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Considering Compulsory Voting Through the Lens of
Data-Driven AI/ML-based Modeling

Abstract
While many of recent electoral reforms in the U.S. states have been centered on more restrictive legislation
such as a higher standard of voter ID law, the call for expansive legal reforms has also drawn increasing
attention. Among the expansive legislative proposals, arguably the most controversial one is to make
voting compulsory. As Massachusetts learned from Australia and adopted the secret ballot in 1888, the
Australian compulsory voting system which was enacted in 1924 has also been proposed recently by some
U.S. legislators at the state level. The major supporters of compulsory voting in the U.S. have mainly
come from the political left whose agendas have met vigorous opposition from the political right. Many
criticisms are based on the assumptions of its beneficial effects on the voters at the margins whose voting
participation has been historically lower than those of more well-to-do, informed voters, which would
suggest a larger advantage for the Democratic Party. No empirical research, however, has shown such a
possible Democratic advantage if compulsory voting were adopted. The main reason for no prior empirical
support was because compulsory voting has never been implemented in the U.S. at the national level,
and no previous studies have had comprehensive tools at hand to handle many layers and complexities
in predicting the outcomes of compulsory voting at both the national and state levels. This article takes
advantage of the most recent machine learning tools to narrow this empirical gap significantly. The ANES
data spanning presidential elections from 1948 to 2020 provide the most comprehensive and unprecedented
big data sets to test whether it is indeed the Democratic Party that would reap more benefits in compulsory
voting at both the national and state levels. Our starting point is to use a state-of-the-art adaptation of the
classic logit regression – elastic-net regression – for both our data-driven feature selection and modeling
tasks. Furthermore, based on an innovative Transfer Component Analysis (TCA) approach added to our
modeling pipeline, our machine learning prediction model shows that the effect of compulsory voting
does benefit overall the Democratic Party at the national level. At the state level, however, the Republican
Party can also achieve many positive electoral impacts within the context of compulsory voting.

Keywords: Compulsory Voting, Universal Voting, Artificial Intelligence (AI), Machine Learning (ML), Transfer Component
Analysis (TCA), data-driven (automatic) feature selection
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1. Introduction
Political scientists have long debated the benefits and consequences of compulsory voting. In
his American Political Science Association presidential address, Arend Lijphart (1995) called for
compulsory voting as the solution to inequality in voting participation. He argued that nonvoters,
after being mobilized to vote, would cast their votes “quite different from their responses in opinion
polls” (p.4). The participation of nonvoters in western democracies, according to Lijphart, would
lead to changes in policies which traditionally had “favored privileged voters over underprivileged
nonvoters” (Lijphart 2001, p.5).

On the other hand, there have been studies that have shown “outcomes would not change if
everyone voted” (Highton and Wolfinger 2001, p.179). Using 1992 and 1996 ANES data, Highton
and Wolfinger indicated, “To be sure, the poor, less educated and minorities are overrepresented
among non-voters. But the young and transient are even more numerous . . .Taken as a whole,
non-voters appear well represented by those who vote” (Highton and Wolfinger 2001, p.192).

The history of compulsory voting in the U.S. is surprisingly more extensive than what some
would anticipate. “Though nearly no writers since the 1950s seem to have devoted more than two
paragraphs to the history of compulsory voting efforts in the United States, the idea has a rich
American tradition” (Calvelli 2024). The Plymouth colony became the first in 1636 to implement
compulsory voting, along with fines for those who did not appear at the election. Virginia, Maryland,
Delaware and North Carolina followed suit in one form or another, and Georgia briefly carried a
constitutional provision for it shortly after the colonies had formally declared their independence in
1776 (Calvelli 2024).

The issue emerged anew, notably in the Progressive Era during the first two decades of the
20th century, “with major changes to election rules: Some expanded participation, like national
amendments on women’s suffrage and the direct election of senators, along with ‘direct democracy’
policies such as the initiative and referendum in many states” (Calvelli 2024). Within a 40-year span
from the 1880s to the 1920s, attention to compulsory voting stretched across the country, with
11 states and Kansas City, Missouri introducing laws for it, along with six states that considered
constitutional amendments, including four state constitutional conventions. Only Massachusetts and
North Dakota passed amendments to enable the proposal (Calvelli 2024). Any further serious pursuit
in compulsory voting waned significantly with the Great Depression, New Deal and World War
II. Citing that only one law review article within the last 107 years devoted more than a footnote
mention to the history of compulsory voting in the U.S., Calvelli (2024) highlights Henry Abraham’s
1952 dissertation as “the only comprehensive history of compulsory voting” with “eighty-three pages
to American efforts yet is only available in a few archives and is not digitized” (Abraham 1952).

With measures of social distancing and lockdowns during the COVID-19 pandemic, reforms in
mail voting procedures that many states adopted are being seen as the logical precursors to implement-
ing universal voting. In the 2020 presidential election, which saw the highest turnout percentage
(66%) for a national election since 1900, five states had turnout higher than 75%: Minnesota (80%),
Colorado (76.4%), Maine (76.3%), Wisconsin (75.8%) and Washington (75.7%). The five states with
the highest voter turnout in 2024 were Minnesota (76.4%), Wisconsin (76.40%), Michigan (74.7%),
New Hampshire (74.4%), and Colorado (73.1%).

Examining voting by mail policies of the 2020 presidential elections, researchers conclude that
mailing ballots to every voter carried a positive effect on turnout, adding that findings for universal
VBM (vote by mail) and no-excuse VBM were most robust than what might have been possible
before the pandemic (McGhee, Paluch, and Romero 2022, p.8):

The pandemic motivated changes in election laws across a far wider range of states than
had previously made the effort. The changes were made even as mail voting became
vastly more politicized than at any time in its history. And the pandemic itself inserted a
deeply disruptive force into the normal administration of elections, even for states that
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did not change their laws. Yet in the midst of all these dynamics, we find that these laws
behaved much as they had prior to the 2020 election.

With the available longitudinal database of American National Election Studies (ANES) covering
presidential elections from 1948 to 2020, we can extrapolate data for those who participated and
cast ballots, including demographics, and party affiliations and, in turn, train a machine learning
model to estimate and predict the statewide impact of nonvoters in the outcomes of the presidential
elections in the ANES datasets.

Acknowledging that the features that point toward the propensity of how a voter might cast their
ballot, we demonstrate a predictive model as a gateway for easing concerns and fears that compulsory
voting would introduce inherent biases that would favor one particular political party over another.
To accomplish this task, we leverage the ever-expanding field of Artificial Intelligence and Machine
Learning. Artificial Intelligence (AI) and Machine Learning (ML)1 are increasingly influential in
political science, offering new tools to model behavior, analyze text, and predict outcomes. The
roots of AI can be traced back to philosophical inquiries about human cognition, notably Thomas
Hobbes’ Leviathan, where in Chapter 5 he likens human reasoning to computation – suggesting that
thinking is, at its core, rule-based manipulation of symbols (Hobbes and Missner 2016). This early
mechanistic view of cognition foreshadowed the ambitions of AI: to replicate human intelligence
through machines. In the intervening time between Hobbes and the modern age, our understanding
of the natural world was elaborated, our ability to compute was expanded, and our models of
intelligence and reasoning were extended.

