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I. Introduction
The link between campaign advertisements and individual campaign contributions is not well
understood, and challenging to study because political parties choose ad content, timing and
location for only partly observed reasons. Urban and Niebler, “Dollars on the Sidewalk: Should
US Presidential Candidates Advertise in Uncontested States?” (AJPS 2014) examine how
unintentional campaign ads—television ads targeted at competitive states, which also reach
viewers in non-competitive states due to media market spillover—affect campaign contributions.
They study the 2008 Presidential campaign, and hypothesize that these spillover ads prompt higher
contributions in uncontested states (where no one buys campaign ads). Their research design is
clever: They determine which zipcodes (their unit of analysis) in uncontested states receive
spillover ads. These zipcodes are “treated”; the other zipcodes in noncompetitive states which do
not receive spillover ads are the controls. They combine Wisconsin Advertising Project data
(WiscAds) on TV advertisements and Federal Election Commission (FEC) data on individual
campaign contributions. They exploit variation in advertisements at the media-market level and
in contributions at the zipcode level, and report evidence for higher contributions in treated
zipcodes. They use propensity score matching (PSM) to match treated and control zipcodes.

In this paper, we first seek to replicate the Urban-Niebler results and then extend their

project using a different research design.1 Urban and Niebler sought to use state fixed effects when

1 Researchers are paying greater attention to whether published results can be replicated (e.g., King 1995; Imai 2005;
Lupia and Elman 2014; Franco, Malhotra, and Simonovits 2015). We are engaged in a broad project using papers
drawn principally from the American Journal of Political Science, in which we are studying the differences between
balancing approaches, applied to real-world datasets. As part of that project, we sought to replicate Urban and Niebler.
We are grateful to the AJPS for their replication policy, covering both data and code, which made possible our overall
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estimating propensity scores (a sensible idea). However, they did so using conditional logit, likely
without understanding the strong assumptions underlying conditional logit.2 We explain why
conditional logit cannot be used to estimate propensity scores, instead use ordinary logit with state
dummies, and reassess their results, using an array of balancing methods, including PSM. With
balancing methods alone, we find results similar to theirs -- a positive, often statistically significant
coefficient on a treatment dummy, but large heterogeneity in treatment effects between states.
However, if we combine balancing with regression applied to the balanced sample, these results
weaken and become statistically insignificant.

We then extend their analysis in two ways. First, in the data that many zip codes have zero
contributions, and when contributions are made, the amounts are highly skewed. See Figure 1 and
summary statistics table in Appendix. To address the frequent zeros and the skewness, we
implement a zero-inflated model (an approach to campaign contributions also used in Aldrich et
al., 2017 and Barber et al., 2017), which models contributions as involving two separate but linked
decisions: whether to contribute, and how much to contribute (conditional on contributing
something). We find this to be an intuitively appealing model for studying campaign
contributions. With this approach, we find evidence that spillover ads increase the amount
contributed, but not the likelihood of a contribution.

We also use their data to address partisan response to campaign ads and contributions. We
study the differential impact of Republican and Democratic ads on Republican and Democratic

campaign contributions. We are not aware of prior research on this issue. We find strong evidence

project and this replication; and to Urban and Niebler for answering our questions about their paper. With only their
data, but not their code, we would have struggled to understand how their results were achieved.

2 Their results technically replicate: using their data and Stata code, we obtain the same results.



that ads by one party prime both same party and opposite party contributors (known as “negative
partisanship”). We also fine evidence for a stronger Republican response to Democratic ads than
vice-versa.

The paper proceeds as follows. We first discuss the Urban and Niebler research design
and their clever identification strategy. Second, we discuss where they went wrong in
implementing PSM, and correct their error. We then provide evidence on the effects of spillover
ads using both balancing methods alone, and combining balancing with regression. Third, we
implement a zero-inflated negative binomial (ZINB) model, and study separately the effect of
spillover ads on the likelihood of contribution and the amount contributed. Fourth, we study the
separate effects of Democratic and Republican ads on own-party and opposite-party contributions.
Il. The Urban-Niebler Research Design; Original and Corrected
A. Urban-Niebler Design and Problems with Conditional Logit
Urban and Niebler study whether spillover TV ads in presidential campaigns prompt campaign
contributions in non-competitive states. They study the 2008 Presidential election campaign.
Among the 51 US states (including the District of Columbia), 15 were contested and received the
vast bulk of TV ads. The Urban-Niebler research design seeks to compare treated (with spillover)
and control (no spillover) zipcodes within the same state. Among the 36 uncontested states, 24
have partial spillover; the others do not. For example, Alaska and Hawaii are not usable for their
study because they have no spillover zipcodes; DC is not usable because it has 100% spillover;
but California is usable because has some spillover along the Nevada border. States with zero or
100% spillover should drop out of their analysis. However, their estimation strategy resulted in
estimating effects for the 12 states with zero or complete spillover, and comparing treated zipcodes

to “matched” zipcodes that have very different propensities to be treated.



The authors use multiple variants of propensity-score matching (PSM), but all use the same
propensity score estimation model.s They estimate propensity scores using “logit estimation with
state fixed effects,” using as covariates: median household income, Percent Hispanic, Percent
African American, Percent of College Graduates, and population density.4 The treatment is receipt
in a zipcode of 1,000 or more spillover ads during the 2008 campaign. The authors use state fixed
effects (FE) as covariates in estimating propensities, and run a single propensity score estimation
model across all states. They use the Stata command “xtlogit, fe”.

