Z: Predictive Features

Y: (Missing) Outcome of Interest
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f(Data you can get) = (Data you want)-ish
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Modern studies use accessible data and AI/ML to predict hard-to-measure outcomes

X: Covariates of Interest

Z: Predictive Features

Y: (Missing) Outcome of Interest

X f(Z) Y Y^

Y: Predicted Outcome^
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AI/ML-generated predictions are then treated as measured data
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These predicted outcomes are used in downstream analyses or in policy decision-making

X Z Y Y^
X: Covariates of Interest

Z: Predictive Features

Y: (Missing) Outcome of Interest

Y: Predicted Outcome^
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Using predictions as surrogates is appealing…
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… and it is happening everywhere
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But when our goal is downstream inference/hypothesis testing

g(E[Y | X]) = ꞵ0 + ꞵ1X

19

This can cause problems

gene expression drug dose

Adapted from Post-prediction inference. Source: jtleek.com/talks
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But when our goal is downstream inference/hypothesis testing

g(E[Y | X]) = ꞵ0 + ꞵ1X

20

This can cause problems

predicted gene expression drug dose

Adapted from Post-prediction inference. Source: jtleek.com/talks

^
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Where can this go wrong?
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Adapted from Post-prediction inference. Source: jtleek.com/talks
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High predictive accuracy ≠ good information for inference
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Bias & inability to propagate uncertainty from the predictions to the downstream model

Simulation Setup:

X1 ~ N(0,1)

X2 ~ N(0,1) 

μ = 1 + γ X1

Y ~ N(μ, 1)

 ^         ^         ^               ^
Y = β0+ β1X1+ β2X2

Adapted from Post-prediction inference. Source: jtleek.com/talks

1
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It gets worse when we compare coefficients/test statistics
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Adapted from Post-prediction inference. Source: jtleek.com/talks
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Where does this leave us?
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Adapted from Post-prediction inference. Source: jtleek.com/talks
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Many AI/ML models are often “black boxes”
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We don’t have access to their operating characteristics or training data 

https://www.nature.com/articles/s41586-020-2766-y

Adapted from Post-prediction inference. Source: jtleek.com/talks
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This is hard to model correctly

g(E[Y | X]) = ꞵ0 + ꞵ1X
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And it depends on our upstream (black box) prediction algorithm

predicted gene expression drug dose

Adapted from Post-prediction inference. Source: jtleek.com/talks

^
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We need methods for “inference with predicted data” (IPD)
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Leverage a subset of data with gold-standard outcomes to calibrate inference in the larger study

X Z YŶ

X: Covariates of Interest

Z: Predictive Features

Y: (Missing) Outcome of Interest

Y: Predicted Outcome^

: Labeled : Unlabeled
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Post-Prediction Inference (Wang et al., 2020)

28

A key observation that the predicted and true outcomes often have a simple relationship

Adapted from Post-prediction inference. Source: jtleek.com/talks

https://www.pnas.org/doi/abs/10.1073/pnas.2001238117
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Predicted and true outcomes often have a simple relationship
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Regardless of the predictive model used

Adapted from Post-prediction inference. Source: jtleek.com/talks
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Post-Prediction Inference models this relationship in the labeled data
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Adapted from Post-prediction inference. Source: jtleek.com/talks
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PostPI uses the testing set to correct inference in the validation set

Fit a linear relationship model in the labeled set:

then form pseudo-outcomes in the unlabeled set:

Their final estimator is:

31

Consider a downstream linear regression
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For inference, PostPI approximates the conditional variance

their standard error estimator is

This mirrors linear regression, with a scalar residual variance and inverse Gram matrix

32
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We propose a moment-based generalization to PostPI

PostPI assumes the prediction error, η, is uncorrelated with the covariates, X. In many realistic settings, η will share
structure with X, so the bias is nonzero.

