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For three years I've had a bullet in my chest.
Joan Didion wrote Do not whine. Do not complain.
Work harder. Spend more time alone.

Like any good disciple, I listened.
Sometimes the bullet was soft, pink, gooey, barely there.
Sometimes it burned blue with heat
& T laid in bed wondering if the work would kill me.
I did not whine when hunger sawed my body in half.
I did not complain when I walked for hours,
trying to get the sound of a sentence right.

I bled politely all over West Virginia.

It is April. The work is done.
Look, I have plucked the bullet from my body.
Look, I am not alone. Look, I am alive.
Purple wildflowers blooming everywhere.

— Megan Williams
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1To whomever is reading this: I'm sorry that these are so long, but did you REALLY expect me to keep it short?
2 After all, I am notoriously terrible at concluding things.
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question everything, have a bad habit of interpreting many rules as suggestions, and very much
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Ben Highton has been a mentor to me since literally my first day of graduate school, when he
balanced his role as department chair with serving as my first year faculty mentor; a relationship
that has continued throughout my time at Davis. It is in large part thanks to Ben’s mentorship
and support that my first-ever journal submission was both solo-authored and published before the
start of my fourth year. I am also grateful to Ben for thinking of me for opportunities at Davis
that have contributed to my development as a scholar; including encouraging me to pursue my first-
ever research idea as a Summer Collaborative project and later recommending me for a position
at the UC Center Sacramento (UCCS). The foundational role Ben has played in helping shape my
trajectory so far — especially early on in my Ph.D. — has set me up for success just as much as any
publication or opportunity, and I am very grateful for that.

Although he may not entirely realize it, Brad Jones made a tremendous impact on my research
interests and trajectory early in graduate school. Between several graduate seminars and a quarter
spent TAing for his undergraduate class, Brad helped me realize the importance of doing research
that was both methodologically rigorous and substantively meaningful. I am grateful to him for
pushing me to think more outside the box with my research and for giving me (and my peers)
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an anonymous second year Ph.D. student who randomly showed up at the last-ever Chicago Area
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my ideas from very early on in graduate school.

Beyond my committee, I've been fortunate to benefit from the mentorship of some incredi-
ble scholars throughout my Ph.D., including Chris Witko, Nick Valentino, Dan Hopkins,

3See also: “crashing” Jamie’s conference to present the research design for my conjoint as a second year without
the department’s blessing; flying to APSA in LA to be a discussant the weekend before comps; joining a research
team at Princeton instead of writing my prospectus. Clearly, everything worked out as it should.
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calls. In between all of this, my friends and I showed up for each other the best we could; we
gave feedback on each other’s work, nominated each other for awards, and attended each other’s

4In response to my request for an extension on a paper for American Political Development because “I'm really
busy this week and it’s my birthday” (after she finished laughing in my face and telling me to manage my time
better). I believe the next sentence that came out of my mouth involved asking Melanie to advise my senior thesis.
Shockingly, she agreed.
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5Considering I am now a fully fledged Political Science Ph.D., this attempt to get me out of the house for an
afternoon clearly worked out for the best!
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Abstract

Chapter 1: During a reinvigorated era of American federalism—where state governments are
enacting increasingly ideologically extreme policies on some of today’s most salient culture war
issues—it is important to examine whether ordinary Americans are averse to moving to locations
with ideologically extreme legislation. I evaluate how Americans perceive ideologically extremist
policies when appraising potential relocation options using a conjoint design on a national sample
of ~ 30,000 respondents. The results show that policies that respondents perceive as ideologically
extreme influence their location preferences to a substantial degree, especially when such laws are
incongruent with their own preferences. I also undertake a supplementary observational analysis
focused on state abortion laws in the wake of the Dobbs Supreme Court decision. This supplementary
analysis shows that Democratic women living in states without abortion restrictions are less likely
to move to those with abortion bans post-Dobbs, compared to before the ruling. The implications
of these findings highlight the potential of extremist laws to foster increased levels of politically
motivated relocation between states going forward.

Chapter 2: When announced in 2013, the U.S. Supreme Court’s Shelby County v. Holder decision
immediately raised concerns that its invalidation of the coverage formula stipulated in Section
4(b) of the Voting Rights Act (VRA) would foster voter suppression and other antidemocratic
practices in jurisdictions subject to preclearance protections. Over a decade after this decision, I put
these claims to the test. Using a synthetic difference-in-difference design and the State Democracy
Index, a holistic measurement model that provides state-level estimates of electoral democracy from
2000-2018, I examine whether changes in state-level electoral democracy may have led to electoral
backsliding in formerly fully and partially covered states in the years following the Court’s decision.
Ultimately, I find no evidence that electoral backsliding occurred in these jurisdictions in subsequent
years. I conclude by discussing the significance of this finding and offering directions for future study.

Chapter 3: This research note is the first study to explore the viability of using LLM-generated
respondents in conjoint experiments. I generate naive ‘silicon samples’ using three models, GPT
40-Mini, Llama 3.2, and Magistral-small -2506, benchmarked to a large sample of live conjoint
respondents, allowing for direct comparisons between human and synthetic choices. The resulting
descriptive analysis that naively generated silicon samples are insufficient to simulate human decision
making in conjoint tasks; these results also suggest that there are fundamental differences in the
way demographic covariates shape LLM and human choices in experimental contexts. In total,
this analysis makes two important contributions: it establishes a descriptive baseline understanding
of LLM-generated respondent performance in conjoint experiments and suggests that naive silicon
samples cannot accurately infer human choices using demographic traits in experimental decision
making contexts. Finally, the implications of these results imply that LLMs consider covariates
differently than live respondents do in micro-level decision making contexts.
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Chapter 1

When Policy Gets Personal: How Extremist State Policies Drive Geographic
Sorting in a Reinvigorated Era of Federalism

“One day you finally knew what you had to do, and began"
— Mary Oliver, “The Journey"

1.1 Introduction

In early 2023—just months after the announcement of the Supreme Court’s decision in Dobbs
v. Jackson Women’s Health Organization, which allowed individual states to legislate abortion
policies—some high school students were already factoring extremist state policies into their college
application decisions. Notably, this trend was not unique to liberals; a national poll of college-bound
seniors conducted in winter 2023 found that one in four students from across the political spectrum
ruled out potential universities solely because of policies in the state where the school was located
(Goebel, 2023). Evidence of this phenomenon also extends beyond college-bound teens. Four out
of ten American adults say that they are at least somewhat likely to move to a state better aligned
with their political beliefs, and a majority reports that they would do so if their state passed laws
that negatively affected them (Ipsos, 2023).

Which types of policies do individuals consider ideologically extreme and when might these
perceived levels of policy extremism drive Americans to move states? Most prior research considering
the role of politics in location preferences was conducted when states’ social policy environments
differed less starkly. Now, as Americans reckon with a landscape of ever more ideologically polarized
laws—and a judiciary granting states considerable leeway to state legislatures—politically motivated
migration should indeed continue to rise in the coming years.

Crucially, the expected mechanism between extremist state policies and politically motivated

relocation is amplified in today’s era of emboldened and reinvigorated federalism, where states now



operate with unprecedented freedom to test the boundaries of ideological extremity. This shift
is characterized by intensifying legislative polarization at the state level, a judiciary that actively
returns consequential policy questions to those increasingly partisan legislatures, and the rapid
diffusion of ideologically charged policies between like-minded states in the post-Dobbs landscape.
This type of state policy environment not only enables the proliferation of extremist laws but also
amplifies their potential to drive politically motivated migration across state borders.

This combination of factors, I argue, has resulted in a recent uptick in extremist state laws,
especially those related to deeply personal matters, such as abortion, gun rights, and the freedom
of expression for LGBTQ+-identifying individuals. Because such policies directly speak to hard-
hitting questions about what Americans can and cannot do, I argue that it is important to explore
how such legislation affects Americans’ perceptions of state-level policy extremism, which may hold
broader implications for where they choose to live.

Using a preregistered, large-N conjoint experiment, I revisit the geographic sorting debate and
examine how such policies shape individuals’ location choices by asking: How do Americans evaluate
objective and subjective ideological extremism in a state’s policy landscape when appraising potential
relocation options, and to what extent do these ideologically extremist policies shape their propensity
to ‘vote with their feet’?

I find substantial experimental evidence that ideologically extremist social and cultural laws
shape Americans’ location preferences, especially when these policies are out of step with their own
beliefs. Furthermore, individuals’ unwillingness to relocate to places with ideologically incongruent
abortion laws influences their relocation choices more than nonpolitical factors.

These results motivate an additional exploratory analysis that specifically unpacks how state-
level abortion policies influence relocation choices. Leveraging experimental data from supplemental
survey questions on abortion policy preferences, I find that respondents’ perceived ideological in-
congruence with a location’s abortion policies influences where they choose to live more than any
other attribute. Finally, I use a novel observational dataset composed of ~ 30,000 movers and
post-Dobbs state-level abortion policies as an external validity check, finding observational evidence
that is broadly consistent with the conjoint results. That is, due to the up-front costs of moving
across state lines, we should not expect real-world relocations to occur at levels comparable to

the experimental findings. Instead, observing smaller changes in relocation rates before and after



the Dobbs decision indicates that changing state abortion policy environments exert an influence
on Americans’ location preferences. These small, but significant, shifts in relocation behavior are
exactly what is observed in the observational analysis.

Together, these findings imply that Americans, especially those with pronounced partisan and
ideological attachments to highly salient social and cultural issues, are averse to relocating to states
that have enacted policies that they perceive as ideologically extreme, instead preferring locations
with ideologically congruent, or moderate, policies. This aversion to policy extremism, especially
on the issue of abortion, suggests that greater misalignment between policy preferences and enacted
laws may influence Americans’ location selection in an era of increased ideological polarization in
state policymaking. I conclude by exploring how this relationship between policy extremism and
politically motivated migration exacerbates existing challenges for democratic representation and
good governance in American politics and state policymaking today; arguing that the relevance of
these implications extend far beyond the minority of Americans who actively relocate in response

to state-level policy extremism.

1.2 Unpacking the Relationship Between Politics and (Re)location Choice

Like other forms of partisan sorting (Iyengar, Sood and Lelkes, 2012, Hui, 2013, McConnell et al.,
2018, Shafranek, 2021), geographic sorting operates through partisan homophily, the notion that
partisans desire social networks composed of politically like-minded others (McPherson, Smith-
Lovin and Cook, 2001). Related work on affective polarization finds that individuals strongly prefer
the company of co-partisans (Iyengar, Sood and Lelkes, 2012, Iyengar and Westwood, 2015, Mason,
2018), with Americans preferring co-partisan job candidates and employers (Hui, 2013, McConnell
et al., 2018), long-term romantic partners (Iyengar, Sood and Lelkes, 2012), and college roommates
(Shafranek, 2021). Consequently, it is plausible to assume that individuals prefer living among
politically compatible others, a conclusion that much of the existing work examining geographic
sorting in American politics broadly supports (Hui, 2013, Motyl, 2014, Tam Cho, Gimpel and Hui,
2013, Gimpel and Hui, 2015, Mummolo and Nall, 2017, Gimpel and Shaw, 2024).

Although there is general support for the idea that Americans are increasingly socially sorted
on political lines in political science today, there is greater disagreement about how much, if at all,

Americans consciously consider politics and partisanship when moving. One side of this debate, pop-



ularized by Bishop (2008), argues that Americans consciously account for politics when relocating.
Although Bishop (2008) has faced major criticism for a lack of rigorous empirical evidence (Abrams
and Fiorina, 2012), other studies analyzing migration at the state and national levels similarly
find broad observational support for notion that individuals actively consider politics when mov-
ing. Specifically, McDonald (2011) matches survey responses with USPS change-of-address records,
showing that movers are more likely to sort into ideologically aligned Congressional districts; while
Gimpel and Shaw (2024) finds evidence of partisan sorting occurring in short-haul moves within
metro areas across nine states. Analysis of property deeds shows that partisan homeowners are
more likely to sell when out-partisans move into their neighborhoods (Mccartney, Orellana-Li and
Zhang, 2024). At the state level, Gimpel and Shaw (2024) examine relocation trends of individu-
als migrating between California, Texas, and Florida, finding that these movers gravitate toward
destinations aligned with their own political views.

Conversely, other work conceptualizes potential relocation destinations as constrained choices
often limited by real-world factors, such as housing availability (Mummolo and Nall, 2017) and
proximity to existing professional commitments and social networks (Tam Cho, Gimpel and Hui,
2013, Gimpel and Hui, 2015, Gimpel and Hui, 2017). Together, these nonpolitical constraints
present high up-front costs that limit the degree that Americans can ‘vote with their feet’ (Abrams
and Fiorina, 2012, Mummolo and Nall, 2017, Martin and Webster, 2020). Given the substantial
costs associated with relocation, several of these studies argue that politically motivated migration
is largely a byproduct of the economic and social factors that constrain these decisions and thus
shape where these movers relocate (Hui, 2013, Tam Cho, Gimpel and Hui, 2013). Similarly, related
research shows that implicit cultural cues, such as the type of vehicles in a prospective neighborhood
or its degree of walkability, influence individuals’ appraisals of potential locations (Baybeck and
McClurg, 2005, Hui, 2013, Mummolo and Nall, 2017). Furthermore, these micro-level cultural
signals may implicitly correlate with perceptions of partisanship (Mason, 2018); this may translate
to the appearance of sorting that is nevertheless driven by nonpolitical factors. In other words, it is
unlikely that large-scale geographic sorting on partisan lines is occurring within the United States
today; this is because the relationship between partisanship and location choice is spurious, rather
than purposeful, for many Americans.

Given these constraints on overt partisan sorting, recent work has shifted away from focusing



on sorting motivated by partisanship to instead consider how specific state policy environments
impact migration. This research—which is rooted in the normative Tieboutian concept of voting
with one’s feet to ’sort’ into politically compatible policy environments (Tiebout, 1956)—provides
evidence that state laws, especially when perceived as rights-restricting (Witko and Nelson, 2024,
Nelson and Witko, 2025) or antidemocratic (Nelson and Witko, 2022), shape Americans’ relocation
preferences.

This paper agrees that contentious state policies call for a need to revisit the geographic sorting
hypothesis with particular attention to how Americans’ perceptions of ideologically extreme laws
influence their location choices and preferences. However, in a departure from other work that
proposes that the potential loss of personal freedoms is the sole or primary driver of such relocations
(Witko and Nelson, 2024, Nelson and Witko, 2025), I propose that symbolic aversion to politically
incongruent ideological extremism in state policy environments as an alternative mechanism driving
this process. Indeed, in a political climate characterized by state governments increasingly embracing
their role as Brandeisian ‘laboratories of democracy’ (Grumbach, 2023), ideologically extreme state
policies may be increasingly important considerations for Americans deciding where to move. The
following section expands on these points by unpacking why we might expect Americans to account
for extremist policies in their relocation decisions in a nation increasingly characterized by polarized

state policymaking.

1.3 Theory and Expectations

1.3.1 The Rise in Deeply-Personal Policymaking

The United States is undergoing a resurgence in new and reinvigorated federalism, characterized
by increased state legislative polarization, judicial deference to state legislatures on policymaking
related to hard-hitting social and cultural matters, and the rapid diffusion of such policies between
politically similar states (Grumbach, 2023). The 2022 Dobbs Supreme Court decision presented a
turning point for this sort of state policymaking. This ruling formally signaled judicial deference to
state legislatures, inspiring a surge of state-level policies related to deeply personal social issues.
Importantly, although heavy-handed regulations on abortion access are prime examples of these

laws, this sort of ideologically driven, contentious policymaking on the state level also extends to



other hard-hitting social issues. In 2023, state legislatures proposed over 1,000 reproductive care-
related regulations (Guttmacher Institute, 2023), but they also introduced nearly 400 gun-related
bills (USCCA, 2023) and over 500 LGBTQ-related bills (ACLU, 2023). As an additional example,
consider state-level restrictions on access to hormone replacement therapy (HRT) for transgender
youth, an area that has emerged as an active site of policymaking in state legislatures over the
last few years. At present, 27 states have implemented policies that curtail access to HRT and
other forms of gender-affirming care for transgender youth under 18 (Dawson and Kates, 2025);
however, such policies were virtually nonexistent until April 2021, when Arkansas became the first
state to enact a law banning gender transition treatments for minors (Harmon, 2024).1 Since then,
the number of state-level proposals to restrict minors’ access to gender-affirming care has surged.
In 2021, the landmark Arkansas law was just one of 40 such proposals; by 2023, that number had
increased to 185 distinct bills introduced in state legislatures nationwide to ban HRT and similar
treatments for underaged youth (Weiner, 2024). The quick diffusion of bans on gender-affirming care
for transgender-identifying minors epitomizes the current era of state policymaking, where states
are rapidly adopting policies on these very personal social issues.

