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1 Expert Qualifications

1.1 Career

I serve as Senior Elections Analyst for Real Clear Politics. I joined Real Clear

Politics in January of 2009 and assumed a fulltime position in March of 2010. Real Clear

Politics is a company of approximately 50 employees, with its main offices in Washington

D.C. It produces one of the most heavily trafficked political websites in the world, which

serves as a one-stop shop for political analysis from all sides of the political spectrum and

is recognized as a pioneer in the field of poll aggregation. Real Clear Politics produces

original content, including both data analysis and traditional reporting.

My main responsibilities with Real Clear Politics consist of tracking, analyzing,

and writing about elections. I collaborate in rating the competitiveness of Presidential,

Senate, House, and gubernatorial races. As a part of carrying out these responsibilities,

I have studied and written extensively about demographic trends in the country, exit

poll data at the state and federal level, public opinion polling, and voter turnout and

voting behavior. In particular, understanding the way that districts are drawn and how

geography and demographics interact is crucial to predicting United States House of

Representatives races, so much of my time is dedicated to that task.

I am currently a Visiting Scholar at the American Enterprise Institute, where my

publications focus on the demographic and coalitional aspects of American Politics.

I am also a Lecturer at The Ohio State University. My courseload is detailed

below.

1.2 Publications and Speaking Engagements

I am the author of the 2012 book The Lost Majority: Why the Future of Govern-

ment is up For Grabs and Who Will Take It. In this book, I explore realignment theory.

It argues that realignments are a poor concept that should be abandoned. As part of this

analysis, I conducted a thorough analysis of demographic and political trends beginning
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in the 1920s and continuing through modern times, noting the fluidity and fragility of

the coalitions built by the major political parties and their candidates.

I also co-authored the 2014 Almanac of American Politics. The Almanac is con-

sidered the foundational text for understanding congressional districts and the represen-

tatives of those districts, as well as the dynamics in play behind the elections. My focus

was researching the history of and writing descriptions for many of the 2012 districts,

including tracing the history of how and why they were drawn the way that they were

drawn. Because the 2014 Almanac covers the 2012 elections, analyzing how redistricting

was done was crucial to my work. I have also authored a chapter in Dr. Larry Sabato’s

post-election compendium after every election dating back to 2012.

I have spoken on these subjects before audiences from across the political spectrum,

including at the Heritage Foundation, the American Enterprise Institute, the CATO

Institute, the Bipartisan Policy Center, and the Brookings Institution. In 2012, I was

invited to Brussels to speak about American elections to the European External Action

Service, which is the European Union’s diplomatic corps. I was selected by the United

States Embassy in Sweden to discuss the 2016 elections to a series of audiences there and

was selected by the United States Embassy in Spain to fulfill a similar mission in 2018.

I was invited to present by the United States Embassy in Italy, but was unable to do so

because of my teaching schedule.

1.3 Education

I received my Ph.D. in political science at The Ohio State University in 2023. I

passed comprehensive examinations in both Methodology and American Politics. The

first chapter of my dissertation involves voting patterns on the Supreme Court from 1900

to 1945; the second chapter involves the application of integrated nested LaPlace approx-

imations to enable the incorporation of spatial statistical analysis in the study of United

States elections. The third chapter of the dissertation involves the use of communities

of interest in redistricting simulations. In pursuit of this degree, I also earned a Mas-
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ter’s Degree in Applied Statistics. My coursework for my Ph.D. and M.A.S. included,

among other things, classes on G.I.S. systems, spatial statistics, issues in contemporary

redistricting, machine learning, non-parametric hypothesis tests and probability theory.

I also earned a B.A. from Yale University in history and political science in 1995, a Juris

Doctor from Duke University in 2001, and a Master’s Degree in political science from

Duke University in 2001.

In the winter of 2018, I taught American Politics and the Mass Media at Ohio

Wesleyan University. I taught Introduction to American Politics at The Ohio State

University for three semesters from Fall of 2018 to Fall of 2019, and again in Fall of

2021. In the Springs of 2020, 2021, 2022 and 2023, I taught Political Participation and

Voting Behavior at The Ohio State University. This course spent several weeks covering

all facets of redistricting: how maps are drawn, debates over what constitutes a fair map,

measures of redistricting quality, and similar topics. It also covers the Voting Rights Act

and racial gerrymandering claims. I also taught survey methodology in Fall of 2022 and

Spring of 2024.