A pivotal moment in the history of AI came after World War II, when digital computers replaced
human “computers” and researchers began asking how machines might simulate human thought and
actions. Alan Turing’s 1950 paper, Computing Machinery and Intelligence, posed the now-famous
question, “Can machines think?”, giving rise to the concept of the Turing Test (Turing 2009). Early
AI research focused on rule-based reasoning, very much in the tradition of Hobbes, but progress
slowed in the 1970s, ushering in the so-called “AI Winter,” as enthusiasm and funding waned. A
resurgence emerged through a shift in focus from hand-coded rules to data-driven learning. The
paradigm shift in AI came when our efforts to model intelligence moved from rote memorization and
articulation to playful and experiential learning, giving birth to Machine Learning (ML) – a subfield
of AI centered on training algorithms to learn from examples 2. Today, AI is a broad, interdisciplinary
field encompassing natural language processing, image recognition, and decision-making systems.

For political scientists, understanding these developments is crucial, not only for leveraging new
methodological tools but also for engaging critically with the implications of delegating cognitive
tasks to machines. Political science has a long history of using statistical methods for both analysis and
prediction. Our use of AI/ML builds upon this tradition. Many of the AI/ML techniques presented in
this work have their roots in classic statistical modeling. An increased abundance of data, alongside
continued advancement of both linear and non-linear mathematical modeling algorithms encouraged
and enabled by significant computing power, has the potential to change the landscape of political
science modeling. Our work leverages AI/ML advances that came about in very different application
areas than the one studied here. We capitalize on a feature of computer science, and in particular, its
subfield of AI/ML: its focus on algorithms and abstractions allows generalized tools build in one area
to be moved and specialized in a different field. In that vein, our work translates AI/ML modeling
techniques to the political science domain, allowing us to ask “what-if” questions around universal
voting.

Our paper is organized as follows. In Section 2, we summarize the history of compulsory

1. In computer science, there is a sometimes heated discussion concerning the relationship between these two fields. For
instance, is ML a subset of AI or an independent but related field. We will use the terms interchangeably and without
distinction, and may sometimes use AI/ML as a reminder to the reader of this point.

2. We unmask our view on the question raised in the previous footnote
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voting, the ideological bases for and against its adoption, the history of prior attempts to introduce
compulsory voting in states and the application of predictive AI/ML models in political science. In
Section 3, we summarize the theoretical foundations underlying our work and state two hypotheses
we seek to evaluate using our modeling pipeline. In Section 4, we lay out our machine learning
modeling pipeline. We start by reminding the reader of a traditional modeling pipeline used in
political science: given (possibly incomplete) data, the scientist selects features a priori of the modeling,
accomplishes record completion, and then trains a classic logit regression model having least squares
(i.e, Ridge or L2 Tikonov) regularization. We then present our pipeline, which contains three
new machine learning advancements. The first machine learning advancement we employ is to
use a state-of-the-art adaptation of the classic logit regression – elastic-net regression – for both
our feature selection and modeling tasks. The second advancement is that we employ data-driven
feature selection to determine the subset of features on which to build our model. The third and
more novel advancement is our incorporation of an innovative Transfer Component Analysis (TCA)
approach added to our modeling pipeline. The details of these advances are presented in subsequent
subsections. In Section 4.1, we provide the reader with a summary of our feature selection and data
preparation strategies. Our first advancement, data-driven feature extraction, is predicated on our
second advancement. In Section 4.3, we walk the reader through the mathematical details of classic
logit regression and explain our second advancement: elastic-net regularization. We then continue,
in Section 4.4, with the details of our model training and evaluation procedures. We conclude this
section with an evaluation of our model using traditional statistical metrics such as accuracy, recall,
precision, F1, and ROC-AUC. In Section 4.5, we then provide the details of our third advancement,
the use of Transfer Component Analysis, in our modeling pipeline. We conclude this section with
an evaluation of our model using the aforementioned statistical metrics. We argue that although
the TCA-based model obtains similar performance under the aforementioned statistical metrics,
its rigorous mathematical foundations provide the user additional confidence when applying our
modeling pipeline to new problem domains and data. In Section 5, we evaluate our two hypotheses
given in Section 3 using the results of our model. Our hypothesis evaluation leads to two key findings
on which we elaborate. Finally, in Section 6, we present a summary of our work along with the
implications of the findings for future research of predictive modeling in political science on issues
such as voter turnout and compulsory voting.
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2. Background
2.1 History of Universal Voting
After the turnout rate in Australia’s elections dropped below 60 percent in the early 1920s, the
country adopted compulsory voting which required all citizens to present themselves at their proper
polling locations and instituted fines comparable to those assessed for ordinary traffic infractions
for those who did not participate (Dionne Jr and Rapoport 2022, p.44). In Australia’s compulsory
voting system, where on average between just 5% and 7% of eligible voters do not participate, voters
can spoil or leave ballots blank (Birch 2016). Likewise, in Australia, random voting (which is called
donkey voting) is found in only 1% of total votes cast, which is lower than in voluntary voting
systems, such as the U.S., which ranges from 2% to 4% (King and Leigh 2009).

Of the more than 20 countries that have institutionalized compulsory voting, only 10 plus a
Swiss canton enforce it. Australia is the only nation among the 36 members of the Organisation for
Economic Co-operation and Development (OECD) which has some forms of compulsory voting
that are enforced in practice. Compulsory voting exists in Belgium, Greece, Luxembourg, Mexico
and Turkey but it is not enforced.

2.2 Ideological Debate On Compulsory Voting
Scholars have debated the issue of compulsory voting from various theoretical perspectives. Those
who oppose compulsory voting tend to prioritize individual freedom and are skeptical about state
interference, while those who support compulsory voting emphasize collective social benefits and
the role of turnout in girding democratic legitimacy. The comprehensive debate regarding the pros
and cons of the issue is exemplified in Compulsory Voting: For and Against (Brennan and Hill 2014).

2.2.1 Arguments in Favor of Compulsory Voting
In order to consider the moral duty to vote as an effective argument for compulsory voting, the
premise should not focus on “whether one votes well” or in the argument for its democratic legitimacy,
which preferences participating in the electoral process as most valuable (Oprea, Martin, and Brennan
2024). Lacroix (2007) argues that in order for each voter to enjoy the rights of being autonomous
and self-directed and to live by rules of their own making, they need to have and exercise the right to
vote (Lacroix 2007). Another moral angle highlights that by voting, every individual reaffirms that
social reciprocity facilitates the recognition of the public goods argument for compulsory voting.

Dahl (2005) identifies five criteria for voting: “political equality, effective participation, enlight-
ened understanding, final control of the agenda by the demos and inclusiveness” (Dahl 2005). Hill
leans in part on the work of Dahl to illustrate how high turnout meaningfully builds the legitimacy of
governing system as it is determinative of all other political spheres and prevents uneven distribution
of sovereignty to citizens (Brennan and Hill 2014, p.129, 132). Hill contends that voting does have
an impact on political outputs and provides gains to those groups who go from nonparticipation
to engagement (Brennan and Hill 2014, p.138). Even simply voting present is a political signal
worth sending as it alerts politicians to acknowledging these particular voters whose support could
be captured in future elections. She argues that low turnout signals dysfunction in a political system
that cannot be corrected alone by political acts of abstention (Brennan and Hill 2014, p.153).

The extant literature has consistently identified two reasons for why eligible and registered
abstain from the process. One is alienation, where an individual feels that none of the available parties
matches their policy preferences. The second is indifference, where eligible individuals believe that
there are no significant contrasts between the platforms of the candidates in an election.