This recent surge in state-level policymaking on these deeply personal issues motivates the
importance of revisiting the geographic sorting question. Unlike simply deciding whether it is worth
it to relocate to a place where individuals are surrounded by co-partisans (e.g. Gimpel and Hui,
2015; Mummolo and Nall, 2017), choosing to move to a location with ideologically incongruent (and
therefore, subjectively extreme) policies presents much more significant downstream consequences
precisely because such laws explicitly dictate what individuals can and cannot do.

Ceritus paribus, I expect that potential movers are motivated to avoid states with higher levels
of objective policy extremism—such as full abortion bans or no-questions-asked constitutionally
protected access to the procedure—than those with more moderate policies. This expectation

informs my first hypothesis:

H; (Objective Extremism Hypothesis): Individuals will be less likely to select
locations with higher levels of objective policy extremism than those with lower levels of

objective policy extremism.

n June 2023, the 2021 Arkansas law was overturned in federal court (Breen, 2023); however, this has not stopped
other states from implementing similar legislation in recent years.



1.3.2 Symbolic Aversion to Policy Extremism as a Driver of
Location Choice

I suggest that symbolic aversion to policy extremism further drives individuals’ unwillingness to
select locations with subjectively extreme policies; laws that are incongruent with their own views
on these issues. This expectation is consistent with a long line of research that demonstrates the
primacy of symbolic politics in motivating attitudes and behavior (Sears et al., 1980; Wolpert and
Gimpel, 1998) and establishes that these sorts of ‘culture war’ topics can be considered ‘easy’, ‘gut
reasoning’ policy issues that speak to ongoing moral and political debates that are highly salient
to strong partisans and apolitical individuals alike (Carmines and Stimson, 1980, Hunter, 1991).
Recent work has also shown that individuals consider a state’s level of democratic health when
deciding where to relocate (Nelson and Witko, 2022); meaning that there is already evidence that
symbolic factors influence individuals’ preferred locations.

What kinds of social and cultural policies do Americans perceive to be overly extreme and
how might these evaluations differ based on their own partisan attachments and issue preferences?
Operationalizing symbolic aversion to subjectively extreme policies requires a measure of subjective
extremism, which captures the types of policies a given individual perceives to be ideologically
extreme. Here, the key distinction between objective and subjective extremism is that the latter
depends on one’s relative policy preferences. For example, under spatial models of policy preferences,
an individual would be increasingly more apt to label a given policy proposal ’extreme’ as its
ideological distance from their own ideal point increases (e.g. Downs, 1957); however, another voter
with different preferences might view that same proposal to be quite modest. Similarly, a full
abortion ban that might seem reasonable to a Mississippi Republican is likely to be perceived as
ideologically extreme by a California Democrat.

I use respondent partisanship as the main experimental measure of subjective policy extremism.
That is, I expect that respondents’ partisan affiliations will shape which types of legislation that
they consider ideologically extreme. Both major U.S. parties have distinct and well-documented
platforms on all three of the policy issues that I consider; in line with the party cue literature (e.g.,
Lupia, 1994), I expect partisans to perceive policies that align with their own party’s platform as
less extreme than those that are out-of-step with their party’s stance on that issue. For example, a

Democratic respondent will be more likely to appraise a location that bans semiautomatic weapons



as ideologically moderate and one that allows the open carry of guns as extreme, relative to a

Republican who shares their party’s stance on firearm ownership. Formally:

H, (Subjective Extremism Hypothesis): Partisans will be less likely to select lo-
cations with higher levels of subjective policy extremism—defined as policies that are
incongruent with their own party’s stances on these issues—than those with lower levels

of subjective extremism.

This is not to say that subjective perceptions of policy extremism are the main drivers of policy-
motivated migration. For example, individuals whose rights are directly threatened by these sorts of
policies should be opposed to moving to states with laws that might directly jeopardize their rights,
as is established in Witko and Nelson (2024) and Nelson and Witko (2025). However, I argue that
even absent a direct, material impact on voters, these hard-hitting and ideologically incongruent
policies should still influence relocation choices through symbolic aversion, Consequently, while
subjective extremism is certainly not the only driver of policy-driven location selection, it is certainly
a major one. Indeed, when coupled with individuals’ perceptions of potential loss of personal
freedoms from the content of these laws themselves, these symbolic considerations help prospective
movers overcome the considerable costs of relocating.

Together, these factors increase the likelihood that individuals will relocate in response to ideo-
logically incongruent and deeply personal state level policies. However, nonpolitical factors never-
theless present substantial up-front costs that movers must reconcile when determining where to live.
The following section outlines a set of theoretical expectations that account for these nonpolitical

considerations.

1.3.3 Moving Beyond Policy: The Role of Nonpolitical Factors

In line with other work on geographic sorting (Gimpel and Hui, 2015, Mummolo and Nall, 2017,
Martin and Webster, 2020), it is also important to note that a state’s policy environment is just one
of many considerations potential movers must balance when deciding where to live. Regardless of
how extreme a given state’s policies are, individuals must weigh these issues alongside nonpolitical
factors that affect their daily lives, such as a location’s cost of living and the quality of nearby

schools.



My conjoint design incorporates three of the most salient nonpolitical considerations, an area’s
crime rate, cost of living, and public school quality, as experimental attributes that respondents must
consider alongside the three policy areas. This set up enables me to test respondents’ tradeoffs
between a state’s policy environment and other nonpolitical factors that individuals commonly
consider when moving. Although individuals do not select states based on these factors, they are
nevertheless important considerations to include, since they are predominant considerations for a
majority of movers within the United States (U.S. Census Bureau, 2024).

Other such considerations, such as the strength of one’s social attachments and community
ties in their old and new locations, may further shape prospective movers’ evaluations of potential
relocation options. For example, individuals with stronger ties to their current communities may
be more likely to overlook ideologically incongruent policies (Tam Cho, Gimpel and Hui, 2013).
Similarly, prospective movers may be more likely to relocate to places where they have close family or
friends nearby. Thus, the role of social networks and other community-based attachments represent
additional nonpolitical dimensions that may further complicate the relationship between state policy
environments and politically motivated migration.?

I develop two additional hypotheses to account for the extent to which I expect nonpolitical
considerations will influence location choice. I expect that the relative importance of these other
factors will vary depending on how extreme individuals perceive a state’s policy environment to be.
Specifically, when presented with a state with more extreme policies, nonpolitical factors should

matter less to respondents than they will in places with more moderate policies:

Hs, (Political Priorities Hypothesis): Policies that respondents perceive as ideo-
logically extreme will shape their location choices more than nonpolitical factors (e.g.

cost of living).

H;p (Nonpolitical Priorities Hypothesis): Nonpolitical factors (e.g. cost of living)
will shape respondents’ location choices more than policies perceived as less ideologically

extreme.

2While this study is unable to fully untangle the relationship between social networks, location choice, and
migration, these factors are accounted for in the experimental design and supplementary materials. The choice
task prompt wording mentions that respondents do not have any personal connections residing in either of their
prospective relocation options, therefore controlling for these potential selection effects. Furthermore, subgroup
analysis in Appendix E evaluates potential heterogeneous treatment effects among respondents with differing levels
of attachment to their current communities.



1.4 Experimental Design and Sample

I use a forced choice conjoint experiment to test respondents’ tradeoffs between a state’s policy
environment and other nonpolitical factors that affect location choice. Specifically, I cue three
specific policy issues determined at the state level: abortion restrictions, gun ownership rights, and
the freedom of expression for LGBTQ+ identifying individuals, as well as three nonpolitical factors
that are often ‘top of mind’ considerations for movers: a location’s cost of living, crime rate, and the
quality of its local schools. Table 3.1 provides a complete list of all attributes and levels, as well as
all attribute baselines. Crucially, all experimental scenarios randomly vary the degree of ideological

extremity across the policy attributes, mirroring real-world differences emerging between localities

in the U.S.3
Table 1.1: Conjoint Design Attributes and Attribute Categories

Attribute Categories

Abortion Protected by state constitution
Banned after 2nd trimester
Banned after 1st trimester
Total ban

LGBTQ No ban on hormone replacement therapy (HRT), LGBTQ
legal protections
No ban on HRT, no LGBTQ legal protections
HRT 18+ only, no LGBTQ legal protections
HRT banned, no LGBTQ legal protections

Guns No AR ban, open carry allowed
AR ban, open carry allowed
AR ban, open carry not allowed

Crime Rate, 20% below national average

Cost of Living, National average

School Quality 20% above national average

L Attribute baselines are bolded. Baselines were selected to represent a moderate ‘status quo’
policy of each political attribute and the median level of each nonpolitical attribute.

The experiment presents subjects with two randomized conjoint choice task scenarios. Each task
features three policy and three nonpolitical attributes, each with 3-4 within-attribute categories,

outlined in Table 3.1. The design was coded in Qualtrics, with following prompt preceding all choice

3Within-category attributes are fully randomized with the exception of two constraints embedded into the conjoint
design: a location cannot simultaneously have a total ban on abortions and no restrictions on hormone replacement
therapy (HRT)/explicit LGBTQ legal protections and a location with abortion protected by the state constitution
cannot also fully ban HRT. These constraints are intended to enhance experimental realism as it is implausible that
individuals would encounter these combinations of policies in the real world.
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tasks:

Imagine that you have received two offers for full-time jobs in your field, each with a
starting salary that is a 20% raise above your current pay. Both jobs require you to
relocate to the city where its headquarters is based. These cities are located in two
different states. Other than the location, the jobs are essentially equivalent to one
another and your partner, if you have one, is open to relocating. You do not have any
family or friends in either state, but both states are located at similar distances from
your current location and have similar weather to your current state. Based on the
following information about where these jobs are located, which job would you rather
accept?

The experiment was fielded as an all-state module on Wave 30 of the Civic Health and Institu-
tions Project (CHIP50). PureSpectrum, an online panel management company, fielded the sample,
with responses collected from December 21, 2023 through January 29, 2024. The CHIP50 module
consists of a nationally representative non-probability sample composed of respondents across all
50 states and D.C. The total sample of respondents who successfully completed both conjoint tasks

comprises 28,913 individuals.

1.4.1 Potential Limitations of the Conjoint Design

As is the case with most survey experiments, a potential limitation of the conjoint design involves
the possibility that selection bias may confound the experimental estimates. Among the biggest
potential sources of such bias is the possibility that respondents’ evaluations of locations may inad-
vertently be driven by factors beyond the information presented in the conjoint attributes and levels.
Indeed, although the design is not meant to cue any particular U.S. state or region, it is possible
that respondents might draw certain inferences about where, specifically, they may be choosing to
move to based on the information presented in the conjoint profiles. For example, respondents might
adopt policy preferences that map onto locations they perceive as places they would already like to
live independent of the information presented in the conjoint tasks (Cox, 1970, Tam Cho, Gimpel
and Hui, 2013). This possibility may confound the average marginal component effect (AMCE)
estimates, especially if the combination of randomized attribute-levels displayed to respondents in-
advertently reminds respondents of a particular location where they would already like (or dislike)
living,.

As in all experiments, it is impossible to fully rule out the possibility that some selection bias

11



occurs on the respondent level. However, there are several substantive and methodological reasons
to believe that the extent of such concerns are limited in this design. Substantively, all three of the
policy areas cued in the experiment are politicized and highly visible social issues that directly affect
residents’ rights. These qualities make these policy attributes ‘easy’ reasoning issues (Carmines
and Stimson, 1980), which make it more likely that individuals already hold coherent preferences
about these topics, especially compared to other, less salient policy areas. Consequently, using
these highly salient policy issues—as well as top-of-mind nonpolitical considerations—as conjoint
attributes increases the likelihood that respondents already have stable views on these issues, which
will shape their evaluations of the location profiles displayed in the experiment as intended.
Several other elements of the experimental design also limit the effects of potential selection
biases. First, all conjoint profiles are fully randomized across all scenarios (with the exception of
the two constraints noted in Footnote 3). This decreases this likelihood that respondents can infer
specific locations from the design. Furthermore, respondents each complete two choice tasks; by
virtue of the AMCE estimand, choices are averaged across all scenarios and clustered by respondent.
This practice also helps mitigate any bias potentially introduced by respondents drawing these
inferences. Finally, the language of the choice task also mitigates these concerns; by controlling
for other factors (such as weather conditions and family connections), the prompt wording further
limits the possibility that respondents are choosing locations based on considerations not present in
the experiment. Together, these considerations limit the amount of bias in the experimental design.
Another potential objection to this research design is that, like all survey experiments, the con-
joint design lacks external validity compared to observational data (Neill et al., 1994, Bertrand and
Mullainathan, 2001) by promoting “cheap talk” among respondents. That is, ideological consider-
ations — such as incongruent and extreme policies — likely weigh more heavily within a ‘costless’
experimental context than in reality, where the material nonpolitical considerations likely matter
much more to most individuals. While multiple-profile, forced-choice conjoint tasks have been noted
to mitigate such concerns relative to other experimental designs (Hainmueller, Hangartner and Ya-
mamoto, 2015), these external validity concerns are nevertheless unavoidable. To mitigate this

concern, I pair the experimental results with observational analysis later in the paper.
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1.5 Experimental Results

1.5.1 The Role of Objective Extremism on Location Choice

To evaluate Hy (Objective Extremism Hypothesis), I simply consider the unconditional AMCEs of
all respondents (n=28,913) relative to each of the baseline categories of the three policy attributes,
which correspond to a more moderate policy for a given issue area. I expect that respondents
generally will be less likely to select locations with more extreme policies than those with legislation
that is objectively less extreme. °

The AMCE estimates for the policy attributes presented in Figure 1.1 suggest general support
for H1.5 Respondents’ aversion to moving to places with abortion bans is especially notable here.
On average, individuals are 11.3 points less likely to choose to move to places that have banned
all abortions over those with a ban on the procedure after the second trimester of pregnancy (p <
0.001).7. Similarly, respondents are substantially less likely to select locations with the strictest
(—4.0 points, p < 0.001) and most lenient (—1.9 points, p < 0.001) gun control laws, relative to
a location with more moderate firearm policies (assault rifles banned, but open carry is allowed).
Individuals are also averse to moving to locations with the strictest limitations on freedom of
expression for LGBTQ-identified individuals; respondents are approximately 1.5 points less likely
to select a location where hormone replacement therapy is banned compared to one where access to
HRT remains unrestricted (p < 0.01). Generally, these results imply that individuals are opposed to
moving to locations with objectively extremist policies compared to those with indisputably more
moderate policies in place.
1.5.2 The Role of Partisanship and Subjective Extremism on

Location Choice

Just as Hi considers the role of objectively extremist laws on where respondents choose to live, Ho
similarly considers how partisans’ subjective perceptions of policy extremism influence their location

choices. To do so, Figure 1.2 displays the conditional average marginal component effects (cAMCEs)

4Per Hainmueller, Hopkins and Yamamoto (2014), this sample size translates to a total of 115,652 observations
of profiles shown (4 per respondent, including ones the respondent did not choose).

5 All models cluster standard errors by respondent, which is in line with method recommended in (Hainmueller,
Hopkins and Yamamoto, 2014).

5See Appendix A for marginal means plots corresponding to each set of experimental analyses.

"AMCEs may only be interpreted relative to each attribute’s baseline, not to other attribute levels.
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Figure 1.1: Average Marginal Component Effects, Full Sample
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stratified by respondent partisanship.