For linear regression, a standard result in undergraduate econometrics is that linear
regression with unit dummies (here, the units are states) (a “state dummies estimator”) produces
the same results as a state fixed effects (FE) estimator, which first removes unit means from all
variables.s Is this also true for logit with state fixed effects, as implemented in standard statistical
packages, as one might hope?s No, unfortunately. What Stata misleading calls logit with unit
fixed effects is actually conditional logit (the xtlogit, fe command calls the clogit command). To
estimate unconditional fixed effects logit, one must use ordinary logit with unit dummies as
regressors. Unconditional fixed effects logit can be problematic when the number of groups is
very large and the number of observations per group is small—the oft-noted “incidental parameters
problem” (Katz 2001; Croupe 2005; Woolridge 2015; Beck 2018). But this is not a concern for
the Urban-Niebler research design, in which the number of groups is fixed (24 states), and there

are many observations per state. When incidental parameters are not a concern, the state dummies

3 The authors also consider genetic matching and coarsened exact matching in their appendix as robustness checks.
4 Urban and Niebler at 328 and eqn. (1). Logit is a common specification for estimating propensity scores.

5 See, e.g., Wooldridge (2015), ch. 14. There can be small differences in standard errors between the two approaches,
depending on details of how a statistics package estimates standard errors for fixed effects models.

6 We discuss Stata in text, but R has a similar problem. R has a bife (for binary fixed effects) package, which is
mimics Stata xtlogit.



estimator is unbiased. Arpino and Mealli (2011) recommend using unconditional fixed-effects
logit to estimate propensity scores with grouped data, based on simulation results.

In contrast, because of how conditional logit treats unit effects, it cannot be used to estimate
marginal effects (Beck 2018). This means there is no way to extract propensity scores from the
conditional logit estimation. Stata uses a fudge, which does not solve this issue. The Stata default
for extracting predicted values following clogit is called pcl (the post-estimation command is
simply “predict p”’). Stata explains that this will produce the predicted value (here the predicted
propensity score) “conditional on one positive outcome within group,” with no further explanation.
What this means initially puzzled us, but it turns out to mean the predicted probability of treatment
if there were exactly one positive outcome (one treated zipcode) in each state. This produces
weirdly low propensity scores, with a mean of only 0.00148 for the 24 usable states, far below the
true mean of 0.321.7 See Table 1.

Urban and Niebler, perhaps after trying this default, chose a different clogit option called
puO (the post-estimation command is “predict, pu0”). Stata explains that this estimates the
“probability of a positive outcome assuming the fixed effect is zero.” This assumes that state
effects can be ignored, which is contrary to the data and to the point of their state FE design. Actual
state-level mean propensities vary widely, from 0.014 (Mississippi) to 0.948 (Montana). Using
clogit with the puQ option generates very different but again weird outcomes. One problem is that
Urban and Niebler ran clogit estimation using data for all 36 noncompetitive states, including the
12 states with zero or complete spillover. For these states, the propensities are driven to 0 or 1 by

the state fixed effects. Indeed, the initial clogit estimation drops these 12 states, and reports results

7 These 24 states have 16,265 zipcodes. The mean propensity for these states is therefore, assuming one treated
zipcode per state is then: 24/16,250 = 0.00148! The per-state mean values vary from 1/1,510 = .0007 in California
(with 1,510 zipcodes) to 1/25 = .04 in D.C. (with 25 zipcodes). Odd indeed.
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only for the remaining 24 states. But these 12 states magically reappear if one runs the predict
command (with either the default pcl or the pu0 option), following the clogit regression. Stata
reports propensities for 36 states (20,215 zipcodes), with no warning that it has done so. All
reported propensities, in all states, are influenced only by the non-fixed covariates, which are weak
predictors of treatment, so most propensities are near 50%.s

Table 1 reports summary statistics for the propensity score, computed various ways: Using
the pu0 option with 36 states; the puO option with 24 states (manually dropping the other 12 states);
the pcl option with 36 and 24 states, the state dummies estimator (ordinary logit with individual
state dummies) for the 24 states with partial spillover, and ordinary logit combined with trimming
to common support (dropping treated units that are outside the support of the control units and vice
versa).

Manifestly, estimates using propensities for all 36 states, using clogit with the pu0 option,
is not what one should do. Yet this are the only propensity scores that Urban and Niebler used. In
their Appendix, they ran multiple variations for how to match on the propensity score, but never
varied the model that they used to compute propensities. Conditional logit led them astray.

A second problem with their research design: One should cluster standard errors on state,
which they did not do for their main results. We find that standard errors clustered on state are

substantially larger than either ordinary or heteroskedasticity robust standard errors.

8 In R, the predict command for the bife package drops the 12 states with zero or complete overlap. This is better
than keeping them, but does not address the inability of conditional logit to estimate marginal effects.
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Table 1. Summary statistics with different propensity score estimation approaches

Table shows summary statistics for propensity to be treated (have at least 1,000 spillover ads) for
the Urban-Niebler data: (1) using conditional logit in Stata (either clogit or xtlogit, fe) with data
for all 36 noncompetitive states, followed by “predict p”’; (2) same, but manually dropping 12
states with zero or complete spillover; (3) using 36 states and “predict p, pu0,” (4) same as (3) but
manually dropping 12 states; (5) using ordinary logit with 24 states and dummy variables for each
state; and (6) same as (5), but trimming propensities to common support within each state.