One argument for compulsory voting suggests that it rectifies abstention’s effect of political
polarization. That is, formerly alienated voters either will vote for the party most closely aligned with
their policy preferences or engage in ballot spoilage or protest voting (Oprea, Martin, and Brennan
2024). Using two models examining the relationship between turnout decisions by voters and
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political party policy positioning, researchers developed a range of empirically relevant scenarios to
gauge what the scope of compulsory voting might entail (Oprea, Martin, and Brennan 2024): “Two
formal models of party competition support this argument, showing that decreasing or eliminating
the possibility for citizens to abstain, particularly due to alienation, can decrease pressures for parties
to locate toward the preferences of their more extreme members.”

Resolving the debate about non-voting as a right that should be protected, Hill (2014) cites legal
precedents that have advanced that voting rights are fundamentally not invertible. “Requiring people
to vote is justified because voting is central to the existence and perpetuation of a cherished way of
life on which so much else depends. Indeed, representative democracy is substantially constituted by
voting” (Brennan and Hill 2014, p.162). In essence, because democracy is the underpinning of all
other liberal rights/systems, it is superordinate to these constituent features. Democratic participation
is thus rendered both a right and a duty of citizens (Brennan and Hill 2014, p.170).

Hill notes that attempts to strengthen “voter competence” and concerns about over-representation
are fundamentally misguided (Brennan and Hill 2014, p.185). She says that such arguments miss the
point of democracy, as it is not about outcomes or policy polling, it is about power. If democracy is
really what we value and constituted by the voice of the governed, it only matters that the people
speak and thus vitalize the system. This duty can be considered an act of “self-paternalism” that
sustains all other rights, provides substantive equality, and prevents system failure (Brennan and Hill
2014, p.195).

2.2.2 Arguments Against Compulsory Voting
In his claims that compulsory voting is not morally compatible with the liberal ideology that underpins
democracy, Brennan presents a vigorous case against coercing citizens to vote. Positioning the
defense against a positive claim, he places the burden of proof on the pro side to prove their case, by
deploying an ingenious bit of rhetorical framing (Brennan and Hill 2014, p.5-7). Brennan roots the
core of his defense in the liberal presumption that coercion is unjust until shown to be otherwise. He
appeals to various libertarian and liberal thinkers including Robert Nozick, John Stuart Mill, and
John Rawls to fortify a presumptive concept of liberty (Brennan and Hill 2014, p.10). Citing matters
of consent, legitimacy, and representativeness, Brennan cites philosophical concerns with the idea
that high levels of voter turnout makes governments more legitimate, democratic, or is required
to legitimize governing consent (Brennan and Hill 2014, p.27-28, 30). Governance, he argues, is
fundamentally coercive and does not require legitimation by citizens as it exists as a power structure
outside of these concerns. The small scale of the potential impact of a single vote is dismissed as a
negligible probability not worthy enough to achieve the desired goal of compulsory voting.

Not only does Brennan (2014) call into question the ability of mandatory voting to achieve
representative government, but he also advances the notion that those who do not traditionally
vote are also less politically competent (Brennan and Hill 2014, p.42). He presents evidence that
the disadvantaged, who vote less, are generally poor at understanding policy and cannot connect
their preferences with their desired outcomes (Brennan and Hill 2014, p.45). Shifting from a
consequentialist argument defense, Brennan takes on deontological cases (Brennan and Hill 2014,
p.62). He advances the argument that moral duties cannot be compelled by the state, nor can attempts
to enhance liberty or autonomy. He believes that compulsory voting cannot overcome assurance
issues that voters may have and rejects arguments that it solves the perceptions of a “free ride” in
circumventing the collective production of good governance (Brennan and Hill 2014, p.73). He
adds that nonvoters who would be forced to participate in elections likely will degrade the value of
outcomes, which, in turn, will carry to negative impacts on the public good. With this, he transitions
to perhaps his most provocative argument: “Forcing everyone to vote is like forcing the drunk to
drive” (Brennan and Hill 2014, p.106). To buttress his critique that people are generally poor political
actors, Brennan (2014) cites research pointing to broad public ignorance about politics and the depth
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of the extent of misinformed voters (Brennan and Hill 2014, p.90, 93).
Brennan claims that knowledge and useful opinions about subjects like economics and social

policy are specialized goods that only certain people are able to produce and should not be expected
beyond those who are identified either as expert or or those who are interested in such topics. Forcing
a broad and deep level of ignorance into the system could be deleterious and cannot be overcome
by some “miracle-of-aggregation” (Brennan and Hill 2014, p.98). Brennan posits that it would be
more reasonable to create a voting lottery system that selects a random representative sample from
citizens and tasks them with voting for the nation instead of the general public (Brennan and Hill
2014, p.35-36).

Labeling compulsory voting as a “superficial device,” for increasing turnout, Pildes (2012) argues
instead for reforms to enhance political competition, including independent citizen-led redistricting
commissions in the states, allowing voters who are not registered with a political party to participate
in open or semi-open primaries, and encouraging states to adopt public financing of elections (Pildes
2011).

2.3 State-Level Proposals within the United States on Compulsory Voting
In the 1880s, efforts to enact legislation gained currency in various state legislatures but fell short
of becoming law. The Massachusetts legislature considered petitions for compulsory voting three
times, while the Maryland legislative chambers considered minor criminal penalties for non-voters,
including fines where the revenue would be directed to public schools. Likewise, the New York
State Legislature unsuccessfully introduced two bills that were modeled on some of the measures
adopted by American colonies in the 17th and 18th centuries (Abraham 1952).

The only law that was enacted during the time came in 1889, when Kansas City, Missouri
adopted an ordinance that levied a potential $2.50 tax on all of the city’s eligible voters that would be
dismissed once voters cast ballots. The law lasted seven years before the Missouri Supreme Court
ruled in Kansas City v. Whipple (38 S.W. 295, Mo. 1896) that it was an unevenly applied tax that
violated the state constitution’s principles for the “free exercise of the right of suffrage” (Missouri
1896).

In the early years of the 20th century, legislators in various states again took up the issue of
compulsory voting, by considering bills that included sanctions ranging from criminal penalties and
poll taxes to disenfranchisement of non-voters (Abraham, 1952). These included New York (1904),
Massachusetts (with more than a dozen proposals between 1909 and 1918), Wisconsin (at least six
attempts between 1903 and 1915), Connecticut, Rhode Island, and Indiana (1911) (Abraham 1952).
Only in Indiana did a proposal to make non-voting a misdemeanor come closest to passing, which
passed in the state senate but died in the house chamber (Abraham 1952).

The only known federal government proposal came from U.S. Senator Arthur Capper, a Kansas
Republican who proposed a 1% tax on the income of non-voters. But, it gained virtually no traction,
given that “politicians often resist changing the rules that elected them, so this lack of uptake makes
sense, but these persistent proposals suggest popular support” (Calvelli 2024, Ely 1981, p.103).

After the 2020 election, state legislators in Connecticut, Massachusetts and Washington sponsored
legislation to adopt compulsory voting in their respective states and while the bills did not pass, it
highlighted the rejuvenated efforts to build interest, especially in encouraging measures to adopt
compulsory voting at the municipal and state election levels.

