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Week 9: Found Data
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!Many thanks to lan Lundberg and the team of Dean Knox, Will Lowe and

Jonathan Mummolo for slides on KLM.
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Where We've Been and Where We're Going...

o Last Week
» designed data
@ This Week
» found data
@ Next Week
> privacy
@ Long Run
» target tasks — data sources — guiding values
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Admin

@ Goals Requests:

» have a sense of where to go next
» understand the full model workflow
» understand data pipelines

e Today: (Brief) Introduction ~~ Case Studies and Code in
Response to Interest
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Three Data Archetypes

o Experimental Data
we intervene, measure and analyze

o Designed Data
we measure and analyze

o Found Data
we analyze
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Q Repurposing Big, Found Data

© Case Study: COVID Risk Estimator

© Case Study: Policing Data

@ Case Study: Respect and Formality in Policing

e Case Study: Failure to Appear Case
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@ Salganik likes talking about data as repurposed rather than
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“found” data is often designed by someone.

e Key distinctions are:
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@ Record linkage can be an important tool in bringing data
together.
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What Do We Call This?

@ A lot of people talk about big data which typically is a catchall
for large digital trace, administrative and commercial data.

@ Salganik likes talking about data as repurposed rather than
found/designed to emphasizes that what we typically think of as
“found” data is often designed by someone.

e Key distinctions are:

1) does the data measure what you want?
2) do you understand how it was collected?

@ Record linkage can be an important tool in bringing data
together.

@ Broadly speaking this week is about how to think about not
getting exactly what you wanted.
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Bigger Data # Better Data
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(2) Always-on — constant collection
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Salganik’s 10 Characteristics
(1) Big — there is a lot of it!
» Good for: rare events, heterogeneity, small
differences
» Bad for: carefully examining our data.
(2) Always-on — constant collection
» Good for: retrospective data collection.
(3) Nonreactive — less observer effects?
» some data collection is so passive that it doesn't
have the same kind of observer effects.
» e.g. Stephens-Davidowitz (2017) and google
search data.
» in my experience nonreactive data often comes
with difficult construct validity.
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Salganik’s 10 Characteristics
(4) Incomplete
» three types: participant demographics, behavior
on other platforms, ways to operationalize
theoretical concepts
» construct validity concerns
(5) Inaccessible
» data in governments, companies etc.
» ethical and self-interest reasons
» when available, huge challenges to open science
(6) Nonrepresentative
» what is it a sample of?
» risk of studying what is available instead of what
IS interesting.
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Salganik’s 10 Characteristics

7) Drifting
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8) Algorithmically Confounded
9) Dirty

(10) Sensitive
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Research Strategies
o Counting Things

» even counting things can use machine learning
(think King, Pan, Roberts on Chinese censorship!)
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Research Strategies

o Counting Things
» even counting things can use machine learning
(think King, Pan, Roberts on Chinese censorship!)
» description is great and there is lots of basic
descriptive info we don't have!
o Forecasting and Nowcasting
» Google Flu but also cases like Blumenstock et al.
o Approximating Experiments
» tools of causal inference we learned in Week 5
» natural experiments
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Q Repurposing Big, Found Data

© Case Study: COVID Risk Estimator

© Case Study: Policing Data

@ Case Study: Respect and Formality in Policing

e Case Study: Failure to Appear Case

Stewart (Princeton) Week 9: Found Data March 24-26, 2025

12/63



© Case Study: COVID Risk Estimator
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The Economist Risk Estimator

@ On March 11th, 2021 The Economist released their Covid-19
risk estimator. The goal is to provide estimates of
hospitalization and death for U.S. patients if they contracted
Covid on a particular day.
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The Economist Risk Estimator

@ On March 11th, 2021 The Economist released their Covid-19
risk estimator. The goal is to provide estimates of
hospitalization and death for U.S. patients if they contracted
Covid on a particular day.

@ A key motivating factor here is heterogeneity—risk is very
different across comorbidities!

o Great writeup at:
https://www.economist.com/graphic-detail/2021/03/
11/how-we-built-our-covid-19-risk-estimator plus they
provide code!
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The Economist Risk Estimator

@ On March 11th, 2021 The Economist released their Covid-19
risk estimator. The goal is to provide estimates of
hospitalization and death for U.S. patients if they contracted
Covid on a particular day.

@ A key motivating factor here is heterogeneity—risk is very
different across comorbidities!

o Great writeup at:
https://www.economist.com/graphic-detail/2021/03/
11/how-we-built-our-covid-19-risk-estimator plus they
provide code!

@ Uses many of the techniques we have discussed.

All images on following slides credit to the Economist Write-up
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Data Collection Effort

@ Covid-19 Research Database—group of healthcare companies
pooling anonymised data on patients.
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Data Collection Effort

@ Covid-19 Research Database—group of healthcare companies
pooling anonymised data on patients.

@ 5 billion individual records with data for 250 million Americans.
@ 2.1 million people who have tested positive for covid.

@ standardize variables to 30 different ailments and merged data
to add age, gender, whether they were admitted to a hospital
and whether they died.
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Data Collection Effort

Covid-19 Research Database—group of healthcare companies
pooling anonymised data on patients.