The results of this subgroup analysis offer varying levels of support for Ho across all three pol-
icy areas. Ideologically driven aversion to living in places with abortion bans once again offers
the strongest effects of any policy; Democratic respondents (n = 9,420) are approximately 20.0
points less likely to select a location where the procedure is fully banned than a location where it is
only restricted after the second trimester (p < 0.001). Similarly, Republican-identified respondents
(n = 8,247) are 5.2 points less likely to opt to move somewhere where the procedure is constitution-
ally protected (also p < 0.001), demonstrating their aversion to living in places with ideologically
incompatible abortion legislation.

As expected, respondents’ evaluations of gun and LGBTQ-related policies also differ across
partisan subgroups, with Republicans displaying greater aversion to places with more liberal policies
and Democrats similarly less likely to select locations with more conservative legislation on these
issues. Democratic respondents are approximately 11.1 points less likely to select a location where
automatic rifles and firearm open carry are allowed relative to one where open carry is still permitted,
but automatic rifles are banned (p < 0.001), while Republicans are similarly averse to moving to
places where firearms are heavily regulated. In the same vein, Republicans are also slightly opposed
to selecting locations where LGBTQ rights are protected (—2.1 points, p < 0.05), relative to one
where there are no explicitly defined legal protections.

Although these results generally support Hs, there are also some policy areas where parti-
sans do not display a noticeable aversion to ideologically incongruent policies (or a preference for
ideologically compatible ones). Notably, neither Democrats’ aversion to locations where hormone
replacement therapy is banned for minors nor Republicans’ preferences for selecting locations where
abortion is fully banned can be meaningfully distinguished from zero. This implies that there is a
substantial degree of ideological heterogeneity among partisan respondents’ views on these issues,
which may be interpreted as ambivalence toward moving to locations with these types of policies

on the books.
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Location Preferences by Respondent Partisanship
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1.5.3 Reconciling Aversion to Policy Extremism With Nonpolitical
Considerations

Overall, these results generally suggest that partisans are averse to choosing locations that have
enacted subjectively extreme policies that are ideologically incompatible with their party’s views on
these issues. But, how do individuals balance these preferences for more ideologically compatible
policy environments with the numerous nonpolitical factors they must consider while relocating?
The final set of hypotheses considers the estimated effects for all three policy attributes alongside
those for the three nonpolitical attributes. In line with Hs4 (Political Priorities Hypothesis), I expect
respondents to prioritize avoiding locations with objectively and subjectively extreme policies to a
greater extent than nonpolitical factors. However, per Hsp (Nonpolitical Priorities Hypothesis), I
also expect that they will still place greater weight on these other considerations compared to their
evaluations of ideologically moderate policies.

The AMCE estimates for the entire sample of respondents in Figure 1.1 suggest that individuals
prioritize avoiding locations with full abortion bans much more than places with higher than average
crime rates and costs of living, or below average schools. Indeed, Figure 1.1 shows the magnitude
of the abortion ban policy (—11.3 points, p < 0.001) is nearly twice that of the next most salient
attributes, above average crime rates (6.9 points, p < 0.001) and below average public schools (—6.0
points, p < 0.001). Individuals’ aversion to abortion bans is also much more substantial than their
unwillingness to select locations with higher than average costs of living (—5.3 points, p < 0.001).
However, respondents also generally place less weight on other types of extremist policies, relative
to these same nonpolitical attributes. These results offer mixed support for Hs4 and suggest that
aversion to abortion bans is a much stronger predictor of location selection than other types of
extreme policies when considered alongside nonpolitical considerations. At the same time, these
findings offer strong support for Hsp, which expects that respondents consider nonpolitical factors
to a greater degree than ideologically moderate policies.

To a certain extent, partisans emphasize avoiding ideologically incongruent, subjectively ex-
tremist policies to a greater extent than they do nonpolitical factors. However, as Figure 1.2 shows,
these trends vary by policy type with the clearest effects for gun policies. Here, Democrats are more
avoidant of lax firearm regulations (—11.1 points, p < 0.001) and Republicans more averse to exten-

sive gun control laws (—8.4 points, p < 0.001) than they are for any nonpolitical attribute. Similarly,

17



Democrats remain extremely averse to locations with abortion bans (—19.8 points, p < 0.001) rel-
ative to any other consideration, while Republican respondents are 5.2 points less likely to opt to
move somewhere where the right to an abortion is legally protected (p < 0.001), offering some
additional support for H34 among partisan subgroups.

Respondents from both parties place similar weight on all levels of the three nonpolitical at-
tributes, and all of these logistical factors play a role in shaping where partisans choose to live.
However, both Republicans and Democrats generally prioritize avoiding ideologically incongruent
policies to an equal or greater extent than these nonpolitical considerations when deciding where

to live. Altogether, these trends show mixed support for H3p among partisan subgroups.

1.6 Abortion Policy Extremism as a Case Study

The experimental results show that individuals are averse to moving to locations with extremist
abortion policies. The magnitudes of the AMCEs for the full sample show that the presence of an
abortion ban exerts the largest influence on respondents’ location choices of any attribute evalu-
ated in the experiment. The strength of these effects motivates a deeper look at how individuals’
perceptions of state abortion policies shape where they choose to live.

For these reasons, this supplemental exploratory analysis specifically analyzes state abortion
policies as a case study to explore how perceptions of reproductive policy extremism inform and drive
relocation choice. To explore these trends, I leverage an additional experimental subgroup analysis of
respondents’ own attitudes toward abortion, which provides additional measure of subjective policy
extremism to explore these patterns in an even more nuanced way. I also use novel observational
data comprised of voter files paired with an original dataset on state abortion laws. By evaluating
whether state abortion policies contributed to geographic sorting in the wake of Dobbs, this analysis

serves as a robustness check of the experimental findings.

1.6.1 Abortion Policy Self-Placement and Location Choice

I use respondents’ ideal policies on abortion as an additional measure of subjective policy extremism.
These data were collected as a supplemental question for all respondents in the same CHIP50 module

as the conjoint tasks. Respondents were asked to self-report their ideal abortion policies using a
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seven-point scale, where a one indicates that abortion access should always be banned and a seven
suggests that it should always be allowed. Though these data are limited to the issue of abortion, it
provides more nuance than simply relying on partisanship as a proxy for perceived policy extremism.

Because this final subgroup analysis stratifies respondents specifically by their abortion policy
preferences, this should shape the abortion policy cAMCEs more than those for any other attribute.
Specifically, I expect that respondents with more liberal policy preferences on abortion (n = 15, 387)
should be the most averse to moving to locations with abortion bans, as well as trimester limits,
while those with conservative preferences (n = 8,815) will avoid locations where the procedure is
protected.

The results in Figure 1.3 confirm these expectations. Respondents with liberal abortion policy
preferences, who are apt to view locations with restrictive abortion policies as ideologically extreme,
are 23.1 points less likely to move to places with bans and also 5.6 points less likely to move to
those with bans after the first trimester (both p < 0.001), both compared to locations where the
procedure is banned after the second trimester. Likewise, respondents with conservative abortion
preferences similarly prioritize avoiding locations where abortion is legally protected (—8.1 points,
p < 0.001).

Respondents with moderate abortion policy preferences (n = 4,613) generally share liberals’
aversion to locations with extremely restrictive abortion policies. Indeed, these individuals are still
13.1 points less likely to select a location where the procedure is banned (p < 0.001), although
the effects of the other two policy attributes on their location preferences cannot be meaningfully
distinguished from zero.

As expected, using a more nuanced measure of subjective extremism produces stronger and
more pronounced effects for the abortion attribute than simply relying on partisanship as a proxy
for respondents’ views. Among individuals with liberal abortion preferences, the cAMCEs for full
bans and bans after the first trimester of pregnancy exceed the magnitudes of these policies for
Democrats presented in Figure 1.2 (—19.8 points and —4.4 points respectively). Similarly, while
Republican respondents are only about 5.2 points less likely to move to locations with overt abortion
protections, individuals with conservative policy preferences on abortion are nearly three points more
likely to avoid such locations.

Altogether, this analysis suggests that individuals hold coherent policy preferences on abortion
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and account for them when evaluating potential places to live. Specifically, individuals’ abortion
policy preferences shape their ideological aversion to moving to places that are incompatible with
these views. Furthermore, the cAMCEs for respondents with moderate abortion preferences suggest
that abortion bans are seen as an extremist policy to a wide part of the American public—not just
individuals who hold liberal preferences on this issue.
1.6.2 The Influence of Extreme Abortion Policies on Observed Moving Deci-
sions
A majority of experimental respondents prioritize living in places without abortion bans more than
any other policy or nonpolitical factor when choosing where to live. Results of the subgroup analysis
by abortion policy preferences provide further nuance to this finding, and suggest that individuals
with liberal and moderate views demonstrate a high level of aversion to living in places with full
abortion bans.

The overall consistency of these results on abortion beg the question: in the post-Dobbs world,
are individuals genuinely accounting for a state’s abortion policy environment when deciding where
to move? To answer this question, I analyze 10,808 unique voter records from individuls in the
32 states with party-based voter registration, acquired in July 2024 from the political data firm
Catalist.® These records are a randomly selected subset of American adults in party registration
states who moved states at some point between 2016 and 2024, were registered to vote in both their
original and current states, and turned out in at least one general election between 2016-2022.

I pair these records with biannual data on post-Dobbs reproductive laws to create a policy-mover
dataset composed of interstate movers and respective state abortion policies. Although these data
are limited in pinpointing causal mechanisms, they serve as a precursory check of the robustness of
the experimental results.

Table 1.2 summarizes this dataset, providing a breakdown in how the severity of these laws
changed in the two year period following the ruling, ranging from August 2022 through August 2024.°

While this temporal scope may raise questions about generalizability due to post-COVID shifts in

8The full acquired Catalist sample includes 29,574 unique voter records from across all 50 states and Washington,
D.C.; however, only records of voters who both moved to and from states with party registration are considered in
the analysis.

°T begin the policy data collection period in August 2022 because many states’ abortion policy environments were
still rapidly evolving in the month immediately following the Court’s decision.
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Table 1.2: Classification of Abortion Laws by State, 2022 and 2024

August 2022 July 2024
Always Banned 9 states 14 states
First Trimester Ban 4 states 5 states
Second Trimester Ban 11 states 6 states
No Limits/Viability 27 states 26 states

I Table include 50 states plus DC. Classifications based on KFF.org’s Abortion Policy Dashboard,
http://kff.org/womens-health-policy/abortion-in-the-u-s-dashboard/

migration patterns that also occurred during this period, I argue that the substantive importance of
examining shifts in migration trends in the aftermath of the Dobbs decision nevertheless outweighs
these concerns. This is because this ruling, which was announced in June 2022, led to the largest
nationwide reconfiguration of state abortion policy environments since Roe v. Wade. The sheer
magnitude of this reconfiguration makes this intervention the most appropriate and compelling test
of policy-motivated relocation in recent times.'?

To investigate changes in Americans’ relocation behavior in the wake of Dobbs, I specify a
matched-ordered logit model to analyze shifts in partisan and demographic relocation trends before
and after the decision was announced. I use a 2 x 2 matching design incorporating nearest neighbor
matching with the Mahalanobis distance measure from the MatchIt R package to match voter files
on basic demographic information: race, gender, age, state of origin, and reported partisanship from
party registration records. Because all individuals in the dataset have moved between states, the
treatment variable is simply whether an individual relocated to a different state in the wake of the
Dobbs decision (matched sample n = 2,250 movers). I define a move as occurring post-Dobbs if
an individual registered to vote in their new state at any point during 2023 or 2024 (meaning that

the registration date occurred after December 31, 2022).'' Additionally, as noted above, this model

only considers records of voters moving both to and from states with party-based registration. This

10This does not rule out the possibility that broader migration patterns occurring over this same period confound
the main results. Appendix D presents a robustness check that accounts for this possibility, finding trends consistent
with the main results in Table 3.

1T define a move as occurring post-Dobbs if an individual registered to vote in their new state at any point during
2023 or 2024 (meaning that the registration date occurred after December 31, 2022). My rationale for lagging the
time frame of what is considered a post-Dobbs move is based on the assumption that individuals require a reasonable
amount of lead time to plan an interstate move. Even if people are moving in response to a post-Dobbs policy enabled
by the Court’s decision, it is extremely unlikely that someone who relocated on July 1, 2022—Iless than a week after
the Dobbs decision was announced—did so in response to the Court’s ruling. Instead, it is much more plausible that
individuals who sorted due to this decision—or in response to exogenous political shocks, more generally—did so in
the months and years following the decision, rather than in the more immediate term.
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additional constraint alleviates noted concerns regarding the validity of Catalist’s model of inferred
partisanship (VCI scores) for voters in non-party registration states that are otherwise likely to
impede the validity of this analysis (Blaemire, 2018). Additional specifications of the matched
model are available in Appendix C.

Compared to simply selecting a location with a given set of policies in a survey experiment, actu-
ally moving across states is a costly activity (Mummolo and Nall, 2017). Therefore, it is reasonable
to expect that the most likely individuals to relocate in response to ideologically extreme policies
are those who are both: 1.) directly affected by such policies and 2.) likely to find such policies
ideologically incongruent with their own views. For this reason, I examine shifts in the moving
behavior of Democratic women in the wake of the Dobbs decision, relative to before the ruling, in
addition to the broader analysis of changes in relocation trends among all sampled individuals in

response to the Court’s decision.

Table 1.3: Changes in Moving Trends, 2022-2024, Benchmarked Against Stated Reasons
for Moving (Census Data) Among Individuals Residing in Party-Registration States

Source Group % 2024 % 2024 % 2022 % 2022 % A
To State With To State With (2022 - 2024)
Post-Dobbs Ban Post-Dobbs Ban
Catalist Democratic 3.5 4.1 -14.6
(Party Women, Less
Registration  Restrictive
States) Origin States
All Movers 6.1 6.4 -4.7
U.S. Census!  Main Reason: 3.8 5.0 -24.6
(Party Housing Cost
Registration
States) Main Reason: 4.0 3.6 11.6
Crime Rate
Interstate/All 32.9 27.5 2.0
Moves

I Census data is acquired from the 2022 and 2024 Current Population Survey Annual Social and
Economic (ASEC) Supplements (U.S. Census Bureau, 2022, 2024).

To measure these shifts, I simply calculate the percent change associated with the predicted
probabilities of moving to a state where abortion is banned after the Dobbs decision, compared to

migrating to those same states before the ruling (all predicted probability estimates p < 0.001).
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The top two rows of Table 1.3 display these results, which show that Democratic women in states
without abortion restrictions were over 14% less likely to move to places with abortion bans in the
two years following the overturn of Roe v. Wade compared to before the ruling. This represents a
substantial shift in where Democratic women are choosing to live, as well as one that far exceeds
the change among the general population of movers. Across the entire sample of movers, individuals
are only 4.7% less likely to relocate to a state with an abortion ban post-Dobbs, relative to before
the decision. In other words, this analysis finds that there were overall declines in migration to
restrictive states over this period; however, the magnitude of shift is over three times as large
among Democratic women relative to the full sample of movers. Thus, migration from liberal to
conservative states has been especially tempered among Democratic women who choose to prioritize
living in states where abortion access remains unrestricted.

How did the overall rate of interstate movers change throughout this period, and how do the
logit results compare to shifts in more commonly-cited reasons for moving? The bottom row of
Table 1.3 reports the percentage of interstate moves (relative to all domestic moves) computed
from estimates in the Current Population Survey. These numbers show a modest increase in the
proportion of interstate moves over this period. Meanwhile, the third and fourth rows of Table 1.3
display the percent change in movers citing housing costs and crime rate as primary reasons for
relocating to another state. Between 2022 and 2024, the percentage of Americans citing lower
housing costs as a reason for moving states decreased substantially, but there was a considerable
increase in interstate relocations motivated by the desire to live someplace with lower crime rates.

Comparing these changes suggests that shifts in policy-motivated migration resulting from the
Dobbs decision are relatively modest compared to nonpolitical factors among the overall popula-
tion of movers. However, there are larger changes in relocation trends among Democratic women
originating in states with liberal abortion policies post-Dobbs. 1 argue that these shifts may be
emblematic of larger downstream changes to how relocating Americans determine where they are
(and are not) willing to live based on their perceptions of abortion policy extremism in potential

destination states.