2.4 Highlights of AI/ML As Used in Political Science
Machine learning for predictive modeling in political science was already being utilized well before
current advancements in AI. Regarding implications for methodological development that strengthens
accuracy in predictive models, Montgomery, Hollenbach & Ward (2012) propose ensemble Bayesian
model averaging (EBMA), in which information is pooled from and across several component
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models that emulates a weighted average approach (Montgomery, Hollenbach, and Ward 2012).
In assessing how algorithms could handle predicting roll call votes in a parliamentary system that
emphasizes measures of partisan polarization, researchers trained a machine learning algorithm with
features to capture the language and the history of a specific member’s activity during parliamentary
debates. The results indicated that the algorithm’s highest levels of predictive accuracy corresponded
to polarization in the parliamentary body, and when its accuracy was low, so was the level of
polarization among legislative members (Peterson and Spirling 2018).

Using bail decisions of judges who must decide whether or not to jail or release a person who has
been charged with a crime, researchers sought to enhance a machine learning algorithm’s predictive
value by understanding how predictions translate to decisions. Taking into account the quality
of the decision and possible counterfactuals that would be essential to estimate this, researchers
considered the selective labels problem, realizing that judicial preferences should be specified in order
to overcome the risk of omitted payoff biases (Kleinberg et al. 2018).

In one study demonstrating the exploratory potential of a supervised black-box learning ensemble
model to produce valid, calibrated predictions of the propensity of swing voters in later elections,
researchers also explored the propensity for split-ticket voting via removal-based experimentation
(Hare and Kutsuris 2023).

Finding that the learning ensemble could not satisfactorily compensate without pre-election
policy attitudes (e.g., “patterns of salient ideological cross-pressures”), for the model to effectively
identity swing voters, more individual-level data should capture voters’ orientations about their
political beliefs and philosophies as well as attitudes on policy (Hersh 2015).

To test factors that the black box model has tagged as important for their specific cross-pressures
effects, Hare & Kutsuris (2023) recommend causal forests (Hare and Kutsuris 2023) where data are
split to maximize differences across splits in relationships between outcome and treatment variables
(Athey and Wager 2019). Some political scientists have incorporated the Shapley values concept
into their modeling, which is taken from cooperative game theory and applied to distributing the
collective credit to a specific subset of players (i.e., political coalition) (Rozemberczki et al. 2022). The
implications for such approaches in political science would not only gauge swing voter propensities
in national as well as local and state elections but also predict the impacts of high election turnouts on
incumbency, polarization and political volatility.

While our method complements previous efforts, it also is distinct in several important ways to
ensure that model features are selected from a comprehensive set of eight domains on the basis of
political science literature that provide initial domain knowledge from specialized areas in political
science relative to analyzing voter turnout scenarios. These include variables representing demo-
graphic and identity-related aspects of individuals including socio-economic status and conditions,
as well as those describing individual political leanings and inclinations. Likewise, other variables
capture emotional and psychological states that influence voting behavior and participation in the
voting process along with cognitive factors that could influence decision-making processes. These
features then are automated by our machine learning pipleline to formulate the data-driven training
and final predictions of compulsory voting outcomes.

With this approach, we account for situating the prediction problem of compulsory voting as a
binary classification problem across different domains. Furthermore, we use elastic net regularization
and transfer component analysis wherever statistical differences are minimized. This allows machine
learning models to perform better in generalizing across the major domains used in the research.
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3. Theory
3.1 Democratic Theory for the Enfranchisement of All Voters
Notwithstanding the 2020 presidential election turnout rate of 66%, turnout rates since the Voting
Rights Act of 1965 became law have generally averaged around 57% in presidential elections and
41% in midterm elections (Dionne Jr and Rapoport 2022, p.xxii). If “democratic autonomy of the
people” is to ensure the “right to choose a representative” which entails “every [individual] portion
of sovereign power,” then voter turnout must be as widespread as possible (Luther v. Borden, 48 U.S.
(7 How.) 1, 34 (1849)) (Unger 2022).

One way to motivate non-voters to participate is a change in laws and regulations. This is because
research shows that the more restrictive the state laws are, the more non-voters there are in the state.
The more expansive the laws, the higher the turnout (Campbell 1980).

A good number of scholars see compulsory voting as the ideal expansive mechanism for increasing
turnout, as evidenced that in the 22 countries with some form of compulsory voting, turnout
consistently rises above 80% (Ornstein 2020). In justifying compulsory voting as utilitarian and
rights based, Hill (2014) explains it is the sole institutional mechanism to achieve turnout of 90%
or higher(Brennan and Hill 2014). That specific threshold constitutes a tipping point because any
turnout below that risks becoming “socially uneven enough to affect the behavior of governments in
favor of voters as inclusiveness is compromised along with quality of governance” (Brennan and Hill
2014).

Scholars also have related compulsory voting to lowering the voting age limit, and have suggested
that lowering the minimum age of voting brought in a more “fluid electorate.” Therefore, compulsory
voting may introduce the ideal nature of “flexibility” in the political system that depends on how
“normative persuasions” evaluate it (Campbell 1980).

Unger (2022) explains that scholars have yet to find consensus in affirming the relevant con-
stitutional context for compulsory voting. She highlights a possible path could be elucidated by
examining the legal contexts that led to the evolving history of the U.S. mandating the right to jury
service (Unger 2022). This includes, for example, “the promise of representational equality” that
could only be reconciled for African American criminal defendants if the jury “represented them as it
did white criminal defendants,” an awareness recognized by the courts in expanding the right of jury
service to African Americans (Unger 2022). The same representational context arose in numerous
court cases that ultimately affirmed and demanded the right of women to participate in jury service
(Unger, 2022; Duren v. Missouri, 439 U.S. 357, 1979) (Unger 2022).

Likewise, a “voter-oriented statute” from the Civil Rights Act of 1957 affirmed that any U.S.
citizen 21 years and older who had fulfilled the one-year residency requirement in a district is
competent to serve as a juror, an analogy that was highlighted in Taylor v. Louisiana, 419 U.S. 522
(1975). Unger (2022) concludes, “the jury-voter parallel undoubtedly influenced Congress and the
Court when calling Black Americans and women to the jury. Such institutional equivalence seems
irreconcilable with the disparate treatment of the two rights under the law” (Unger 2022, p.300).

The issues regarding non-voters also extend beyond concerns about political apathy or dissat-
isfaction with choices of partisan identity. During the course of the four most recent presidential
elections, numerous states enacted laws restricting or adding hurdles to access to voting as well as
adding impediments to absentee voting, narrowing the time windows for voter registration and
purging eligible voters (Unger 2022). Studies have cited that long lines at polling stations, which,
in some states, have been limited in number and are not conveniently accessible can discourage
sizable numbers of registered voters from participating. The trend has been seen frequently in
majority-minority counties (Mukherjee 2009, Stewart III 2015, Wilder 2021).

Underlying dynamics related to political polarization have coincided with the rising prevalence
of laws restricting or impeding access for eligible and registered voters. Political extremism on either
section of the partisan spectrum is not the principal problem but rather it is the concern about elite
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dominance in the political policy-making sphere. Given elections are the legitimate and decisive
procedure in the political system, Hill (2014) argues that compulsory voting will empower those
whose policy interests have been harmed, ignored or comprising by not voting (Brennan and Hill
2014). Among the empirical studies that support this claim include findings that compulsory voting
improves income distribution (Chong and Olivera 2005), welfare policies are more generous and
policies tend toward redistribution (Mahler 2008), and it leads to policies for increases in pension
spending (Fowler et al. 2013).

