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The Rise of Experimentation in Political Science

Rogowski, R. (2016). The Rise of Experimentation in Political Science. Emerging Trends in the Social and
Behavioral Sciences, 1–11.
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The Rise of Experimentation in Economics

Rogowski, R. (2016). The Rise of Experimentation in Political Science. Emerging Trends in the Social and
Behavioral Sciences, 1–11.
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Two disciplines, one trend

Articles published in major political science and economics journals with “natural experiment” in the title or
abstract (as tracked in the online archive JSTOR). From Dunning (2017)
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Other design-based studies

The figure shows the number of peer-reviewed journal publications in economics and political science that refer to
an RD design in the title or abstract. From Dunning (2017)
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Causality
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Causality

The fundamental problem of causal inference

To estimate an ATE or the ATT we need:

E[Yi1|T = 0]

E[Yi0|T = 1]

But we never observe the two conditions.
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Assumption of independence

Potential outcomes are independent to treatment status

Yi1, Yi0 ⊥ Ti

So that :

ATE = E[Yi1 − Yi0]
= E[Yi1]− E[Yi0]
= E[Yi|T = 1]− E[Yi|T = 0]

The expectation of unobserved potential outcomes is equal to the
expectation conditional on the treatment assignment.
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Identification strategy

“To ask what is your identification strategy is to ask what
research design (and assumptions) one intends to use for
the identification of a causal effect.” (Keele, 2015)
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Identification strategies

I Selection on observables
I Conditional ignorability
I No ommited variables

(Yi1, Yi0 ⊥ Ti)|Xi

Some challenges

I Untestable assumptions
I Model dependent results
I “p-hacking”
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Types of experiments

I Field experiments - Randomized controlled trials (RCTs)

I Lab and Survey Experiments

I Natural Experiments
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Identification strategies

Experiments and natural experiments

I Design-based rather than model-based methods
I Attempts to confront inferential problems (such as

confounding) come at the research design stage, rather than
through ex-post statistical adjustment

I Inferential leverage comes more from the research design and
not from modeling (e.g., multivariate regression, matching)

I A simple comparison of means may suffice to establish a causal
effect
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Natural experiments
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Natural experiments

I Natural experiments
I Regression Discontinuity Designs (RDD)
I Instrumental Variables (IV)

Assumption: "as if random" treatment assignment
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Natural experiments

Effects of an intervention: electronic voting in 1998 in Brazil

Source: Hidalgo 2011

20 / 78



Natural experiments
Partial assessment of assumptions (i.e. balance)

Source: Hidalgo 2011
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Is “as if random” plausible?

Yes, if it is actually random.

I For example, a lottery can be used to instrument the treatment.
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Field experiments

Angrist, Joshua, Eric Bettinger, Erik Bloom, Elizabeth King, and Michael Kremer. 2002. “Vouchers for Private

Schooling in Colombia: Evidence from a Randomized Natural Experiment.” American Economic Review 92 (5):

1535–58.
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Is “as if random” plausible?

Sometimes we need to make an extra effort to convince colleagues:
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Limitations

Qualitative methods and contextual knowledge are often required
for designing and validating natural experiments.
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Randomized controlled trials

29 / 78



Randomized controlled experiments

So called “gold standard” in identification strategies

I Subjects are assigned to treatment, Ti based on some random
process

I The researcher has the ability to impose independence between
treatment status and potential outcomes

As a result, treated and non-treated units are, in expectation, equal
in:

I observables
I non-observables

Under ideal conditions of compliance, and no-spillovers,
ATE = ATT
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Randomized controlled experiments

There are still several potential limitations:

I limits to randomization
I block randomization

I Noncompliance
I Local effects (LATE)

I Attrition
I Spillovers
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External validity

Can we infer to the population based on an internally valid
experiment?

Gertler, et al. (2017).
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Responses to the “crisis” of external validity

I Analyze heterogeneous treatment effects
I Descriptive interactions between Ti and units characteristics Xi

(sex, age, education, ideology, etc.)
I This depends on observables in X.
I Warning: It is not a test of causal mechanisms

I Replication
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Replication of filed experiments

See
Metaketa projects here:
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https://egap.org/metaketa
https://egap.org/metaketa


Replication

Allcott, H. (2015). Site Selection Bias in Program Evaluation. The Quarterly Journal of Economics, 130(3),

1117–1165. https://doi.org/10.1093/qje/qjv015
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Replication

Schultz et al. (2007)
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Selection bias in program evaluation

Allcott, H. (2015). Site Selection Bias in Program Evaluation. The Quarterly Journal of Economics, 130(3),

1117–1165. https://doi.org/10.1093/qje/qjv015
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Survey Experiments
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Definitions

I A survey experiment is just an experiment that occurs in a
survey context
I As opposed to in the field context

I Can be in any mode (face-to-face, CATI, online, etc.)