24



1.7 Discussion and Implications: Policy Extremism, Migration, and Represen-
tation

This paper revisits the geographic sorting debate in a unique time. Given the surge in state-level
extremist laws that characterize today’s reinvigorated era of American federalism, the question of
whether individuals ‘vote with their feet’ now holds new—and higher—stakes. Indeed, the patch-
worked and polarized nature of today’s state policy environments force individuals to confront
democratic dilemmas that arise from the intersection of polarization and federalism. In theory, this
combination of factors means that Americans have a wider tapestry of choices on state-level poli-
cies governing deeply personal social and cultural issues that may affect where they choose to live.
However, the very fact that states are legislating such issues—many of which directly affect what
their residents can and cannot do in their personal lives—means that individuals are increasingly
averse to living in places where these policies are incongruent with their own views.

The experimental results provide strong support for the theory that Americans consider objec-
tively and subjectively extremist policies in their relocation preferences. Specifically, these findings
demonstrate that individuals are averse to relocating to places with policies that they perceive to
be incongruent with their own views. Furthermore, these findings suggest that state-level abortion
policies, especially full bans on the procedure, are especially prominent in shaping perceptions and
reactions to state policy extremism in the post-Dobbs era. The observational voter file analysis
offers additional support for these findings, suggesting that Democratic women originating in states
without abortion restrictions are much less likely to move to states where the procedure is banned in
the two years following the Dobbs decision, relative to American movers overall during this period.

Although the observational results suggest that politically motivated migration is generally con-
strained to a handful of ideologically oriented individuals who are also directly affected by these
policies, they nevertheless have broader implications for democratic representation and good gov-
ernance. Even small-scale geographic sorting can accelerate the decline of cross-cutting partisan
and ideological identities (Treier and Hillygus, 2009, Mason, 2018); phenomena that hold deeper
implications for the state of democratic norms and civil discourse in American politics today. These
consequences are broad and far-reaching, and include increased levels of affective polarization and

declining opportunities to engage in discourse across party lines, as residents of increasingly po-

25



litically homogeneous areas have fewer opportunities to interact with out-partisans in daily life
(Iyengar, Sood and Lelkes, 2012, Butters and Hare, 2022).

Additionally, growing levels of perceived objective and subjective extremism in state environ-
ments may further fuel geographic segmentation into liberal and conservative enclaves. Specifically,
residents of politically compatible neighborhoods are more likely to have their ideological attitudes
reinforced (Brown, 1981, Tam Cho, Gimpel and Hui, 2013) and to engage in motivated reasoning,
taking greater cognitive leaps to justify their party’s positions in ideologically homogeneous settings
than in politically diverse environments (Mutz, 2002, Klar, 2014, Mason, 2018). Together, these
processes facilitate the emergence of partisan enclaves, politically homogeneous areas dominated by
a single party (Hui, 2013, Hopkins, 2017). Such enclaves allow candidates for elected office to pro-
pose increasingly ideologically extreme policies, while simultaneously reducing the likelihood that
ideologically moderate candidates seek and win office (Stone, 2017, Utych, 2020). This dynamic
amplifies the voices of ideologically aligned citizens, by increasing their perceptions of efficacy, while
simultaneously lowering political engagement among those holding opposing views (Anderson et al.,
2005).

For all of the reasons outlined above, even if geographic sorting is limited to a small number of
Americans, the downstream effects of these moves nevertheless produce larger consequences for cross-
cutting identities, ultimately exacerbating existing problems related to representation, democratic
health, and good governance in contemporary American politics. Although politically motivated
migration is far from the only cause of these challenges, empirically evaluating how these dynamics
might perpetuate and reinforce each other is a valuable topic for future research on ideological
sorting, political migration, and state-level policy extremism.

Overall, this analysis speaks to the importance of gaining a greater understanding of how Amer-
icans’ perceptions of policy extremism shape where they choose to live. This is especially true as
states continue to engage in contentious, ’culture war’ policymaking and the Supreme Court moves
past abortion to tackle other hard-hitting and symbolic cultural issues, such as access to gender-
affirming care (Sherman, 2024), ideological aversion to left- and right-leaning policies governing
these matters may become even more central considerations shaping where Americans prefer to live
going forward. Untangling this, and other ramifications of contentious state policymaking, are valu-

able endeavors for future research that strives to understand the social and cultural divides shaping
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the patchworked landscape of state policies that increasingly characterize American politics today.
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Chapter 2

Did Changes to the Voting Rights Act Cause Electoral Backsliding in the States?

“I came here for one reason: to share my work."
— Alysa Liu

Introduction

From its inception in 1965 until the United States Supreme Court ruled it unconstitutional in its
monumental Shelby County v. Holder (2013) decision, Section 4(b) of the Voting Rights Act of
1965 (VRA) stipulated a formula that deemed certain states and localities ‘covered,” and required
them to seek ‘preclearance’ from the Department of Justice before changing their electoral laws.
These ‘covered’ jurisdictions were selected on the basis of their history of engaging in antidemocratic
practices, including denying and diluting the voting power of racial and ethnic minorities through
cost-increasing electoral institutions.

Given this history, when the Supreme Court declared the coverage formula outlined in Section
4(b) unconstitutional, many prominent figures on the left immediately denounced this decision over
concerns that abolishing these protections would result in a drastic decline in political participation
and democratic well-being across these jurisdictions.! In her dissenting opinion, Supreme Court
Justice Ruth Bader Ginsburg famously stated that “throwing out preclearance when it has worked. . .
is like throwing away your umbrella in a rainstorm because you are not getting wet”? and that
“there is no question... that the covered jurisdictions have a unique history of problems with
racial discrimination in voting.”® In an official White House statement, then-President Obama
commented that the decision “upsets decades of well-established practices that help make sure voting

is fair, especially in places where voting discrimination has been historically prevalent.”® Indeed,

!See, e.g., Singh and Carter (2023).

2Shelby County v. Holder, 570 U.S. 529, 561 (2013) (Ginsburg, J., dissenting), 590.

3 Shelby County v. Holder, 570 U.S. 529, 561 (2013) (Ginsburg, J., dissenting), 576.

4“Statement by the President on the Supreme Court Ruling on Shelby County v. Holder.” White House Office of
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the months following the Court’s decision saw a flurry of activity in states previously covered by
Section 4(b), including increased voter identification requirements and limits on access to polling
places (Fuller, 2014). It is possible—and indeed, in some cases likely—that many of these bills
would have run into legal difficulties if proposed while preclearance requirements were still in effect.

The following analysis tests how much these pessimistic prognostications about the effects of the
Shelby County decision reflect subsequent reality by asking: to what extent did electoral backsliding
occur in formerly covered states as a consequence of the Supreme Court’s decision that Section 4(b)
of the VRA was unconstitutional?

In the years following the Court’s decision, scholars of American electoral institutions and elec-
tion law have attempted to assess the impact that the end of coverage has had on electoral participa-
tion in formerly covered jurisdictions. This paper contributes to the growing literature on electoral
democracy in U.S. states in two important ways. First, while previous work has considered how the
Shelby County decision impacted voter registration and turnout rates in formerly covered states, the
literature has thus far yet to test whether the abolition of coverage protections have affected overall
levels of electoral democracy and democratic health in these jurisdictions. Second, this paper uses
estimates from a holistic measurement model, the State Democracy Index, to examine changes in
levels of electoral democracy writ large in formerly covered states after the Shelby County decision,
a novel contribution to the burgeoning literature on the health of electoral democracies (Waldner
and Lust, 2018, Garnett and James, 2018, Grillo, Prato and Wolton, 2024). I incorporate this
measure in an innovative causal inference design, synthetic difference-in-differences, to determine
how the Shelby County ruling affected levels of electoral democracy in formerly covered states. By
combining features of standard difference-in-difference and synthetic control designs, the synthetic
difference-in-difference estimator improves on the robustness of conventional difference-in-difference
designs, especially in cases where the parallel trends assumption is unlikely to hold (Arkhangelsky
et al., 2021).

The remainder of the paper proceeds as follows. I provide an overview of the existing literature
investigating the impacts of the Shelby County decision on electoral participation in formerly covered
jurisdictions. The paper then introduces the State Democracy Index (SDI), first introduced in

Grumbach (2022), which is used as a measure of annual levels of electoral democracy in each state.

the Press Secretary, 2013.
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This section also draws upon the democratization literature and a qualitative case study from
South Carolina’s 2011 voter identification law to establish why it is worthwhile to look at general
trends of electoral health to evaluate the impacts of the Court’s decision and motivate why the
SDI is appropriate to measure these effects. I next introduce the synthetic difference-in-difference
estimator, which I use to specify two models testing the theory that the Court’s ruling should have
led to lower levels of electoral democracy in former fully and partially covered states. Ultimately,
neither model produces discernible effects, which leads me to conclude that the Shelby County

decision did not noticeably reduce levels of electoral democracy in formerly covered states.

2.1 Race, Registration, and Turnout: the Existing Literature on Shelby County

In the years since the Court’s decision, a number of studies have attempted to elucidate how the
end of Section 4(b) has impacted voter registration and turnout in formerly covered jurisdictions,
generally finding that the effects of the Shelby County decision on electoral participation and rep-
resentation have not been as grim as predicted.

Raze (2022) uses a triple differencing method and validated turnout data from the Congressional
Elections Study (CES) to identify how Shelby County impacted turnout in fully and partially covered
states, compared to uncovered ones. These findings suggest that the Court’s decision did not increase
turnout disparities between blacks and whites in formerly covered jurisdictions (Raze, 2022).

Several other studies exploit the fact that six states were not subject to statewide preclearance
restrictions under Section 5, but were instead subject to preclearance requirements on a county-
by-county basis (Gibson, 2020, Komisarchik and White, 2023). This county-level analysis provides
additional causal leverage on the effects of the Court’s decision because it allows for the comparison
of turnout and vote share outcomes across treated and untreated counties within the same state,
which controls for electoral characteristics that may otherwise vary by state.

Most work that exploits county-level variations in coverage status does so in North Carolina,
where forty out of 100 counties—the most of any partially covered state—were subject to pre-
clearance under Section 5. Fresh (2018) uses a difference-in-difference design to examine how the
introduction of preclearance laws in North Carolina following the passage of the Voting Rights Act

affected minority voter registration and overall turnout rates in subsequent federal elections. This
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analysis yields mixed results, and ultimately concludes that “societal gains from the VRA... were
modest” (714). Indeed, while county-level coverage protections in North Carolina boosted voter
registration and turnout rates among both blacks and whites, preclearance was also linked to de-
clining levels of Democratic vote share, likely from reactionary whites (Fresh, 2018, Gibson, 2020)
uses regression discontinuity designs to explore how the Court’s decision impacted 2016 Democratic
turnout and vote share, finding similarly mixed results. While this analysis suggests that the aboli-
tion of preclearance decreased Democratic primary turnout in these counties, it ultimately concludes
that the Court’s decision had no impact on Democratic vote share and minimal effects on minority
turnout rates (Gibson, 2020).

Importantly, all of this research examines the ramifications of the Shelby County decision on
voter registration and turnout rates in formerly covered jurisdictions, finding that the abolition of
coverage generally had negligible effects on levels of political participation. Like previous work,
my paper considers the impact of the Court’s decision in both fully and partially covered states.
However, my analysis is distinct from the rest of this literature in that it uses estimates of state-
level electoral democracy as its primary outcome variable of interest. Such an approach enables
this paper to make inferences about Shelby County’s effects on levels of electoral democracy and
democratic health writ large, rather than solely focusing on how this decision has impacted more
conventional metrics of electoral participation.

The following section introduces the State Democracy Index. While doing so, it elaborates on
the importance of undertaking this analysis by establishing a theoretical framework, grounded in
the democratization literature, that explains why it is worthwhile to consider how Shelby County
impacted levels of electoral health in formerly covered states and how doing so advances our under-

standing of the broader impacts of the Court’s decision.

2.2 The State Democracy Index and the Importance of Measuring Electoral

Democracy

In the United States, federalism gives states wide purview to regulate the franchise as they see
fit (Keyssar, 2009). This has essentially led to the creation of fifty different electoral systems,

referring to the subnational election administration apparatuses developed by each individual state.
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These subnational institutional differences imply that it is plausible, if not likely, that states’ levels
of electoral democracy will differ significantly from one another, even absent larger institutional
shocks like the Shelby County decision. Consequently, I define state-level electoral democracy as
the extent to which a state’s electoral system holds fair and legitimate elections (Schumpeter, 1942,
Dahl, 2003).%:6

To capture the effects of the Court’s decision on estimates of state-level electoral democracy over
time, I rely on the State Democracy Index (SDI), a latent variable measure of electoral democratic
health developed in (Grumbach, 2022).” The SDI is composed of 950 observations, each representing
an estimated level of democracy for each of the fifty U.S. states from 2000-2018. To develop these
estimates, the SDI uses Bayesian factor analysis modeling for mixed data to create an index com-
posed of 51 measures of state-level electoral democracy (Grumbach, 2022).8 These measures cover a
range of factors that affect electoral participation, representation, and responsiveness, ranging from
whether or not a state has enacted cost-increasing electoral institutions, such as voter identification
laws, to the extent to which state-level policy outcomes reflect popular opinion. Per (Grumbach,
2022), the individual factor loading score associated with each component determines how it affects
a state’s overall SDI score.

For example, states with strict voter identification laws will have lower SDI scores, ceteris paribus,
than those that do not; whereas states that have enacted absentee voting or same day registration
will have higher SDI scores than those that have not enacted such reforms.” When compiled together

to create the SDI, these factors shape whether a state has a high or low estimated level of electoral

This definition of electoral democracy is equivalent to one used in (Grumbach, 2022). This ensures that my use
of this measure to gain leverage on electoral democracy as it relates to the impacts of the Shelby County decision is
consistent with its intended use.

5Tt is also important to differentiate electoral democracy from liberal democracy, the latter of which references
how well a democratic system upholds and protects the rights and liberties of its citizens (Grumbach, 2022). I follow
in the footsteps of Grumbach by considering state-level electoral democracy a subtype of overall American democracy.
This is an especially important distinction for the purposes of this project because the electoral SDI only considers
levels of electoral democracy and thus cannot provide any leverage on how levels of liberal democracy may have
changed across states over time.

"Though loosely correlated with the Cost of Voting Index (COVI) (Grumbach, 2022), the SDI goes beyond
measuring the ease of voting in each state. Indeed, by estimating levels of state-level electoral democracy annually—
including during midterm election and off-cycle years—and incorporating measures of the efficiency and fairness of
state election administration, such as the completeness of a state’s voting records, the index goes beyond COVI’s
goal of assessing the ease of voting in each state during presidential election years (Schraufnagel, Pomante and Li,
2022) to serve as a more holistic measure of overall democratic health in each state.

8The full SDI utilizes 115 measures of electoral, liberal, and egalitarian democracy (Grumbach, 2022, Grumbach,
2023). In line with the approach used in (Grumbach, 2022), I only use the SDI’s 51 indicators of electoral democracy.

9For more information about the individual components included in the SDI index (and their associated factor
loadings), see Figure 1 in (Grumbach, 2022).
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democracy for any given year.

I define electoral health as how high (or low) each U.S. state’s level of electoral democracy is for
a specific year, which is given by each SDI estimate. That is, higher SDI scores suggest higher levels
of electoral health, while the reverse holds true for lower scores. Consistent with other measures of
electoral democracy that operationalize electoral democracy as a continuous variable,'? the SDI is
a continuous measure of electoral democracy with estimated levels of democracy ranging from the
lowest score of —3.08 (Tennessee, 2018) to a high of 1.89 (Washington, 2018). By providing annually
estimated levels of electoral democratic health in the years preceding and following the overturn of
Section 4(b), the SDI therefore enables us to track how levels of electoral democracy within states
shifted in response to the Shelby County decision. If SDI-estimated levels of democracy in formerly
covered states abruptly declined in the wake of the Court’s ruling, this suggests that the abolition
of preclearance resulted in a non-negligible degree of electoral backsliding in the years that followed.
On the other hand, if there is no noticeable change in these SDI estimates in subsequent years,
this suggests that the abolition of coverage did not result in declining democratic health in these
jurisdictions.

