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Outline for TodayOutline for Today

1. Introduce Endogeneity
("Chicken or the Egg") Issue in Crime Econ

2. Exogeneity vs. Endogeneity

3. Bias in Causal Inference

4. Jigsaw Activity
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Next week
Crime - Gender-Based Violence Module

Jigsaw Activity: will randomize groups again

Please read the content warning in the module and contact me if you have questions or concerns

COVID-19 and Gender-Based Violence

Introduction to the Economics of Discrimination

Quiz 2 is on March 5th

Readings 
Ravindran, Shah (2020)

Bullinger, Carr, Packham (2020)

Slides on Gender-Based Violence Module

Grant proposal for a project I am wokring on
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Group Brie�ng Note
It is due on Sunday

I graded the �rst drafts from those that submitted

Create a group when you submit the �nal version

You need to be in a group

Read the syllabus and module for more information
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Issues in Causal Inference: Endogeneity
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Suppose you were to compare areas/cities
with more police o�cers to areas/cities with
fewer o�cers to see how crime differs.

Do the areas/cities with more o�cers have
less crime?

But the number of police o�cers is
endogenous to crime.

Endogenous since crime affects the number
of police o�cers, but police o�cers affect
crime.

E.g., police o�cers allocated to high crime
areas.

Increases in crime prompt the hiring of
additional o�cers.

Endogeneity in Crime Econ
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Suppose you were to do this comparison
anyways…

Suppose you were to compare areas/cities
with more police o�cers to areas/cities with
fewer o�cers to see how crime differs.

Do the areas/cities with more o�cers have
less crime?

Do you think that by doing this comparison
you would overestimate or underestimate the
effect of police on reducing crime?

Endogeneity in Crime Econ
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Suppose you were to compare areas/cities
with more police o�cers to areas/cities with
fewer o�cers to see how crime differs.

This would probably underestimate the
effect of police on crime, perhaps showing
incorrectly that they increase crime, or that
their effect on crime reduction is smaller
than it actually is.

Estimates would be negatively biased.

Why?

Endogeneity in Crime Econ
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Estimates would be negatively biased.

Why?

Since police are allocated to places with
higher crime rates, or more police are
deployed when crime increases, there is
going to be a positive correlation between
the two.

Mistaking that for a causal relationship will
bias the estimate.

We have to break this endogeneity loop!

Endogeneity in Crime Econ
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How to Break the Endogeneity Loop?
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Solving the Egg and Chicken Problem: DALL-E
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Randomization
We covered how Differece-in-Difference (DiD) can help us break the endogeneity loop.

The ideal way to investigate the effect of police on crime would be to randomly allocate areas/cities
with more/fewer police o�cers.

Likely not possible…

Is there a way that police are allocated that is “quasi-random”?

Is there a natural experiment?

Or, phrased another way, is there a way that police were allocated that was independent from the
crime level (i.e. Is there a case where police o�cers were not allocated based on crime levels?)
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Empirical Studies on How Police Affect Crime
In this course we will cover some neat empirical research articles that investigate how police affect
crime using different experimental or “quasi-experimental” methods.

These are the readings for the Jigsaw activity

Levitt, Steven D. 1997. “Using Electoral Cycles in Police Hiring to Estimate the Effect of Police on
Crime.” American Economic Review, 87(3): 270–290.

Sullivan, Christopher M, and Zachary P. O’Keeffe. 2017. “Evidence that curtailing proactive policing
can reduce major crime.” Nature Human Behaviour, 1(10): 730–737.

Di Tella, Rafael, and Ernesto Schargrodsky. 2004. “Do Police Reduce Crime? Estimate Using the
Allocation of Police Forces after a Terrorist Attack.” American Economic Review, 94(1): 115–133.

Dur, Robert, and Ben Vollaard. 2019. “Salience of law enforcement: A �eld experiment.” Journal of
Environmental Economics and Management, 93: 208–220.

Cheng, Cheng, and Wei Long. 2018. “Improving police services: Evidence from the French quarter
task force.” Journal of Public Economics, 164: 1–18.
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Terminology
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Some Terms that are Helpful to Know
These terms will come up in the practice questions you’ll do today, in the course, and in economics
in general.

1. Treatment variation

2. Exogenous

3. Endogenous

4. External validity
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Treatment Variation
This term often comes up in empirical research that estimates causal effects.

Treatment variation refers to the variation in X that you are using to identify the causal effect of X on
Y.

E.g., the variation in the timing and location of MDPs (as in GHM).

E.g., the increase in police o�cer hiring that occurs before elections (this is the variation used in
Levitt, 1997).

E.g., the randomly-assigned change in police enforcement by location (as in Dur and Voolaard,
2019).

Hussain Hadah (he/him) (Tulane) | Common Terminology in Causal Studies | 18 February 2024 16 / 24



Exogenous
If a variation is exogenous, then it is not a function of other factors.

It is not a function of other variable in the economic/statistical model.

If something is exogenous, you can think of it being random.