5 billion individual records with data for 250 million Americans.

(]

2.1 million people who have tested positive for covid.

standardize variables to 30 different ailments and merged data
to add age, gender, whether they were admitted to a hospital
and whether they died.

Aim: determine chances that someone diagnosed on December
1, 2020 would die by end of the year.
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Overview of sample used for risk-estimator model

US population 331m

Confirmead
covid-19
positive by
medical claim
427,000

Diagnosed with

In database with

In Covid-19
Research covid-19 and covid-19in
Database deaths data May-Dec 2020
744,000

250m 104m

Died 5,000

Randomly selected people assigned
positive covid-19 test, to offset

overrepresentation of sick people in sample

Sources: Covic-19 Researc Database; The Econamist
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Number of people in covid-19 risk estimator
sample, by age group, ‘000

Criginal M Randomly selected pecple in dataset

sample assigned positive covid-19 test
200
152
100
ML
— L0
— 1]
T T T T T T T T T T
0 5 1% i3 35 45 5% BS 7S BA+
L0014 74 14 44 54 52 T4 G4
Soures:; Cowick-1% Reses o Dasbazs; Tha Fromiarmsi
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aange in case-fatality rate as a result of
data-augmentation procedure, by age group, %

Percentage-paint change

001 01 01 01 03 04 05 03 <007

T T T T T T T T
0 5 15 25 35 43 55 A5 75 A5+
4 14 22 34 44 34 G4 T4 3
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and those involving large numbers of underlying conditions. In
order to capture such complexity, we needed to allow for the
possibility that comorbidities do not have constant effects that can
simply be added together, but instead interact with each other,
producing overall risk levels that are either higher or lower than the
sum of their parts. As a result, we tested not just standard
regression-based approaches such as such as logistic regression and
propertional-hazards models, but also a range of machine-learning
algorithmes, ranging from the cerebral (dense neural networks) to
the arboreal (random forests).
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Of all of these methods, the one that performed best is called
XGBoost, a common implementation of a family of algorithms
called “gradient-boosted trees” This tool often ranks high on
leaderboards in data-science competitions. Gradient-boosted trees
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Herrement of prediction by model type, XGBoost improvement in predicting deaths

compared with uniform case-fatality rate compared with logistic regression
Recluction in erros on unsssn data, % Reduction in erro™ onunsese data, 3
W Hospitalisetions M Dezths
4
30
20
0
o
Logistic regression XGBoost i 3
Number of listed comorbidities
Soaree: Ther Ereniarniz! “Measarec iy oiviary cross-enliopy

Found Data
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Death risk for someone diagnosed with covid-19 in the United States in 2020, actual v model prediction, %

® =Mean prediction of 4,000 patients in the data Actual death risk
30

P The model slightly
£ ovarastimated death

, rates for the 4,000
highest-risk patients

10

90% 95% 9% 99.9% 0

il 10 20 30
Predicted death risk

Source: The Ecanamiat
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Cleaning up after ourselves

Although gradient-boosted trees yielded the most accurate
predictions overall, they do have a drawback. Because they do not
impose assumptions about the relationships between variables
and outcomes, they are just as likely to predict that adding a
comorbidity or raising a person’s age will decrease risk rather
than increasing it, in the absence of evidence to the contrary.
Sometimes, such counterintuitive behaviour can result from
biases in the data, such as comorbidities potentially being more
severe when they are the sole diagnosis than when they appear in
conjunction with other illnesses. In other cases, it is the product
of the model making poor guesses when presented with a type of
patient that rarely or never appears in its training data.
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Q Repurposing Big, Found Data

© Case Study: COVID Risk Estimator

© Case Study: Policing Data

@ Case Study: Respect and Formality in Policing

e Case Study: Failure to Appear Case
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© Case Study: Policing Data
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Police shootings per capita

Police kill a disproportionate number of black people

US population
BLACK HISPANIC  WHITE
=

ol

All people killed by police

31% 12%  52%

People killed by policing while not attacking

39% 12%  46%

Alvin Chang/Vox
Slide Credit: Knox, Lowe and Mummolo
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NYPD Stop and Frisk, 2003-2013
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Slide Credit: Knox, Lowe and Mummolo

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 18/63



Core Idea of KLM 2020
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Core Idea of KLM 2020

@ Administrative records are subject to extremely strong processes
of selection and these cannot simply be shrugged off.
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Core Idea of KLM 2020

@ Administrative records are subject to extremely strong processes
of selection and these cannot simply be shrugged off.

@ Can we state a series of necessary assumptions and place bounds
on quantities of interest?

@ Much of the controversy here is around what is the quantity of
interest?

o Key Takeaway: Enormous challenges not in the methods but in
the data.
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An Empirical Analysis of Racial Differences
in Police Use of Force

Roland G. Fryer Jr.

H

This paper .On non-

tion of whom h
high expected costs of officerinvolved shootings.