Model [No. of _No. of method prec_ilct Mean Min Max
states zipcodes option
(1) 36 20,215 clogit pu0 5821 | .3713 | .9150
(2 24 16,265 clogit pu0 5823 | .3759 | .9150
(3) 36 20,215 clogit default (pcl)| .0019 | .0002 | .0620
(4) 24 16,265 clogit default (pcl)| .0015 | .0002 | .0431
(5) 24 16,265  |logit, state dummies| default 3215 | .0086 | .9723
logit, state
(6) 24 13,869 dummies, trim to default 3264 | .0099 | .9476
common support

1. Trying Again with Better Methods

We next considered how one might study the Urban-Niebler research question, using their data.
We study the 24 noncompetitive states with partial spillover, using three main approaches. First,
we use PSM (with corrected propensity scores, using either the state dummies estimator or,
perhaps closer to the spirit of their approach, requiring in-state matches). We also use a variety of
other balancing methods balancing methods that we consider attractive based on the matching
literature, plus their “robustness check” method, from their Appendix, of coarsened exact matching
(CEM). We use their covariates plus zipcode population.

We were concerned, however, that these results might be sensitive to specification. To
assess sensitivity to specification, we adopted three approaches. The first is to use a more normally
distributed dependent variable, as a robustness check. Contributions (in $°000’s) has both many
zero (or small) values and a large positive skew. We therefore use In(contributions/capita) as an
alternative dependent variable, adding a small amount ($200) to each observation to avoid

dropping zero-contribution observations.



The second is to combine balancing with regression. The third is to use a zero-inflated
negative binomial model, which directly addresses the zero-or-small values, and posits a two stage
contribution decision: first, whether to contribute and then, how much to contribute.

Urban and Niebler chose to consider a zipcode as treated if it received 1,000 or more
spillover ads, and control otherwise. In the Appendix, we assess the sensitivity of the results
presented below to varying the minimum number of ads needed for a zipcode to be considered to
be treated. Coefficient estimates vary as we vary the threshold, but the qualitative results are not
sensitive to variations on the threshold.

A. Addressing Zero Values and Skewness in Contributions

Campaign contributions are highly skewed (Bonica, 2014). As Urban and Niebler note, this skew
remains at the zipcode level. Figure 1 provides a histogram of the frequency of contribution levels
(in $°000s); we convert small positive amounts, below the $200 federal reporting threshold, to
$200 (this affects only 17 zipcodes). The top left panel shows contributions in dollars, winsorized
at the 95% level, the winsorized contributions are shown in the bar at the far right. The top right
figure shows contributions per capita, which have a similar skew. The bottom left figure shows
In(contributions). Before taking logs, we add $100 to the 5,904 zero contributions to avoid losing
these observations. Taking logs reduces the right skew, but the distribution remains highly
skewed. Finally, the bottom right figure (1-4) shows In(contributions per capita), using the same
rules for constructing logged values. This measure is roughly normally distributed; we use it as

an alternative dependent variable.



Figure 1. Histograms using Different Dependent Variables

Histogram of contribution amounts (in $°000s) for 16,265 zipcodes in 24 noncompetitive states
with partial spillover of campaign ads. Top panels: contributions are winsorized at 95%. Bottom
panels: Before taking logs we add $100 to so as not to drop the 5,904 zipcodes with zero
contributions and winsorize positive but small contributions in 17 zipcodes to $200 (the legal
threshold for reporting contributions).

3 -
1.51
2 -
= z
c c
[ [
a a
1 -
0.5
0.0 L 04 )]
0 20 40 60 80 0 2 4 6 8
Campaign Contributions by Zipcode (Winsorized at 95%) Campaign Contributions per Capita (Winsorized at 95%)
3 -
0.25
0.20 1
2 -
= z 0.15 A
1%} [2)
c c
a a
0.10 1
14
0.05 A
[ N\‘MW 0.00 1
0 3 6 4 0 2 8
Natural Log of Campaign Contributions Natural Log of Campaign Contributions per Capita

B. One-Step Balancing Methods

In Table 2, we apply PSM and a variety of other balancing methods. We summarize here the
perhaps less familiar methods. For all approaches, we estimate ATT (average treatment effect on
the treated). For PSM, we use 1:1 matching with replacement. Nnmatch is a routine for matching
on covariates, with bias correction (Abadie and Imbens, 2011), and is implemented in Stata. We
use 1:1 matching with replacement and bias correction. Entropy balancing (eBalance)

(Hainmueller, 2012) provides weights that ensure exact balance on covariate means between



treated and control groups, and is implemented in Stata and R.9 Optimal matching Hansen (2004)
creates groups of treated and control units with similar covariate values, and is implemented in R.
Covariate balance propensity scores (CBPS) (Imai and Ratkovic, 2014) is similar to eBalance in
that it provides balance on covariate means, but also estimates propensity scores, which can be
used in a PSM approach. CEM (lacus, Kong, and Porro, 2011) imposes exact matching on a
limited set of covariates, with continuous covariates divided into bins to make exact matching
feasible.10

We use the same balancing variables as Urban-Niebler, plus population (they use only
population density).11 We use two PSM approaches. In the first, we estimate a single propensity
score equation across all states, using logit with state dummies:

DpD=1);s=a+8+2AX;s + €5

Here i indexes zipcodes, s indexes states, X is a vector of covariates (the Urban-Niebler covariates
plus population),12 3s are state dummies, and «is is the regression error. In this approach, we allow
across-state matches. In the second approach, we estimate propensity scores and conduct matching
separately within each state. For methods which use the propensity score (PSM, IPW, and CBPS
+ PSM), we trim treated units to fall within the support of the controls (the propensity score range
for control zipcodes). Trimming does not affect the number of treated zipcodes when we match

across all states, but with state-specific matching reduces the number of treated zipcodes from

9 eBalance can also be set to provide balance on higher moments. We set it to balance only on means.
10 CEM is intended to be used with regression on the matched data (done below, but not done in this section).

