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Introduction

I, Jonathan Klick, declare as follows: | am a professor of law at the University of Pennsylvania in
Philadelphia, PA. | teach antitrust, scientific and expert evidence, torts, and statistics for lawyers, and
my research primarily focuses on applying empirical methods to study the effects of legal and policy
changes on individual behavior. | am being compensated for writing this report and performing the
analysis upon which it is based at a rate of $750 per hour, but my compensation is not contingent on
reaching any particular outcomes or conclusions.

Qualifications

| provide here an outline of my relevant qualifications. A recent copy of my curriculum vitae is attached
to this declaration.

| received a B.S. in economics from Villanova University (summa cum laude) in 1997, an M.A. in
economics from the University of Maryland at College Park in 1999, a Ph.D., in economics from George
Mason University in 2002, and a J.D., from George Mason University in 2003.

In 2004, | joined the faculty of the Florida State University College of Law and was named the Jeffrey A.
Stoops Professor of Law and Economics in the summer of 2005. | was named a tenured full professor of
law at the University of Pennsylvania in 2008 and was granted the Erasmus Chair of Empirical Legal
Studies at the Erasmus University of Rotterdam in 2009. | was named a Dean’s Distinguished Fellow at
the Villanova University Charles Widger School of Law in 2017. During this time, | have also served as a
visiting professor of law at Waseda University, Bar Ilan University, the University of Hamburg,
Northwestern University, the University of Southern California, and Columbia University, and in the Fall
of 2013, | was named the Maurice R. Greenberg Visiting Professor at the Yale Law School. Additionally, |
have served as a visiting professor of economics at the University of Hamburg, the University of
Ljubljana, and the University of Canterbury. In addition to my university teaching, | have taught
statistical analysis to hundreds of federal and state judges, as well as regulators, attorneys general, and
law professors through programs run by the Law and Economics Center and the Global Antitrust
Institute. | also served as a senior economist for the Rand Corporation from 2007-2009.

| have published original empirical research in many peer reviewed journals and law reviews, including
the Journal of the Royal Statistical Society, the Journal of Law and Economics, the Journal of Legal
Studies, the Journal of Law, Economics, and Organization, the American Law and Economics Review, the
Journal of Economic Perspectives, the Journal of Applied Psychology, the Stanford Law Review, the
Columbia Law Review, the University of Pennsylvania Law Review, among many others. | have also
served as the editor of the International Review of Law and Economics since 2012.

Opinion on Krosnick Second Expert Report
| have been asked to analyze the second expert report provided by Dr. Jon A. Krosnick responding to my

original declaration. As discussed below, Krosnick’s responses are misleading and do nothing to support
the reliability of his original analysis.



Case 4:18-cv-00262-MW-CAS Document 67-2 Filed 07/23/18 Page 2 of 7

The Literature on Ballot Order Effects Is Not as Robust as Krosnick Claims

Once again Krosnick waves away the powerful criticisms of his work on California elections raised by
Imai and Ho by asserting that they analyze error-laden data and failed to use optimal statistical
procedures (Krosnick second report p. 2). However, as Imai and Ho (2006, 2008)* show, Krosnick’s work
does not account for the non-randomness introduced by the rotating of names after the initial
randomization. Failure to account for this non-randomness, as shown in the Imai and Ho work,
generates falsely precise estimates that bias any hypothesis tests in favor of rejecting the null hypothesis
of no ballot order effect. Itis telling that in Krosnick’s subsequent work (Pasek, et al 2014)?, despite
having Imai and Ho's critique and methods to guide them, they do not remedy this methodological flaw.
Instead, Krosnick and coauthors merely assert that Imai and Ho’s approach is low power without
providing any evidence of this. Itis not a solution to purported power problems to use invalidly small
standard error estimates.

Further, Krosnick’s discussion of my multiple comparison critique (Krosnick second report p. 5) indicates
that he does not understand the issue of correcting for multiple testing problems. The textbook solution
to the multiple testing problem is known as the “Bonferroni Correction” wherein if the chosen type 1
error is a and m hypothesis tests are being performed, the p value used for each hypothesis test should
be a/m.? Thus, in Miller and Krosnick (1998)*%, when ballot order effects are examined in 108 elections, if
a five percent type 1 error is preferred, in the analysis of each election, the p value that should be
applied is 0.05/108 = 0.0005. Krosnick’s (second expert report p. 5) suggestion that it is sufficient to
simply take their stated 48% of the elections as having statistically significant results and subtract out 5%
for a lower bound estimate of 43% is baseless. As an illustration, imagine if all the purportedly
significant results were just below the 5% nominal p value threshold. Once the Bonferroni correction
were applied, none would remain statistically significant and, thus, Krosnick’s 43% lower bound claim
would be wildly exaggerated. While there are other reliable approaches to handle the multiple
comparisons problem (e.g., false discovery rate analysis as mentioned in my first declaration), Krosnick
applied none of the conventional approaches.