We can never be ed as long as the Negro is the vie-
tim of the unspeakable horrors of police brutality. (Mar-
tin Luther King Jr., August 28, 1963)

I Introduction

From “Bloody Sunday” on the Edmund Pettus Bridge (o the public beat-
ings of Rodney King, Bryant Allen, and Freddie Helms, the relationship

1210
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It is the most surprising

result of my career.
— Roland Fryer

ising New Evidence Sﬁows Bias

in Police Use of Force but Not in

Slf ?femtc Pg

i€ Lolice If S 0PN

130091 bigs,

Reality check: study finds no racial bias
in police shootings

GonStian

Slide Credit: lan Lundberg
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Perceived as white Perceived as black

Perceived Stopped by

> Lethal force

as black police /

Criminal activity

Fryer 2019. Fuller critique by Knox et al. 2020 and Durlauf and Heckman 2020.

Slide Credit: lan Lundberg
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Knox, Lowe and Mummolo 2020
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Knox, Lowe and Mummolo 2020

1. Racial bias likely affects who police choose to investigate —
which encounters appear in police data
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Knox, Lowe and Mummolo 2020
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Knox, Lowe and Mummolo 2020

1. Racial bias likely affects who police choose to investigate —
which encounters appear in police data

2. Police administrative data are inherently post-treatment
3. Results statistically biased; bias often can’'t be “controlled away”

4. Bias has a precise form, can derive informative bounds on the
true causal effect of civilian race on police behavior

5. Prior work ignoring this feature substantially underestimates
racial bias in use of force (Fryer, 2019)

6. New research designs to avoid this pitfall
Slide Credit: Knox, Lowe and Mummolo
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» Counterfactual: substitution of individual of differing race into
police-civilian encounter, holding circumstance and civilian
behavior fixed

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 23 /63



A causal mediation framework
@ Unit of analysis: police-civilian encounters:

» “Encounter” = sighting of individual by police officer

» Counterfactual: substitution of individual of differing race into
police-civilian encounter, holding circumstance and civilian
behavior fixed

o Treatment (civilian is racial minority) T; € {0,1}
@ Outcome (use of force) Y; € {0,1}

o Mediator (being stopped by police) M; € {0,1}
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A causal mediation framework
@ Unit of analysis: police-civilian encounters:

» “Encounter” = sighting of individual by police officer

» Counterfactual: substitution of individual of differing race into
police-civilian encounter, holding circumstance and civilian
behavior fixed

o Treatment (civilian is racial minority) T; € {0,1}
@ Outcome (use of force) Y; € {0,1}
o Mediator (being stopped by police) M; € {0,1}

@ Racial bias in police stops (T; — M)
(e.g. Gelman, Fagan & Kiss 2007; Glaser 2014; Lerman &
Weaver 2014; Goel, Rao & Shroff 2016)

Slide Credit: Knox, Lowe and Mummolo
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Potential outcomes with mediation

Normally we consider Y(t € {Y(1), Y(0)}; potential force given
race (treatment)

Instead consider Y(t, M(t))
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Potential outcomes with mediation

Normally we consider Y(t € {Y(1), Y(0)}; potential force given
race (treatment)

Instead consider Y(t, M(t))

Y (1,1) = potential use of force if minority civilian stopped
Y(1,0) = potential use of force if minority civilian not stopped
Y (0,1) = potential use of force if white civilian stopped
Y (0,0) = potential use of force if white civilian not stopped

Slide Credit: Knox, Lowe and Mummolo
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A (really bad) missing data problem
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A (really bad) missing data problem

@ Problem: Only encounters where a stop is made (M; = 1)
appear in police data
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@ Problem: Only encounters where a stop is made (M; = 1)
appear in police data

@ By conditioning on M; = 1, analysis is inherently post-treatment
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A (really bad) missing data problem

@ Problem: Only encounters where a stop is made (M; = 1)
appear in police data

@ By conditioning on M; = 1, analysis is inherently post-treatment

@ Lots of work on post-treatment bias, but usually:
» observe all levels of post-treatment variable (e.g. Acharya,
Blackwell & Sen 2016)
» can quantify scale of missing data (e.g. Nyhan, Skovron &
Titiunik 2017 with voting age population)

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 25 /63



A (really bad) missing data problem

@ Problem: Only encounters where a stop is made (M; = 1)
appear in police data

@ By conditioning on M; = 1, analysis is inherently post-treatment

@ Lots of work on post-treatment bias, but usually:
» observe all levels of post-treatment variable (e.g. Acharya,
Blackwell & Sen 2016)
» can quantify scale of missing data (e.g. Nyhan, Skovron &
Titiunik 2017 with voting age population)

@ Policing data: causal mediation problem (Fun). ..
but with missing data on mediator (Double fun!). ..
and missingness is of unknown scale (All the fun | can handle.)

Slide Credit: Knox, Lowe and Mummolo
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) = 1 M;(0) = 0

Slide Credit: Knox, Lowe and Mummolo
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) = 1 M;(0) = 0

M;(1) =1 “always stop”
(serious crime)

Slide Credit: Knox, Lowe and Mummolo
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) =1 M;(0) =0
M;(1) =1 “always stop”
(serious crime)
Mi(1)=0 “never stop”
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) = 1

M;(0) = 0

M;(1) =1 “always stop”
(serious crime)

stop if black
(jaywalking)
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“never stop”
(inconspicuous)
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) = 1

M;(0) = 0

M;(1) =1 “always stop”
(serious crime)

stop if black
(jaywalking)

M;(1) =0 | stop if white
?
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“never stop”
(inconspicuous)
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) = 1

M;(0) = 0

M;(1) =1 “always stop”
(serious crime)

stop if black
(jaywalking)

M;(1) =0 | stop if white
?