Using turnout percentages in recent presidential and congressional elections as baselines, re-
searchers ran theoretical simulations (40%, 50% and 60%) for compulsory voting scenarios. In
assuming a turnout increase of 16.5% (the middle of empirical estimates), even the worst-case
scenario suggests a meaningful 22% decline in polarization (Oprea, Martin, and Brennan 2024).

3.2 Proposed Testable Hypotheses
There are three competing theories regarding the compositions of non-voters. The first one assumes
that non-voters are more often to identify with the Democratic Party than with the Republican
Party. The second is that the non-voters are rational, following the principles of rational choice
theory. This may be that the two major parties have not provided voters with clear differences in
party platforms on issues such as voters’ utility income, or simply because of the belief that any single
vote cast by a voter likely will not realistically change an election outcome (Downs 1957). In this
sense, being a non-voter may be a rational decision as the cost of voting for a wrong political party
may be too high to ignore.

The third is that non-voters are similar to voters. They share similar levels of strengths of
partisanship as voters (Campbell 1980, p.271). They will exhibit the same and perhaps even greater
shifts in their party preferences, in trends reflected in the larger share of the electorate (Campbell
1980, p.110-111). The following discusses these theoretical considerations in tandem.

Aiming for an analysis to provide better statistical control over conditioning variables in a
predictive model, DeNardo (1980)’s Defection Model challenged the conventional belief that higher-
than-average turnouts will consistently benefit Democrats (DeNardo 1980).

Noting that it depends upon how core and peripheral voters could be divided and thereby affect
partisan advantages in a high-turnout election, DeNardo created a scatterplot of election turnout
rates and the Democratic Party’s share of votes in presidential elections spanning 1932 to 1976.
Concluding that these variables were unrelated, DeNardo explained that if a high-turnout election
motivates peripheral voters to defect, then turnout will benefit the minority party, adding that this
would most likely in districts that are heavily Democratic (DeNardo 1980). DeNardo says the widely
acknowledged relationship between magnitude of turnout and partisan advantage became weaker. It
is worth noting the following was what DeNardo wrote in 1980 (DeNardo 1980):

Finally, it should be clear that samples spanning 50 years will provide virtually no control
over the peripherality of the parties’ support or the crucial defection variable . . . During
the period under study, the U.S. electorate underwent a severe dealignment, the technol-
ogy of political campaigning changed drastically, party organizations fell into disrepair,
the franchise was extended to 18-year-olds, and the electoral rules evolved in ways that
favored split ticket voting. Are we to believe that the critical conditioning variables
identified by the model must remain stable over 50 years time just because the cases are
drawn from single states?

The factors DeNardo mention above have evolved and changed just as dramatically (e.g., early
voting and voting by mail) since then. However, challenging the defection model as “simplistic and
incomplete”, Tucker and Vedlitz (1986) emphasized that while six states, located in the U.S. South,
have shown consistent increases in turnout that coincide with partisan realignment, the predicted
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effects in the defection model do not occur because “there is no majority party and no partisan
advantage associated with above- and below-average turnout” (Tucker, Vedlitz, and DeNardo 1986).

Estimating electoral effects on voter turnout, Hansford and Gomez (2010) conclude that they
are endogenous, based on nearly 2,000 county-level data sets (excluding counties in the U.S. South)
for presidential elections between 1948 and 2000 and a weather-based instrumental variable design
(Hansford and Gomez 2010). Furthermore, the results point toward expanding DeNardo’s defection
argument to acknowledge that if “typical nonvoters (i.e., peripheral ) actually do vote, their votes will
be less predictable than those cast by ideological partisans with strong policy preferences” (Hansford
and Gomez 2010). In other words, supporting a hypothesis of volatility, the higher the turnout, the
inflow of previous nonvoters (peripheral voters) would carry greater consequences for both major
U.S. political parties (Hansford and Gomez 2010):

[A]lthough higher turnout benefits Democrats on average, the magnitude of those
benefits is conditioned by the composition of the electorate being brought to the polls.
Indeed, in highly Democratic electorates, high turnout may actually help the Republicans,
who benefit from weak partisans defecting from their Democratic attachments.

Comparing ANES survey data in the 1992 and 1996 presidential elections, Highton and Wolfinger
(2001) found that more than 80% of nonvoters expressed opinions on 19 of the 26 issue items presented
on the survey (Highton and Wolfinger 2001). While the response rate was nearly as high on issues
related to defense spending and environmentalism, the numbers of nonvoters were smaller when
asked if they wanted to offer opinions on safety nets for the economically disadvantaged or on
redistributive economic policies in general. In both elections, at least at least 20% of nonvoters
(compared to less than 10% of voters) did not indicate any party affiliation. Summarizing the results,
(Highton and Wolfinger 2001, p.188) conclude: “Nonvoters differ from voters in the directions he
predicted. They are less likely to have opinions on issues, identify with a party, express an ideological
preference, be class conscious, or be stimulated by campaign activists. Yet except for the final point
the differences are generally trivial (Highton and Wolfinger 2001).

Non-voters are just not as politically engaged as voters. Citing that 43% of eligible voters
abstained in the 2008 presidential election, Brennan (2014) said that assuming that same percentage
of voters comprises a random cross section of the total eligible electorate, “abstainers and voters
would essentially be equal” (Brennan and Hill 2014, p.33). If compulsory voting would be adopted,
Brennan contends that the representativeness argument would only be valid if the disadvantaged –
representing lower income, minority and youth demographics – comprise a sizable bloc (Brennan
and Hill 2014). On the other hand, characterizing “swing voters as simply politically unaffiliated
and uninformed ’rolling stones’ of the electorate neglects a suite of consequential cross-pressures
underlying swing voter behavior” (Hare and Kutsuris 2023).

Brennan (2014) also contends that adopting compulsory voting would actually facilitate a conta-
gion because voters would inevitably become just as misinformed, ignorant and irrational as non
voters (Brennan and Hill 2014). Using ANES survey data on voter opinions and knowledge, Althaus
(2004) found that in the highest quartile for knowledge, voters “averaged 15.6 correct answers out of
18 possible, while in the lowest quartile, people averaged only 2.5 correct answers” (Althaus 2003).
Ciccone’s (2001-2) argument against compulsory voting is predicated on the observation that polling
even with samples as small as 1,600 people can predict election outcomes with at least 95% accuracy
(Ciccone 2001).

Another study examining voters who cast ballots for the incumbent in presidential elections
between 1972 and 1992 concludes that poor levels of information produce an average aggregated
bias of 5% favoring the incumbent (Brennan and Hill 2014). Contending that such a move would
actually make the argument for worsened governance, Brennan (2014) summarizes that compulsory
voting will have insignificant party effects and dismisses that such a change would benefit liberal
parties or causes (Brennan and Hill 2014, p.103).
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Contrary to Brennan’s argument, Hill (2006) argues that compulsory voting opens up communi-
cation in political discourse as a “coordination necessity” that can overcome the identified causes of
rational abstention (Hill 2006). This includes individuals who have felt uncertain or have had little
information about other potential voters’ intentions along with the transaction and opportunity costs
of voting.