11 The Urban-Niebler choice to use population density as a covariate, but not population, struck us as unusual.
Population is a stronger predictor of contributions than population density, and thus a better choice if one wants to use
only one of the two variables, but we saw no strong reason not to use both.

12 For references, the covariates are Median Household Income, Percent Hispanic, Percent African American,
Percent of College Graduates, and population density
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5,230 to 4,797. For the other matching approaches (nnmatch and optmatch), we use in-state
matches. For weighting approaches (IPW and eBalance), weights are measured across all states. 13
Table 2, Panel A shows results with raw contributions as the dependent variable. For
comparison, Urban and Niebler report coefficient estimates for their main PSM variations of 5.3
to 7.2, with a similar, but somewhat broader coefficient range for the additional PSM variations in
their Appendix. The exception is CEM, which drops many observations, for which they report a
coefficient of 0.29 (insignificant). We put the CEM results aside, but note that in work in progress
we find that CEM can produce results that are far away from other balancing approaches. Our
coefficient estimates range from 4.3 to 10.25, most are significant.
Across approaches, we find reasonably consistent coefficients, ranging from 4.3 for eBalance to
10.4 for nnmatch. At the same time, the eBalance results are noticeably weaker than with the other
approaches. Standard errors (s.e.’s) vary substantially; a principal reason is that s.e.’s are
substantially larger if one either conducts within-state matching, or uses standard errors clustered
on state; we would therefore distrust the much smaller s.e.’s for PSM in col. (1). But all estimates
are statistically significant (5% level or better) or marginally significant (10% level).

In Panel B, we switch to In(contributions/capita) as the dependent variable. All coefficients
are positive, with a range from .063 to .249, implying a mean percentage increase in contributions
of 6.5-28.3%.14 However, the results weaken somewhat, and lose significance with the two exact-
balance approaches (eBalance and CBPS). Still, overall, using balancing methods alone, without

regression, we find reasonable support for the Urban-Niebler original hypothesis.

13 In unreported robustness checks, we (i) limited the maximum times a single control unit could be matched to
different treated units to 10 (keeping the 10 best matches), and limited the weights on control units for IPW and
eBalance to 10. Results were not meaningfully different from those we report.

14 Using the usual formula for converting coefficients from a log-linear specification to percentages: (eo.oss -1)=
0.065; (eo.249 -1)= 0.283.
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Table 2: Results for Contributions with One-Step Balancing Methods

Estimates of average treatment effect on the treated (ATT), for contributions in spillover zipcodes
using indicated balancing approaches. Panel A. Dependent variable is contributions in $°000’s).
Panel B: Dependent variable is In(contributions/capita). We add $100 to zero contributions to
avoid dropping zero-contribution zipcodes. Both panels: Contributions of less than $200
(minimum reporting threshold) in 17 zipcodes are set to $200. All balancing approaches use the
following covariates: median household income, percent Black, Hispanic and college graduate;
population, and population density. Propensity score matching (PSM) is 1:1 with replacement.
Nnmatch is 1:1 with exact match on state and bias adjustment. Inverse propensity weights (IPW)
and entropy balancing (eBalance) use ATT weights. Optmatch is Ben Hansen’s optimal matching,
with exact match on state. CBPS is covariate balance propensity score. CEM uses default
cutpoints. Standard errors are clustered on state when available. * indicates significance at 5%.

1) (2) ) (4) () (6) () @8 | (9
Balancing Method| PSM PSM [nnmatch| IPW [eBalance |[optmatch| CBPS | CBPS | CEM
+ PSM |+ PSM
In-State Matching No Yes Yes No No Yes No Yes | Yes
Trim to common| No drops yes n.a. No n.a. No No No no
support drops
Panel A. Dep. Variable: Contributions ($°000°’s)
Treatment 9.59~ 9.39~ 9.54~ | 10.25« [ 4.30 6.06~ | 7.96+ | 8.33« | 0.23
(1.96) (4.03) | (3.58) [ (3.91) | (2.57) | (1.59) | (3.08) | (4.48) [ (0.29)
Panel B. Dep. Variable: In(contributions/capita
Treatment 0.209« | 0.190+ | 0.249~ | 0.212~ | 0.063 | 0.084~ | 0.081 | 0.128 | 0.021
(0.071) | (0.075) | (0.058) | (0.049) [ (0.046) | (0.040) |(0.080)](0.083)((0.030)
No. of zipcodes 7,309 6,753 | 8,460 | 16,265 | 16,265 | 5,792 | 7,228 | 6,588 | 7,744
Treated zipcodes 5,230 4,797 | 5,230 | 5,230 | 5,230 2,896 | 5,180 | 4,612 | 2,892