“never stop”
(inconspicuous)

What do we get to see in police data?
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) = 1

M;(0) = 0

M;(1) =1 “always stop”
(serious crime)

stop if black
(jaywalking)

M;(1) =0 | stop if white
?

“never stop”
(inconspicuous)

What do we get to see in police data?
For black civilians. ..
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Solution: principal stratification
If T — M, four types of police-civilian encounters:

M;(0) = 1

M;(0) = 0

M;(1) =1 “always stop”
(serious crime)

stop if black
(jaywalking)

M;(1) =0 | stop if white
?

“never stop”
(inconspicuous)

What do we get to see in police data?
For white civilians. . .

Stewart (Princeton) Week 9: Found Data

Slide Credit: Knox, Lowe and Mummolo

March 24-26, 2025 26 /63



Encounters (sightings) belong to one of four
principal strata

anti-black anti-white
always-stop racial-stop racial-stop never-stop
Mi(1) = Mi(0) =1  M;(1) =1,M(0) =0 M;(1)=0,M;(0)=1 M;(1)=0,M;(0)=0

Slide Credit: Knox, Lowe and Mummolo

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 27/63



Within each, civilian is treated (black) or not

(white)

anti-black anti-white
always-stop racial-stop racial-stop never-stop
Mi(1) = Mi(0) =1  M;(1) =1, M;(0)=0 M;(1)=0,M;(0)=1 Mi(1)=0,M;(0)=0
/N /N /N / N\
D;=0 D;=1 D=0 D;=1 Di=0 D;=1 Di=0 D;=1

Stewart (Princeton)

Week 9: Found Data

Slide Credit: Knox, Lowe and Mummolo
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Very few potential outcomes appear in police data

anti-black anti-white
always-stop racial-stop racial-stop never-stop
Mi(1) = M(0) =1  M;(1)=1,Mi(0)=0 M;(1)=0,M;(0)=1 Mi(1)=0,M;(0)=0
/N /N /N / N\
D;=0 D=1 Di=0 D=1 D=0 D;=1 D;=0 D;=1
Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(L,1) Yi(1,1)
Y(L,0) ¥(1.0)  ¥(L0) Yi(LO)  Y(L0) %(1.0)  ¥(1.0) ¥(L0)
Y(0.1) ¥(0.1)  ¥(0.1) Y(01) %01 %01  ¥(0.1) (1)
¥:(0,0) Y;(0,0) ¥i(0,0) Y;(0,0) ¥:(0,0) Y;(0,0) ¥:(0,0) Y;(0,0)

Slide Credit: Knox, Lowe and Mummolo

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 29/63



Very few potential outcomes appear in police data

anti-black anti-white
always-stop racial-stop racial-stop never-stop
Mi(1) = M(0) =1  M;(1)=1,Mi(0)=0 M;(1)=0,M;(0)=1 Mi(1)=0,M;(0)=0

/N /N /N / N\
D;=0 D=1 Di=0 D=1 D=0 D;=1 D;=0 D;=1
Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1)
Y;(1,0) Y/(1,0) Y;(1,0) Yi(1,0) Y(1,0) ¥(1.0) Y(1,0) ¥i(1.0)
Y,(0,1) Y,(0.1) Y(0,1) i(0,1) Y(0,1) ¥,(0.1) Y(0,1) i(0,1)
Y(0,0) ¥i(0,0) Y(0,0) ¥i(0,0) Y(0,0) ¥i(0,0) Y(0,0) Yi(0,0)

Slide Credit: Knox, Lowe and Mummolo
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Which causal effect?

@ Prior work does not name specific causal estimands
(e.g. Antonovics and Knight, 2009; Fryer, 2019; Nix et al.,
2017; Ross, 2018; Ridgeway, 2006)

@ Without naming an estimand, we can't consider identifying
assumptions or evaluate validity of an analysis

@ There are many causal effects:
» Average Treatment Effect (ATE) in the population
» Effect among those who interact with police (ATEp—1)
» Effect among minorities who interact with police (AT Tp=1)

Slide Credit: Knox, Lowe and Mummolo
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Causal estimands

Stratum D; M; M;(0) M;i(1) Yi(1,1) Yi(1,0) VY;(0,1) VYi(0,0) ATE ATEy—1 ATTm—1 CDEy-:
Always-Stop 1 1 1 1 1 0 1 0 0 0 0 0
Always-Stop 0 1 1 1 1 0 1 0 0 0 0
Racial Stop 1 1 0 1 1 0 1 0 1 1 1 0
Never-Stop 0 0 0 0 1 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Average Treatment Effect

ATE = E[Y;(1, Mi(1)) — Y;(0, M;(0))]

Stratum

D M M(0) M(1) Yi(L1) Yi(1,0) Yi(0,1) Yi(0,0) ATE ATEw—y ATTy_ CDEyy
Always-Stop 1 1 1 1 1 0 1 0 0 0 0 0
Always-Stop 0 1 1 1 1 0 1 0 0 0 0
Racial Stop 1 1 0 1 1 0 1 0 1 1 1 0
Never-Stop 0 0 0 0 1 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Average Treatment Effect Among the Stopped