I May or may not involve a representative population
I Mutz (2011): “population-based survey experiments”
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The First Survey Experiment?

Hadley Cantril (1940) asks 3000 Americans either:

Do you think the U.S. should do more than it is now doing to help
England and France?

I Yes
I No

Do you think the U.S. should do more than it is now doing to help
England and France in their fight against Hitler?

I Yes
I No
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The First Survey Experiment?

Hadley Cantril (1940) asks 3000 Americans either:

Do you think the U.S. should do more than it is now doing to help
England and France?

I Yes 13%
I No

.pull-right[ Do you think the U.S. should do more than it is now
doing to help England and France in their fight against Hitler?

I Yes 22%
I No

The “Hitler effect” was 22% - 13% = 9%
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Different types of survey experiments

I Sensitive item designs
I list experiments
I Randomized response

I Vignettes
I factorial or multiple arms

I Randomized conjoint analysis
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Factorial Designs

-The two-condition experiment is a stylized ideal

I An experiment can have any number of conditions
I Up to the limits of sample size
I More than 8–10 conditions is typically unwieldy

I Three “flavors”:
I Multiple conditions in a single factor
I Multiple fully crossed factors
I Partially crossed (“fractional factorial”) designs

I Regression methods provide a generalizable tool for causal
inference in such designs
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Example1

I How close do you feel to your ethnic or racial group?

I Some people have said that taxes need to be raised to take care
of pressing national needs. How willing would you be to have
your taxes raised to improve education in public schools?

1Transue. 2007. “Identity Salience, Identity Acceptance, and Racial Policy
Attitudes: American National Identity as a Uniting Force.” American Journal of
Political Science 51(1): 78–91.
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Example2

I How close do you feel to other Americans?

I Some people have said that taxes need to be raised to take care
of pressing national needs. How willing would you be to have
your taxes raised to improve education in public schools?

2Transue. 2007. “Identity Salience, Identity Acceptance, and Racial Policy
Attitudes: American National Identity as a Uniting Force.” American Journal of
Political Science 51(1): 78–91.
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Example3

I How close do you feel to your ethnic or racial group?

I Some people have said that taxes need to be raised to take
care of pressing national needs. How willing would you be to
have your taxes raised to improve educational opportunities for
minorities?

3Transue. 2007. “Identity Salience, Identity Acceptance, and Racial Policy
Attitudes: American National Identity as a Uniting Force.” American Journal of
Political Science 51(1): 78–91.
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Example4

I How close do you feel to other Americans?

I Some people have said that taxes need to be raised to take
care of pressing national needs. How willing would you be to
have your taxes raised to improve educational opportunities for
minorities?

4Transue. 2007. “Identity Salience, Identity Acceptance, and Racial Policy
Attitudes: American National Identity as a Uniting Force.” American Journal of
Political Science 51(1): 78–91.

54 / 78



2x2 Factorial Design

Condition Americans Own Race

Educ. for Minorities Y1,0 Y1,1
Schools Y0,0 Y0,1
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Two ways to parameterize this

Dummy variable regression (i.e., treatment–control CATEs):
Y = β0 + β1X0,1 + β2X1,0 + β3X1,1 + ε

Interaction effects (i.e., treatment–treatment CATEs):
Y = β0 + β1X11 + β2X21 + β3X11 ×X21 + ε
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Considerations

I Factorial designs can quickly become unwieldy and expensive

I Need to consider what CATEs are of theoretical interest
I Treatment-control, pairwise
I Treatment-treatment, pairwise
I Marginal effects, averaging across other factors
I Comparison of merged conditions
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Sensitive Item Designs

I Randomization can be used to measure something

I List experiments
I Randomly present lists of items of varying length
I Difference in count of items supported is prevalence of sensitive

attitude/behavior

I Randomized response
I Present a sensitive question
I Use a randomization device to dictate whether the respondent

answers the sensitive question or something else
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List Experiments5

Now I’m going to read you three things that sometimes make people
angry or upset. After I read all three, just tell me how many of
them upset you. I don’t want to know which ones. just how many.