1.4 Prior Engagements as an Expert

A full copy of all cases in which I have testified or been deposed is included on my

C.V., attached as Exhibit 1. In 2021, I served as one of two special masters appointed by

the Supreme Court of Virginia to redraw the districts that will elect the Commonwealth’s

representatives to the House of Delegates, state Senate, and U.S. Congress in the following

decade. The Supreme Court of Virginia accepted those maps, which were praised by

observers from across the political spectrum. 1

In 2019, I was appointed as the court’s expert by the Supreme Court of Belize.

In that case I was asked to identify international standards of democracy as they relate

1See, e.g., New Voting Maps, and a New Day, for Virginia, The Washington Post (Jan. 2, 2022),
available at https://www.washingtonpost.com/opinions/2022/01/02/virginia-redistricting

-voting-maps-gerrymander; Henry Olsen, Maryland Shows How to do Redistricting Wrong. Virginia
Shows How to Do it Right, The Washington Post (Dec. 9, 2021), available at https://www.washingt
onpost.com/opinions/2021/12/09/maryland-virginia-redistricting; Richard Pildes, Has VA
Created a New Model for a Reasonably Non-Partisan Redistricting Process, Election Law Blog (Dec. 9,
2021), available at https://electionlawblog.org/?p=126216.

https://www.washingtonpost.com/opinions/2022/01/02/virginia-redistricting-voting-maps-gerrymander
https://www.washingtonpost.com/opinions/2022/01/02/virginia-redistricting-voting-maps-gerrymander
https://www.washingtonpost.com/opinions/2021/12/09/maryland-virginia-redistricting
https://www.washingtonpost.com/opinions/2021/12/09/maryland-virginia-redistricting
https://electionlawblog.org/?p=126216
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to malapportionment claims, to determine whether Belize’s electoral divisions (similar

to our congressional districts) conformed with those standards, and to draw alternative

maps that would remedy any existing malapportionment.

I served as a Voting Rights Act expert to counsel for the Arizona Independent

Redistricting Commission in 2021 and 2022.

2 Scope of Engagement and Conclusions

I was retained by Snell & Wilmer, counsel for Pinal County, to evaluate the claims

raised by Pinal County Supervisor Kevin Cavanaugh in his “Report of Obvious Errors

in the 2024 Primary Election” (the “Report”) as well as the accompanying “Analysis

of Anomalies in Primary Returns” (the “Analysis” and excel spreadsheets showing his

underlying calculations. Having thoroughly reviewed these documents, using standards

and approaches typical of the social sciences, I conclude that Supervisor Cavanaugh’s

calculations are unsupported by the data. I am being compensated at a rate of $500/hr,

which is my standard consulting rate. My remuneration is in no way dependent upon the

conclusions that I reach.

3 My Independent Analysis of the Data Finds No

Sign of Fraud in the Election Returns

As a preliminary matter, I conducted my own analysis into the July 2024 Repub-

lican Party Primary elections. My analysis did not reveal any signs of fraud.

People are very bad at inventing random numbers, or at creating numbers that

follow particular distributions. Thus, fraudulent elections frequently show oddities in

the distribution of reported digits. Political science research into the prevalence of fraud

has focused on the distribution of leading, second, and final digits of numbers.2 See,

e.g., Cantu, Francisco & Sebastian M. Saiegh, “Fraudulent Democracy? An Analysis of

2“Leading Digit” means the first digit in a number. I.e., 6 is the leading digit for the number 6,897.
The final digit is the “ones” column. That is a 7 in the number 6,897.
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Argentina’s Infamous Decade Using Supervised Machine Learning.” 19 Political Analy-

sis 409 (2011); Pericchi, Luis Raul & David Torres, “Quick Anomaly Detection by the

Newcomb Benford Law, with Applications to Electoral Processes Data from the USA,

Puerto Rico and Venezuela”, 26 Statistical Science 502 (2011); Beber, Bernd & Alexandra

Scacco. “What the Numbers Say: A Digit-Based Test for Election Fraud”, 20 Political

Analysis 211 (2012).

The idea is that leading digits should follow some sort of logarithmic distribution,

where the most common value is 1, followed by 2, followed by 3, and so forth. This makes

sense: When counting ballots in a precinct, it is to get to 900 ballots than to 200 ballots,

and more difficult to get to 8000 ballots than 1000.3. Here, I analyze the various ballot

drops where any ballots were counted. The final digits, on the other hand, should follow

a roughly uniform distribution, much like the dice rolls described below, with a slight

dropoff toward higher numbers. We can’t perform an exact statistical test here, because

unfortunately we don’t know the exact distribution of ballot drops in Pinal County. We

do, however, know what the distributions should look like.