ATEym=1 = E[Yi(1, Mi(1)) — Yi(0, Mi(0))|M; = 1]

Stratum D; M; M;(0) M;i(1) Yi(1,1) Yi(1,0) VY;(0,1) VYi(0,0) ATE ATEy—1 ATTm—1 CDEy-:
Always-Stop 1 1 1 1 1 0 1 0 0 0 0 0
Always-Stop 0 1 1 1 1 0 1 0 0 0 0
Racial Stop 1 1 0 1 1 0 1 0 1 1 1 0
Never-Stop 0 0 0 0 1 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Average Treatment Effect Among the Treated and
Stopped

AT T = E[Y;(1, M;(1)) = Y(0, Mi(0))|D; = 1, M; = 1]

Stratum D; M; M,(O) M,(l) Y,(l, 1) Y,(l, 0) Y,(O 1) Y,(O, 0) ATE ATEy—1 ATTm—1 CDEpy—:
Always-Stop 1 1 1 1 1 0 1 0 0 0 0 0
Always-Stop 0 1 1 1 1 0 1 0 0 0 0
Racial Stop 1 1 0 1 1 0 1 0 1 1 1 0
Never-Stop 0 0 0 0 1 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Controlled Direct Effect Among the Stopped

CDEw=1 = E[Y{(1,1) = Yi(0, )|M; = 1]

Stratum

D; M; M;(0) M;i(1) VYi(1,1) Yi(1,0) VY;(0,1) Yi(0,0) ATE ATEy—1 ATTum—1 CDEy_:
Always-Stop 1 1 1 1 1 0 1 0 0 0 0 0
Always-Stop 0 1 1 1 1 0 1 0 0 0 0
Racial Stop 1 1 0 1 1 0 1 0 1 1 1 0
Never-Stop 0 0 0 0 1 0 0 0 0
Slide Credit: Knox, Lowe and Mummolo
Stewart (Princeton) Week 9: Found Data
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Assumption 1: Mandatory reporting
Yi(d,0) =0

o If encounter not in the data, no force was
applied
o Highly plausible for lethal /severe force

o Increasingly plausible for sub-lethal force given
civilian oversight boards, cell phone cameras

Slide Credit: Knox, Lowe and Mummolo
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Assumption 1: Mandatory reporting
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Assumption 1: Mandatory reporting

anti-black anti-white
always-stop racial-stop racial-stop never-stop
Mi(1) = M(0) =1  M;(1)=1,Mi(0)=0 M;(1)=0,M;(0)=1 Mi(1)=0,M;(0)=0
/N /N /N / N\

D;=0 D=1 Di=0 D=1 D;i=0 D;=1 D=0 D;=1
Yi(1.1) Yi(1,1) Yi(1.1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1)

0 0 0 0 0 0 0 0
Yi(0,1) Y;(0,1) Y;(0,1) Yi(0,1) Y;(0,1) Yi(0,1) Y;(0,1) Y;(0,1)

0 0 0 0 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Assumption 2: Mediator monotonicity
M;(1) > M;(0)

o No anti-white bias in stopping

Slide Credit: Knox, Lowe and Mummolo
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Assumption 2: Mediator monotonicity

anti-black anti-white
always-stop racial-stop racial-stop never-stop
Mi(1) = M(0) =1  M;(1)=1,Mi(0)=0 M;(1)=0,M;(0)=1 Mi(1)=0,M;(0)=0
/N /N /N / N\

D;=0 D=1 Di=0 D=1 D;i=0 D;=1 D=0 D;=1
Yi(1.1) Yi(1,1) Yi(1.1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1) Yi(1,1)

0 0 0 0 0 0 0 0
Yi(0,1) Y;(0,1) Y;(0,1) Yi(0,1) Y;(0,1) Yi(0,1) Y;(0,1) Y;(0,1)

0 0 0 0 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Assumption 2: Mediator monotonicity

always-stop
M;(1) = M;(0) = 1
/N
D;i=0 D=1
Yi(1,1) Yi(1,1)
0 0

Yi(0,1) v;(0.1)
0 0

Stewart (Princeton)

anti-black
racial-stop
M;(1) =1, M;(0) =0
/ \
D;=0 D=1
Yi(1,1) Yi(1,1)
0 0

¥i(0,1) Y;(0,1)
0 0

Week 9: Found Data

never-stop

M;(1) = 0, M;(0) =

/N
D=0 D=1

Yi(1,1) Yi(1,1)
0 0
¥;(0,1) ¥;(0,1)
0 0

0

Slide Credit: Knox, Lowe and Mummolo

March 24-26, 2025
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Assumption 3: Relative non-severity of racial stops

E[Yi(d, m)|D; = d', My(1) = 1, M;(0) = 1] >
E[Yi(d, m)|D; = d', Mi(1) = 1, M;(0) = 0]

o Level of force applied in always-stop
encounters (serious crimes) > level applied in
racial stop encounters on average

