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The Bureaucratic Regime
State-built legibility as a public good

Census, BLS, BEA, NCES + OMB standards

Legal confidentiality; scheduled releases; public documentation
“Data modeling” — Testing theories about the world (spec.
population groups)

Consistency — standardization — accountability
Same definitions over time enable trend claims & policy evaluation

Decennial Census + ACS; CPS unemployment; CPI
NAEP; vital statistics; crime victimization surveys

Public agencies produce
standardized statistics (and

metadata) that organize people,
firms, and places into comparable
categories




Contradictions of the Bureaucratic Regime

o Survey response rates collapse

o Cost: Survey infrastructures are expensive to
maintain — budget/staff cuts — loss of institutional
knowledge and capacity

‘o Distrust: Acceleration of reputational attacks and
integrity pressures (delayed releases, leadership
churn, some data collection projects axed)

o Competition: Demands for transparency + data
openness fuel the rise of private-sector data
products and data analytics
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Our new reality....

f(DataYouCanGet)=(DataYouWant)-ish




Data collection and design
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Figure 2: Global distribution of estimated excess mortality rate due to the COVID-19 pandemic, for the cumulative period 2020-21
IHME, March 2022, The Lancet




Data collection and design

Figure S1. Map of all cause data availability

IHME, March 2022, The Lancet



Predictions are commodities

They have value and institutions exist to support and Iegltlmlze
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The Brokerage Regime S
Diversification of data and data

State legitimated by pursuit of efficiency producers. Anything (including
administrative data) can be

repurposed for prediction.

State as purveyor of data to the private sector — “data products”
Government is one source of data among many

“Algorithmic modeling” — Detecting patterns and predicting outcomes,
often for specific individuals

Speed ("nowcasting”) + granularity + actionability
Algorithmic opacity + lock-in

Substitution of public data by private proxies

Merging of public data sources [no more “silos"] + cugmentation of
administrative data by commercial data [Palantir]

Public data as fuel for Al engines



Dilemmas of the Brokerage Regime

State governance after data decentralization

Is predicted data “good enough"? : E LITE’: T h e Pal anti r
App ICE Uses to Find
Hollowing out: Parts of the state lose capacity to collect information N el g h b O rh O Od S tO Ral d

and allocate resources toward public (democratic) goals

Authoritarian creep: Enhanced capacity for individual surveillance
and targeting changes how the state thinks and acts

Political-Economic Restructuring: Displacement of public decision-
making by private analytics reduces democratic accountability
while turning various parts of the state into sources of private profit




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. 'W



Rwanda, excellent predictor gives 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.

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
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Tanzania, again very different policies!

Predictions only vs Full IPUMS

Full IPUMS wealth Arcas sclected by Full IPUMS

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

<—IPUMS data—>
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. prediction
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Prediction model: Yeh et al, 2020
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Only one solution....




Statistical calibration

SOME FURTHER RESULTS ON ERRORS IN DOUBLE
SAMPLING TECHNIQUE*

By CHAMELI BOSE
Statistical Laboratory, Calcutta

1. The author (1942, 1943) studied some types of double sampling
technique which consists in obtaining av expression for a character y, sometimes
difficult or uneconomic to measare directl;,v, in terms of an am)reciably correlated
character z, easier tc obtain. Such problems were studied also by Neyman (1938),
and Cochran (1939); but their methods of approach were different. Snedecor and
King (1942) obtained a formula for the variance of the forecasting equation for

W




Sampling Techniques

third edition

1977
WILLIAM G. COCHRAN

Professor of Statistics, Emeritus
Harvard University

12.6 REGRESSION ESTIMATORS

In some applications of double sampling the auxiliary variate x; has been used
to make a regression estimate of Y. In the first (large) sample of size n’', we

measure only x;; in the second, a random subsample of size n = vn’'=n’/k where
the fraction » is chosen in advance, we measure both x; and y;. The estimate of Y is

Vir=y+b(Xx'—Xx) (12.48)

where X', X are the means of the x; in the first and second samples and b is the least
squares regression coefficient of y; on x;, computed from the second sample.