Consistently low SDI estimates in formerly covered states following the Court’s decision may
indicate that the end of preclearance led to electoral backsliding in these places. The democra-
tization literature characterizes electoral backsliding as the process by which elections are made
less competitive without entirely undermining the electoral process or system (Waldner and Lust,
2018). This may be accomplished by implicitly restricting participation without overtly or explicitly
abolishing the norms of universal suffrage (Waldner and Lust, 2018), but in a way that nevertheless
results in a decline in the quality of elections (Garnett and James, 2023).

For an example of preclearance restrictions standing in the way of an electoral reform that, when
enacted, could have resulted in democratic backsliding, consider the example of voter identification
laws. Citizens of a state that enacted a voter identification law following the ruling should find it
more costly to vote than before such a regulation was enacted (Highton, 2017). South Carolina
stands out as an example of a state that was subject to full coverage under Section 4(b) of the

VRA, but nevertheless attempted to implement a voter identification proposal in the years leading

10For one example of this, see the Varieties of Democracy (V-DEM) Electoral Democracy Index, which measures
electoral democracy in continuous terms, rather than merely noting the presence or absence of free and fair elections
in binary terms.
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up to Shelby County decision. In December 2011, the U.S. Department of Justice (USDOJ) blocked
Act R54, which would have required all South Carolina voters to present a valid form of photo
identification in order to vote, under Section 5 of the VRA (Savage, 2011). Writing on behalf
of the USDOJ, Assistant Attorney General for Civil Rights Thomas E. Perez argued that the
proposed law would disproportionately impact minority voters, drawing on evidence that nearly
82,000 minority citizens who were previously registered to vote lacked one of the acceptable forms
of photo identification required to cast a ballot under the new law (United States Department of
Justice Civil Rights Division, 2011).

The case of South Carolina’s Act R54 shows that, prior to the Shelby County decision, preclear-
ance worked as intended to prevent covered states from passing laws that would have contributed
to electoral backsliding by implicitly restricting certain groups of citizens’ ease of voting. To help
evaluate these trends, the SDI includes an indicator of whether or not states have passed voter iden-
tification laws, finding that such laws are negatively associated with higher levels of state democracy
(Grumbach, 2022).

South Carolina’s failed effort to implement a voter identification law helps explain that covered
states were likely to have enjoyed higher levels of electoral democracy prior to the Shelby County
decision because of the threat of federal intervention under Section 5. Because the Court’s decision
abolished federal oversight over electorally burdensome laws, this ruling enabled states to pass laws
that could foster backsliding by making voting more difficult. Sure enough, in the years following
the Court’s decision, previously covered states used their newfound legal discretion to adopt voter
identification laws that were substantially stricter than those enacted in states that had never been
subject to preclearance (Komisarchik and White, 2023). If Shelby County indeed led to electoral
backsliding in formerly covered jurisdictions, then we should expect levels of electoral democracy in
these states to decline resulting from the abolition of these coverage protections and the subsequent
implementation of cost-increasing electoral regulations, such as voter identification laws.

The example of South Carolina’s voter identification law illustrates a scenario where we would
expect that SDI estimates should decline following the Court’s decision, signaling a decrease in
electoral health. Given this example, some might question why I do not use voter identification
laws (or other specific electoral cost-increasing regulations) as my outcome variable instead of the

broader electoral SDI. However, I argue that the justification given above helps explain why it is
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worthwhile to discern how the Shelby County decision has impacted electoral health more broadly.
For all of these reasons, using the SDI to measure levels of electoral democracy elucidates Shelby
County’s impacts on an entirely new set of outcomes related to electoral health. Rather than using
registration and turnout data to examine the ease of minority participation in formerly covered
states—as previous studies have done—this analysis considers a broader set of outcomes related
to electoral democratic health; and thus provides leverage on the important question of whether
or not the Court’s decision led to electoral backsliding in affected states. In other words, rather
than considering how the ruling impacted a singular policy outcome, use of the SDI allows for the
understanding of how bundled changes to state electoral laws, each with different effects on SDI
scores, impacts levels of electoral democracy within formerly covered states in the years following

the Court’s decision.

2.3 Testing Shelby County’s Impacts on State-Level Electoral

Democracy

To evaluate how levels of electoral democracy in formerly fully and partially covered states changed
following the Shelby County ruling, I use SDI-estimated levels of state-level electoral democracy
across all fifty states from 2000-2018 as my dependent variable in two synthetic difference-in-
difference models.

Specifically, I test whether levels of electoral democracy in formerly fully and partially covered
states have regressed in the aftermath of Shelby, each compared to states that were not subject to
preclearance requirements. Table 2.1 outlines the specifications of each model in depth. Prior to
the Court’s decision, nine states were fully subject to preclearance requirements under the coverage
formula given in Section 4(b). Furthermore, jurisdictions across six additional states were subject
to county and municipal-level coverage requirements, even though preclearance was not mandated
statewide. For this reason, I conduct two separate analyses. Model 1 evaluates how SDI scores
in fully covered states changed following the Court’s ruling compared to uncovered states, whereas
Model 2 considers how partially covered states were affected by the decision (again relative to
uncovered states). Because I consider two different groups of states as treated, I omit the other

treated group not under consideration in each model. For example, Model 1, which estimates how
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Shelby County affected SDI scores in fully covered states, omits the six partially covered states from
its analysis, while Model 2 excludes fully covered states. This approach addresses treatment group
contamination concerns that might compromise the validity of the synthetic difference-in-difference
estimates.

Table 2.1: Synthetic Difference-in-Difference Model Specifications

Model 1 Model 2
Fully covered only Partially covered only
Treated states AL, AK, AZ, GA, LA, MS, CA, FL, MI, NY, NC, SD
SC, TX, VA
Excluded states CA, FL, MI, NY, NC, SD AL, AK, AZ, GA, LA, MS,
SC, TX, VA
Total sample size 836 779
Treatment period 2013-2018 2013-2018

I define the treatment period as beginning in 2013. Though not a federal election year, some
states began implementing new laws immediately after the Court announced its decision, which
would have gone into effect before the year was up. Perhaps most notably, North Carolina imple-
mented a sweeping law that, among other changes, imposed voter identification requirements and
eliminated same-day voter registration (Lerner, 2023). Additionally, four states—three of which
were fully subject to preclearance requirements prior to 2013—hold off-year elections.!! For these
reasons, we should expect to see the effects of the Court’s decision begin to alter levels of electoral
democracy in states subject to the ruling in 2013.

Estimating these models allows for the comparison of how levels of electoral democracy, op-
erationalized through the SDI, changed among the states subject to full and partial coverage as
a result of the Shelby County decision. If there is a significant decline in SDI-given estimates of
electoral health in the years following the ruling, this shows that Shelby County adversely affected
levels of electoral democracy in affected jurisdictions, and suggests the possibility that these states

experienced electoral backsliding in the following years.

1T ouisiana, Mississippi, New Jersey, and Virginia.
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2.4 Synthetic Difference-in-Differences

Previous work uses standard difference-in-difference methods to evaluate the impacts of the Shelby
County decision on state-level electoral outcomes (Gibson, 2020, Komisarchik and White, 2023).
However, evaluating the pre-treatment trends of SDI estimates for treatment and control group
states shows that the parallel trends assumption is unlikely to hold.'> Because parallel trends
between the treatment and control groups is a crucial identification assumption of difference-in-
difference designs, this suggests that the conventional difference-in-difference estimator cannot ac-
curately measure how the Shelby County decision affected levels of state democracy in formerly
covered states.

To overcome these parallel trends violations, I use the synthetic difference-in-difference method
and Synthdid R package introduced in Arkhangelsky et al. (2021) to estimate the effect of the Shelby
County decision on electoral democracy via the SDI. Synthetic difference-in-differences builds off of
the standard difference-in-difference design by integrating the synthetic control method’s practice
of deriving unit-specific weights to reweight control group states, placing greater weight on those
that are most similar to treated states (Arkhangelsky et al., 2021). This method then combines
these unit weights (w;) with time weights (\;) that balance the pre-treatment time trends of the SDI
with those in the post-treatment period by emphasizing which years in the pre-treatment period,
spanning from 2000-2012, are most similar to those in the post-treatment period, beginning in 2013.
By incorporating this combination of unit and time weights, the synthetic difference-in-difference
estimator has been shown to increase the robustness of treatment effect estimates, especially in

scenarios where parallel trends are unlikely to hold (Arkhangelsky et al., 2021).

Computing the Synthetic Difference-in-Difference Weights

Formally, I use the following equation to compute state weights (w;) that minimize the difference
between the SDI score in the average treated state and a weighted average of SDI scores in untreated

states in the years prior to 2013, when the Shelby County decision was announced.'3

128ee Appendix F for event study plots and a formal test of the validity of the parallel trends assumption for this
study.
13 Appendix G shows the distribution of unit weights assigned to control group states.
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Here, wg represents the average differences between the treated and control states in the pre-
treatment period. Consequently, this term produces a weighted average of the pretreatment control
group states. Yy is the SDI score in state ¢ and year ¢, Tprp is the number of pretreatment periods
(the 13 years spanning from 2000-2012), N is the total number of treatment and control group
states, €2 is the set containing all valid weights w in which w sums to one and all unit weights w;
fall in the set between 0 and 1, and ( is a regularization parameter derived in (Arkhangelsky et al.,
2021).

To compute the time weights (\;) that reweight the pre-treatment years in the years preceding
the Court’s decision so they are most similar to those in the posttreatment period, I minimize the

following equation that is nearly identical to the above:
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Finally, I use the products of the unit and time weights as the weights in the weighted difference-

in-difference least squares regression given below:
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Where W;; is an indicator that shows whether state ¢ was subject to preclearance at time ¢, 7 is
the treatment effect, and «; and f; are state and year fixed effects, respectively. The parallel trends
plots in Figures 2.1 and 2.2 illustrate the reweighting of the treatment and control group subsets

used in each model.
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Figure 2.1: Parallel Trends Plot, Fully Covered States (Model 1)
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Notes: The black arrow denotes the magnitude of the treatment effect for each of the two models. The
faint gray arrow represents the 95% confidence interval for the treatment effect estimate. The blue segment
of the parallelogram shows the estimated change from the weighted pre-treatment average to the
post-treatment average among fully covered states. The red segment shows the same for uncovered states.
The size and shape of the pink triangles at the bottom of the figure indicate the distribution of the
calculated time weights (\;) used to average pretreatment time periods to make them the most similar to
the posttreatment periods.
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Figure 2.2: Parallel Trends Plot, Partially Covered States (Model 2)
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Notes: See figure notes from Figure 2.1.
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2.5 Shelby County’s Null Effect on Electoral Democracy

Table 2.2 provides estimates of the four difference-in-difference models aimed at assessing the impact
of the Shelby County decision on estimated levels of democracy in previously covered states. Models
1 and 2 are both synthetic difference-in-difference models that evaluate how the Court’s ruling
affected SDI estimates in fully and partially covered states, respectively. Models 3 and 4 estimate
use a conventional difference-in-difference method to estimate the ATT for each of these treatment
groups.'* The synthetic difference-in-difference results from Models 1 and 2 are also illustrated in
the parallel trends plots in Figures 2.1 and 2.2, where the black arrow denotes the magnitude of the
treatment effect for each of the two models.

Table 2.2: Estimated Difference in Difference Effects of the Shelby County Decision on State
Democracy Index Scores

Outcome: SDI

Synthetic DiD Standard DiD

Model 1 Model 2 Model 3 Model 4
ATT (fully covered states) 0.165 (0.173) 0.101 (0.235)
ATT (partially covered states) 0.001 (0.349) —0.088 (0.635)
State FEs Y Y Y Y
Year FEs Y Y Y Y
N 836 779 836 779
*p <0.1.
**p < 0.05.
**p < 0.01.

Standard errors (clustered by state) in parentheses.
ATT, average treatment effect on the treated; SDI, State Democracy Index; FEs,
Fixed Effects; DiD, Difference-in-Differences.

In contrast with expectations that the overturn of Section 4(b) would lower levels of democracy
and contribute to electoral backsliding in formerly covered states, the estimates in Models 1 and 2
offer no evidence that this actually occurred. Furthermore, the conventional difference-in-difference
estimates presented in Models 3 and 4 replicate this null result.

Among fully covered states, the treatment effect estimate of the synthetic difference-in-difference

MThough the results of a formal test of the parallel trends assumption presented in Appendix F suggest that
parallel trends do not hold, I incorporate standard difference-in-difference estimates to compare with the synthetic
estimates, a strategy used in other recent work using synthetic difference-in-differences, such as ?.
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treatment effect estimate in Model 1 (0.165) suggests that, relative to uncovered states, fully cov-
ered states saw a moderate increase in state levels of democracy from 2013-2018. However, the
standard error (0.173) implies that the possibility of no change cannot be rejected. Similarly, the
treatment effect estimate in Model 2, which compares SDI scores in partially covered states to those
in uncovered states, is virtually indistinguishable from zero (0.001).

The treatment effects estimated from the standard difference-in-difference models presented in
Models 3 and 4 also align with these null findings. The magnitudes of the conventionally esti-
mated treatment effects for fully and partially covered states (0.101 and —0.088, respectively) are
marginally lower than the corresponding synthetic difference-in-difference estimates identified in
Models 1 and 2. In line with the synthetic ATT estimates, however, neither conventional difference-
in-difference estimate can be confidently distinguished from zero.

The results of all four models suggest that the predicted negative effects of the Shelby County
decision on electoral health in formerly fully and partially covered states did not happen in the years
following the ruling. In fact, there is no conclusive evidence of any positive or negative changes
to levels of electoral democracy in affected states. Overall, the results of this analysis suggest that
the effect of the Court’s ruling on levels of democracy in states formerly subject to full and partial

coverage is reliably null.

2.6 Where Do We Go From Here?

The results of the synthetic difference-in-difference analysis find no evidence of electoral backsliding
within previously fully or partially covered states resulting from the overturning of Section 4(b) of the
VRA. Though this lack of discernible effects may come as a surprise from a substantive perspective,
it is consistent with other recent studies that examine the Shelby County decision’s effect on voter
registration and turnout and minority representation (Gibson, 2020, Komisarchik and White, 2023,
Raze, 2022). This result also aligns with a related body of work that generally finds that other
state-level electoral reforms that may be construed as increasing the costs of political participation,
such as the passage of voter identification laws, do not actually do so in practice (Erikson and
Minnite, 2009, Alvarez, Bailey and Katz, 2008, Rocha and Matsubayashi, 2014, Highton, 2017).

With that said, determining why the Court’s decision did not result in electoral backsliding in
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formerly covered states is nevertheless a valuable direction for future research. Though both theory
and empirics indicate that SDI captures a single (unidimensional) latent variable representing demo-
cratic health, additional work could be done to consider whether it can be principally disaggregated
into multiple dimensions and, if so, whether they are equally sensitive to events such as the Shelby
County decision.'® Such an exercise could serve to better elucidate why the Court’s ruling did not
cause electoral backsliding in fully and partially covered states.

Another opportunity for future work could involve using a continuous difference-in-differences
design to operationalize the percentage of a state’s population subject to coverage prior to the
Court’s decision as a continuous treatment variable.!® Because such a design defines treatment
status as a continuous measure, rather than a binary variable that simply notes whether or not
a state is fully or partially covered, it would allow for the inclusion of both fully and partially
covered states in the same model, thus increasing the number of observations under consideration.
Consequently, using a continuous difference-in-difference design to elucidate how the percentage of
a state’s residents subject to coverage prior to the Shelby County decision affects the SDI presents
a worthwhile direction for future research.