Slide Credit: Knox, Lowe and Mummolo
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Assumption 3: Relative non-severity of racial stops

anti-black
always-stop racial-stop never-stop
Mi(1) = M(0) =1  My(1) = 1, M(0) = 0 Mi(1) = 0, My(0) = 0
/N /N / N\

D=0 D;=1 D;=0 D;=1 D=0 D;=1
V(LD YL V(L) Yi(1,1) Yi(1,1) Yi(1,1)

0 0 0 0 0 0
Y;(0,1) Y;(0,1) Y:(0,1) Y:(0,1) Y;(0,1) Y;(0,1)

0 0 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Assumption 3: Relative non-severity of racial stops

anti-black
always-stop racial-stop never-stop
Mi(1) = Mi(0) =1  M;(1) =1, M;(0) =0 M;(1) =0, M;(0) =0
/N /N / N\

D—O D—l D—O D—l D=0 D;=1

(1 1) Y(1 1) > 1 1) Y(1 1) Yi(1,1) Yi(1,1)

0 0 0

Y;(0,1) ,-( ,1) Y,v(O. 1) Y,v(O. 1) Y;(0,1) Y;(0,1)

0 0 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Assumption 4: Treatment ignorability

Mi(d) 1 D
Yi(d, M(d)) 1L Di|M;(0) = ', Mi(1) = m"

o No omitted variables with respect to mediator
or outcome

o More plausible in recent years (data on lat/lon,
time, officer and suspect features, etc.)

Slide Credit: Knox, Lowe and Mummolo
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Assumption 4: Treatment Ignorability

anti-black
always-stop racial-stop never-stop
Mi(1) = Mi(0) =1  M;(1)=1,M;(0) =0 M;(1) = 0,M;(0) =0
/ N\ /N /N

D—O D—l D—O D—1 D;=0 D;=1
(1 1) Y(1 1) > 1 1) Y(1 1) Yi(1,1) Yi(1,1)

0 0 0
Y;(0,1) ,-( ,1) Y,-(O,l) Y,-(O,l) Y:(0,1) Yi(0,1)

0 0 0 0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Assumption 4: Treatment Ignorability

anti-black
always-stop racial-stop never-stop
Mi(1) = Mi(0) =1  M;(1) =1, M;(0) =0 M;(1) = 0, M;(0) =0
Yi(1,1) Yi(1,1) Yi(1,1)
0 > 0 0
Yi(0,1) _ Yi(0,1) Y;:(0,1)
0 0 0

Slide Credit: Knox, Lowe and Mummolo
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Given assumptions 1-4, can we recover a causal
estimate?
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Given assumptions 1-4, can we recover a causal
estimate?

@ Consider the naive estimator:

A =R[Y|D; =1, M; = 1] - B[Yi|D; = 0, M; = 1]

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 48 /63



Given assumptions 1-4, can we recover a causal

estimate?

@ Consider the naive estimator:

A =R[Y|D; =1, M; = 1] - B[Yi|D; = 0, M; = 1]

o Target the ATEp—1 and AT Ty—;
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Given assumptions 1-4, can we recover a causal
estimate?

@ Consider the naive estimator:
A =E[Yi|D; = 1,M; = 1] - E[Y|D; = 0, M; = 1]

(] Target the ATEM:1 and ATTM:1
@ Biased even without omitted variables.

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 48 /63



Given assumptions 1-4, can we recover a causal
estimate?
@ Consider the naive estimator:

A =R[Y|D; =1, M; = 1] - B[Yi|D; = 0, M; = 1]

(] Target the ATE/\//:l and ATTM:1
@ Biased even without omitted variables.

@ Bias is always nonpositive.
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Given assumptions 1-4, can we recover a causal
estimate?
@ Consider the naive estimator:

A =R[Y|D; =1, M; = 1] - B[Yi|D; = 0, M; = 1]

(] Target the ATE/\//:l and ATTM:1
@ Biased even without omitted variables.
@ Bias is always nonpositive.

@ Bias remains unless there are no racial stops
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Given assumptions 1-4, can we recover a causal
estimate?
@ Consider the naive estimator:

A = B[Yi[D; = 1, M; = 1] - B[Y}|D; = 0, M; = 1]

Target the ATE/\//:l and ATTM:1
Biased even without omitted variables.
Bias is always nonpositive.

e 6 o ¢

Bias remains unless there are no racial stops
@ Biased even if the goal is to estimate effect among the stopped.

Can we estimate racial bias with police administrative data?
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Given assumptions 1-4, can we recover a causal
estimate?
@ Consider the naive estimator:

A = E[Yi|D; =1, M; = 1] - E[Y{| D; = 0, M; = 1]

Target the ATEM:1 and ATTM:1
Biased even without omitted variables.
Bias is always nonpositive.

e 6 o ¢

Bias remains unless there are no racial stops
@ Biased even if the goal is to estimate effect among the stopped.

Can we estimate racial bias with police administrative data?

Solution: bounds on effects!