Krosnick’s statement that his downplaying of the significance of ballot order effects in Miller and
Krosnick (1998) only applied to a specific part of the paper (Krosnick second expert report p. 9) seems
odd considering they chose to end the article’s abstract with the statement (“the magnitude of name-
order effects observed here suggests that they have probably done little to undermine the democratic
process in contemporary America”) providing no qualifications or caveats. If this statement was just a
small or tangential point of the analysis, it would be a peculiar choice for inclusion in the article’s
abstract which is the primary synopsis of an article’s purpose and findings.

! Daniel E. Ho and Kosuke Imai, “Randomization Inference with Natural Experiments: An Analysis of Ballot Effects in
the 2003 California Recall Election,” 101 J. AM. STAT. ASS’N 888 (2006) and Daniel E. Ho and Kosuke Imai,
“Estimating Causal Effects of Ballot Order from a Randomized Natural Experiment: The California Alphabet Lottery,
1978-2003,” 72 PUB. OPIN. Q. 216 (2008).

2 pasek, J., Schneider, D., Krosnick, J.A., Tahk, A., Ophir, E., & Milligan C., “Prevalence and moderators of the
candidate name-order effect: Evidence from Statewide General Elections in California,” Public Opinion Quarterly,
78, 416-439 (2014).

3 For a simple discussion, see https://en.wikipedia.org/wiki/Bonferroni_correction . For the original formal
discussion in the statistics literature, see Dunn, Olive Jean (1958). "Estimation of the Means for Dependent
Variables". Annals of Mathematical Statistics. 29 (4): 1095-1111.

4 Joanne M. Miller and Jon A. Krosnick, “The Impact of Candidate Name Order on Election Outcomes,” Public
Opinion Quarterly, 62(3): 291-330, 291-292 (1998).
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The Ballot Order Effect in Close Elections

Krosnick then goes on to suggest that his thinking on the issue has been affected by the growing
tendency of elections to be determined by small margins and the concern that ballot order effects might
be unjustly determinative. He then goes on to provide a list of Florida elections where the margin of
victor was smaller than his estimated Florida ballot order effect (Krosnick second expert report pp. 13-
15). Itis interesting that Krosnick did not directly estimate the effect of ballot order in these contests.
While he does not provide enough information to easily determine® which elections he is denoting as
having been close for offices such as those for state representative (where there were many such
elections in a given year), it is easy enough to re-run the original regressions allowing for a separate
“close election” ballot order effect for the statewide elections he included on the list.® From Table 1
below, we can see that, oddly enough given Krosnick’s concern, the differential effect in these close
elections was that the first listed candidate actually received fewer votes, all other things equal, for
Republicans and for Democrats, the total effect of being listed first was a mostly a wash.

Table 1:
Differential Effect in Close Elections
Republican Democrat
Candidate listed first 2.81 2.01
on ballot P=0.00 P=0.00
Candidate listed first -7.77 -1.50
on ballot & election P=0.00 P=0.12
was a close state-wide
election
Percent of the 0.61 0.57
statewide vote in Ohio P=0.00 P=0.00
received by
Democratic candidates
for the House of
Representatives in the
most recent election
Republican/Democratic 0.33 0.33
gubernatorial P=0.00 P=0.00
candidate in the last
Florida gubernatorial
election
Registered Republican 0.38 -0.42
voters as a percent of P=0.00 P=0.00
registered voters in the
county
Registered Democratic -0.47 0.43
voters as a percent of P=0.00 P=0.00

5 Given the time constraints in filing the response to Krosnick’s report, only limited analyses are possible.
5 Commissioner of Agriculture (1994); Governor (1994, 2010, 2014); President (2000; 2016); US Senator (1988,
2004).
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registered voters in the

county

Race Dummies Yes Yes
Number of Candidate Yes Yes
Dummies

County Dummies Yes Yes

If anything, this suggests that in the close elections, where any ballot order effect might materially affect
outcomes, results either flip such that the net effect of ballot order is negligible, or the results flip so
much that it brings into question the reliability and robustness of the underlying empirical analysis. If
the effects in individual (important) subsets of elections are so different from the average effects, one
must question whether Krosnick’s aggregate analysis, where he combines large numbers of disparate
elections, is sensible at all.