PostPI’s residual variance has two components, one from the relationship model and one from the ‘naive’ model

As the precision matrix scales as O(1/N), this term vanishes as the size of the unlabeled set (N) goes to infinity
33

This relaxes several assumptions from the original method
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Our proposal reduces to PostPI if its assumptions hold
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but extends to more general settings if it does not, with more theoretical guarantees
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We also generalize the variance estimation
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Consider the following covariance matrices:
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IPD methods calibrate inference for proper Type 1 error control
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P-values should be uniform (flat) under the null hypothesis

Does not control 
Type 1 error

Controls Type 1 
error appropriately

True Effect = 0

Adapted from Post-prediction inference. Source: jtleek.com/talks
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And nominal coverage (% of CIs that contain the true parameter)
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CIs are narrower than complete data analysis, but wider than the ideal, i.e., there is “no free lunch”

Estimates less variable, 
CIs too narrow

Estimates more 
variable, CIs wider

True Effect = 1

Adapted from Post-prediction inference. Source: jtleek.com/talks
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Prediction-Powered Inference (Angelopoulos et al., 2023)
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‘Rectify’ the estimates and inference by modeling Y - Y = X1 + X2 + …

https://www.science.org/doi/10.1126/science.adi6000

^
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Methods for inference with predicted data are rapidly evolving
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Driven by the pace of AI/ML method development and  the need for domain-specific solutions
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The {ipd} R Package
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Implements recent IPD methods in a consistent manner and with ‘tidy’ helper functions

library(ipd)

df <- simdat(model="ols")|>

  filter(set_label != "training")

fit <- ipd(Y - f ~ X1, 
           method = "chen", 
           model = "ols",
           data = df, 
           label = "set_label")

summary(fit)

results <- tidy(fit)Software Note R Package
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Case Study: Verbal Autopsy
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Adapted from Post-prediction inference. Source: jtleek.com/talks
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< 1/3 of global deaths are assigned a medically-certified cause
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Verbal autopsy (VA) is a time-consuming, resource-intensive process

https://publichealthnotes.com/verbal-autopsy-and-mpdsr/
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Recent work leverages unstructured interviews for automated VA
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Narrative summaries + AI/ML predictions would be less resource intensive than current standard

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0308452



Fred Hutch Cancer Center

We studied how different AI/ML methods classify cause of death

44

Comparing KNN, SVM, BERT, and GPT-4 

https://openreview.net/forum?id=QbCHlIqbDJ



Fred Hutch Cancer Center

Population Health Metrics Research Consortium

45

N = 6,763 observations from 6 sites in 4 countries; adults only, 5 cause of death labels

https://openreview.net/forum?id=QbCHlIqbDJ
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And how IPD corrects inference on predicted cause of death
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By extending an existing method (PPI++) for multiclass prediction

https://openreview.net/forum?id=QbCHlIqbDJ
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Case Study: Body Mass Index
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Adapted from Post-prediction inference. Source: jtleek.com/talks
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‘Predictions’ don’t have to be complex to bias inference
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The case of body mass index (BMI; kg/m2) as an imperfect measure of adiposity

https://www.nytimes.com/2024/11/14/well/obesity-epidemic-america.html
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An ‘algorithm’ is just a set of steps that map inputs to outputs

• BMI (≥ 30 kg/m²)
• Waist circumference (men ≥ 102 cm; women ≥ 88 cm)
• DXA % body fat (> 30% men; > 42% women)

49

BMI is one of several potential adiposity prediction algorithms

https://www.medrxiv.org/content/10.1101/2025.04.01.25325037v1.full.pdf
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Using NHANES to understand population-level inference
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BMI/WC/DXA all collected up until COVID-19, when DXA collection was suspended
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Mismatched quadrants suggest limitations in BMI/WC
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Differences in sign and magnitude depending on the measure!

But IPD correction aligns with gold-standard DXA-based measure of obesity
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Some final thoughts

• Increasing reliance on AI/ML raises questions 
about data quality/validity

• IPD is rapidly evolving, driven by need for 
rigorous methods to domain-specific problems

• We believe that open-source collaboration is 
the fastest way to success!

53

This area is only becoming more relevant in this AI/ML era

These Slides



Thank you!

https://mymodernmet.com/boston-dynamics-do-you-love-me-dance/


