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Where We’ve Been and Where We’re Going...

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

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

Experimental Data

we intervene, measure and analyze

Designed Data

we measure and analyze

Found Data

we analyze
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1 Repurposing Big, Found Data

2 Case Study: COVID Risk Estimator

3 Case Study: Policing Data

4 Case Study: Respect and Formality in Policing

5 Case Study: Failure to Appear Case
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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.

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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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

(8) Algorithmically Confounded

(9) Dirty

(10) Sensitive
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Research Strategies

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

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!

Forecasting and Nowcasting
▶ Google Flu but also cases like Blumenstock et al.

Approximating Experiments
▶ tools of causal inference we learned in Week 5
▶ natural experiments
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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!

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.

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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Police shootings per capita

Slide Credit: Knox, Lowe and Mummolo
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NYPD Stop and Frisk, 2003-2013

2/25/2019 Police Bias

file:///Users/jmummolo/Dropbox/obstacles/presentation/policebias_presentation.html#68 11/146

Racial disparities in force

In NYPD Stop & Frisk data:

Slide Credit: Knox, Lowe and Mummolo
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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?

Key Takeaway: Enormous challenges not in the methods but in
the data.

Stewart (Princeton) Week 9: Found Data March 24–26, 2025 19 / 63



Slide Credit: Ian Lundberg

An Empirical Analysis of Racial Differences
in Police Use of Force

Roland G. Fryer Jr.

Harvard University and National Bureau of Economic Research

This paper explores racial differences in police use of force. On non-
lethal uses of force, blacks and Hispanics are more than 50 percent
more likely to experience some form of force in interactions with po-
lice. Adding controls that account for important context and civilian
behavior reduces, but cannot fully explain, these disparities. On the
most extreme use of force—officer-involved shootings—we find no ra-
cial differences either in the raw data or when contextual factors are
taken into account. We argue that the patterns in the data are consis-
tent with a model in which police officers are utility maximizers, a frac-
tion of whom have a preference for discrimination, who incur relatively
high expected costs of officer-involved shootings.

We can never be satisfied as long as the Negro is the vic-
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 to the public beat-
ings of Rodney King, Bryant Allen, and Freddie Helms, the relationship

This work has benefited greatly from discussions and debate with Chief William Evans,
Chief Charles McClelland, Chief Martha Montalvo, Sergeant Stephen Morrison, Jon Murad,
Lynn Overmann, Chief Bud Riley, and Chief Scott Thomson. I am grateful to David Card,
Kerwin Charles, Christian Dustmann, Michael Greenstone, James Heckman, Richard Holden,
Lawrence Katz, Steven Levitt, Jens Ludwig, Glenn Loury, Kevin Murphy, Derek Neal, John
Overdeck, Jesse Shapiro, Andrei Shleifer, Jorg Spenkuch, Max Stone, John Van Reenan, Chris-
topher Winship, and seminar participants at BrownUniversity, University of Chicago, London

Electronically published April 22, 2019
[ Journal of Political Economy, 2019, vol. 127, no. 3]
© 2019 by The University of Chicago. All rights reserved. 0022-3808/2019/12703-0006$10.00

1210

It is the most surprising
result of my career.

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

Police use lethal force at the same rate against
black and white civilians who are stopped.

Police are unbiased

Causal sample selection. Among those
stopped, the white civilians may be more dan-
gerous.

Perceived
as black

Lethal force
Stopped by

police

Criminal activity

Perceived as white

Crime

Crime

Safe

Safe

Safe

Safe

Perceived as black

Crime

Crime

Safe

Safe

SafeSafe

Crime

Crime

Safe

Safe

SafeSafe

Slide Credit: Ian Lundberg
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Knox, Lowe and Mummolo 2020
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which encounters appear in police data
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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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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

Treatment (civilian is racial minority) Ti ∈ {0,1}

Outcome (use of force) Yi ∈ {0,1}

Mediator (being stopped by police) Mi ∈ {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

Treatment (civilian is racial minority) Ti ∈ {0,1}

Outcome (use of force) Yi ∈ {0,1}

Mediator (being stopped by police) Mi ∈ {0,1}

Racial bias in police stops (Ti → Mi)
(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
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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 (Mi = 1)
appear in police data

By conditioning on Mi = 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)
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A (really bad) missing data problem
Problem: Only encounters where a stop is made (Mi = 1)
appear in police data

By conditioning on Mi = 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 I can handle.)