Florida Really Is Different from Ohio

Krosnick then goes on to re-assert that Florida is, in fact, similar to Ohio to justify his extrapolation of his
Ohio results to the Florida case and to implicitly justify his use of the arbitrary Ohio election control
variable in his Florida regressions. Krosnick purports to rule out the possibility that the huge differences
between the two states in terms of Hispanic population could create any differences between the states
in terms of ballot ordering effects by estimating separate effects by Florida counties according to the
share of their population that is composed of Hispanic individuals. Finding that even counties with
relatively small Hispanic populations (for Florida) still generate ballot order effects in Florida, he asserts
that any difference in this demographic trait could not lead to any differences in ballot effects between
the states. However, this conclusion does not follow. Ohio and Florida do not have what is referred to
as common support. That is, in the median Ohio county in the period covered in Krosnick’s Florida
analysis (1978-2017), the Hispanic share of the population is 0.9 percent. In all of Florida in this period,
there are only 101 county years with a Hispanic population share this low and none after 1992. The
Florida county-year at the cut-off put for the lowest third quantile used by Krosnick to denote the lowest
share of Hispanic population for Florida (2.9%) would sit above the 83 percentile mark for Ohio county-
years. That is, virtually none of Krosnick’s Florida data is anywhere close to being comparable to the
Ohio data such that a correlation between ballot order effects and Hispanic populations in the relevant
ranges could even be estimated. Further, even if there were common support between the Ohio and
Florida data, such that these comparisons could even be attempted, one could not analyze the
differential ballot order effects by each different characteristic separately. One would need to analyze
the differential effects jointly (so interactions among the ballot effects for Hispanic populations and
metro populations, etc.) since any bias arising from a failure to account for the Florida vs. Ohio
differences would depend on the joint distributions of these variables.

Are Ohio Politics Really a Decent Proxy for Florida Politics?

Krosnick also uses his asserted similarity between Florida and Ohio (despite the huge gulf between the
two states in terms of Hispanic populations, among other characteristics and despite providing no
objective grounds for determining what constitutes a big or small difference) to justify his inclusion of
the Ohio representative elections variable which | showed in my previous declaration completely drives
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his results for Democratic ballot order effects and substantially affects his results for Republicans.’
Krosnick claims that because this variable generates a statistically significant effect, this proves it
belongs in the model.

There are presumably an infinite number of variables that can generate statistically significant effects in
aregression model. For example, if one creates a variable for years in which the Florida Gators won an
NCAA Football National Championship (1996, 2006, 2008 seasons) and includes it in Krosnick’s
regressions, there is a statistically significant positive effect on Republican candidate vote shares and a
statistically significant negative effect on Democrat vote shares. Statistical significance alone does not
justify inclusion in a regression, especially when the inclusion of that variable crucially affects the
estimates for other variables. While Krosnick offers the intuition that Ohio vote shares might proxy for
Florida voter preferences, there is no evidence for this. If one compares, for example, the party holding
the governorships of each state over the 1978-2017 period, there is no discernible relationship; the
same is true of the states’ US senators. More generally, it seems implausible that of all the possible
proxies for voter sentiment, Krosnick’s choice of the Ohio electoral proxy is the optimal one, and, yet, he
offers no alternatives against which to compare it, instead just offering his intuition and assertions that,
of course, Ohio and Florida are spitting images of each other.

Model Fragility

As regards Krosnick’s discussion of controlling for both Republican and Democrat registrations, he notes
the “wisdom of controlling for all plausible confounds (Krosnick second expert report, p. 31).” Itis
interesting then that apparently all plausible confounds is exhausted by four variables, county, race, and
candidate number fixed effects. Surely there are many more plausible confounds than just these. My
point in my original critique is that Krosnick’s original model is highly sensitive to the inclusion of just the
variables he happened to put into his regression specification. Small changes (such as leaving out the
Ohio electoral control or using only one of the voter registration controls) have massive effects on his
estimated ballot order effect. This is not the sign of a robust and reliably estimated causal effect.
Krosnick’s own models suggest an R squared of around 50 percent. This indicates that, at best, his
models cannot explain half of the variation in candidate vote share. However, it is either an enormous
leap of faith or a plunge of hubris to think that Krosnick’s intuition alone has hit upon just the right
variables to include in the model and any deviation from that model is ill advised. In non-experimental
settings, robustness or stability of results to small variations in model specifications is one of the few
checks available on the reliability of a model. Krosnick’s model does not pass this test.