When we look at the ballot drops in Pinal County, we see the appropriate distri-

butions. More importantly, we see similar distributions for both the Republican primary

and the Democratic primary. For the final digits, the distribution does, indeed, appear

to be uniform.4

3For an intuitive approach: Every precinct with at least 8,000 votes had to pass 2,000 votes, but
precincts with 2,000 votes do not have to pass 8,000 votes

4A chi-square test comparing observed versus expected 0-9 in the trailing digit in the Republican
primary against a presumed uniform distribution has a p-value of 0.618, suggesting no statistically
meaningful difference from a uniform distribution. A chi-square test comparing observed versus expected
0-9 in the trailing digit in the Democratic primary has a p-value of 0.21, suggesting no statistically
meaningful difference from a uniform distribution.



My Independent Analysis of the Data Finds No Sign of Fraud in the Election Returns — 6

Figure 1: Distribution of leading digits, Pinal County 2024 Republican primary
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Figure 2: Distribution of leading digits, Pinal County 2024 Democratic primary
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Figure 3: Distribution of final digits, Pinal County 2024 Republican primary
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Figure 4: Distribution of final digits, Pinal County 2024 Democratic primary

4 Supervisor Cavanaugh’s Analysis Is Not Statisti-

cally Sound and Lacks Important Data

In addition to the fact that there is nothing facially suspect about the elections

results in Pinal County, there are several problems with Supervisor Cavanaugh’s method-

ology in his Report and Analysis which render those documents unpersuasive.

4.1 Understanding Supervisor Cavanaugh’s approach

While Supervisor Cavanaugh does include a section in the Analysis entitled “Method-

ology for PERCENTAGE OF DIFFERENCE AND CANDIDATE TOTAL PER RACE,”

it is uncertain what test he actually employs to determine whether or not an election is
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anomalous or not. My understanding is as follows:

• Supervisor Cavanaugh’s dataset consists of election results from the 2016, 2020 and

2024 Republican primary elections;

• Supervisor Cavanaugh compares the candidates’ vote shares among the early vote

totals with their vote shares from Election Day vote totals and takes the difference;

• Supervisor Cavanaugh takes the absolute value of these differences. That is to say,

a candidate whose early vote share runs 3 points ahead of his Election Day vote

share is treated the same as a candidate whose early vote share runs 3 points behind

his Election Day vote share;

• Supervisor Cavanaugh then creates a histogram of differences. To my understand-

ing, Supervisor Cavanaugh conducts a visual inspection of the resulting histogram

and concludes that the results from 2020 and 2016 followed a Normal (aka a “Gaus-

sian” distribution),5 while those from 2024 did not. This forms the basis for claiming

an anomalous outcome.

• Other evidence is largely anecdotal, which provides useful explication of Supervisor

Cavanaugh’s overall approach, but does not allow us to draw conclusions.

4.2 Errors in Supervisor Cavanaugh’s Methodology

Based on my review, there are several methodological errors in the Report and

Analysis. The following is simply a collection of exemplars; I have not included every

error throughout Supervisor Cavanaugh’s materials. But, these issues are persuasive

enough to render the Report and Analysis unsound from a professional perspective.

5A Normal distribution does, indeed, have a bell shape. But not all bell curves are Gaussian or
Normal. A Normal distribution follows a specific type of bell curve, where roughly 68% of the data are
within 1 standard deviation of the mean, roughly 95% of the data are within two standard deviations of
the mean, and roughly 99% of the data fall within three standard deviations of the mean.



Supervisor Cavanaugh’s Analysis Is Not Statistically Sound and Lacks Important Data — 11

4.2.1 Supervisor Cavanaugh’s Analysis Contains Several Basic Calculation

Errors and Lacks Entire Datasets

At the outset, Supervisor Cavanaugh’s calculations contain multiple calculation

errors, which, in my view, render his analysis suspect and unreliable. Supervisor Ca-

vanaugh’s section entitled “Analysis of Anomalies in Primary Returns” opens with an

example of the Supervisor District election for 2016 and 2020. It appears as follows.

Please note that the highlighting is Supervisor Cavanaugh’s, not my own. Instead, I

focus on the “Total Votes” column here.