Regarding the claim that compulsory voting would consistently benefit Democrats, Highton and
Wolfinger (2001) note that empirical analyses of survey data refute the assertion: “Simply put, voters’
preferences differ minimally from those of all citizens: outcomes would not change if everyone voted”
(Highton and Wolfinger 2001).

Examining the NES data in the 13 presidential elections between 1952 and 2000, researchers
conclude that, on average, non-voters are “slightly more likely to support the Democratic Party”
and in a scenario of a full turnout of the electorate, only two elections (1980 and 2000) would be
“possible exceptions” in changing the election outcome (Brunell and DiNardo 2004).

Citing the close presidential elections in 2000 and 2004 in which Bush prevailed in Florida and
Ohio, respectively, which decided the election outcomes, Dionne and Rappaport (2022) hypothesize
that if each state’s most populous county (Miami-Dade in Florida and Franklin in Ohio) had adopted
compulsory voting, the election outcome would have been different: “Red states, in particular, would
find it in their interest to impose statewide voting mandates. By requiring all eligible voters to
participate, they would stop a few blue municipalities from benefiting at the expense of the many red
ones” (Dionne Jr and Rapoport 2022, p.148).

With a semiparametric model taken from the economics of discrimination that included propen-
sity score reweighting in their analysis of a full turnout scenario, Brunell and DiNardo (2004) suggest
a “modest electoral benefit” for Democrats, with an average increase of 2.3% and a standard deviation
of 1.59 over the 1952-2000 span of presidential election data they used for the study. That average
increase possibly would have been large enough to reverse the outcomes of the 1980 and 2000
elections: “Depending on the election, a 2.3% increase may be completely meaningless, as in 1984
[when Ronald Reagan was re-elected], or it could easily be decisive, as in the 2000 election. Our
estimates indicate that Al Gore [the Democratic candidate] would have picked up 2.2% of the total
vote, which would almost certainly have guaranteed him a victory” (Brunell and DiNardo 2004).

Offering caution to not overestimate their findings, Brunell and DiNardo (2004) explain that
the net effect of boosting turnout to full or near-full levels would be “relatively small” in benefiting
the Democratic Party, given costs and the varying ways in which Democrats identify ideologically.
They add, “This is the likely explanation for why the political parties do not concentrate much time
and money trying to mobilize habitual nonvoters” (Brunell and DiNardo 2004, p.43).

With the preceding in mind, we propose two competing hypotheses about the possible election
outcomes if compulsory voting is introduced in all 50 states and Washington D.C.:

Hypothesis 1: If non-voters are disproportionately Democratic, then the introduction of com-
pulsory voting will lead to more elections wins for the Democratic Party.

Hypothesis 2: If non-voters behave in the same way as voters, then Blue [Democratic] states
will become more Blue, and Red [Republican] states will become more Red.

Of course, if non-voters behave significantly different than frequent voters, then the election
outcomes with a compulsory voting requirement could differ from those elections without a compul-
sory voting requirement but the change also could be unpredictable which does not lead to a testable
hypothesis by itself. But the random non-voter thesis, if proven to be true, should be reflected by
rejection of both Hypothesis 1 and Hypothesis 2.

If the consequence of adopting compulsory voting does not engender significant changes in an
eventual election outcome, that could ease the fear, skepticism and hesitation about those who believe
compulsory voting will preference one party over another. If the consequence is that the results are
so highly different that they could lead to a different eventual election outcome, that might deepen
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the fear, skepticism and hesitation about those who believe compulsory voting will preference one
party over another. Under the assumption of the two groups being the same, as represented in the
ANES data, and by deploying an AI/ML model to infer the features that are correlated with voting
choices, for the first time, we can predict, with statistical confidence, what might have happened, under
a compulsory voting scenario.
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4. Machine Learning Pipeline
We begin the presentation of our modeling pipeline by reminding the reader of the traditional
modeling pipeline used within political science as demonstrated in Figure 1. At the start, we assume
we are given data records for voters. Some of these records are ‘incomplete’ in that there are missing
data problems. Step A’ is to use political science literature (domain expertise) to decide what features
are most relevant in model building. Step B’ denotes how, in light of our given data and our
user-selected features, we process the data for our analysis (imputation). In Step C’ one would train a
logit regression model using least-squares regularization, and in Step D’ one would evaluate their
model both for validation and then for hypothesis testing and possibly prediction.

Figure 1. The Traditional Pipeline. A’ denotes our data completion step. B’ denotes expert-based feature selection step,
with C’ being modeling training with least-squares regularization. Step D’model validation and use for hypothesis testing.

The traditional pipeline represented in Figure 1 can obviously be easily executed by most political
scientists with quantitative training. But this approach is not data-driven, and subject to prediction
error if the features selected in the logit regression model-building are questionable in the first place.
We now highlight our machine learning pipeline as shown in Figure 2.

Our starting point is the same as above: we assume we are given data records for voters. Step A in
our pipeline is to use data-driven feature extraction to decide what features are most relevant. This step
is outlined in Section 4.1.1. Step B denotes how, in light of our given data and our data-determined
features, we process the data for our analysis. This part of the pipeline is presented in Sections 4.1.2,
4.2, and 4.2.1. Prior to proceeding with our modeling efforts, we then, in Step C, accomplished
Principal Component Analysis (PCA) to visualize the results. This provides us a sanity-check on
our results. In Step D we applied logit regression with elastic-net regularization, and in Step E we
evaluated our initial results. We then, in Step F applied TCA, analyzing and visualization the results
of this step in Step H. We then apply the model again in Step G and examine our final results in Step
I. As discussed in Section 6, we propose that the pipeline of the future allows political scientists to
directly take step ∆ from the data, through TCA, to elastic-net regression modeling and prediction.

In what follows, we walk the reader through the major computational techniques used in our
pipeline. We highlight our three advancements: use of data-driven (automatic) feature selection, use
of logit regression with elastic-net regularization, and use of Transfer Component Analysis.
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Figure 2. Our Machine Learning Pipeline. A denotes our data completion step. B denotes our feature selection step, with C
being an analysis and visualization step prior to applying our methodology. D denotes training our logit regression model
with elastic-net regression. E is our initial model predictions. F is the application of TCA with corresponding analysis and
visualization in H. We evaluate our logit model under the TCA transform G and make our final prediction I. Take step ∆
allows a more direct path from data, through TCA, to elastic-net regression modeling and prediction.
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4.1 Data Preparation and Feature Selection
In this section, we present how we prepare our data. Our modeling efforts require us to address
the issues of missing data, data imputation, and feature selection, which we detail in the subsequent
sections.

Figure 3. Initial features and why feature selection is important. In the left figure, we show two different voting choices
denoted by stars and dots. Although many of the votes are grouped together (e.g. a prevalence of stars in the

(Age, Party) = (B, C)

quadrant), the classification is not clear. Adding an additional dimension, as shown on the right figure, might in fact aid in
understanding the partition of the data. This figure highlights the importance of feature selection (and their corresponding
dimensions).

4.1.1 Feature Selection
In the initial phase of our feature processing workflow, the selection of candidate features is of critical
importance. To highlight this issue, consider Figure 3. In a simplified model, we can imagine age
and party being the only discriminators available to us. As the left image models, these two features
may do a reasonable job capturing our data; however, the data with only these features does not
allow us to clearly group (classify) the voters by age and party only. The importance of feature
selection is highlighted in the right diagram, in which the addition of another dimension (feature),
in this case gender, may allow the two groups to be clearly distinguished. This cartoon is meant to
remind the reader that when dealing with high-dimensional feature-sets, selection of the dimensions
used to model the data combined with models with sufficient flexibility to capture patterns in the
high-dimensional data is crucial.