C. Two-Stage Estimation: Balancing Plus Regression

In many situations, it can be appropriate to combine balancing with regression using the balanced
data. IPW is formally “doubly robust” — it should produce unbiased estimates if either the
propensity score estimation model or the regression model is correctly specified. So is eBalance
(Zhao and Percival 2017).15 The other approaches are not formally doubly robust, but matching
plus regression on the matched sample, is an often recommended practice (Ho et al. 2007; Stuart,

2010). As Kang and Schaffer (2007) stress, if important covariates are not observed, both steps

will often be misspecified. In that common situation, a doubly-robust or matching-plus-regression

15 CBPS is doubly robust if used for reweighting (Imai and Ratkovic 2014). Here, we use CPBS for matching
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approach may not help much. Still, if one avoids extreme weights on particular observations, there
is little reason to prefer a balancing-alone approach over balancing plus regression. We use eqgn.
(2) in estimating balancing-plus-regression results using (changing the dependent variable to
In(Cont/capita), and/or adding IPW or eBalance weights, as appropriate). We use the same
covariates in balancing and regression.
2) Contig=a+6s+ PD;s +AX;s + € ¢

We present results in Table 3. The principal changes relative to Table 2, are that we: (i) report
simple regression without balancing (col. (1)); and (ii) report results for PSM and CBPS + PSM
only with in-state matching, which we view as a stronger approach because this ensures balance
on unobserved state-specific factors. Similar to Table 2, results with Contributions as the
dependent variable are in Panel A, and with In(contributions/capita) as the dependent variable are
in Panel B. Coefficients on covariates are suppressed. The results with balancing-plus-regression
are much weaker than with balancing alone, as to both coefficients and statistical significance,
although all coefficients remain positive. Only with nnmatch is there evidence for a treatment
effect (marginally significant in Panel A; significant in Panel B). The large differences between
balancing alone, and balancing-plus-regression imply that balancing alone is misspecified, and is
not a reliable basis for inference. With the two-stage, balancing-plus-regression approach, we find

limited evidence for a treatment effect.
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Table 3: Results with Balancing plus Regression

Estimates of average treatment effect on the treated (ATT), for contributions in spillover zipcodes
using indicated balancing-plus regression approaches. Dependent variables, balancing methods,
and trimming are same as in Table 2, except (i) we run nnmatch without bias-adjustment; and (ii)
for PSM, and CBPS + PSM, we report results only with in-state matching. Regressions use state
FE and the same covariates used for balancing: median household income, percent Black,
Hispanic, and college graduate; population, and population density; coefficients are suppressed.

Standard errors are clustered on state* indicates significance at 5%.

1) (2) ©) (4) () (6) () (8)
Balancing Method None | PSM |nnmatch| IPW |eBalance| optmatch | CBPS +| CEM
PSM
In-state matching -- Yes Yes No No Yes Yes Yes
Panel A. Dep. variable: Contributions ($°000°s)
Treatment dummy 1.97 2.33 4.74 1.05 3.69 1.43 1.07 0.22
(3.89) | (1.74) | (2.27) | (3.00) | (4.01) (1.53) (1.21) | (0.24)
Panel B. Dep. Variable: In(contributions/capita)
Treatment dummy 0.028 | 0.085 | 0.125~ | 0.054 | 0.063 0.062 0.058 | 0.014
(0.044) [(0.079)| (0.052) |(0.031)| (0.033) | (0.038) | (0.023) | (0.049)
Number of zipcodes 16,265 | 6,753 | 8,460 |16,265| 16,265 | 5,792 6,588 | 7,744
Number of treated zipcodes 5,230 | 4,797 | 5,230 | 5,230 | 5,230 2,896 4,612 | 2,892

D. Zero-Inflated Model

We can address the large number of zero contribution values (5,904 zipcodes out of 16,265
reported zero contribution dollars), and the strong right skew in contributions, using a zero-inflated
negative binomial (ZINB) model. This model assumes that contributors make two separate but
related decisions: whether a contribution is made at all (a binary choice, usually estimated with
logit) and how much to contribute, estimated using a negative binomial count model. The idea is
that the factors predicting donation are likely to depend on exposure to ads and the specifics of the
local political environment, while the decision on how much to give is will often relate to
contributor-specific factors, such as income. The two-stage process seems to us to be a reasonable
way to model campaign contributions, and has been used before to model contributions (Aldrich
et al. 2018; Barber et al. 2018). However, there is no useful test for whether the ZINB model is

appropriate.
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A zero-inflated model can permit more intuitive modeling of the zeros than conventional
count models and can also account for overdispersion (e.g., Zeileis et al., 2011; Ward and Ahlquist,
2018). The model requires the dependent variable to take integer values (so that a count model is
feasible in the second-stage); this forces us to use contributions (in dollars rather than $°000s) as
the sole dependent variable. The usual count model choices are Poisson (if appropriate, which is
rare in practice) and negative binomial. We present negative binomial results in Table 4, after
confirming that the Poisson model is not suitable due to strong overdispersion.ie

a+8s+PDis+AX;s +né;X;s + € if Cont;s =0
a+ 65 + ﬁDi,S + AXl',S + nSSXl',S + Gl"s lf Contl’,s = 0

3) Contis = {
We model both equations simultaneously, using a logit model for the top equation and a negative
binomial model for the bottom equation.