Figure 5: First example from Supervisor Cavanaugh’s “Analysis of Anomalies in Primary
Returns”

(a) Image taken from Supervisor Cavanaugh’s report

The problem with this is that in the “Total Votes” column, for “write-in” votes,

3,769 votes are listed. It would be highly unusual for 3,769 write-in votes to be cast in

an election where no other candidate received more than 1,270 votes, and indeed, this

is an error. 3,769 is the sum of 608, 763, 1050, 1270, and 78, which are the five cells



Supervisor Cavanaugh’s Analysis Is Not Statistically Sound and Lacks Important Data — 12

immediately above. It appears that Supervisor Cavanaugh accidentally cut-and-pasted

the “sum” formula from the “Total” row into this cell. This, then, has the effect of

doubling the number of votes cast in the race.

Or consider the next example, from the 2020 supervisor race from Pinal County.

Once again, the highlighting is from Supervisor Cavanaugh’s report. Instead, the reader

should focus on the “Early” column, expressed as percentages at the bottom:

Figure 6: Second example from Supervisor Cavanaugh’s “Analysis of Anomalies in Pri-
mary Returns”

(a) Image taken from Supervisor Cavanaugh’s report

The problem here is that the percentages of early vote do not add up to 100%, as

45.65% + 34.79% = 80.44%. But percentages have to add up to 100%, and someone has

to win a majority of the early vote. While it is not entirely clear what happened, the

correct percentages are 56.67% of the early vote for Mr. Goodman and 43.19% of the

early vote for Mr. Gray. This, in turn, changes the differences reported to 5.35% and

5.54%, respectively. That is a substantially different result than Supervisor Cavanaugh

highlights.

Finally, Supervisor Cavanaugh did not include all vote totals in his analysis. I



Supervisor Cavanaugh’s Analysis Is Not Statistically Sound and Lacks Important Data — 13

observed this because, having observed the above errors, I obtained the results from all

nine ballot deliveries from the county through counsel. My understanding is that ballot

deliveries 1, 5, 6, 7, and 8 consist of early voting results, while numbers 2, 3, and 4 consist

of Election Day. Ballot delivery 9 consists of provisional and late early results. I then

totaled them up using the computer programming language “R.” In my experience, an

automated approach through a software package such as R minimizes the opportunity

for user error that is present in Excel.

The third example that Supervisor Cavanaugh cites is an example of how excluding

the final ballot deliveries can alter his results in meaningful ways. He points to the 2024

County Assessor election as the first example of an “anomalous” election result:

Figure 7: Third example from Supervisor Cavanaugh’s “Analysis of Anomalies in Primary
Returns”

(a) Image taken from Supervisor Cavanaugh’s report

Mr. Wolf did, indeed, receive 7,551 Election Day votes. But his early vote total

was 19,145 only after the first early ballot drop. After the final votes were tabulated, his

total had swelled to 24,623. Mr. Cox appears to have fared better in these later drops,

as well. A corrected table follows:
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Figure 8: Corrected vote totals for Storm Cox and Douglas Wolf

Mr. Wolf’s share of the early vote drops to 70.8%, while Mr. Cox’s increases to

29%. Thus, the true differential should be 1.08% for Mr. Wolf and 1.14% for Mr. Cox.

While this may still qualify as a “small” difference for Supervisor Cavanaugh’s purposes,

the actual differential for Mr. Cox is 11.4 times as large as Supervisor Cavanaugh reports,

while the actual differential for Mr. Wolf is 3.5 times as large as Supervisor Cavanaugh

reports.

These errors are meaningful and would alter Supervisor Cavanaugh’s summary

histograms had they been corrected. For example, consider the histogram that Supervisor

Cavanaugh provides in his conclusion and upon which his ultimate conclusions are based:

Figure 9: Supervisor Cavanaugh’s histogram of 2024 vote differential

(a) Image taken from Supervisor Cavanaugh’s report
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Because of the difference described above for Messers. Cox and Wolf, there should

instead be 10 candidates with differences of less than 1%, and 6 candidates with differences

of between 1% and 2%. That is assuming everything else is calculated correctly.

As I said, these are not the only errors that I identified. I report corrected totals

further below, but the errors are common enough to undermine confidence in the overall

conclusions.

4.2.2 Supervisor Cavanaugh Seemingly Misunderstands the Importance and

Meaning of the Normal Distribution.

As explained below, Pinal County’s July 2024 Republican Primary results actually

do follow a “Normal” distribution. But, even if they did not, there would not be anything

suspect about that because there are many different distributions beyond “Normal” bell-

curves.

