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Donation and Stephen Colbert

• Colbert Bump: Does a legislator’s
appearance on Stephen’s show cause
an increase in donations?

• Appearances are not random.
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Example: The Colbert Effect

• Does appearing on the Colbert Report cause an increase in
donations? (Fowler, 2008)

• Colbert selects certain kinds of representatives.
• Potential ways to identify a causal effect:

▶ Experiment: Randomly draw names to appear on the show.
▶ DID: Assume parallel trend between selected and those who were

left out.
▶ IV: ???
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Can we create a counterfactual case?

• Say Obama was invited to the show before 2008 election.
• We are interested in Colbert effect on Obama: what if he was not

invited?
• A clone of Obama: same in every other aspects but the Colbert

show appearance.

• Same exercise for every other representative who appeared on the
show. ∑N

i Yi(Appeared)
N −

∑N
i Yi(Cloned)

N
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Notation

• Treatment: Ti

• Potential Outcome: Yi(Ti)

• Covariate: Xi

For now we only consider pre-treatment covariates, such as
gender, age, income.
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Observed Data

Pre-treatment Treatment Potential Outcomes
Unit Covariate Indicator Treated Control

1 X1 1 Y1(1) ?
2 X2 0 ? Y2(0)
3 X3 0 ? Y3(0)
4 X4 1 Y4(1) ?
... ... ... ... ...
N XN 1 YN(1) ?
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Eg: Gender of the Reps
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Observed Data

Pre-treatment Treatment Potential Outcomes
Unit Covariate Indicator Treated Control

1 X1 1 Y1(1) ?
2 X2 0 ? Y2(0)
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... ... ... ... ...
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Appeared on the show: 1
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Observed Data

Pre-treatment Treatment Potential Outcomes
Unit Covariate Indicator Treated Control

1 X1 1 Y1(1) ?
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Donation amount for those who appeared on the show.
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1 X1 1 Y1(1) ?
2 X2 0 ? Y2(0)
3 X3 0 ? Y3(0)
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Donation amount for those who did not appear on the show.
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Matching to Better Approximate Counterfactuals

• Instead of clones, we can find similar matches of those who
appeared on the show.

• Authors matched on incumbency, party, and donations in the
previous 20 days.

• Potential concerns?
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More Notations

• Potential Outcome of the matched: YM
i (Ti)

The donation amount of the clone we found for
representative i.

• Covariate of the matched: XM
i

Gender the clone we found for representative i.
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Observed Data

Start with all those who appeared on the show.

Pre-treatment Covariates Treatment Observed Outcomes
Unit Treated , Matched Indicator Treated Matched

1 X1, XM
1 1 , 0 Y1(1) YM

1 (0)
2 X2, XM

2 1 , 0 Y1(1) YM
2 (0)

3 X3, XM
3 1 , 0 Y1(1) YM

3 (0)
4 X4, XM

4 1 , 0 Y1(1) YM
4 (0)

... ... ... ... ...
N XN, XM

N 1 , 0 YN(1) YM
N (0)
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Observed Data

Find matches among those who did not appear.

Pre-treatment Covariates Treatment Observed Outcomes
Unit Treated , Matched Indicator Treated Matched

1 X1, XM
1 1 , 0 Y1(1) YM

1 (0)
2 X2, XM

2 1 , 0 Y1(1) YM
2 (0)

3 X3, XM
3 1 , 0 Y1(1) YM

3 (0)
4 X4, XM

4 1 , 0 Y1(1) YM
4 (0)

... ... ... ... ...
N XN, XM

N 1 , 0 YN(1) YM
N (0)
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Matching gives the Average Treatment Effect on the Treated (ATT)
Becase we used the “clones” for those treated.
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When Does Matching Work?

The argument with matching:
• If Xi ≈ XM

i , then Yi(0) ≈ YM
i (0)

• To estimate the treatment effect

1

N

N∑
i=1

{
Yi(1)− Yi(0)︸ ︷︷ ︸

Unobserved

}
≈ 1

N

N∑
i=1

{
Yi(1)− YM

i (0)
}

Since attendance on the Report is not fully at random

• Estimate the counterfactual with the matched subset of the data
• May not work exactly for each observation; may work on average

over the matched subset
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Types of Matching

• Exact Match

• Obama: African American, Democrats, in his 40s, male, law
degree, married.

• Matched representative for Obama: African American,
Democrats, in his 40s, male, law degree, married.
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Matching on a Single Variable
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In raw data
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comparable
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In raw data
• Match to most similar

observation
• Repeat
• Compare outcomes in

matched subset
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Exact Matching

• Almost perfect clones for the treated group.

• Relies heavily on data quality.
Almost impossible to find a clone Obama in reality.
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Types of Matching

• Distance Matching

▶ Definition of distance under a multivariate context.
Absolute value distance
Mahalanobis distance matching

▶ Pick a threshold
▶ Matched if the distance between treated unit and control unit is

less or equal to the threshold.
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Distance Matching

Unit GPA Age Treatment
1 3 21 1
2 3.3 19 0
3 2.9 17 0

Absolute Distance Matching
• Distance between unit 1 and 2:

|3− 3.3|+ |21− 19| = 0.3 + 2 = 2.3

• Distance between unit 1 and 3:

|3− 2.9|+ |21− 17| = 0.1 + 4 = 4.1

• Unit 2 is a better match than unit 3.
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Distance Matching

• More flexibility in finding matched units.
• What is the optimal distance measure + threshold?