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! w




Link to these slides

thmccormick.github.io

tylermc@uw.edu


http://thmccormick.github.io

Link to paper on data regimes

thmccormick.github.io

tylermc@uw.edu


http://thmccormick.github.io
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ipd: Inference on Predicted Data
() R-CMD-check [Bassing

Overview

ipd is an open-source R software package for the downstream modeling of an
outcome and its associated features where a potentially sizable portion of the
outcome data has been imputed by an artificial intelligence or machine learning
(Al/ML) prediction algorithm. The package implements several recent proposed
methods for inference on predicted data (IPD) with a single, user-friendly wrapper
function, ipd . The package also provides custom print , summary , tidy,
glance , and augment methods to facilitate easy model inspection.




Our work on Rashomon sets

ar <1V > stat > arXivi2404.02141

Statistics > Methodology
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Robustly estimating heterogeneity in factorial data using Rashomon Partitions

Aparajithan Venkateswaran, Aniruch Sankar, Arun C. Chandrasekhar, Tyler H. McCormick

Marty statistical analyses, in both obsenational data and rancomized control tria's, ask: how does the cutcome of interest vary with combinations of observable
covariates! How do varicus drug combinations affect health outcomes, or how does technology adoption depend on incenteves and demographics? Our goal Is to
partition this factonal space nto *pools” of covarate combinabions where the outtome differs acrass the pools (bat not within a pocly. Existing spproaches (0 search for
3 sirgle "optimal® partition under assLmplions adout the association detween caovasiates or (i) sample fram the eatire se1 of possinle partitons, Both These appraaches
lanore the reality 1has, aspecially with correlation strucrure in covarases, many ways to pastition the covariate space may be stasistically indistinguishable, despise very
different implations for policy or science. We develop an alternative perspective, called Rashomon Partition Sets (RPSs). Exch item In the RPS partaticas the space of
covariztes using a tree-like geometry. RPSs incorporate 24 partaions that have posteriar values near the maximum a posterior! pastiton, even i they offer substantively
different explanations, and do =0 using a prior that makes no assumptions aboust associabions between covariates, This prior is the [, prior, which we show Is minimax
optimal, Green the RPS we calculate the posterior of ey measuraole function of the fegture effects vedtor on cutcumes, conditional on being in the RPS, We slso
characierize approximation eror relative 1o the entite postenor and previde bounds on the size of the RPS, Simulations demonstrate ths frameaork aliows for robuss
conclusions relathve 1o comwentional reqularization techniques. We apply our method to three empirical settings: price effects an charitable gairg, chreennsanal
structure (telomere lengzh), and the Intraoduction of microfinance.

Sign Up Sign In

When you come to a fork in the road, take it: the Rashomon
effect for social scientists
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Our work on predictions and inference

A Follow this preprint

aT (1V > €F > arXiv2404 02438
How to measure obesity in public health research? Problems with using
BMI for population inference

Computer Science > Computation and Language
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Adam Visokay, encare Hoffman, Stephen Salemoe, yler H cConmck, Sasha Johfre AU(ODSY Narratives

doi: hups:iidolorg'10,1 101/2025.04.01,25325037
Shuxian Fan, Adam Visokay, Xentare Hoffman, Stephen Saleme, U Ly, Sftroy T Leek, Tylar H, McCormick
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A “given data”
approach




Based on how we teach statistics...
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Let (X3,Y3),...,(Xs, Ys) be independent and identically distributed
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Tidr;

Predictions are evaluated based on matching answers in

the test set, but used for statistical inference or policy

decision-making.