Supervisor Cavanaugh’s methodology section begins with an explication of the

Normal distribution, which he correctly identifies as taking on a bell shape.

Figure 10: Supervisor Cavanaugh Desription of Normal Distribution

(a) Image taken from Supervisor Cavanaugh’s report

First, we should note that while Normal distributions are, in fact, bell curves,

not all bell curves are normally distributed. Instead, the Normal distribution follows a

specific relationship between the average (mean) and the spread (standard deviation) of
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Figure 11: Right-Skewed distribution

(a) Image taken from Supervisor Cavanaugh’s report

the data. This is what the lines in the chart on the left mean. E.g., George Casella

and Roger L. Berger, Statistical Inference 102 (2002) (describing properties of a Normal

distribution).

Supervisor Cavanaugh then refers throughout his report to “normal errors.”6 He

states that “these are ideal distributions that don’t occur in real life, but the curve should

look more like these than this,” with “this” apparently referring to the following skewed

distribution.

This reflects a common misunderstanding. The “Normal” distribution is a term

of art that is often used to describe what is formally called a “Gaussian” distribution,

named after the mathematician who is credited with having described its properties. I

will refer to this distribution here with capitalization, to clarify that I am talking about

the formal distribution.

The Normal Distribution, however, should not be conflated with “normal” or typ-

ical. There are, in fact, multiple ways that randomness can manifest that are normal but

not Normal. In fact, some of these random distributions take on the skewed distribution

style that Supervisor Cavanaugh disclaims.

6Supervisor Cavanaugh’s reference to ”normal errors” perhaps refers to the results of a regression
analysis, which assumes independent, identically distributed Normal errors as a foundation for that type
of analysis. But errors do not have to be Normal, and in any event, whether the data here are based on
errors is a conclusion to be tested and therefore not a valid assumption.
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For example, consider coin flipping a coin. The results from flipping a coin will

obviously not reflect a bell curve, since a coin can only take on a value of heads or tails.7

Coin flips, which are obviously random, follow what is known as a “binomial” distribution,

with a probability parameter of 0.5. E.g. Larry Wasserman, All of Statistics: A Concise

Course in Statistical Inference §2.3 (2004) Or consider rolling a single die. We can

simulate a dice roll 10,000 easily in R, and plot the results. Id. at § 2.3.

Figure 12: Results of 10,000 simulated dice rolls.

As you can see, it is obviously not Normal. Yet no one disputes dice rolls are

not random. Dice rolls follow what is called a Uniform distribution, discussed in passing

7If you graph the averages of repeated coin tosses, they will be Normally distributed, which is part
of why the Normal distribution is so important in statistics; repeated sample means will, in fact, tend
to be Normal.
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above, as every outcome in the sample space (here, 1, 2, 3, 4, 5 or 6) is equally likely to

occur.

Having demonstrated that “not Normal” is not the same as “not normal,” what

about the skewed distribution that Supervisor Cavanaugh describes? There are, indeed,

random events that are skewed. Earthquake aftershocks are random; we do not know

exactly when they will occur after the initial earthquake. At the same time, we can say

with confidence that they are more likely to occur shortly after the earthquake than, say,

two days after the earthquake. We also know, by definition, that they cannot occur before

the earthquake.

Earthquakes instead follow what is known as an “exponential” distribution. See,

e.g., Matteo Taroni and Michele Matteo Cosimo Carafa, “Earthquake Size Distributions

are Slightly Different in Compression vs. Extension,” 4 Communications Earth and En-

vironment 398 (2023).
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Figure 13: Example of Exponential Distribution with rate parameter = 1

Likewise, things such as insurance claims, cancer rates, and rainfall are what is

known as beta distributed. This is also typically skewed. Two examples follow:
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Figure 14: Example of Beta Distribution with parameters of 1 and 2
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Figure 15: Example of Beta Distribution with parameters of 3 and 0.5

In short, Supervisor Cavanaugh seems to conflate Normal with “normal” and “not

Normal” with “abnormal.” But the fact that the differences between early vote shares

and Election Day vote shares are not Normally distributed does not mean anything is

amiss. There are ways for errors to be randomly distributed that do not necessarily

follow a Normal distribution. In fact, there are ways to do so that are skewed in a way

that resemble Supervisor Cavanaugh’s calculations. The fact that the differences are not

Normal does not mean that they are anomalous.
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4.2.3 The 2024 Republican Primary Results in Pinal County, Properly Cal-

culated Do Form a Bell Curve.