In Table 4, column (1) shows results from the ZINB model without balancing; remaining
columns use the same balancing approaches as in Table 3. There is no evidence that spillover
contributions affect the likelihood of contributing; indeed most point estimates are negative,
although insignificant. However, across balancing approaches (still putting CEM aside), there is
reasonably consistent evidence that spillover ads lead to larger contributions. The overall
coefficient estimate using PSM implies that treatment induces an average of $14,200 in additional
campaign contributions;i7 whereas using optmatch, the ATT is $6,247. All of the other estimates
are between these two values.

The dispersion across estimates using different balancing methods is reasonably large,

though consistent in significance and direction — for example, the PSM and optmatch estimates

16 The likelihood-ratio test for alpha for each model has 2 = 4.4 x 10s or more, indicating severe over-dispersion. The
negative binomial model begins with the standard Poisson model, but accounts for over dispersion by adding a random
error term to the outcome distribution (Greene, 2003; Ward and Ahlquist, 2018).

17 We used the predicted total contributions from our model and subtracted the treated from the control.

15



are more than three standard deviations apart (using optmatch standard errors). For us, the
differences reinforce the value of not relying on a single balancing method until more is known
about which approach is likely to work better in which situations.

Table 4: Zero-Inflated Negative Binomial Results

Zero-inflated negative binomial models of contributions in dollars. Top set of results are from the
binary model of whether to contribute; bottom set are from the count model of how much to
contribute. All regressions include state fixed effects and standard errors clustered on state.
Balancing approaches and covariates are same as in Table 3. Standard errors are clustered on state.

* indicates significance at 5%.

Dependent Variable Contributions ($)

Regression 1) ) (©) (4) () (6) (@) (8)

Balancing Strategy None | PSM | nnmatch | IPW |eBalance |optmatch| CBPS+PSM| CEM

State-specific matching| -- Yes Yes No No1s Yes Yes Yes

Binary Model (Logit)

Treatment -0.024 | 0.029 | -0.041 | -0.089 | -0.89 -0.030 -0.096 -0.042
(0.089)| (0.165) | (0.057) | (0.147)| (0.155) | (0.074) (0.121) (0.087)

Count Model (Negative Binomial)

Treatment 0.128 | 0.276~ | 0.274~ | 0.148~ | 0.159~ | 0.112+ 0.192« -0.001
(0.077)| (0.084) | (0.056) | (0.056) | (0.053) | (0.055) (0.075) (0.087)

Number of zipcodes 16,265 | 6,753 8,460 | 16,265 | 16,265 | 5,792 6,588 7,744

Number of treated 5,230 | 4,797 5,230 5,230 | 5,230 2,896 4,612 2,892

zipcodes

F. Varying the Threshold Number of Spillover Ads

We have thus far used the Urban-Niebler choice of 1,000 spillover ads s the threshold

number for a zipcode to be considered to be treated. We next assess whether our findings are
sensitive to that choice. Figure 2 shows the effects of altering the threshold, from 0 to 5,000 in
increments of 100, for the PSM-plus-regression results we report in Table 4, col. 2, for the count
stage of the ZINB model.

In Figure 2, coefficient estimates are always positive and, for thresholds up to 1,300,

always significant. As one moves to higher thresholds, the estimates gradually decline and

18 For IPW and eBalance, we cannot match on state. However, we include state dummies in estimating weghts and in
the second-stage regression, so we are still addressing state level heterogeneity in both stages.
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standard errors increase. The loss in precision is expected, because as the threshold increases,
there will be fewer and fewer treated observations.1s Overall, the results in Table 4 are reasonably
robust to choosing a different threshold, including a zero or low threshold.

Figure 2. Results with PSM Plus ZINB Regression, Using Different Treatment Thresholds

Estimated treatment effects for amount contributed, conditional on contribution being made, from
ZINB model, similar to Table 4, but varying the minimum number of spillover ads needed for a
zipcode to be considered treated rather than control. Treatment threshold is varied in increments
of 100. Dotted vertical line shows 1,000 ads (threshold used in Tables 2-4). Shaded area shows
95% confidence interval.

0.24

Estimated Treatment Effect

0.01

-0.2 1

0 1000 2000 3000 4000 5000
Threshold No. of Spillover Ads

IV. Partisan Treatments, Partisan Outcomes, and Negative Partisanship
Urban and Niebler have data on ads and contributions by political party, but did not exploit this

data in their paper. We use this data to study the extent to which one party’s ads generate

19 See Appendix Table A4 and Figure A3 for details on the distribution of number of spillover ads by zipcode.
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contributions for that party, versus the other party. This exploration is related to the motivations
for political ads and campaign contributions generally, as well as the literature on polarization.

Political ads are intended to generate voting support, often among both committed and
uncommitted voters. A secondary goal can be to induce stronger support, including contributions,
among already committed voters. We would expect ads to generate contributions if either the
individual hopes to profit from the donation through special privileges from the winner
(Ansolabehere, de Figueiredo, and Snyder 2003) or the individual believes the candidate matches
their prior political views (or that the opposition represents a significant a threat to those positions).
For spillover ads, the first motive (personal gain from contributing) is unlikely. For the second,
partisan ads can reinforce partisan behavior (including contributions), by reminding sympathetic
viewers of the match between their views and those of the candidate or the party more generally
(Huddy, Mason and Aarge, 2015).