Although these findings are in line with existing results about how state-level electoral institu-
tions influence the ease of voting, they nevertheless contribute to the expanding body of literature
on electoral institutions and political behavior. While previous studies use difference-in-difference
(Fresh, 2018, Gibson, 2020, Komisarchik and White, 2023) and triple differencing identification
strategies (Raze, 2022), this paper uses the recently developed synthetic difference-in-difference es-
timator to find similar results to prior work that uses conventional methods. Substantively, this
analysis moves beyond previous work’s focus on how the Shelby County decision impacted voter
registration and turnout rates to instead consider its effects on state-level estimates of democratic
health more generally by considering how annual State Democracy Index scores in formerly fully
and partially covered states changed in the years following the ruling. While a decline in SDI scores
in subsequent years would indicate that the abolition of coverage led to lower levels of electoral

health in affected states, and suggest that the Court’s decision led to electoral backsliding, my

15For example, there is a possibility that the SDI's 16 gerrymandering components are separable from its other
35 components (many of which pertain to the presence or absence of various restrictive and expansive state-level
electoral institutions).

18T am grateful to an anonymous reviewer for this suggestion.
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analysis finds no evidence of backsliding resulting from the overturn of Section 4(b). Justice Ruth
Bader Ginsburg’s metaphorical ‘umbrella’ is now more than a decade gone, and residents of formerly

covered states still do not appear to be getting wet.
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Chapter 3

Investigating the Utility of LLM-Based ‘Silicon Samples’ in Political Science
Conjoint Experiments

“I am not afraid, I was born to do this."

— Joan of Arc

3.1 Introduction

Survey research in the social sciences is currently facing major challenges, including decreasing re-
sponse rates and quality of responses, unbalanced samples, and increasingly limited funding sources
(Jamieson et al., 2023). To potentially remedy these issues, computational social scientists have
leveraged the algorithmic bias of large language models to simulate diverse profiles of human re-
spondents through ’silicon sampling’ (Argyle et al., 2023, 7). Though not an appropriate large-scale
replacement for human respondents, silicon sampling may nevertheless offer a cost-effective way to
simulate large samples in survey research.

Forced-choice conjoint designs present a potentially fruitful application of this method that
has not yet been systematically tested in this literature. At present, conjoint designs are a very
commonly used method in experimental political science research. Between 2014 and 2021, 61
conjoint experiments were published in top political science journals (Ganter, 2023). Furthermore,
because these tasks present significant cognitive burdens on live respondents, understanding whether
silicon respondents can accurately mirror human preferences might substantially ease constraints
on researchers utilizing this method.

This research note serves as an initial test of LLMs’ ability to stand in for human subjects in
conjoint experiments. Specifically, it evaluates the extent to which silicon samples can accurately
reflect the preferences and decisions of live respondents in forced-choice conjoint tasks in ways that

make sense for social scientists to use them in everyday research. For this reason, it focuses on
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evaluating the viability of synthetic subjects generated from three smaller models: OpenAl’s GPT
40-Mini, Meta Al's Llama 3.2, and Mistral’s Magistral-small-2506; critically, without extensive
prompt engineering. While future work might explore how larger models and advanced LLM tuning
strategies can improve these outcomes, this project simply endeavors to provide a baseline, ’ground
truth’ metric of LLMs’ a priori ability to simulate human preferences in conjoints.

In the following pages, I outline the method for creating silicon samples. Critically, to facilitate
direct comparisons between silicon and human respondents’ choice outcomes, all simulated subjects
are benchmarked to random draws (n = 2,000) of a large sample of live observations (N = 28,235),
from a forced-choice conjoint experiment fielded through a Civic Health and Institutions Project
(CHIP50) module fielded in late 2023.

Then, I use multiple metrics to evaluate the degree of human-Al alignment in choice task
outcomes. These results provide substantial evidence that naive LLM-generated samples are ill-
equipped to simulate human decision making in conjoint tasks on ideological policy issues. While
there is some alignment between human and synthetic preferences, silicon samples from all three
models nevertheless exhibit noticeable levels of bias toward liberal policies relative to live respon-
dents. To supplement these primary analyses and explore discrepancies between human and syn-
thetic decision making, I incorporate tree-based variable importance metrics to (Robinson and
Duch, 2024). These results suggest that there are fundamental differences in the ways in which
demographic covariates shape LLM and human choices in experimental contexts. This finding has

important implications for understanding how LLMs make experimental decisions.

3.2 Background

Recent work across the social sciences explores the viability of silicon samples to simulate live
respondents in survey and experimental contexts (Argyle et al., 2023, Bisbee et al., 2024), finding
both promising potential and significant challenges for incorporating this method into political
science survey research. Boelaert et al. (2025) aptly distills this debate into the question of whether
LLMs are capable of representing human subjects, or if their inherent social biases present an
insurmountable obstacle to achieving this goal.

While virtually all of the literature arguing for the promise of silicon sampling acknowledges its
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possible shortcomings, some studies nevertheless find that LLMs can accurately simulate human
respondents in certain contexts. Such work generally presents use cases for contexts where silicon
sampling may be appropriate, such as in pilot studies and item piloting (Dillion et al., 2023) and
power analyses (Horton, 2023). Importantly, they also establish guidelines for establishing the
algorithmic fidelity of LLM-generated samples to ensure they accurately mirror human preferences
(Anthis et al., 2025, Lyman et al., 2025).

The lack of diversity in response patterns poses one of the biggest challenges to silicon sampling.
There is a general consensus in existing work that LLMs struggle to adopt the preferences of diverse
populations, as the vast majority of model training data originates in Western countries (Santurkar
et al., 2023, Zewail et al., 2024).

Nonhuman biases are another major impediment to the viability of silicon sampling. Several
studies note that LLM-generated responses have lower variance than those of live subjects (Bisbee
et al., 2024, Boelaert et al., 2025). When left unchecked, both LLMs’ nonhuman biases and their
struggle to accurately reflect demographically diverse opinions can easily lead to large discrepancies
between the preferences of live respondents and their synthetic counterparts (Santurkar et al., 2023).

The literature discussed above identifies several key challenges that researchers must consider
when evaluating LLMs’ ability to simulate human subjects in new contexts. This literature also
demonstrates the value of using a benchmarking approach that directly links silicon samples to a
pool of live respondents who complete the same task. For these reasons, I evaluate LLM performance
in conjoint tasks by benchmarking each trial to a sample of live experimental respondents from a
recent, large-N national opinion survey module that includes a forced-choice conjoint experiment.

This approach is expanded upon in the following section.

3.3 Methodology

To obtain a baseline metric of LLMs’ a priori performance, I simulate zero-shot trials that do not
provide models with any information beyond a simple baseline prompt. Figure 3.1 summarizes the

workflow used to generate silicon samples and validate alignment with human respondents.
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Figure 3.1: Workflow for Generating and Evaluating Silicon Samples

3.3.1 Model Selection

I develop silicon samples on three small LLMs: Open Al's GPT 4o0-Mini,! Meta’s Llama 3.2, and the

free version of Mistral’s reasoning Al, Magistral-small-2506. All three LLMs used are relatively

4
LA limitation of this analysis is that the models used al§3 out of date, and Open Al has fully retired GPT 40-Mini.
This is an unavoidable consequence of conducting academic research on LLMs, which evolve very rapidly.



small; unlike larger models, they do not require large computing resources or extensive computa-
tional expertise to run. This choice is intentional; I am interested in the performance of silicon
samples generated from "out of the box" models that ordinary social scientists would be able to
integrate in their research with minimal technical expertise required. This also motivates my choice
of models; which were developed by three major Al companies (Open Al, Meta, and Mistral). The
high visibility of the models’ origin companies makes these models more salient to general social
scientists and increases the likelihood that a non-Al specialist might use them to develop silicon

samples.

3.3.2 Sampling Algorithm and Workflow

Table 3.1: Conjoint Design Attributes and Attribute Categories

Attribute Categories

Abortion Protected by state constitution
Banned after 2nd trimester
Banned after 1st trimester
Total ban

LGBTQ No ban on hormone replacement therapy (HRT), LGBTQ
legal protections

No ban on HRT, no LGBTQ legal protections
HRT 18+ only, no LGBTQ legal protections
HRT banned, no LGBTQ legal protections

Guns No AR ban, open carry allowed

AR ban, open carry allowed

AR ban, open carry not allowed

Crime Rate, 20% below national average
Cost of Living, National average
School Quality 20% above national average

L Attribute baselines are bolded. Baselines were selected to represent a moderate ‘status quo’
policy of each political attribute and the median level of each non-political attribute.
For each LLM, I conduct 15 synthetic trials, with n = 2,000 silicon samples generated per
trial. Each trial is benchmarked to live observations from a forced-choice conjoint experiment

embedded in a CHIP50 module fielded from December 2023-January 2024.2 This design presents

2The data used in this work comes from the COVID States Project (covidstates.org). The project is funded by
the National Science Foundation (SES-2029292, SES-2029297, and SES-2116645), the National Institute of Mental
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respondents with two potential places to live, each characterized by three political and three non-
political attributes, and prompts respondents to choose which location they would prefer to relocate
for a job opportunity. Table 3.1 outlines the attributes and levels for this conjoint design.

The silicon samples generated in each trial are benchmarked to conjoint task-level observations
that live respondents encountered; selected using random draws of 2,000 observations each from the
universe of 28,235 total task-level observations. In other words, I benchmark each silicon sample
to the conjoint profiles featured in a choice task that a respondent encountered in the original
experiment.? Due to the finite number of observations in the CHIP50 sample, this sampling is done
with replacement between trials.* For all models, I simulate responses for each trial according to
the specifications in Table 3.2. Notably, I vary the temperature value between 0-1 every third trial,

which allows me to test five distinct temperatures per model.”

Table 3.2: Zero-Shot Trials

LLM Model Size! Temperatures? Total Unique
Profiles? Profiles*
GPT 40-Mini 8-10 0, 0.4, 0.5, 0.6, 1 30,000 16,618
Llama 3.2 1-3 0, 0.25, 0.5, 0.75, 1 27,631 16,764
Magistral-small-2506 24 0, 0.3, 0.5, 0.7, 1 10,576 5,711

! Model sizes are approximate, and are based on the estimated number of parameters (in billions) used to develop
and train the model.

2 Each LLM completed 15 total trials with temperature values varied every third trial.

3 Total count of generated profiles excludes instances where the LLM refused to complete the prompt.

4 Because sampling was done with replacement between trials, unique profiles refers to the total number of unique
live observations used to develop the silicon samples for each model.

3.3.3 Prompting Algorithm

Immediately after drawing the 2,000 live observations used for each trial, I prompt the LLM with

a conjoint task that displays the same attribute-level inputs that the benchmarked live respondent

Health (1IRF1MH132335), and the Peter G. Peterson Foundation. The funders and the principal investigators of the
COVID States Project bear no responsibility for the analyses reported here or the content of the work.

3Therefore, sampling is done on the task level, rather than the respondent level. In the original experiment, each
CHIP50 respondent completed two choice tasks; in this analysis, these tasks are decoupled from each other, meaning
each draw consists of a single task.

4For example, an observation randomly drawn for a model’s first trial may also be drawn for its fourth, meaning
I cannot assume independence between trials. I take steps to account for this I.LI.D. violation in the analysis process,
as described later in the paper.

"Three of these temperatures (0, 0.5, and 1) are tested across all models, while the other two temperature values
differ per model to explore additional finer-grained variation in these parameters.
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saw when completing the task. To generate realistic profiles of human subjects, I condition the
silicon samples to mirror live respondents using a list of predictive covariates identified in Argyle
et al. (2023); including partisanship, ideology, race, state, age, and gender. Then, I prompt the
LLM with the conjoint task wording presented in Figure 3.2, where each bolded field is replaced

with a text string corresponding to each covariate and conjoint profile attribute.

“Politically, you identify as a liberal Democrat. You are a middle aged white male living in
Wisconsin. Imagine that you have received two offers for full-time jobs in your field, each
with a starting salary that is a 20% raise above your current pay. Both jobs require you to
relocate to the city where its headquarters is based. These cities are located in two
different states. Other than the location, the jobs are essentially equivalent to one another
and your partner, if you have one, is open to relocating. You do not have any family or
friends in either state, but both states are located at similar distances from your current
location and have similar weather to your current state. Based on the following information
about where these jobs are located, would you rather accept Job A or Job B?

Job A is located in Place A, which has enacted the following policies: AbortionA.tmp,
GunsA.tmp, and LGBTQA.tmp. Place A also has crime rates CrimeA.tmp, cost of living
COLA.tmp, and school quality SchoolsA.tmp. Job B is located in Place B, which has
enacted the following policies: AbortionB.tmp, GunsB.tmp, and LGBTQB.tmp. Place B
also has crime rates CrimeB.tmp, cost of living COLB.tmp, and school quality
SchoolsB.tmp. In your response, do not refer to the job and place you do NOT choose.
Please ensure that the order in which the job and location profiles are presented does not
affect your judgement.”

Figure 3.2: Prompt Wording for All Trials

Crucially, the value of each conjoint profile attribute used in the LLM prompts mirrors the
profiles for the live profile the model is tasked with replicating. For example, if a live respondent
identifying as a middle aged white, male moderate Democrat from Wisconsin was presented with
choice between a location where firearms are heavily regulated and one where open-carry is allowed,
the silicon sample mirroring this demographic profile is also prompted to choose between locations
with these same gun control laws. Furthermore, the language of the choice task prompt itself is
identical to the prompt wording used on the live sample of CHIP50 respondents. These choices
enhance direct comparisons between the generated silicon respondents and their live benchmarks.

After the LLM finishes generating responses, I extract key phrases corresponding to the location

profile that each silicon sample chose.’

6 A full list of the extraction phrases used for each model is available in Appendix I.
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3.4 Results: Validating Human-LLM Alignment

I use several metrics to validate each model’s ability to accurately simulate synthetic conjoint respon-
dents. First, I use F1 scores and task refusal rates as an initial evaluation of model performance.”
Then, I consider how well the magnitudes of the estimated average marginal component effects
(AMCESs) and marginal means for the silicon respondents align with those for the live respondents
benchmarked to each model. While these analyses are primarily descriptive, rather than inferential,

their results nevertheless suggest that naive silicon samples are ill-equipped to simulate live subjects

in conjoint designs.

3.4.1 Refusal Rates and F1 Scores

Table 3.3 summarizes the aggregate refusal rates and F1 scores for each model.® The F1 scores
for GPT 40-Mini and Magistral-small-2506 are quite similar, suggesting that these models are
better-equipped at simulating aggregate human preferences than Llama-3.2.

Notably, however, none of the F1 scores suggest that these three LLMs are capable of simulating
human decision-making in conjoint tasks. Generally, an F1 score below 0.80 suggests that a model
struggles to consistently balance precision and recall to deliver consistently accurate predictions
(Hastie, Tibshirani and Friedman, 2009). However, none of the LLMs’ scores exceed this threshold,
suggesting that silicon sample performance needs improvement to accurately reflect human choices
in forced-choice tasks.

Table 3.3: Task Refusal Rates and F1 Scores

LLM Task Refusal Rate F1 Score
GPT 40-Mini 0.00 0.67
Llama 3.2 0.07 0.42
Magistral-small-2506 0.66" 0.65

1 T suspect that this exceptionally high task refusal rate is primarily due to API rate limits resulting from using
Mistral’s small reasoning model.

"F1 scores represent the harmonic mean of a model’s precision and recall. In this context, they measure how often
a model’s chosen profile matches human respondent choice, accounting for both false positives and false negatives.

8F1 scores for each trial and temperature are reported in Appendix H. There does not appear to be meaningful
variation in scores for different temperatures within the same model.
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Figure 3.3: Distribution of F1 Scores for Trials With Standardized Temperatures
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Figure 3.4: Distribution of F1 Scores for Trials With Varied Temperatures

3.4.2 AMCESs and Marginal Means

To compute AMCE and marginal mean estimates, I first aggregate the profile choices from the silicon
subjects generated across all trials of a given LLM, so that all choices generated by a particular
model are incorporated into the same estimate.” Estimates, confidence intervals, and p-values for
AMCESs and marginal means are computed using bootstrapping (with 10,000 samples per estimate)
clustered at the conjoint task level and the respective functions in the cjoint (Hainmueller, Hopkins
and Yamamoto, 2014) and cregg (Leeper, Hobolt and Tilley, 2020) R packages.'’

Table 3.4 summarizes model performance, showing the sign and significance changes for the
AMCEs associated with each model alongside the F1 score and refusal rate metrics originally pre-

sented in Table 3.3.1! Here, accuracy is defined as the total number of correct classifications (where

9For example, GPT 4o-Mini generated 30,000 unique profile choices across all trials, so its AMCE has an n of
30, 000 observations.