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

Mi(0) = 1 Mi(0) = 0

Mi(1) = 1

Mi(1) = 0

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

Mi(0) = 1 Mi(0) = 0

Mi(1) = 1 “always stop” stop if black
(serious crime) (jaywalking)

Mi(1) = 0 stop if white “never stop”
? (inconspicuous)

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

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

Mi(0) = 1 Mi(0) = 0

Mi(1) = 1 “always stop” stop if black
(serious crime) (jaywalking)

Mi(1) = 0 stop if white “never stop”
? (inconspicuous)

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

Slide Credit: Knox, Lowe and Mummolo
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Encounters (sightings) belong to one of four

principal strata
space
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Mi(1) = Mi(0) = 1
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Within each, civilian is treated (black) or not

(white)
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Very few potential outcomes appear in police data
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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 (ATEM=1)

▶ Effect among minorities who interact with police (ATTM=1)

Slide Credit: Knox, Lowe and Mummolo
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Causal estimands

TE = E[Yi(1,Mi(1))]− E[Yi(0,Mi(0))]

Stratum Di Mi Mi(0) Mi(1) Yi(1, 1) Yi(1, 0) Yi(0, 1) Yi(0, 0) ATE ATEM=1 ATTM=1 CDEM=1

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[Yi(1,Mi(1))− Yi(0,Mi(0))]

Stratum Di Mi Mi(0) Mi(1) Yi(1, 1) Yi(1, 0) Yi(0, 1) Yi(0, 0) ATE ATEM=1 ATTM=1 CDEM=1

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

ATEM=1 = E[Yi(1,Mi(1))− Yi(0,Mi(0))|Mi = 1]

Stratum Di Mi Mi(0) Mi(1) Yi(1, 1) Yi(1, 0) Yi(0, 1) Yi(0, 0) ATE ATEM=1 ATTM=1 CDEM=1

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

ATTM=1 = E[Yi(1,Mi(1))− Yi(0,Mi(0))|Di = 1,Mi = 1]

Stratum Di Mi Mi(0) Mi(1) Yi(1, 1) Yi(1, 0) Yi(0, 1) Yi(0, 0) ATE ATEM=1 ATTM=1 CDEM=1

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

CDEM=1 = E[Yi(1, 1)− Yi(0, 1)|Mi = 1]

Stratum Di Mi Mi(0) Mi(1) Yi(1, 1) Yi(1, 0) Yi(0, 1) Yi(0, 0) ATE ATEM=1 ATTM=1 CDEM=1

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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Assumption 1: Mandatory reporting

Yi(d , 0) = 0

If encounter not in the data, no force was

applied

Highly plausible for lethal/severe force

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 2: Mediator monotonicity

Mi(1) ≥ Mi(0)

No anti-white bias in stopping

Slide Credit: Knox, Lowe and Mummolo
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Assumption 2: Mediator monotonicity
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Assumption 2: Mediator monotonicity
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Assumption 3: Relative non-severity of racial stops

E [Yi(d ,m)|Di = d
′
,Mi(1) = 1,Mi(0) = 1] ≥

E[Yi(d ,m)|Di = d
′
,Mi(1) = 1,Mi(0) = 0]

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
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Assumption 3: Relative non-severity of racial stops
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Assumption 4: Treatment ignorability

Mi(d) ⊥⊥ Di

Yi(d ,M(d)) ⊥⊥ Di |Mi(0) = m
′
,Mi(1) = m

′′

No omitted variables with respect to mediator

or outcome

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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Consider the näıve estimator:

∆̂ = Ê[Yi |Di = 1,Mi = 1]− Ê[Yi |Di = 0,Mi = 1]
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Given assumptions 1-4, can we recover a causal

estimate?
Consider the näıve estimator:

∆̂ = Ê[Yi |Di = 1,Mi = 1]− Ê[Yi |Di = 0,Mi = 1]

Target the ATEM=1 and ATTM=1

Biased even without omitted variables.

Bias is always nonpositive.

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

Can be anywhere in [0, 1). If ρ = 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 ρ is at least .32 or .34, respectively

We use ρ =.32 to be conservative

Slide Credit: Knox, Lowe and Mummolo
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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

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

The key though is that there is no modeling that
would help you get around this. You have to think
about the data!
Key tools for thinking about data:
1) Measurement ⇝ does this capture what I want?
2) Representation ⇝ is this a sample from the right

population?

Both questions require a clear sense of the task/goal
to answer!
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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

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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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.

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

Found or Repurposed Data

Knox, Lowe and Mummolo 2020

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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