Slide Credit: Knox, Lowe and Mummolo

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 48 /63



Bounds on race effects, black vs. white

1500
[))
2
>
g3
[S]Ne]
oS

2o 1000
c o
c 2
oL
© 0
92 o
()
g3
0 >
e

25 500
© ©
= C
SE
o
(8]
ko)
©

0

0.00 0.25 0.50 0.75 1.00

Proportion of racially discriminatory stops

Slide Credit: Knox, Lowe and Mummolo

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 49 /63



Bounds on race effects, black vs. white

1500
[))
2
>
s 3
[S]Ne]
&S

2o 1000
c o
G 2
[eRS
© 0
9 o
o n
g3
[ZI-N
e

25 500
© ©
= C
SE
o
(8]
@
©

0

0.00 0.25 0.50 0.75 1.00

Proportion of racially discriminatory stops

Slide Credit: Knox, Lowe and Mummolo

Stewart (Princeton) Week 9: Found Data March 24-26, 2025 49 /63



Bounds on race effects, black vs. white

1500
(2]
2
>
g4
[S)e]
£g
>
2o 1000-
< 2
oL
oo
9 o
99
0 >
- i
25 500
c ©
= C
2>c
3E
[$]
L2
©
0
0.00 0.25 0.50 0.75 1.00

Stewart (Princeton)

Proportion of racially discriminatory stops

Slide Credit: Knox, Lowe and Mummolo

Week 9: Found Data



Bounds on race effects, black vs. white

1500
()]
2
>
g9
[Se]
£g
>
2o 1000-
< 2
[eR°]
5o
Qo
g9
N >
I i
25 500
c ©
= C
2>
3E
[&]
L2
o
0
0.00 0.25 0.50 0.75 1.00

Proportion of racially discriminatory stops

Slide Credit: Knox, Lowe and Mummolo

Stewart (Princeton) Week 9: Found Data



What is p?

What is the share of minority stops that would not have happened if
civilians had been white?

e Can be anywhere in [0,1). If p = 0, bias disappears.

@ Two prior studies estimate this using data on “Stop, Question
and Frisk” in NYC

@ Gelman, Fagan & Kiss (2007) and Goel, Rao and Schroff (2016)
@ Studies take totally different approaches

@ Results imply p is at least .32 or .34, respectively

@ We use p =.32 to be conservative

Slide Credit: Knox, Lowe and Mummolo
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Bounds on race effects, black vs. white
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Improving Research Design
@ Only partially identified. Can't get the population ATE.
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@ Option 1: Identify situations with race-blind contact with police
(e.g. rules for DUI stops; traffic stops and night; traffic
accidents?)
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Improving Research Design

@ Only partially identified. Can't get the population ATE.

@ Option 1: Identify situations with race-blind contact with police
(e.g. rules for DUI stops; traffic stops and night; traffic
accidents?)

@ Option 2: Gather data on the non-stopped (e.g. traffic cameras,
body camera footage)

Slide Credit: Knox, Lowe and Mummolo
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Takeaways

e This isn't really a story about machine learning as
much as it is a story about data.
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e Key tools for thinking about data:

1) Measurement ~~ does this capture what | want?
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Takeaways

e This isn't really a story about machine learning as
much as it is a story about data.

e The key though is that there is no modeling that
would help you get around this. You have to think
about the datal

e Key tools for thinking about data:

1) Measurement ~~ does this capture what | want?
2) Representation ~ is this a sample from the right
population?

o Both questions require a clear sense of the task/goal
to answer!
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Q Repurposing Big, Found Data

© Case Study: COVID Risk Estimator

© Case Study: Policing Data

@ Case Study: Respect and Formality in Policing

e Case Study: Failure to Appear Case
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Case Study: Respect and Formality in Policing

ResPeCT
ExameLe SCORE
FIP@T_NM( Ask FoR AGENCY
[ o
[namel, can | see that driver's license again? # | -1.07
It- it's showing su =, Is that- that's you? :
4 4 4
DisFLUENCY MEGaTvE WoRs DHSFLUENCY
InpoamaL T Ask For Asency AoveraiL “Just®
| |
T v
All right, my . Do me & favor, just keep your
T ; -0.51
hands an th g wheel real quick,
4
*Hamis On THE WHEEL®
LasT Name
'
r [name 0.84
Fomma, TTLE SaFETY PLEASE
M R 1.21
There you go, ma'am. Drive safc, ¢ 3
AwEREIAL “JusT”  FiLLED Palise REAESURANCE
i '
It saysthat. 1l .you 've fixed it. 2.07

Fig.3 Respect scores. Fea-
luru in bluwe have posl'tlw we!ﬁdenu in lhe model and connote respect,
such as offering reassurance ("no problem®) or mentioning community
member well-being ("drive safe”), Features in red have negative coefficionts
in the model and connate disrespect, like infarmal titles (*my man”}, or dis-
fluencies {*that- that's").
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Case Study: Respect and Formality in Policing

2
4] Y
E 15 A
E Officer Race
210 bEack
e L white
e 0.5 iother
Q 0.0 2 MilindesiaRmn MRl 1 0 ) W1 ©
= 0 1

Difference in Respect by Race

Fig. 4. Kernel density estimate of individual officer-level differences in
Respect when talking to white as opposed to black community members,
for the 90 officers in our dataset who have interactions with both blacks
and whites. More positive numbers on the x axis represent a greater posi-
tive shift in Respect toward white community members.
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Q Repurposing Big, Found Data