However, ads can also induce opposite-party contributions, by reminding unsympathetic

viewers of the mismatch between their views and those of the candidate or party. Campaign ads
can intensify partisan sentiment among those with strong priors (e.g., lyengar, Sood, and Lelkes
2010; Druckman, Peterson, and Slothuus 2013; Druckman, Levendusky and McLain 2018).
The Urban-Niebler data allows us to explore whether Democratic ads induce net (Democratic
minus Republican) contributions, and vice-versa, and in which zipcodes. In particular, if the effect
of ads in inducing opposite party contributions is strong enough, a Democratic ad in a Republican
zipcode could induce net Republican contributions, and vice-versa.

The Urban-Niebler data covers the 2008 election. We should also expect asymmetric
polarization, with Republicans having been more polarized than Democrats at that time (McCarty,

Poole, and Rosenthal 2006; Williamson, Skocpol, and Coggin, 2011; Mann and Ornstein 2016).
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Asymmetric and negative partisanship implies that Democratic ads may induce a Republican
response that is stronger than the Democratic response to Republican ads.

Figure 3 shows a scatterplot of the number of Democratic and Republican spillover ads,
together with a best-fit regression line. The strong correlation is apparent, although with large
variation in number of ads, and some variation in the relative number of Democratic vs. Republican
ads. Our ability to measure the separate effects of Democratic and Republican ads depends on the
zipcode-level departures from the regression line.

Figure 3: Comparison of Democratic and Republican Ads

10000 A

Total Dem Ads = 192.7 + 0.988*Total GOP Ads
Adjusted R*"2 =0.7433

7500 1

5000

Republican Ads

2500 +

0 2500 5000 7500 10000 1250¢
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In Figure 4, we estimate the separate effects of Democratic and Republican ads on
Democratic and Republican contributions, using a ZINB model, with the within-state PSM as the

balancing approach (similar to results from Table 4, column 2, but with different treatments and
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dependent variables). We present only the effect of spillover ads on amount contributed; effects
on likelihood of contributing are always insignificant (see regression results in Appendix). We
consider a zipcode to be treated with Democratic ads if it receives 500+ Democratic spillover ads
and Republican ads if it receives 500+ Republican spillover ads.

Figure 4: Coefficient Estimates for Contribution Amount, for ZINB Model of Democratic
and Republican Spillover Ads on Democratic and Republican Contributions.

Zero-inflated negative binomial models (ZINB) of contributions in dollars. Graph shows
coefficient estimates and 95% confidence intervals, with standard errors clustered on state, for
amount contributed (second stage of ZINB model) separately for Democratic and Republican
spillover ads, and separately for Democratic and Republican contributions. ZINB model is
otherwise same as in Table 4. Democratic treatment is 500+ Democratic spillover ads. Republican
treatment is 500+ Republican spillover ads.

Different Partisan Treatments and Partisan Outcomes

DemTreatment -

RepTreatment -

0.0 0.1 0.2 0.3 0.4
Coefficient Estimate

Dependent Variable e Dem Contributions e  GOP Contributions

Converting regression coefficients to marginal effects), we find that, on average, Republicans gain
$4,597 over Democrats from 500+ spillover ads (RepTreatment), while Democrats only $1,873

over Republicans. The confidence intervals overlap, but there is still some evidence that
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Republicans gain more from a marginal spillover ad than Democrats, since Democratic ads induce
more Republican contributions than Republican ads induce Democratic contributions. 2o

We next explore an implication from the similar Democratic and Republican responses to
Democratic ads, and the greater Republican than Democratic response to Republican ads.
Consider net own party contributions as an outcome of interest (Democratic minus Republican
contributions for Democratic ads; Republican minus Democratic contributions for Republican
ads). Putting aside the effects of covariates and state FE, in a close district, with 50% Republican
voters, Republican ads will substantially help Republicans, while Democratic ads will barely help
Democrats. In a Republican district with significantly more than 50% Republican voters,
Democratic ads will, on balance, generate net Republican contributions — hardly the outcome that
the Democrats would hope for. In contrast, in a Democratic district, Republican ads will still
generate net Republican contributions, unless the district is strongly Democratic.

Figure 5 illustrates this by plotting the marginal effects for an example state, Illinois, for
net Democratic contributions from Democratic treatment (500+ Democratic spillover ads), and net
Republican contributions from Republican treatment (500+ Republican spillover ads, holding all
other covariates at their Illinois medians, as a function of Republican vote share. As expected, the
Democratic line slopes down. The point estimate turns negative at 46% Republican vote share.
The Republican line slopes up, and turns positive at 44% Republican vote share. As expected,
Republicans gain more from spillover ads in heavily Republican areas, and Democrats gain more
in heavily Democratic areas. The difference in effects between the Democratic treatment on

Republican contributions (which, from figure 4 is positive and statistically significant) compared

20 Due to the high colinearity between Republican and Democratic ads (Figure 3), the difference between the 0.93
coefficient for Republican ads to generate larger Democratic contributions, and the 0.23 coefficient for Democratic
ads to generate Republican ads is not statistically significant.
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with the Republican treatment on Democrats (which is smaller but still positive, and no longer
statistically significant) is reflected in positive net Republican contributions for Republican
spillover ads in leaning-Demaocrat districts, but negative net Democratic contributions in leaning-
Republican districts.21

Figure 5: Predicted Net Marginal Effects from Zero-Inflated Negative Binomial Model.

