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Our new reality….

f(DataYouCanGet)=(DataYouWant)-ish
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Data collection and design

Prediction gets used downstream

It takes on the value of data

We build institutions around it and governments sanction it

Ihme picture; wb data slide; 
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Predictions are commodities

They have value and institutions exist to support and legitimize 

them.







Good prediction is not enough!!!!

Predictions are evaluated based on average 

performance in the test set

Regressions impacted by correlations in errors

Policies depend on near local accuracy.



Rwanda, excellent predictor gives very different policies!

<—IPUMS data—>

<—Very good 
prediction 
model—>

Using a prediction model 
for allocation selects 
regions that are not in the 
target wealth quintile and 
excludes the regions that 
are.

There’s only one region in 
common between the two 
allocations strategies, 
despite the model having 
very high prediction 
accuracy.
Prediction model: Yeh et al, 2020



Tanzania, again very different policies!

Using a prediction model for 
allocation selects regions that 
are not in the target wealth 
quintile and excludes the 
regions that are.

Only 5 of the 15 regions in 
desired wealth quintile are 
selected for allocation by the 
prediction model.

Prediction model: Yeh et al, 2020

<—IPUMS data—>

<—Very good 
prediction 
model—>



Only one solution….



Statistical calibration



1977



Summary: challenges and opportunities

> Design and data collection are more important than ever! 

― Opportunistic data collection

― Representativeness; who/what are we excluding?

― True in RCTs and learning associations

> Prioritize learning and be strategic (this idea is not new!)

Good performance on prediction is not enough!!!

Statistical calibration can work extremely well, but relies on having 

targeted validation data!
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Our work on Rashomon sets



Our work on predictions and inference

BMI Verbal autopsy



A “given data” 
approach



Based on how we teach statistics…



Tldr; 

Predictions are evaluated based on matching answers in 

the test set, but used for statistical inference or  policy 

decision-making.



Data collection and design

Tldr; You can trade on 
predictions, but no substitute 
for data. 



A big caveat!!

Statistical calibration can work extremely well, but 

relies on having targeted validation data!



A data revolution?

Many problems in demography involve using the data you can easily 

access to predict the variables you want.

Data not designed for research

Bureaucratic regime→ brokerage regime



Tldr; 

Predictions are evaluated based on average 

performance in the test set

Regressions impacted by correlations in errors

Policies depend on near local accuracy.





Example 1: COD prediction w/ zero-shot GPT

Deaths happen outside 
of hospital 

Recordings of 
description of 
circumstances from 
caregiver/family 
member 



Results: classification

F1 score “balances”
false negs and false pos



Statistical questions (COD in Mozambique)

Source: Macicame et al, 2023, Am J Trop Med Hyg

These are regression models!



What are we really doing?

We’re doing inference (regressions) using predicted outcomes (COD)

Without correction, we get invalid uncertainty and potential bias.



Train the NLP model with one site left out

We use narratives 
to make predictions 
and both classic ML 
and modern AI 
techniques.

PHMRC Gold 
Standard Reference 
Data 



g(cause)=beta0+ 
beta1*age+epsilon

AI assigned
cause

GS cause

We “discovered” an effect th
at isn’t th

ere!!!!



Conclusions
change 

dramatically!!!

This time with 
BERT.

AI assigned
cause

GS cause

We “discovered” an effect th
at isn’t th

ere!!!!



g(cause)=beta0+ 
beta1*age+epsilon

ML assigned
cause

GS cause
We missed a pattern that is there!!!!!



Example 2: Geographic policy allocation



Comparison with IPUMS HH data in 5 countries



Geographic targeting

Common targeting strategy (e.g., IRS opportunity zones; HUD comm dev block 
grants)



Zambia, very different policies!

<—Full data—>

<—Very good prediction model—>



Rwanda, very different policies!

<—Full data—>

<—Very good 
prediction 
model—>

Using a prediction model 
for allocation selects 
regions that are not in the 
target wealth quintile and 
excludes the regions that 
are.

There’s only one region in 
common between the two 
allocations strategies, 
despite the model having 
very high prediction 
accuracy.



Tanzania, very different policies!

Using a prediction model for 
allocation selects regions that 
are not in the target wealth 
quintile and excludes the 
regions that are.

Only 5 of the 15 regions in 
desired wealth quintile are 
selected for allocation by the 
prediction model.



Correcting inference for 
predictions



Correcting inference for predictions



Predictions using 
generative AI (gpt)



Conclusions
change 

dramatically!!!

This time with 
BERT.



We now recover 
the effect!



Zambia, w/ 
calibration

Calibrating bias in 
prediction model 
scores with small 
quantities of local 
data leads to nearly 
the same allocation 
decision as having 
complete data.



Rwanda, w/ 
calibration

Calibrating bias in 
prediction model 
scores with small 
quantities of local 
data leads to exactly 
the same allocation 
decision as having 
complete data.
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prediction model 
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quantities of local 
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f(DataYouCanGet)=(DataYouWant)-ish

A little bit of the right data can be extremely valuable

Paradigm shift: strategic data collection to maximize learning

From: collect all variables on all observations 

To: strategically collect data to augment predictions