© Case Study: COVID Risk Estimator

© Case Study: Policing Data

@ Case Study: Respect and Formality in Policing

e Case Study: Failure to Appear Case
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a Case Study: Failure to Appear Case
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HUMAN DECISIONS AND MACHINE PREDICTIONS*

JoN KLEINBERG
HiMABINDU LAKKARAJU
JURE LESKOVEC
JENS LUDWIG
SENDHIL MULLAINATHAN

Can machine learning improve human decision making? Bail decisions pro-
vide a good test case. Millions of times each year, judges make jail-or-release
decisions that hinge on a prediction of what a defendant would do if released. The
concreteness of the prediction task combined with the volume of data available
makes this a promising machine-learning application. Yet comparing the algo-
rithm to judges proves complicated. First, the available data are generated by
prior judge decisions. We only observe crime outcomes for released defendants,
not for those judges detained. This makes it hard to evaluate counterfactual de-
cision rules based on algorithmic predictions. Second, judges may have a broader
set of preferences than the variable the algorithm predicts; for instance, judges
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Kleinberg et. al

@ Question: given the structure of the system as it is—can we
make better decisions than judges about who to detain with
machine learning?
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who are detained.
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will release and who they won't.

» Hard task: predict who would commit a crime if they were
released

» Problem: we don't have Failure to Appear (FTA) for people
who are detained.

@ An interesting and complex case. It is “easier” because one
counterfactual is known—if the defendant is detained they
cannot fail to appear.
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Kleinberg et. al

@ Question: given the structure of the system as it is—can we
make better decisions than judges about who to detain with
machine learning?

» Straightforward, but uninteresting task: predict who the judge
will release and who they won't.

» Hard task: predict who would commit a crime if they were
released

» Problem: we don't have Failure to Appear (FTA) for people
who are detained.
@ An interesting and complex case. It is “easier” because one

counterfactual is known—if the defendant is detained they
cannot fail to appear.

@ Three requirements: being clear about the link between
predictions and decisions; specifying the scope of payoff
functions; and constructing unbiased decision counterfactuals.
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"It is telling that in our application, much of the
work happens after the prediction function was
estimated.”
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Data and Process

@ 1.4 million cases between November 2008 and November 2013
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Data and Process
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@ Pure Hold-out: all of some judges, last six months, some from
all remaining judges
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Data and Process

@ 1.4 million cases between November 2008 and November 2013

@ Train, Test, and “Pure Hold-out”
@ Pure Hold-out: all of some judges, last six months, some from
all remaining judges

@ Train Gradient-Boosted Trees, 5-fold CV to select hyper
parameters, retrain on all data afterwards.
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Data and Process

1.4 million cases between November 2008 and November 2013
Train, Test, and “Pure Hold-out”

Pure Hold-out: all of some judges, last six months, some from
all remaining judges

Train Gradient-Boosted Trees, 5-fold CV to select hyper
parameters, retrain on all data afterwards.

(]

Don't train on any demographic other than age. Does this help?
hurt?

(]
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/ Main Results in This Paper

Hold-Out
110,938
Tmputer
20% Imputation Set
21875 Crime Predictor
BO% /
Training Set Train Using 3-fold Cross Validati
221.876 44375 [ 44375 | 44375 44373 [ 44,376

Crime Predictor
Lock Bo:
Y Untouched Unil
- ST Editorial Revision
(This Draft}
Fioure I

Partition of New York City Data (2008-13) into Data Sets Used for Prediction
and Evaluation
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How Machine Predictions of Crime Risk Relate to Judge Release Decisions and
Actual Crime Rates
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5. In practice algorithms would be decision aids, not decision makers. Our
calculations simply highlight the scope of the potential gains. Understanding the
determinants of compliance with prediction tools is beyond the scope of this article,
though recent work has begun to focus on it (Dietvorst, Simmons, and Masey 2015;
Yeomans et al. 2016; Logg 2017).
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28. This logistic regression uses the same set of covariates as are given to
the machine-learning algorithm, using a standard linear additive functional form.
Interestingly, estimating a model that adds all two-way interactions between the
predictors causes the logistic regression model to overfit the training data set
and predict poorly out of sample, even in a pared-down model with just 5 or
10 covariates. Many of these interactions seem to be picking up statistical noise
in the training set, although the machine-learning algorithm is able to find the
interactivity that reflects real signal.
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Kleinberg et al.

@ A lot more to how they set this up including, e.g. leveraging
random judge assignment.
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@ This is why a third of the class is about sources of data—huge
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Kleinberg et al.

@ A lot more to how they set this up including, e.g. leveraging
random judge assignment.

@ Key takeaway: even for a relatively straightforward problem,
there is a lot to think about!

@ This is why a third of the class is about sources of data—huge
considerations that arise from how we came to observe the data
we had.

o Big data alone is not sufficient we have to understand the task
and the process!
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This Week in Review
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This Week in Review

@ Found or Repurposed Data
@ Knox, Lowe and Mummolo 2020
e Voigt et al. 2017

Next Week:

Salganik Chapter 6 of Bit by Bit: “Ethics”
Lundberg et. al 2019 “Privacy, Ethics, and Data Access: A Case
Study of the Fragile Families Challenge.” Socius
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