Blue lines are the marginal effects in Illinois (chosen as an example state because it has the most
spillover zipcodes) for the gain to Democrats (Democratic minus Republican contributions) in
treated zipcodes, holding covariates at their Illinois medians, as a function of Republican vote
share. Red lines are similar but for Republicans: the marginal effects in Illinois for the gain to
Republicans (Republican minus Democratic contributions) in treated zipcodes.
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By many measures, partisanship has increased in both parties since 2008. Thus, Figures 4
and 5 would surely look different today. Also, campaign ads are intended to attract both votes and

contributions, but we study only contributions. Still, two major takeaways from these figures

21 The specific estimated Republican vote percentage at which each party will obtain positive net contributions
varies to some extent by state. The graph for Illinois is only illustrative.
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likely remain. The net gain in contributions from campaign ads, to the party buying the ads, are
smaller than one might think, because of negative partisanship. And the opportunity to achieve
net gains in marginal districts can be asymmetric between the two parties.

IVV. Discussion and Conclusion

Our analysis leads to five main takeaways, two substantive and three methodological.

A. Effects of Spillover Ads on Campaign Contributions

Our first substantive result involves the effect of spillover campaign ads on contributions. Urban
and Niebler studies the effect of spillover ads on campaign contributions at the zipcode level, but
with an incorrect approach for estimating propensity scores. We use their data, correct their
technical error, and then apply a variety of balancing methods, and use two-stage estimation
(balancing plus regression). We find positive but insignificant coefficients for their outcome
measure (dollar contributions). We find somewhat stronger, but still mostly insignificant
coefficients with In(contributions) as the outcome measure. Overall, their hypothesis has at most
mild support.

However, when we use a zero-inflated negative binomial model, which models separately
the decision whether to contribute and the amount contributed we find a positive relationship
between spillover ads and amount contributed. In contrast, we find no significant relationship
between spillover ads and the likelihood of contributing; indeed, across our array of balancing
methods, most point estimates are negative.

B. Positive versus Negative Partisanship and Asymmetric Polarization
Our second and third substantive results involve how partisanship mediates the response to
spillover ads. We find strong evidence for both positive and negative partisanship: Ads by one

party induce contributions to both parties. We also find evidence for asymmetric polarization. At
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least in 2008, Democratic ads induce nearly equal contributions to both parties. In contrast, we
find some evidence that Republican ads induce Republican contributions more strongly than
Democratic contributions.  This implies that Democratic ads will induce net Democratic
contributions only in districts which are majority (or close) Democratic already, while Republican
ads can induce net Republican contributions in both Republican and marginally Democratic
districts. If these results carry over to today, and if they apply to targeted as well as spillover ads,
they have important implications for the use of campaign ads. They imply a stronger tradeoff for
Democrats than for Republicans when targeting additional ads in marginal districts — which is
where most ads are targeted.

We do not study the effect of ads on voting, but similar partisan effects are plausible — ads
by one party could induce greater voting turnout by partisans from both parties. If so, this would
further complicate party decisions on how to advertise — and where. Further research in this area
is needed to estimate the effects of ads on both contributions and voting, and ideally how partisan
effects have evolved over time. Indeed, a substantial contribution would be to model this trade-off
for inducing campaign contributions with one for inducing votes and determine (even
theoretically) inflection points where the parties should locate their efforts.

C. Estimating Propensity Scores with Grouped Data

We explain why conditional logit (which Stata confusingly implements using both the clogit and
xtlogit commands) cannot be used to estimate propensity scores, and how Urban and Niebler went
wrong in using xtlogit. This will not surprise those familiar with conditional logit. But in our

experience, conditional logit is often misunderstood and misused.
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D. Value of Using Two Stage Methods, Rather than Balancing Alone

Many papers report regression results without balancing, some use propensity score matching or
another balancing approach alone; and some use balancing plus regression.22 Urban and Niebler
apply propensity score matching alone, without a second stage regression. We find large
differences between estimates with balancing alone, and estimates that combine balancing with
regression. These differences suggest the importance of using two stage balancing approaches.
With single-stage estimation, using the Urban-Niebler outcome measure (zipcode level
contributions), we found strongly significant positive coefficients across balancing approaches.
However, the coefficients shrank, and significance disappeared, with two-stage estimation. This
implies that balancing alone was misspecified in some way (we do not seek here to understand
how).

Using two stage methods also allowed us to pursue the ZINB approach — which better
accounts for the distribution characteristics of the dependent variable (many zero or small values)
than OLS alone, or than balancing alone. By using balancing plus a ZINB model, we find strong
evidence for a specific treatment effect on amount contributed (given that a contribution is made),
and evidence against any effect on likelihood of contributing.

E. Value of Using Multiple Balancing Approaches

We apply multiple balancing approaches, and find substantial differences across those approaches.
The implication is that researchers should have limited faith in results with a single balancing
method. It is not technically hard to apply a number of balancing approaches. Doing so can

enhance the credibility of the results that survive across methods. Using a variety of approaches

22 Of the 28 papers from the AJPS we reviewed for our underlying matching project, 22 use two-stage estimation
and 6 use balancing alone. None provide both single stage and two-stage results.
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also limits the extent to which researcher discretion can influence reported results. Between the
results presented here, and the various robustness checks in our appendix, we hope to have

demonstrated a reasonable approach to using a variety of balancing methods.
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