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Course notes

• Ideal Randomized Controlled Experiment (RCE)
◦ Identifying the causal effect
◦ Problems with experiments
◦ Judging observational studies with ideal RCE as a

benchmark

• Quasi-Experiments
◦ Really good comparison groups
◦ Practical sources of good comparison groups
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Idealized Experiments and Causal Effects

• Aim is to “identify the causal effect” of treatment

outcome w/ treatment − outcome w/o treatment

E(Y|X = x) − E(Y|X = 0)

◦ Because no individual can “travel both and be one traveler,”
use random assignment of individuals that are, on average,
the same in other factors ui to treatment and conrol.

◦ Control as counterfactual : outcome in the absence of
treatment

◦ Once the causal effect is identified , the β’s can be applied
in various situations.

• Randomization of Xi (treatment) ensures that Xi and ui are
uncorrelated.

• Apply regression model with single regressor to the experimental
data: Yi = β0 +β1Xi +ui
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The Differences Estimator

• The causal effect is estimated from differences in the dependent
variable between treated and untreated (control) groups.

• Easiest to consider when Xi is binary: 1 = treated; and 0 =
control.
◦ β1 is the differences estimator (the effect on Y of being

treated).
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Problems with Experiments

• Threats to Internal Validity
◦ Failure to randomize

(use random-number generator, not alphabet, phone book)
◦ Failure to follow treatment protocol

• Partial compliance by members of treatment group
(“slackers”)

• Some of the controls get treatment (“go-getters”)
• Problem: self-selection into treatment
• Consequence: biased estimate of treatment effect
• Key issue: observing actual treatment received

◦ Attrition (attriters with systematically high u or low u)
◦ Experimental Effects (The Hawthorne Effect)

• Double-blind infeasible in social experiments
◦ Small samples (“micronumerosity”—just kidding)

Especially embarrassing in an expensive social experiment
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Problems with Experiments

• Threats to External Validity
◦ Nonrepresentative sample

• Random assignment should draw from the entire
population of interest

• E.g., Volunteers
◦ Nonrepresentative program or policy

• Scale, implementation, duration
• Temptation to apply experimental results widely
• E.g., Perry preschool in Ypsilanti, MI.
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Problems with Experiments, continued

• Threats to External Validity, continued
◦ General equilibrium effects

• Evaluation holds constant other factors, including the
institutional and market environment

• Examples: school vouchers, displacing employer training.
◦ Treatment vs. eligibility effects

• If participation in the ultimate, actual program is voluntary,
then some of the complaints about self-selection may be
reversed.

• Treatment can be “eligibility” rather than treatment
• Model experiment to simulate real-world conditions
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Regression with Experimental Data

• “Obvious” approach is to t-test average outcome in experimental
group versus average outcome in control group

• Advantages of regression

Yi = β0 +β1Xi +ui

◦ Model for binary (treatment v. control) or continuous
treatment (hours in classroom)

◦ Include r other pretreatment characteristics W1i, . . . ,Wri

Yi = β0 +β1Xi +β2W1i + · · ·+βr+1Wri +ui

• Conditional mean independence: unbiased β1 as long as
Xi is randomly assigned and uncorrelated with ui ,
conditional on W1i, . . . ,Wri .

• The W1i, . . . ,Wri cannot be outcomes of treatment
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Regression with Experimental Data

• Benefits of using a full set of regressors

1. Improves efficiency of estimates (extra regressors reduces

sû, which reduces SE(β̂1).

2. Check for randomization
◦ A change in β̂1 with and without W1i, . . . ,Wri is a signal of

failed randomization.

3. Adjust for “conditional randomization” (e.g., random
assignment within HS grads and within college grads
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The Differences-in-Differences Estimator

• Panel Data: before-and-after data on the treatment and control
groups

Y
treatment,after

−Y
treatment,before

= ∆Y
treatment

expresses how the outcome changed for the treatment group
from before to after treatment.

Y
control,after

−Y
control,before

= ∆Y
control

expresses how the outcome changed for the control group from
while the treatment was treated.

• The Differences-in-Differences Estimator

β̂diffs-in-diffs =
(

Y
treatment,after

−Y
treatment,before

)

−
(

Y
control,after

−Y
control,before

)

= ∆Y
treatment

−∆Y
control
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The D-i-D estimator

• Capture the d-i-d estimate in a regression:

∆Yi = β0 +β1Xi +ui

where Xi is a binary variable for treatment.

• Graphical expression of the d-i-d estimator (Figure 11.1)
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The D-i-D estimator

• Efficiency

• Eliminate pretreatement differences in Y
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