Although traditional feature selection techniques such as recursive feature elimination (RFE) can
be directly applied under a standard logit regression model, they are not well suited for the nature of
our data. Our dataset presents three interrelated challenges: a) a vast number of candidate features
(in the thousands), b) high sparsity, and c) potential redundancy or high correlations among features.
These characteristics make conventional automated feature selection both computationally inefficient
and less effective in preserving model interpretability and robustness.

To address these challenges, we adopt a two-stage strategy. We leverage domains based on the
literature to cull the initial selection of feature groups from eight distinct domains, each contributing
conceptually meaningful and high-information-value attributes to our modeling pipeline. These
domains include:

• Contextual Domain: Features that provide background and situational context to the voting
scenarios.
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• Identity Domain: Variables that describe demographic and identity-related aspects of individuals.
• Presidential Politics Domain: Features specifically related to opinions and engagements concern-

ing presidential campaigns.
• Affect Domain: Variables that capture emotional and psychological states influencing voting

behavior.
• Electoral Engagement Domain: Features related to the participants’ engagement in the electoral

process.
• Cognitive Domain: This includes cognitive factors that could influence decision-making pro-

cesses.
• Political Inclinations Domain: Variables that describe the political leanings and inclinations of

individuals.
• Socio-Economic Domain (Socio-Eco Domain): Features that represent the socio-economic status

and conditions of the individuals.

This structured preselection serves as a principled filter that dramatically narrows the search
space. In the subsequent automatic feature-selection stage, we apply logic regression with elastic-net
regularization to further refine the feature-set in a data-driven way. Training of our logit regression
model in this fashion provided us a “ranking” of the features in terms of their impact on the model
and its prediction capability (Zheng and Casari 2018; Seger 2018). This automated selection process
allowed us to balance model flexibility with interpretability and promoting sparsity in the final
representation.

A total of 16 numerical features were selected, providing quantitative data that can be directly
analyzed and modeled, and we identified 99 categorical features that describe qualitative attributes of
the data, which are essential for a nuanced understanding of voter behavior. This comprehensive
selection of 115 variables from varied domains ensures that our feature set is not only multidimensional
but also deeply integrated with domain-specific knowledge, providing a strong foundation for
subsequent analytical processes.

4.1.2 Data Preparation: Missing Data
The primary motivation for this phase of our work is to address the challenges posed by extensive
missing values in our dataset, a common issue in political science research that can significantly
impact modeling accuracy and insights. We devised a comprehensive approach to mitigate these
effects and enhance the quality of our data for modeling.

The first step involves a detailed analysis of the missing values across all candidate features. We
compute the cumulative missing ratio over multiple decade-long spans to understand the persistence
and pattern of missing data across different time periods. For instance, we calculate missing ratios for
the last 10 years (2012-2022), 20 years (2002-2022), and so forth. This assessment helps in identifying
trends and periods with significant data loss, which are critical for subsequent processing steps.

To ensure the robustness of our model, we adopt criteria that prioritize features with fewer missing
values in more recent years, as these are likely to provide more reliable and relevant information. We
establish a set of thresholds for missing ratios over different time spans:

• Less than 20% missing in the last 10 years.
• Less than 30% missing in the last 20 years.
• Less than 40% missing in the last 30 years.
• Less than 50% missing in the last 40 years.

Based on these criteria, we selected 12 numerical features and 52 categorical features for modeling.
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4.2 Data Preparation: Processing of the Features
We then processed the selected features to ensure consistency and comparability across the dataset.
For numerical features, we applied traditional standardization (Zheng and Casari 2018), which
involves scaling the data so that it has a mean of zero and a standard deviation of one. This process
is essential because it neutralizes the scale of different features, allowing for a fair comparison and
combination within models. It also enhances the stability and performance of many machine learning
algorithms that are sensitive to the scale of input data.

For our categorical features, we convert them into a set of binary features through one-hot
encoding (Seger 2018). This method transforms each categorical level into a new binary variable,
representing the presence (1) or absence (0) of each category. This encoding is crucial for handling
non-numeric data, enabling it to be effectively included in mathematical models and ensuring that
the algorithm treats each category as a separate entity without any ordinal relationship.

4.2.1 Data Preparation: Imputation of Missing Values
The final step involves handling the remaining missing values in our dataset tailored to the type
of processing applied to each feature. We impute missing values in standardized features using the
median of each feature. The choice of the median is driven by its robustness to outliers, making it
a reliable measure for central tendency in skewed distributions. For categorical features, we treat
missing values as a new category. This approach acknowledges the possibility that being absent itself
might be informative and ensures that no data is discarded. After categorization, we apply one-hot
encoding to these newly created classes as well. Through these systematic steps, we effectively
manage the presence of missing values while preserving and enhancing the integrity and usability of
our data for robust political science modeling.
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4.3 Logit Regression with Elastic-Net Regularization
In our current study, we treat the universal voting prediction problem as a binary classification
problem across different domains with the objective of predicting political voting behavior as
highlighted in Figure 4. The source domain consists of the voter groups having labels, while the
target domain includes the non-voter (non-labeled) groups. Our approach integrates multiple
machine learning techniques to handle the complexities of cross-domain data, ensuring effective
knowledge transfer and prediction accuracy. We employed logistic regression (LaValley 2008)
enhanced by elastic-net regularization (Zou and Hastie 2005) to train our model on the source
domain. Elastic-net regularization is a hybrid regularization method which balances the LASSO
(Ranstam and Cook 2018) and ridge regularization (McDonald 2009) techniques. The non-zero
coefficients in the elastic-net model directly signify the importance of corresponding features (Cui
et al. 2019; Fang et al. 2023). This is valuable in understanding which factors are most influential
in the voting behavior of individuals within the source domain and potentially across domains. By
recognizing the most impactful features, we can focus our analysis and refine our model to improve
accuracy and interpretation capabilities.

Figure 4. Given the initial figure above replicated in the left figure, we visualize our goal as finding the votes of the members
of our target domain (shown as green stars/cicles) and using them for model validation and hypothesis testing.

As previously mentioned, we employed logistic regression (LaValley 2008) enhanced by elastic-
net regularization (Zou and Hastie 2005) to train our model on the source domain. We now present
a tutorial on logistical (logit) regression with details on the state-of-the-art ML advancements we are
employing.

4.3.1 Logistic (Logit) Regression with Elastic-Net Regularization
Logistic regression is a classification model that uses several independent parameters to predict a
binary-dependent outcome. The starting point is to decide the vector of independent variables one
will use. We define our “feature vector” as x⃗ = (x1, x2, . . . , xN ) where {xj ∈ R, j = 1, . . . , N} denote
our features and {βj ∈ R, j = 0, . . . , N} denote our modeling parameters. In our work, “features”
are the various attributes associated with each voter described in Section 4.1. For the purposes of this
discussion, we will assume that all features, whether real-valued, integer-valued, or discrete-label
valued, have been mapped to the real number line (R).