All of this is academic, however, as the 2024 data do, properly calculated, form

a bell curve. In fact, Supervisor Cavanaugh sets up his analysis in such a way that the

data cannot be Normal. Part of the definition of a Normal distribution is that it runs

from negative infinity to infinity. Wasserman § 2.4. That is to say, the “inputs” have to

be able to take on any value, positive or negative.

As discussed above, Supervisor Cavanaugh takes the absolute value of the dif-

ference between early and Election Day vote share. In other words, the same result is

returned whether a candidate runs two points ahead of his Election Day vote share in

early voting, or two points behind his Election Day vote share. But by definition, this

cannot be Normal.8

This becomes more of a problem when the average deviation becomes very small.

It becomes increasingly difficult for a left “tail” of the bell curve to exist, because abso-

lute values can’t fall below zero. This setup increases the odds of producing a skewed

distribution.

Instead, I reran Supervisor Cavanaugh’s analysis using all Republican races con-

ducted in the Pinal County primary, using the simple difference as the relevant metric,

and using all nine drops instead of Supervisor Cavanaugh’s truncated sample to calculate

early and Election Day vote shares. When I do so, the results plot out like this:

8Normal outputs also cannot be count data (e.g., the number of candidates having less than a 1%
difference), as count data can only take on the value of whole numbers, and not fractions (e.g., it cannot
be the case here that there are 1.4532 candidates with less than a 1% difference between their early vote
share and Election Day vote share).
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Figure 16: Histogram of Deviations, Pinal County 2024 Republican Primary

As you can see, when we allow the data to traverse the range required of a Normal

distribution, the data look Normal. The same is true of the Democratic primary, although

fewer candidates means that the distribution is not as filled out:
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Figure 17: Histogram of Deviations, Pinal County 2024 Democratic Primary

4.2.4 Cavanaugh Lacks Sufficient Data To Draw His Conclusions.

The final problem with Cavanaugh’s analysis is that he claims the difference be-

tween in person and early votes in certain years are “normal” and other years are “ab-

normal.” But this begs the question: even assuming arguendo that there are differences 

in the distributions between the outcome in 2016, 2020 and 2024, which should we use 

as the baseline?

We lack a sufficient basis to draw conclusions. The problem is that the data 

we have are grouped by year. That is, the various election results from 2016 all occur 

in 2016, and collectively form the basis for a single observation. Likewise, the various 

election results from 2020 all collectively form the basis for a single observation. Put in
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social science terms, the data are clustered. E.g., Robert S. Erikson Lorraine C. Minnite,

“Modeling Problems in the Voter Identification – Voter Turnout Debate,” 8 Election Law

Journal 85 (2009).

This creates a small “n” problem, with “n” representing the number of obser-

vations we have. The problem can create statistical problems, but it can also cause

analytical problems that confound our conclusions. Even if Supervisor Cavanaugh were

to demonstrate that the distributions in 2016, 2020 and 2024 are statistically different,

he lacks the data to show that 2020 or 2016 are the proper baseline. In short, perhaps

those years are the anomalies.

In fact, we have reason to believe that they might be. After all, 2020 in particular

was an odd year for selection of mail voting versus in person voting, given the COVID-

19 pandemic. Moreover, in 2016 and 2020 Donald Trump urged Republicans to avoid

voting early or by mail. This cycle, the strategies may have been different. It would

not even require this degree of sophistication to explain these results. If the Election

Day population began to look more like the Early voting population, we would see the

effect Supervisor Cavanaugh describes. Indeed, if we look at the distribution of votes

in the Democratic primary, using the “absolute difference” that Supervisor Cavanaugh

describes, we see the same distribution that we see in the Republican primary:



Conclusion — 26

Figure 18: Histogram of Absolute Deviations, Pinal County 2024 Democratic Primary

5 Conclusion

In short, the data simply do not support the contention that something was amiss

in the Republican primary. The data do not show telltale signs of vote manipulation.

Properly interpreted and calculated, the data resemble the Normal distribution that

Supervisor Cavanaugh desires. And the Democratic primary shows similar distributions

to those found in the Republican primary. The simplest explanation is that in this

election, Election Day voters were similar to early voters, and it showed up in the results.
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I declare under penalty of perjury under the laws of the State of Ohio that the

foregoing is true and correct to the best of my knowledge and belief. Executed on 8

October, 2024 in Delaware, Ohio.

Sean P. Trende
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