We ideally want to use treatment variation that is exogenous.

The gold standard would be randomization  randomized treatment (e.g., randomizing police)
would be strictly exogenous since treatment status does not depend on anything.
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Endogenous
The opposite of exogenous.

More speci�cally, if something is endogenous, it means it is a function of (it depends on, it is
endogenous to) something else.

E.g., police allocation is endogenous to crime (unless we �nd some random or quasi-random
variation to use).

E.g., state adoption of tax incentives for the �lm industry may be endogenous to the size of the
existing �lm industry (larger existing �lm industry = more likely to adopt an incentive)
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Endogenous vs. Exogenous
The key question is how exogenous/endogenous the treatment variation is.

It’s not black and white where it is always clearly one or the other.

Most treatment variation outside of an experiment lies on a spectrum between fully exogenous and
strongly endogenous.

There is no way to know or to test of treatment variation is endogenous.

Determining how endogenous it is requires thinking critically about the factors that affect the
treatment variation.

For example, is there something non-random about the change in policing that is used in the paper?
Could this non-randomness cause bias by creating a feedback loop (like the crime  police
feedback loop shown earlier)?
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Jigsaw Activity
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Jigsaw Activity
1) First grouping - "Focus Groups" - about 10 minutes

1. You will be in a groups with those who read the same paper as you. You will discuss your paper to all
get on the same page about it. Specially, you will to be able to summarize your paper to your peers
who have not read it in the next group, so you want to ensure you can provide a summary. Probably
the best way to get on the same page about your reading is to share your summaries that you
submitted before class and discuss how you can improve them. 

2. While in this group, each of you will answer the �rst set of questions here -> Cluster Jigsaw
Questions (Work on During Class Jan 25.)
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First grouping - "Focus Groups"
Cheng, Long (2018): O. Bisley, E. Jackson, E. Goldberg, A. Campisi, V. Chan, B. Butler, W. Scher, P. Bui,
B. Zislin, D. Schaffer, K. Nguyen, T. Abbazia

Dur, Vollaard (2019): D. Morris, A. Curtis, S. Potter, C. Glew, L. Harding, J. Xu, R. Keegan, J. Agoglia, A.
Lesser, T. Kang, S. Herbert, S. Maguire

Di Tella, Schargrodsky (2004): A. Stenzel, C. Walsh, A. Herrera, S. Roskin, N. Acosta, J. Odell, C.
Allmon, C. Ates, I. Bedziner, A. Salcedo, B. Huang, S. Lum

Levitt (1997): T. Precilla, I. Arnold, M. Mangum, D. Pepe, J. Zhu, R. Sklar, T. Tewari, S. Schweitzer, J.
Huang, S.C. Burgess, S. Lewis, A. Halfon

Sullivan, O'Keeffe (2017): T. Padon, L. Turner, V. Mahanti, D. Lutz, E. Meyer, T.-Y. Nguyen, S. Doran, Z.
Burnett, K. Schwartz, T. Tran, A. Anderson, S. Mehran
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Jigsaw Activity
2) Second grouping - "Task Groups" - remaining time of about 30 minutes

1. You will be in groups with those who read a different paper than you.

2. Brie�y introduce yourselves and note which papers you were assigned. In some cases there may be
two people who read the same paper. That is �ne.

3. Take turns summarizing your paper to your peers orally in about 4 minutes. Focus on the key
"takeaways" (think TL;DR). You can also provide them with the written summary by copy-pasting it
into the chat. If there is more than one of you who did the same paper then please collaborate on
this. Perhaps one person could give a summary and the second person can add anything that was
missed or con�rm those points.

4. While others are summarizing their papers to you, feel free to ask questions to help you better
understand the papers.

5. Your goal will be to learn enough about the other papers such that you can answer the second set of
questions here -> Cluster Jigsaw Questions (Work on During Class Jan. 25)

�. You are free to go once you've submitted your answers.
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Task Groups
Group 0: E. Jackson, A. Curtis, J. Huang, S. Roskin, K. Nguyen, A. Lesser

Group 1: J. Xu, A. Halfon, T. Padon, K. Schwartz, O. Bisley, D. Morris

Group 2: A. Salcedo, S. Lewis, B. Huang, S. Mehran, J. Agoglia, V. Chan

Group 3: S. Schweitzer, R. Sklar, A. Anderson, V. Mahanti, L. Turner, T.-Y. Nguyen

Group 4: Z. Burnett, C. Glew, A. Stenzel, S. Maguire, C. Walsh, W. Scher

Group 5: S. Lum, D. Schaffer, A. Campisi, E. Meyer, M. Mangum

Group 6: R. Keegan, T. Tran, D. Pepe, J. Zhu, C. Allmon

Group 7: L. Harding, T. Precilla, T. Tewari, B. Butler, D. Lutz

Group 8: T. Abbazia, P. Bui, C. Ates, N. Acosta, E. Goldberg

Group 9: T. Kang, J. Odell, I. Bedziner, S. Creager Burgess, S. Herbert
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