10WWhile this bootstrapping procedure captures clustering at the task level, it does not capture run-to-run stochas-
ticity. However, the stability of the F1 scores across trials presented in Tables H1 and H2 of Appendix H suggest
that between-trial variance is modest, even across various temperatures.

1This analysis is not reported for marginal means because there are no discrepancies in significance or directionality
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live and synthetic AMCEs have the same sign/significance) out of the 14 total AMCE-producing
levels in the analysis (excluding attribute baselines). Furthermore, Figures 3.5, 3.6, and 3.7 show

AMCEs and marginal means for each model.

GPT 40-Mini Llama 3.2 Magistral-small-2506

Task Refusal Rate 0.00 0.07 0.66
Overall F1 Score 0.67 0.42 0.65
, # Significance Changes 1 2 6
3 False Positive % 7.1% 0.0% 14.3%
e
é’ < False Negative % 0.0% 14.3% 28.6%
3] % Accuracy (Significance) 92.9% 85.7% 57.1%
% # Sign Changes 3 2 3
< \ % Accuracy (Sign) 78.6% 85.7% 78.6%

See Tables K1 and K2 in Appendix K for the full list of categories with altered significance
levels and sign changes.

Statistical significance is defined as p < 0.05. P-values are calculated using bootstrapped
confidence intervals. Exact p-values reported in Table K1.

Table 3.4: Summary of Model Performance

As shown in Table 3.4, all three models have comparable levels of directional accuracy; there
are 2-3 sign changes between synthetic and live AMCEs associated with each LLM. There is also
a surprising degree of variation among models’ rates of false positive and negative results; the
estimates associated with Magistral-small-2506 have the highest number of significance changes.
This result is unexpected, especially considering that F1 score analysis suggests that this model’s
performance is comparable to GPT 4o0-Mini. Indeed, both GPT 40-Mini and Llama 3.2 exhibit
lower false positive and negative rates than Magistral-small-2506.

Furthermore, several descriptive trends are apparent from the plots. Figures 3.5, 3.6, and
3.7 show that silicon respondents from all three models exhibit a noticeable degree of bias toward
locations with liberal policies relative to human respondents. On the other hand, the AMCEs and
marginal means displayed in the bottom three panels of each figure suggest that silicon samples are

generally more capable of capturing live preferences for nonpolitical factors.

for any of the marginal means (all estimates p < 2¢16.
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Figure 3.5: AMCEs and Marginal Means, GPT 40-Mini
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Figure 3.6: AMCEs and Marginal Means, Llama 3.2
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Figure 3.7: AMCEs and Marginal Means, Magistral-small-2506



3.4.3 Variable Importance Metrics to Identify Differences in Synthetic-Human
Reasoning

I evaluate covariate-driven differences in profile selection between silicon and live respondents using

variable importance metrics (VIMs) created from permutation tests with delete-d jackknife variance

estimation (Ishwaran and Lu, 2019) via the CJBART R package (Robinson and Duch, 2024).12 The

results of this analysis show that LLMs consider demographic information differently than human

subjects in attribute-level decision making.

VIMs for each model are aggregated across all trials and displayed in Figures 3.8, 3.9, and 3.10.
Darker shades of red signify that a covariate plays a greater role in shaping respondents’ preferences
about various attribute categories. Because all silicon samples are benchmarked to the demographic
profiles of live respondents, the covariate inputs for the silicon and live VIMs are identical for each
model. This means that comparing the VIMs for the silicon subjects (top panels) to those for
the set of live respondents (bottom panels) can identify discrepancies in attribute-level human-Al
reasoning.

Which covariates drive attribute choices for each model and how do these patterns differ from
live respondents? For silicon respondents generated by GPT 40-Mini and Magistral-small-2506,
ideology and partisanship predominate in model decision-making. These patterns are broadly con-
sistent with several of the live VIMs shown in the bottom panels of Figures 3.8 and 3.10. However,
human-synthetic alignment is generally inconsistent; VIMs associated with live respondent choices
are generally quite random, with few consistent trends in the covariates shaping their attribute-level
preferences.

Interestingly, Figure 3.9 shows that almost all covariates influence decision making for the sil-
icon samples generated by Llama 3.2. Similarly to the trends in the other VIM sets, there are
broadly consistent trends between silicon and live VIMs for this model; but nevertheless broader
discrepancies in human-Al reasoning. As with the other LLMs, these discrepancies suggest that
Llama-generated samples tend to reason through attributes differently than live respondents with
identical covariate profiles.

Together, these results suggest that there are fundamental a priori differences between LLM

12Estimates derived from a BART model fitted with 50 trees, 100 burn-in iterations, and 1,000 posterior draws
returned.

99



and human attribute-level decision making processes. Examining the full extent of these differences
is vital for understanding exactly how silicon samples fail to accurately simulate human preferences

in experimental contexts.
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Figure 3.8: Variable Importance Metrics (VIMs), GPT 4o-Mini
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3.5 Discussion

This research note serves as a preliminary test of whether naive silicon samples generated from three
LLMs can reflect the preferences of live respondents in forced choice conjoint tasks. After evaluating
human-Al agreement using multiple metrics, I do not find that silicon samples are well equipped
to simulate human decision-making in this context. Indeed, the middling F'1 scores suggest that all
three models struggle to deliver consistently accurate predictions.

Furthermore, the AMCEs consistently show large discrepancies between human and synthetic
preferences, with silicon respondents from all three LLMs demonstrating a substantial degree of
liberal-leaning bias in their evaluations of the policy attributes relative to live subjects. Quantifying
these differences further highlight these discrepancies; synthetic AMCEs struggle to accurately
reflect the directionality and significance of their live counterparts, a trend that persists for samples
generated from all three LLMs. Though these findings are not positive for proponents of synthetic
sampling, they nevertheless contribute to our understanding of the subject by serving as necessary
baselines of silicon sample performance in forced-choice conjoint experiments.

The use of variable importance metrics (VIMs) to detect fine-grained heterogeneous treatment
effects uncovers crucial evidence that LLMs consider covariate profiles differently than human re-
spondents. This suggests that there are fundamental differences between how LLMs and humans
process identity-based reasoning; live respondents make choices using a wide variety of identities,
whereas silicon samples draw on a narrower set of information to reason through these decisions.

There are several possible explanations for these discrepancies. First, differences in VIMs may
be due to reasoning processes: humans (sub)-consciously evaluate preferences using a multitude of
identities in line with social identity theory (Tajfel and Turner, 1979, Mason, 2018). Indeed, these
psychological explanations might also explain why, unlike humans, LLMs draw on information (such
as prescribed political covariates) that most logically shapes policy preferences to reason through
these decisions.

This might also explain why there is greater human-Al alignment on nonpolitical considerations
compared to policy attributes. Indeed, because there is a fairly objective preference ordering for all
three nonpolitical attributes (for instance, all respondents should normatively want to live in places

with lower crime rates and higher-quality schools), it is unsurprising that there is greater convergence
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between live and synthetic preferences on these factors, relative to contentious policy issues. This
is an important takeaway that informs appropriate use cases for silicon sampling. Indeed, although
this analysis does not offer strong support for the overall viability of silicon samples in conjoints,
this method is indeed better-equipped to simulate live preferences in pilots or power analyses in
choice tasks that primarily focus on nonpolitical considerations.

It is also possible that LLMs simply cannot accurately account for demographic diversity, a
possibility that the synthetic sampling literature already considers (Boelaert et al., 2024). This
prospect may also explain the silicon samples’ persistent biases toward liberal policies: LLMs are
primarily trained a corpus of text originating from western and educated sources, which are also
more likely to hold liberal views (Santurkar et al., 2023, Zewail et al., 2024). This may makes it
more difficult for models to simulate respondents who prefer less-liberal policies. Future work might
formally test this theory as a possible explanation for these reasoning discrepancies.

These trends also hold implications for which covariates used to develop silicon samples. Argyle
et al. (2023) finds that when silicon samples cannot consider partisanship or ideological informa-
tion, a combination of the remaining nonpolitical covariates shapes LLM decision making. Removing
these political covariates may increase human-Al alignment on policy attributes, as models may con-
sider a combination of the other covariates instead of relying mainly on the political characteristics
provided. Conversely, it is possible that adding additional specific geodemographic covariates, such
as urbanicity, may shape Al decision making on the nonpolitical factors, which are all local level
considerations.

This analysis makes two important contributions to the silicon sampling literature. First, it
supplements the growing body of work showing that LLMs are ill-equipped to simulate diverse
human subjects (Bisbee et al., 2024, Boelaert et al., 2024), proposing a possible explanation for these
challenges: naive silicon samples cannot accurately infer human preferences on contentious policy
issues using demographic traits in experimental decision making contexts. This is an important
implication for silicon sampling research across the social sciences. Secondly, it establishes a baseline
measure of LLM performance in conjoint experiments. In order for silicon samples can be considered
valid replacements for live subjects in conjoint designs evaluating policy issues, this baseline must
see substantial improvement. Researchers should avoid using LLM-generated subjects in conjoint

experiments involving political considerations until that time comes.
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.1 Appendicies

A Chapter 1: Sample Descriptive Statistics

Count Percent Median

Gender
Male 11415 39.5
Female 17195 59.5
Genderqueer 225 0.8
Other/Refused 78 0.2
Race
Non-Hispanic White 19709 68.2
African American 3816 13.2
Hispanic/Latino 3191 11.0
Asian American/Pacific Islander 1318 4.6
Native American 355 1.2
Other 524 1.8
Education
Some High School or Less 1053 3.6
High School Graduate 6910 23.9
Some College 7564 26.2
College Degree 9994 34.6
Graduate Degree 3392 11.7
Partisanship
Republican 8247 28.5
Democrat 9240 32.6
Independent 9270 32.1
Other 5941 6.8
Ideology
Extremely Liberal 1819 6.3
Liberal 3723 12.9
Slightly Liberal 2723 9.4
Moderate, Middle of the Road 11021 38.1
Slightly Conservative 2999 10.4
Conservative 4677 16.2
Extremely Conservative 1900 6.6
NA /Refused 51 0.1
4.00
Age
18-29 5461 18.9
30-45 8918 30.8
46-64 8593 29.7
65+ 137 20.6
46.00

Table Al: Descriptive Statistics for CHIP50 Sample
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Table A2: Respondents’ Ideal Abortion Policy Positions
(Used in Subgroup Analyses)

Policy Category Response Scale Category Count Percent
Conservative Policy 1 (Should Always Be Banned) 3154 10.9
Proforen 2 3224 11.2
clerence 3 2437 8.4
Moderate Policy { 4 4613 16.0

Preference
. . 5 4537 15.7
lgib?rflnpomy { 6 4401 15.2
clerence 7 (Should Always Be Allowed) 6449 22.3
Refused 98 0.3

7



B Chapter 1: Marginal Means Plots for Full and Subgroup

Conjoint Analyses

Attribute Effects on Location Selection,
All Respondents
Marginal Means

Post-2nd Trimester Ban
Post-1st Trimester Ban
Constitutionally Protected -

Always Banned-

National Average -

20% Below Average A

20% Above Average -

National Average -
20% Below Average A

20% Above Average -

No AR Ban, Open Carry Allowed -
Assault rifle ban in place; firearm open carry allowed

AR Ban, No Open Carry -

No LGBTQ legal protections, no restrictions on HRT -

No Legal Protections, HRT Banned

No Legal Protections, HRT 18+-

Legal Protections, No HRT Bans-

National Average -

20% Below Average -

20% Above Average -

Note: Marginal mean estimates plotted with 95% confidence intervals.
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Attribute Effects on Location Selection,
Partisan Respondents
Marginal Means

Post-2nd Trimester Ban 1

Post-1st Trimester Ban -

Constitutionally Protected -

Always Banned+

National Average -

20% Below Average -

20% Above Average

National Average -

20% Below Average -

20% Above Average -

No AR Ban, Open Carry Allowed

Assault rifle ban in place; firearm open carry allowed -

AR Ban, No Open Carry -

No LGBTAQ legal protections, no restrictions on HRT -

No Legal Protections, HRT Banned

No Legal Protections, HRT 18+

Legal Protections, No HRT Bans -

National Average -

20% Below Average -

20% Above Average

Note: Marginal mean estimates plotted with 95% confidence intervals.
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Attribute Effects on Location Selection by Ideological Self-Placement on Abortion Policy

Marginal Means

Post-2nd Trimester Ban
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National Average
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Note: Marginal mean estimates plotted with 95% confidence intervals.
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C Chapter 1: Compiling the Abortion Policy-Mover Dataset and Specifying
the Matched Ordered Logit Design

Data Sources

The Catalist voter data used in this analysis includes a random national sample of 14,818 unique
voter records from individuals whose origin and destination states are both among the 32 states with
party-based voter registration. These records are a randomly selected subset of American adults in
party registration states who moved states at some point between 2016 and 2024, were registered
to vote in both their original and current states, and turned out in at least one general election
between 2016-2022.

Importantly, I only consider moves in and out of states with party-based voter registration
because of noted concerns regarding the validity of Catalist’s model of inferred partisanship (VCI
scores). These concerns are likely to impede the validity of this analysis for voters in non-party
registration states, which is why they are excluded from this analysis. The registration dates
associated with each record allow me to approximate when a given individual moved. Furthermore,
the information about where individuals registered to vote (both pre- and post-move) allows me to
determine the specific states they moved between within this period. Crucially, among voters in
party registration states, Catalist VCI scores are created using voters’ actual partisan registration
records. This means that this subset of VCI scores serves as a direct, and more accurate, measure
of individual-level partisanship; in party registration states, the VCI variable is not subject to the
validity concerns noted in the main manuscript, as well as in further detail in Blaemire (2018).

These voter records were merged with biannual data on state abortion policies. These data was
collected through KFF.org’s state abortion policy tracker (KFF, 2024), with data from prior time
periods retroactively collected biannually via the Internet Archive.!® The resulting policy-mover

dataset enables the estimation of abortion policies in movers’ points of origin and destination.

Specifications of Matched Model

I rescaled the Catalist Vote Choice Index (VCI) scores, transforming their original 0-100 scale to one

that more closely resembles the standard 7-point ideological scale used in public opinion research.

Bhttps://web.archive.org/
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These transformed VCI scores range continuously from 0-7, where scores ranging from 0-4 represent
individuals who are less likely to support Democrats, while those ranging from 4-7 indicate those
with a higher likelihood of voting Democratic.

Next, I sort all observations into the four ideological groupings, which I categorize based on
the abortion policy severity of a mover’s likelihood of voting Democratic, operationalized through
the rescaled VCI scores (Estimated Democratic Vote Likelihood), as well as the abortion policy on
the books in their original state approximately one month after the Dobbs decision in August 2022

(Origin State Abortion Policy). These categories comprise the 2 x 2 matrix in Figure C1.

Origin State Abortion Policy
Severity (August 2022)

More Restrictive
(2T ban, 1T ban, Less Restrictive

full ban) (Allowed)
More ] Democratic Democratic
Democratic More Less Restrictive
) Scaled VCl values Restricti
Estimated (4, 7] estrictive
Democratic
Vote L %
WNT Republican |Republican Less
Likelihood ;
Less Damocratic More Restrictive
Scaled VCl values Restricti
[0, 3) estrictive
[, ]

Figure C1: 2 x 2 Matching Design for VCI and Origin State
Abortion Policy Severity

Importantly, I assume that these partisanship estimates serve as a proxy for voters’ own policy
preferences on abortion (Petrocik, 1996, Brewer and Stonecash, 2007). Therefore, combining movers’
ideological estimates with their state’s post-Dobbs abortion policy landscape provides estimates
about the degree to which these policy environments are congruent with these individuals’ own views
on abortion. Indeed, sorting observations into these 2 x 2 buckets makes it easy to surmise the level
of ideological congruence between the post-Dobbs abortion policy in each mover’s origin state and
their own views on this issue. For example, I expect that individuals in the first and third quadrants

of Figure C1 (Democrats in states with less restrictive abortion policies and Republicans in states
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with more restrictive policies) hold views that are aligned with their state’s abortion policies; and
thus should be less likely to sort in response to Dobbs. On the other hand, individuals in the second
and fourth quadrants (Democrats residing in more restrictive states and Republicans in are much
less aligned with their states’ abortion policies; therefore, making them more likely candidates to
engage in sorting after Dobbs. After grouping observations into the four categories outlined above, 1
match voter records using nearest neighbor matching with the Mahalanobis distance measure from
the MatchIt R package. Balance statistics for all matched covariates are reported in Table C1.
Formally, I specify the ordered logit model as shown in Equation 1, where Y; is the abortion
policy of the destination state for each observation, j, 7; is the treatment variable of whether or not
an individual moved before or after the Dobbs decision, 81; and (2, are dummy variables indicating
whether a voter identifies as white or female, respectively, f3; is a categorical variable indicating a
voter’s age, B4; is the voter’s ideological grouping (out of the four categories outlined in Figure C1),
and wj is a vector of treatment weights for each observation derived from the matching process. The
predicted probabilities for Democratic women originating in states with liberal policies moving after

the Dobbs decision were obtained through the relevant estimates of the interaction term 73204 .