W



Q Stéphane Helleringer
Data collection and design #” @helleringer1d3

Such news require disclaimer upfront: “data needed to count excess
deaths don’t exist in 2/3 countries. Available numbers are highly
uncertain predictions. Their existence should not obscure urgent global
need to invest in universal death registration”.

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

ft.com
Covid deaths three times higher than official data, study suggests

Researchers pointing to vast undercount say 18mn people have died
worldwide in 2 years



A big caveat!!

Statistical calibration can work extremely well, but

relies on having targeted validation data!

W



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

W



Tidr;
Predictions are evaluated based on average

performance in the test set

Regressions impacted by correlations in errors

Policies depend on near local accuracy. 'W
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Example 1: COD prediction w/ zero-shot GPT

<narrative>
: . Each narrative gets plugged in here
Deaths happen outside S e

. <labels>
of hos ol tal aids-tb: Patient died resulting from HIV-AIDs or Tuberculosis.
communicable: Patient died from a communicable disease such as pneumonia, diarrhea
or dysentery.
external: Patient died from external causes such as fires,
drowning, road traffic, falls, poisonous animals, suicide,

homicide, or other injuries.
. maternal: Patient died from pregnancy or childbirth Context
Re CcO rd N gS Of including from severe bleeding, sepsis, pre-eclampsia and eclampsia.
non-communicable: Patient died from a non-communicable disease such as cirrhosis,
1 1 epilepsy, acute myocardial infarction, copd, renal failure, cancer, diabetes,
d escri pt 1on Of stroke, malaria, asthma.
. unclassified: narrative does not contain enough information to predict cause of death.
circumstances from <llabels>
1 / 1 <options>
caregiver/family =édlen
communicable,
member sitorml = . ==
satornal. <¢—————— Explicitly require output in this format
non-communicable,
unclassified
</options>
Which label from options best applies applies to the narrative?
If you are not sure, return your best guess. §— |Instructions
Limit your response to one of the options exactly as it appears in the list.




Results: classification

1.0
« ” BN Accuracy
F1 score “balances s F1 Score

false negs and false pos ;.
0.750.73

0.71

Scores




Neonates

15-59 years old Child (1-59mo)

60+ yearsold

Statistical questions (COD in Mozambique) 7 besea
I"er
€8,

= Prematurity » IPRE » Congenital malformation  « Infection (y es 'S/,
= Other » Diarrhea m Malaria m Lower respiratory infection IO,)
u HIV = Other infections m Severe malnutrition = Injury
» Tuberculosis » Cancer » Maternal Cardiovascular diseases
Northern 229 3.3 i - 530 - ”l
Central 28.4 , 384 40

Southern 250 =28

Northern - 17.6 12.7 4.0 25.7 4.1
Central
Southern 15.0 28.9 6.0 14.2 43

Northern
Central

Southern

Northern
Central

Southern

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




What are we really doing?

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

g(COD) = 3,age + 3 region + ¢

Without correction, we get invalid uncertainty and potential bias.

[ Ym}x =0.7 + 0.2




Train the NLP model with one site left out

- : We use narratives
Prediction Train =——»| NLP model L.
T T ! to make predictions

and both classic ML
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Log Odds Ratio
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Log Odds Ratio
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Example 2: Geographic policy allocation

> Nat Commun. 2020 May 22;11(1):2583. doi: 10.1038/s41467-020-16185-w.

Using publicly available satellite imagery and deep
learning to understand economic well-being in
Africa

Christopher Yeh #* 1, Anthony Perez # 1 2, Anne Driscoll 2, George Azzari 2 4, Zhongyi Tang ?,
David Lobell 3 4 5, Stefano Ermon 7, Marshall Burke & 7 & ©

Affiliations + expand
PMID: 32444658 PMCID: PMC7244551 DOI: 10.1038/s41467-020-16185-w 4

Abstract

Accurate and comprehensive measurements of economic well-being are fundamental inputs into
both research and policy, but such measures are unavailable at a local level in many parts of the