▶ Absolute distance is sensitive to outlier variables.
▶ Mahalanobis distance is more well-utilized.
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The Colbert Bounce?

candidates with the smallest sum
of the squared difference in both
ranks relative to the Colbert candi-
date. These rules generated 35
unique matches and 12 matches
where more than one candidate
from the control group might qual-
ify ~under these circumstances,
one of the qualifying candidates
was chosen by lot!. Table 1 shows
a list of candidates who appeared
on the Colbert Report and their
matched counterparts. Colbert
might call the group on the left the
Hall of Heroes and the group on
the right the Hall of Cowards
~though who knows if they were
even invited on the show?!.

Figure 1 shows the average
monthly number of donations and
money received by candidates who
appear on the Colbert Report
compared to their matched coun-
terparts on each day starting
60 days before the appearance and
ending 60 days after. Each data
point indicates activity for the past
30 days, so the left-most point
measures donations made between
60 to 90 days before the show,
while the right-most point mea-
sures donations made between 30
to 60 days after the show. The
value for Day 0 should be close to
0 because we have matched each
Colbert candidate to a similar can-
didate that received nearly the
same number and amount of dona-
tions in the 30 days prior to the
show. Results for Democrats and
Republicans are shown in their
traditional locations on the left and
the right, and results for number of
donations and amount of money
received appear at the top and the
bottom, respectively.

To be sure that the trends we
see are not due to chance we
need some statistical tests. Throughout
the results below I will use results from
these tests to indicate the likelihood that
the observed difference could be the
result of a random aberration, like get-
ting 10 heads in a row in 10 coin
tosses. When I write something like p !
0.05, it means there is a 5% chance that
there really isn’t any difference in the
numbers that are being compared. By
convention, when p " 0.05 we say the
difference is “significant” though the
choice of that number and not some
other is essentially arbitrary ~one might
even call it truthy!!.

To evaluate absolute differences be-
tween Colbert candidates and others I use
a Wilcoxon signed rank test. This test is
nonparametric, which is a super-cool term

that means I don’t assume that a histo-
gram of the data produces a nice, “nor-
mal” bell shape. In fact, I know the data
doesn’t look that way—it looks more like
a skateboard ramp, starting high near zero
and curving down sharply to become flat.
For percentage differences, I use a related
nonparametric ~so cool! test called the
Mann Whitney U. I’m sure Stephen will
be pleased that there is a “man” in his
statistical test ~though what kind of a man
calls himself Whitney?!.

Democrats in Trouble and
the Colbert Bump

First, let’s start with Democrats and
their fundraising activity before the Col-
bert Report. Notice in Figure 1 that

60 days prior to appearing on the show,
Colbert Democrats are doing about as
well as others. However, their luck takes
a serious turn for the worse in the next
30 days. At their lowest point 28 days
before appearing on the show, donations
to Colbert Democrats lag those of simi-
lar candidates by 7.7 contributions per
month. In dollar terms, Colbert Demo-
crats are receiving $8,449 less than the
control group, and this result is weakly
significant ~p ! 0.06!.

Poor performance prior to the show
suggests one of two possibilities. First,
the Colbert Report may be targeting
Democrats who are in trouble with their
campaigns. If this were true, it might
be because they are trying to help them,
or because their campaign troubles are

Figure 1
Absolute Differences in Number and Dollar Amount of
Donations to Candidates Who Appear on The Colbert Report
Compared to Matched Candidates Who Do Not Appear on the
Program

These graphs show that Democrats who appear on The Colbert Report enjoy a significant increase
in the number and total amount of donations they receive in the next 30–40 days, compared to
similar candidates who do not appear on the show. Top panels show the difference in total dollar
amount of donations for the past 30 days on each date relative to the candidate’s appearance,
while bottom panels show similar figures for the total number of donations. Left panels show results
for Democratic candidates and right panels show results for Republicans. Open circles indicate
points where donations during the past 30 days among candidates who appear on The Colbert
Report are significantly different than others (based on nonparametric Wilcoxon Signed Rank tests,
p < 0.10).

PSOnline www.apsanet.org 535
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Assumptions
• Probabilistic treatment: Not deterministic that you will (or

will never) be invited to the show.

0 < Pr(Ti = 1|Xi) < 1

• Ignorability: If we were to know all covariates of candidates,
invitation is almost randomly sent.

Yi(1),Yi(0)⊥⊥Ti|Xi

• SUTVA: Other people’s donation does not affect your
donation amount. One single version of treatment level.

Yi(Ti,Yi(T′
i)) = Yi(Ti) ∀i ̸= i′

Yi(Ti) = Yi(T′
i) if Ti = T′

i

See more of these reviews for lecture 1 slides.
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Identifying assumptions

⋆ Valid matched set: On average, donation for those invited
would have been the same to those in the matched set (not
invited), if they were not invited.

E(Yi(0)|Ti = 1)︸ ︷︷ ︸
unobserved

= E(Yi(0)|Ti = 0, i ∈ M)
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More on Assumptions

• Critique on above assumptions.

▶ What if observables are not enough?
Aside from incumbency, party, previous donations, what are
other variables that might matter?

▶ Mediators?
Next Lecture
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