(PT Destination State Policy = Yi,j) =7; + ﬁlj(White) + 52]’ (Female)+
B3j(Age) + Ba;(Grouping) + 762845 + wj (1)

Table C1: Balance Statistics for Matched Data

Statistic N Mean  St. Dev. Min Max
VCI (Raw) 2,250  53.848 39.557 0.800  99.800
VCI (Transformed) 2,250 3.760 2.777 0.035 6.986
More Democratic, Less Restrictive States 2,250 0.450 0.498 0 1
More Democratic, Restrictive States 2,250 0.077 0.267 0 1
More Republican, Less Restrictive States 2,250 0.355 0.479 0 1
More Republican, Restrictive States 2,250 0.118 0.323 0 1
White 2,250 0.801 0.399 0 1
Female 2,250 0.553 0.497 0 1
Age 2,250  52.903 17.550 18 98
Post-Dobbs Move (1) 2,250  0.500 0.500 0 1
Matched Weights 2,250 1.000 0.000 1 1
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D Chapter 1: Robustness Check on Observational Results

A potential challenge to the interpretability of the observational results involves larger migration
patterns that occurred in the wake of the COVID-19 pandemic during the early 2020s. These
broader trends might confound the observational results, as it is possible that the analysis inadver-
tently captures these unrelated migration patterns occurring over this same period, especially for
individuals moving out of population-dense and high cost of living states, such as California, who
were among the most likely to relocate during these years (Lemongello, 2023, Kaysen and Singer,
2024)

To alleviate these concerns, I re-calculate the predicted probabilities of moving to a state with
a post-Dobbs abortion ban with movers originating in California—a major "sending" state in the
early 2020s—removed from the sample. The results of this robustness check are presented in the
top rows of Table D1 alongside the observational results originally presented in Table 3 of the main
manuscript. Notably, all magnitudes of the changes in the predicted probabilities for the subgroup
excluding movers originating in California are substantively consistent to those in the main analysis.
The stability of these estimates provides evidence against the possibility that the effects reported

in the main analysis are due to broader migration trends during the 2022-24 period
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Table D1: Changes in Moving Trends, 2022-2024,
Individuals Residing in Party Registration States!

Source Group % 2024 % 2024 % 2022 % 2022 % A
To State With To State With (2022 - 2024)
Post-Dobbs Ban Post-Dobbs Ban
Catalist Democratic 3.6 4.1 -12.2
(Party Women, Less
Registration Restrictive
States Origin States
Excluding CA)
All Movers 6.0 6.2 -3.2
Catalist Democratic 3.5 4.1 -14.6
(All Party Women, Less
Registration Restrictive
States) Origin States
All Movers 6.1 6.4 -4.7
U.S. Census? Main Reason: 3.8 5.0 -24.6
(Party Housing Cost
Registration
States) Main Reason: 4.0 3.6 11.6
Crime Rate
Interstate/All 32.9 27.5 2.0
Moves

! Estimates in first two rows exclude voter records of movers originating in California.

2 Census data is acquired from the 2022 and 2024 Current Population Survey Annual Social and

Economic (ASEC) Supplements (U.S. Census Bureau, 2022, 2024).
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E Chapter 1: Additional Experimental Subgroup Analysis:
Evaluating the Role of Ties to the Community

To investigate potential heterogeneous treatment effects among experimental respondents who might
be more (or less) likely to relocate in the real world, I conduct additional subgroup analyses of
respondents’ self-reported levels of ties to their current community.

In the CHIP50 module, respondents were asked to report the strength of their ties to their area
on a 0-100 scale. For the purposes of this analysis, these data were converted into quartiles, with
respondents in the first quartile reporting the lowest levels of community ties, and those in the
fourth quartile reporting the highest.

Figure E1 presents these cAMCE results. These results indicate that there are minimal hetero-

geneous treatment effects by respondents’ attachment to their current communities.
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Location Preferences by Ties to the Community
Conditional Average Marginal Component Effects
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Figure E1: Conditional Average Marginal Component Effects,
Self-Reported Levels of Community Attachment
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F Chapter 2: Evaluating the Validity of the Parallel Trends Assumption

The parallel trends assumption is central to the validity of difference-in-difference designs.!* This
assumption states that the time trends of the dependent variable in the treatment and control groups
remain parallel to each other over time, justifying an expectation that the difference between the pre
and post-treatment periods for the treatment and control groups would have remained equivalent
had the treatment group—in this case, fully and partially covered states—not been exposed to the
intervention posed by the Shelby County decision.

To help determine whether the parallel trends assumption interferes with the validity of the
treatment effect estimates, I create the following event study plots for Models 1 and 2 in the main
manuscript, presented in Figures F1 and F2, respectively. Then, to formally test for parallel trends
violations, I use the coefficients from each event study to conduct an F-test of the null hypothesis
that these coefficients in the pre-treatment period are equal to zero.

The resulting p-values of both F-tests (p < 0.01) indicate that we can reject this null hypothesis
(i.e., that the pre-treatment coefficients do not truly equal zero in either event study) at conventional
levels. Consequently, this result does not offer strong support that either model is able to maintain
the parallel trends assumption as is. Following the procedure put forth in Arkhangelsky et al.
(2021), I decide to utilize a synthetic difference-in-difference estimator in both models to adjust for

this violation by reweighing control group units to better satisfy the parallel trends assumption.

1The other identifying assumption underpinning difference-in-difference methods is the stable unit treatment
value assumption (SUTVA). While I agree that it is important to consider potential SUTVA violations when utilizing
difference-in-difference designs, I do not believe that the analysis presented in this paper has any spillover effects or
other SUTVA violations. This is because my design considers a stable unit of analysis (U.S. states) that were all
subject to the same treatment shock (the Shelby County decision) simultaneously. Thus, the set up of this design
removes any major opportunities for treatment spillovers that might violate SUTVA.
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Figure F2: Event Study Plot, Partially Covered States
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G Chapter 2: Distributions of the Synthetic Control Unit Weights

Per Arkhangelsky et al. (2021), the figures on the following pages plot the adjusted treatment effect
outcomes (changes in SDI scores) among the control group units for Model 1 (fully covered states
only) and Model 2 (partially covered states only). The sizes of the unit weights (w;) for each state
are proportional to the size of the points. Figures G1 and G3 plot the estimated changes in SDI
scores associated with all control unit weights for Models 1 and 2, respectively. Figures G2 and G4
plot the changes in SDI scores associated with only the top ten highest weighted synthetic control

units for each model.
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H Chapter 3: F1 Scores for Individual Trials

I explore the stability of silicon sample trials across each temperature using the estimates reported
in the tables below. Table H1 reports the exact F1 scores for each trial and model for the three
common temperatures used across all models (0, 0.5, and 1), while Table H2 reports F1 scores
for the other temperature values that were varied across models. The metrics reported in these
tables equivalent to those reported in Figures 3 and 4 in the main manuscript, and are intended to
compliment these figures by reporting the exact F1 scores.

The F1 scores reported in both Tables H1 and H2 suggest that there is a consistent level
of stability in F1 performance across repeated trials for each model for both common and varied
tempueratures. Furthermore, the F1 scores for GPT 40-Mini and Magistral-small-2506 are very
similar at each temperature, while the values associated with Llama 3.2 consistently lag behind.
These trends are consistent with the overall F1 scores reported for each model reported in Table 3
of the main manuscript (0.67, 0.65, and 0.42 for GPT 40-Mini, Magistral-small-2506, and Llama

3.2, respectively).

Table H1: F1 Scores for Trials With Standardized Temperatures

Trial Temperature GPT 40-Mini Llama 3.2 Magistral-small-2506

1 0 0.70 0.46 0.68
0 0.68 0.46 0.68

3 0 0.68 0.48 0.68
0.69 0.46 0.68

4 0.5 0.67 0.44 0.67
5 0.5 0.68 0.43 0.68
6 0.5 0.69 0.46 0.71
0.68 0.44 0.69

7 1 0.63 0.44 0.67
8 1 0.62 0.41 0.63
9 1 0.64 0.41 0.64
0.63 0.42 0.64

Bolded rows show mean F1 scores at each temperature.
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Table H2: F1 Scores for Trials With Varied Temperatures

LLM Trial Temperature F1
GPT 40-Mini 10 0.4 0.67
11 0.4 0.69
12 0.4 0.67
0.68
13 0.6 0.67
14 0.6 0.68
15 0.6 0.68
0.68
Llama 3.2 10 0.25 0.42
11 0.25 0.45
12 0.25 0.46
0.44
13 0.75 0.44
14 0.75 0.46
15 0.75 0.45
0.45
Magistral-small-2506 10 0.3 NA!
11 0.3 0.66
12 0.3 0.66
0.66
13 0.7 0.65
14 0.7 0.67
15 0.7 0.66
0.66

Bolded rows show mean F1 scores at each temperature.
L'NA value due to model output for this trial, which classified all profiles as 1.
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I Chapter 3: Zero-Shot Profile Choice Classification Strings

After each round of simulating n = 2,000 synthetic respondents, 1 extracted key phrases in the
LLMs’ responses to classify whether the generated samples chose Job A (conjoint profile 1) or
Job B (conjoint profile 2). For two of the models, Llama 3.2 and Magistral-small-2506, I also
classified key strings to track task refusal rates.'® All extracted strings used for classification are

shown in Table I1.

Table I1: List of Extraction Strings for LLM Response Classification

GPT 40-Mini Llama 3.2 Magistral-small-2506
Profile Choose Job A Choose Job A Choose Job A
Selection Accept Job A Accept Job A Accept Job A
Prefer Job A Would choose Job A

Would accept Job A
I’d choose Job A
I’d accept Job A

Task I cannot provide a response Error: API error occurred

Refusal I cannot provide guidance

15GPT 40-Mini had a refusal rate of 0; therefore, no task refusal strings were necessary for this model.
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J Chapter 3: Spearman’s Rank Analysis

As an additional robustness check on the main results, I conduct a rank-ordering analysis to test how
each model’s synthetic respondents make attribute-level decisions relative to their live counterparts.
I do so by assigning a numerical ranking to each within-attribute level displayed to the silicon
and human respondents. Then, I compute a series of Spearman’s Rank correlations to quantify
human-AT alignment in attribute-level preference rankings.

To conduct this analysis, I first numerically ranked each possible within-attribute category. The
ranking schema is shown in Table J1 below. For the three political attributes, more liberal policies
are assigned lower ranks where more conservative polices are assigned higher ones. For the remaining
attributes, the "below average" category is assigned a lower ranking than the "national average"

and "above average" categories.

Attribute Category Rank
Abortion
Legally Protected 1
2nd Trimester Ban 2
1st Trimester Ban 3
Full Ban 4
LGBTQ
Legal Protections 1
No Protections; No HRT bans 2
HRT Adults Only 3
HRT Banned 4
Guns
AR Ban; No Open Carry 1
AR Ban; Open Carry Allowed 2

No AR Ban; Open Carry Allowed 3
Cost of Living,

Crime Rate, 20% Below Average 1
School Quality National Average 2
20% Above Average 3

Table J1: Within-Attribute Rankings for Spearman’s Rank Analysis

Then, I conduct a series of Spearman’s Rank correlations to compare silicon and human choices
for each attribute. This analysis was conducted using the cor.test () function in R and uses the

Spearman’s rank formula that accounts for ranked pairs with ties:
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Table J2 and Figure J1 present the results, which offer several insights. First, all estimates
are statistically significant (p < 0.001), indicating that there are notable differences in LLMs and
humans attribute-level preference rankings; indeed, these discrepancies are widespread across all
attributes, and among all three models. Second, the magnitude of these correlations (0.533 < p <
0.601) quantifies these differences for every attribute, showing that there is a moderate correlation
between how silicon and live subjects rank attribute-level preferences. Finally, though human-
Al alignment struggles across all three models, the Llama 3.2 silicon samples lag behind those
generated by the other two models in attribute-level decision making; a result that is consistent

with the other analyses.

Table J2: Spearman’s Rank Correlation Estimates
(Attribute-Level Rank Ordering, Silicon and Live Samples)

Attribute GPT 40-Mini Llama 3.2 Magistral-small-2506
Abortion 0.585 0.539 0.593
LGBT 0.601 0.568 0.590
Guns 0.571 0.545 0.577
Cost of Living 0.576 0.533 0.590
Crime Rate 0.600 0.549 0.579
School Quality 0.582 0.537 0.576
Average 0.586 0.545 0.584

All estimates statistically significant (p < 2.20e™'°).
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K Chapter 3: AMCE Sign and Significance Changes

Model Attribute-Category P-Value P-Value
(Silicon) (Live)
GPT 40-Mini LGBTQ - HRT Fully Banned 0.00 0.0610
Llama 3.2 Abortion - 1st Trimester Ban 0.788 6.41e-3
Guns - No AR Ban; Open Carry Allowed 0.353 0.00
Magistral-small-2506 Abortion - 1st Trimester Ban™ 1.03e-3 0.838
LGBTQ - HRT Fully Banned 1.05e-8 0.538
LGBTQ - HRT Restricted to 18+* 0.333 7.88e-8
Guns - AR Ban; No Open Carry Allowed™ 0.132 4.35e-9
Guns - No AR Ban; Open Carry Allowed 0.510 7.53e-14
School Quality - 20% Above Average 0.095 2.77e-4

Asterisks (x) denote sign also changed for this model and attribute.

See Table K2 for full list of sign changes.

Bolded p-values indicate statistical significance (p < 0.05). P-values calculated via bootstrapped

confidence intervals.

Table K1: AMCE Significance Changes, Live and Synthetic Samples

Model Attribute-Category Sign Sign
(Silicon) (Live)
GPT 40-Mini Abortion - 1st Trimester Ban - +
LGBTQ - HRT Restricted to 18+ — +
Guns - AR Ban; No Open Carry + -
Llama 3.2 LGBTQ - HRT Restricted to 18+ - +
Guns - AR Ban; No Open Carry + -
Magistral-small-2506 Abortion - 1st Trimester Ban™ - +
LGBTQ - HRT Restricted to 184~ - +
Guns - AR Ban; No Open Carry” + -

Asterisks (x) denote significance also changed for this model and attribute. See Table K1

for exact p-values.

Table K2: AMCE Sign Changes, Live and Synthetic Samples
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L Additional Discussion of Model Size and Other Parameters

Interestingly, model size does not seem to predict performance. Llama 3.2, the smallest model con-
sidered, lags far behind the other two LLMs in its F1 performance. However, Magistral-small-2506,
the largest model used (as well as the only reasoning model), profoundly struggles with human-
synthetic AMCE agreement; exhibiting the highest rate of false positive and negative results of any
model. These contrasting results imply that model size is not necessarily indicative of silicon sample
performance.

Shifting Top-P and Top-K parameters may also improve model performance. However, because
this analysis uses closed-source LLMs, which generally restrict users’ abilities to modify these pa-
rameters, it is unable to fully explore how these factors might change results. Unpacking how these
parameters influence synthetic decision making is an important and currently underexplored area

for future work.
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