Comparison with IPUMS HH data in 5 countries

The satellite map passes standard predictive checks

Admin-2 areas in five countries; point size follows population weight

0.716

pooled admin-2 correlation with Full

Pooled r=0.716
1.5 = Slope =0.977

% = IPUMS wealth
=
D
wn
% 0.5 =
o
- 0.861-0.950
& 00
g
= country-level correlations
T 25 P

2 *® % "y oo, 1 : . ¢ Benin Tanzania

% ® e + Lesctho o Zamtia
.t . Rwanda —— Weightec fit
-1.0 " ) 1
-0.5 0.0 0.5 1.0 1.5

Yeh satellite wealth prediction




Geographic targeting

Define target
Residents of admin-2 areas in the within-country Full IPUMS bottom quintile.

Choose areas

“ Select about the bottom 20% of residents within country using an area score.
3 Reveal local labels

Sample 0.025% to 20% of households; attach Yeh score and pre-label covariates.
4 Evaluate policy quantities

Mean wealth reached, bottom-quintile capture, undercoverage, leakage, overlap.

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




Zambia, very different policies!

Black = both selected; blue = Full IPUMS only; orange = prediction rule only.
Full IPUMS wealth Areas selected by Full IPUMS

<—Full data—> ’ ‘
10 ‘ ‘
Predictions only score Predictions only selected areas

v <—Very good prediction model—> " 1

BN Both selected NN Full IPUMS only S Condidate only




Rwanda, 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.

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

Predictions only vs Full IPUMS

Full IPUMS wealth Areas selected by Full IPUMS

’ <—Full data—>

Predictions only score

<—Very good
prediction
model—>

N toth selected BN Ful IPUMS onty B Candidat= only

Predictions only selected areas
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Tanzania, very different policies!

Predictions only vs Full IPUMS

Full IPUMS wealth Arcas sclected by Full IPUMS

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

%

*

Predictions only score Predictions only selected areas

’

b
%

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

W Sothsetected BN FUll IPUMS only S Candidede only

1o

o.c

re (lower = poorer)

Weealth scol



Correcting inference for
predictions

Y X 20% of our data have
L L| True Labels ( v,),

— — oy

: Al Labels ( 41),
: X | Observed Age ( X)).
' 80% with and XU .
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Correcting inference for predictions

Step 1 HAl ~ | X
Step 2 plrue sy | ~| x
Step 3 Asl]Y]- )~ X,
Step 4 (ijcor,recfed — é}‘Af n Z\\_\

W



Log Odds Ratio
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Log Odds Ratio

mexico bert
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Ground Truth
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Conclusions
change
dramatically!!!

This time with
BERT.




Log Odds Ratio
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We now recover
the effect!




Zambia, w/
calibration

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

Predictions + calibrated household labels vs Full IPUMS

Full IPUMS wealth

Calibrated score

Areas selected by Full IPUMS

%
%

Calibrated selected areas

&

Ay

SN 2coth selected WSS Full IPUMS only B8 Candidate anly

v 5 Ale PUOne

14

-5

Wealth scare (lower = poorer)



Predictions + calibrated household labels vs Full IPUMS

Rwanda, w/
calibration

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

Full IPUMS wealth

¥

Calibrated score

i

Areas selected by Full IPUMS

Calibrated selected areas

R Both selected N Full IPUMSonly R Candidate only

da; 20% nousehols labels, random. rapicate 0, Cowr sCale IS fxe0 ACross All SCONE panels: 1ower values are poores
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Predictions + calibrated household labels vs Full IPUMS

Full IPUMS wealth Areas selected by Full IPUMS

Tanzania, w/
calibration

%
%

Calibrated score Calibrated selected areas

&

Ay

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

SN 2coth selected WSS Full IPUMS only B8 Candidate anly

Tanzanig, 200 housenold Whels, randam, replicate O Color scale s Nxed aornss sb scors panels; lower yahoes are poone
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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

W