Dependence Cannot Be Ignored

Krosnick goes on to write off my concern that one of the sources of dependence and misspecification in
his model is a failure to account for the uncertainty that arises due to the unobservable inertia that can
arise from either continued popularity of an elected governor or from continued increases in the
ideology that got a governor elected in the first place. Because such things are impossible to control for,
it is important to account for the statistical dependence among the elections that take place at a given
point in time (and, therefore, may all be affected by both these effects and the ballot order rule, making
it impossible to distinguish between these effects). To refute my hypothesis, Krosnick shows that a

7 Krosnick tries to obfuscate how large of an effect the inclusion of this variable has on his results by switching from
the more relevant proportional terms (the effect drops by more than a quarter) to absolute terms (0.65
percentage points).
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single governor (Rick Scott) had increased in popularity by “a mere 7 percentage points” by the time of
the next general election (Krosnick second expert report, p. 34). First, it is interesting that in this context
7 percentage points is considered trivial, whereas Krosnick is quite concerned about his substantially
smaller estimated ballot order effect (which is about the same size as the inconsequential difference in
demographic characteristics between Ohio and Florida). It is also interesting that Krosnick chose to
examine Governor Scott who snuck in to victory in both of his electoral successes by little more than a
percentage point. Thus, Krosnick examined the governor who perhaps was least likely to exhibit
growing support among the electorate, and he still found substantial growth.

There is perhaps another way, however, to get at this notion that unobservable support generates an
uncontrolled correlation between a governor who is growing in support and the electoral rule which
puts candidates of his party first on the election, making it impossible to disentangle the ballot order
effect from an unmeasured support effect. Because Scott barely won his elections, small random
changes could have just as easily flipped the election to the Democrat in 2010 or 2014. Thus, Scott
represents an election perhaps where there is not much underlying party support to grow on but that
still creates the supposed benefit of the ballot position. If the ballot effect is real, controlling separately
for a differential ballot effect accruing from Scott’s 2010 and 2014 victories should not generate much of
a difference. However, if the ballot effect is mostly unobservable party support (of which Scott arguably
would not have benefitted), the Scott effect would be expected to “undo” the ballot order effect. Table
2 below shows exactly this.

Table 2:
Governors Winning Close Races Do Not Generate Ballot Order Effects
Republican Democrat

Candidate listed first 3.88 3.11
on ballot P=0.00 P=0.00
First Effect * Period -3.24
After 2010 Election P=0.00
First Effect * Period -5.73
After 2014 Election P=0.00
First Effect * Period -1.13
After 1994 Election P =0.06
Percent of the 0.67 0.58
statewide vote in Ohio P=0.00 P=0.00
received by
Democratic candidates
for the House of
Representatives in the
most recent election
Republican/Democratic 0.22 0.27
gubernatorial P=0.00 P=0.00
candidate in the last
Florida gubernatorial
election
Registered Republican 0.29 -0.44
voters as a percent of P=0.00 P=0.00
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registered voters in the

county

Registered Democratic -0.59 0.40
voters as a percent of P=0.00 P=0.00
registered voters in the

county

Race Dummies Yes Yes
Number of Candidate Yes Yes
Dummies

County Dummies Yes Yes

The second column of Table 2 shows a similar effect for the Democratic governor in 1994, Lawton Chiles,
who also won a relatively close election, though his margin was larger than Scott’s two victories. These
results are consistent with the idea that perhaps the measured ballot order effect in Florida is really a
confounded effect of continued support for the party of the governor who won the previous election.

Lastly, Krosnick asserts that clustering generates the undesired effect of a lack of statistical power. This
is a misleading statement. Yes, in the present case, clustering generates a loss of statistical significance
for Krosnick’s results, but this is completely appropriate because the only reason Krosnick finds
statistical significance in the first place is because he essentially overcounts his observations. He treats
his analysis as if he has over 9,000 independent observations when, in fact, he has nothing close to this.
Krosnick does not have 9,554 quasi or natural experiments to examine; he only has (at best) 32
independent election years (all of which use the same ordering determination) and might have as few as
11 if one were to count each new governor election as the re-set to the election ordering rule. This
dependence needs to be accounted for. Clustering in observational studies is standard practice in the
social sciences and Krosnick’s failure to do this renders his analysis unreliable.® His results are not
statistically significant once the statistical dependence among the observations is accounted for. In
essence, Krosnick’s argument would be like saying it is acceptable to duplicate observations in a sample
because doing so would increase statistical power even though no new independent information would
be added to the analysis and the researcher would be led to believe his estimates were more precise
than is justified by the data.

Conclusion
Krosnick’s second expert report does not address the criticisms levied in my first declaration.

| provide this declaration under penalty of perjury on July 23, 2018.

Jonathan Klick

& This has been known at least since Moulton, Brent (1990), An Illustration of a Pitfall in Estimating the Effects
of Aggregate Variables on Micro Units, The Review of Economics and Statistics, (Vol. 72(2)), pp. 334-338.
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