1. the federal government increasing the tax on gasoline
2. professional athletes getting million-dollar salaries
3. large corporations polluting the environment

5Kuklinski et al. 1997. “Racial Prejudice and Attitudes Toward Affirmative
Action.” American Journal of Political Science 41(2): 402–419.
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Now I’m going to read you three things that sometimes make people
angry or upset. After I read all three, just tell me how many of
them upset you. I don’t want to know which ones. just how many.

1. the federal government increasing the tax on gasoline
2. professional athletes getting million-dollar salaries
3. large corporations polluting the environment
4. a black family moving in next door

6Kuklinski et al. 1997. “Racial Prejudice and Attitudes Toward Affirmative
Action.” American Journal of Political Science 41(2): 402–419.
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Randomized Response7

Here is a bag; in it there are stones from the game ‘Go,’ some
colored black and others white. Please take one stone out, and see
by yourself what color it is, black or white. Don’t let me know
whether it is black or white, but be sure you know which it is.

If you take a black one, answer the question: “Have you ever had an
induced abortion?”

If you take a white one, answer the question: “Were you born in the
lunar year of the horse?’

Considerations:

I Can use any randomization device
I Can be cognitively complex

7Blair, Imai, and Zhou. 2015. “Design and Analysis of the Randomized
Response Technique.” JASA 110(511): 1304–19.
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Conjoint Analysis
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Conjoint experiments

I Surveys measure stated preferences

I Conjoint analysis involves measuring revealed preferences based
upon a series of forced-choice decisions
I Present respondents with pairs of “profiles” containing many

features
I Force respondents to choose which of the two they prefer

I Estimate relative importance of features of each profile

I Randomization of profile features gives differences in
preferences across attributes a causal meaning

See: Hainmueller, Hopkins, and Yamamoto (2014)
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Pros and Cons

I Pros
I Reduces “cheap talk” results
I Lower social desirability biases
I Mimics real-world decisions
I Revealed preferences are causally interpretable

I Cons
I More cognitively complex for respondents than traditional

polling
I No straightforward “% support” statistics

I
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Immigration Example8

8Hainmueller, Jens, and Daniel J. Hopkins. 2015. “The Hidden American
Immigration Consensus: A Conjoint Analysis of Attitudes toward Immigrants.”
American Journal of Political Science 59 (3): 529–48.
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Immigration Example

Introduction to experimental tasks:

“This study considers immigration and who is permitted to come to
the United States to live. For the next few minutes, we are going to
ask you to act as if you were an immigration official. We will
provide you with several pieces of information about people who
might apply to move to the United States. For each pair of people,
please indicate which of the two immigrants you would personally
prefer to see admitted to the United States. This exercise is purely
hypothetical. Please remember that the United States receives
many more applications for admission than it can accept. Even if
you aren’t entirely sure, please indicate which of the two you prefer.”
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Immigration Example
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Inmigration Example
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Immigration Example
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AMCEs

Statistic of interest is the average marginal component effect
(AMCE), which is the causal effect of each level of each feature on
support for an overall profile.

We can estimate this using (dummy variable) OLS, assuming:

I Full randomization of attributes and randomized pairing of
profiles

I Even presentation of levels w/in features
I No profile ordering effects
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Immigration Example : Results
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Challenges

I Interpretation of AMCEs depend on choice of the base category
I Report marginal means (Leeper et. al., 2020)

I Heterogeneity
I Higher order interactions between treatment conditions
I Respondents’ characteristics
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Example: Illegal electricity users

73 / 78



Example: Illegal electricity users

74 / 78



Example: Illegal electricity users

“What actions would you take with each of these two irregular users
of electricity?”

I Non-enforcement options are “no measure at all” and “sending
a warning letter”.

I Enforcement options are “cut the irregular connection” and
“cut the irregular connection together with applying an
economic sanction”
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Example: Describing heterogeneity across respondents

76 / 78



Recent advances

I Causal interactions and causal mechanisms
I Direct effects and controlled direct effects
I Finding higher order interactions with machine learning
I Adaptive treatment assignment
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Thanks !
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