In traditional linear regression, one defines a regression function X = X (⃗x) as follows:

X = β0 +
N∑
i=1

βixi
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where the output X denotes the predicted output of interest. In our case, X (⃗xk) denotes a voter k
with characteristics x⃗k (i.e., features) voting a particular way.

Traditional linear regression methods used for binary classification assume that one is given a set
of training data denoting voters for whom you know how they voted, and based upon this training
data one “fits” the linear regression model X by finding the coefficients βj that minimizes some norm
(e.g., the squared distance norm). Given an unseen voter for whom one knows their characteristics
(e.g., features) but not how they might vote, one evaluates the linear regression model and uses
thresholding to bin the output into one of two classes (i.e., D or R).

Logistic Regression (Logit Regression) building upon these ideas by casting linear regression into
a probabilistic framework. To convert the outcome of our linear regression model into a categorical
value having probabilistic significance, we use the sigmoid function. The updated model can be
written as follows:

P(⃗x) =
1

1 + e–X

where P(⃗x) denotes the probability that an event will occur. Like traditional linear regression, logit
regression represents data with an equation showcasing a success ratio over failure. The odds are
p/(1 – p) in terms of probability, and the logistic function can be represented as log odds as follows:

log
(

p(X)
1 – P(X)

)
= β0 +

N∑
i=1

βixi

where log
(

p(X)
1–P(X)

)
is the logit function and

(
p(X)

1–P(X)

)
is the odds.

A threshold value such as P(⃗x) ≥ α is used to separate the outcomes between D and R. In our
work, we have selected the often-used default of α = 0.5. Note that the method we employ makes
the following assumptions:

• Linearity: A straight line should exist between the independent and dependent variables’ log
odds.
• Independence: The observations should stand alone from one another. This implies that the

response variable’s value for a given observation shouldn’t be tied to its value for any other
observation.
• No multi-co-linearity: There should not be significant correlation between the independent

variables.
• Large sample size: A substantial number of samples is needed to get accurate estimations of the

coefficients.
• No outliers: The findings of a logistic regression are presumed to be unaffected by extreme

values or other outliers in the data. Outliers represent data points that significantly differentiate
themselves from the remainder of the data and may profoundly affect the analysis findings.

Training of the model, i.e., finding the coefficients βj, is done through an optimization procedure
that seeks to minimize some optimization cost function. Traditionally the cost function C(β⃗) we
seek to minimize over the parameters β⃗ = (β0, . . . ,βN ) is of the form:

M∑
k=1

||X(x⃗k) – yk||2 + g(β⃗)

where M denotes the number of training samples available, {yk = y(x⃗k), k = 1, . . . , M} denotes
training data for which we have a voter feature vector x⃗k and how the voted y(x⃗k) ∈ {R, D}, and



22

g(β⃗) denotes a regularization term. The two most common choices for regularization are the squared
difference norm (i.e., L2 norm) g(β⃗) = λ||β⃗||2, which is used in ridge regularization (McDonald 2009),
and the sum-of-absolutes norm (i.e., L1 norm) g(β⃗) = λ||β⃗||1, which is used in LASSO (Ranstam and
Cook 2018). The former (the use of L2 regularlization) is the ’classic’ logit regression familiar to
most statistically-aware political scientists, and is often called least-squares regularization. The latter
became popular in the 1990s with the advent of the field of “compressed sensing” technologies.

To overcome the limitations of LASSO and ridge regression, elastic-net regularization, the second
of our advances, is a hybrid method which seeks to balances LASSO and ridge regularization by
setting the regularization term to be g(β⃗) = λ2||β⃗||2 + λ1||β⃗||1. Note that the elastic-net regularization
reduces to LASSO or ridge regularization for particular choices of λ.

To determine the choice of hyperparameters λ1 and λ2, we accomplished a grid-sweeping
algorithm in which we incrementally update λ1 while keeping the convex combination equal to
1.0. For each candidate pair of hyperparameters, we run cross-validation to get the validation score.
We then select the candidate pair that yielded the best performance. In our case, the best set of
hyperparameters were λ1 = λ2 = 0.5.

One benefit of using elastic-net regularization is that, for non-trivial choice of the regularization
parameters (e.g., λj ̸= 0), the non-zero coefficients β⃗ in the elastic-net model directly signify the
importance of the corresponding features (Cui et al. 2019; Fang et al. 2023). This is valuable in
understanding which factors are most influential in the voting behavior of individuals within the
source domain and potentially across domains.
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4.4 Model Training and Evaluation
We train and evaluate our model within the source domain. Ensuring the model’s robustness and
its ability to generalize well on unseen data is critical before applying it to the target domain. We
use the k-fold cross-validation (Refaeilzadeh, Tang, and Liu 2009) technique to validate the model’s
performance and optimize hyperparameters, ensuring that it is well-tuned and capable of making
accurate predictions. We choose the optimal hyperparameters based on the performance metrics
such as accuracy, precision, recall, and F1 score (Nicholls 2016).

As is common practice in machine learning, we selected five-fold cross-validation for our training
as it was a reasonable balance (between 2-fold and 10-fold) given the amount of data available to
us. To evaluate our classifier, we evaluate the Confusion Matrix with its corresponding metrics (see
Figure 5).

Figure 5. Confusion Matrix. In statistical analysis, this matrix is used to classify actual versus predicted values. As discussed
in the text, the quadrants align with the statistical notions of true and false positives/negatives.

Using the concept of the Confusion Matrix, we now lay out the four traditional statistical measures
used to access a model’s predictive capabilities. The accuracy is defined as the number of correct
predictions divided by the total number of predictions:

Accuracy =
TN + TP

TN + TP + FN + FP
.

The precision is the proportion of all the model’s positive classifications that are actually positive:

Precision =
TP

TP + FP
.

The recall is all actual positives that were classified correctly as positive:

Recall =
TP

TP + FN
.

Precision improves as false positives decrease, while recall improves when false negatives decrease.
To aid us in understanding the balancing act of these two measures, we compute F1: the harmonic
mean of precision and recall:

F1 =
2 · Precision · Recall

Precision + Recall
Finally, the area under the curve (AUC) of the Receiver-operating Characteristic (ROC) curve

denotes the probability that the model, if given a randomly chosen positive and negative example,
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will rank the positive higher than the negative. We call this measure the ROC AUC. These four
values are often presented in model evaluation as they give the reader a sense of how well the model
does in light of true and false positives/negatives. We present in Table 1 the results of our evaluation
for our logit regression model trained using elastic-net regularization.

Table 1. Statistical measures of model predictive power of our logit regression model trained using elastic-net regularization.

Evaluation Metrics (Elastic-Net)

Non-voter Ratio Accuracy Recall Precision F1 ROC AUC
0.33689 0.89612 0.90374 0.900753 0.902234 0.89562

As Table 1 shows, our model demonstrates a nearly 90% accuracy rate (i.e., it is ‘right’ approx-
imately nine times out of ten), with similarly high predictive power as demonstrated by recall,
precision, and F1. Although one would want better odds if this model were to be used to determine
medical testing, these values are extremely strong given the limited data and the problem to which
we are applying it. We now turn to our third advancement, Transfer Component Analysis (TCA).
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4.5 Transfer Component Analysis
After establishing the predictive capability of our logistic regression model within the source domain,
we apply Transfer Component Analysis (TCA) (Pan et al. 2010) to effectively manage and mitigate the
challenges presented by the domain shift between the source and target domains. The fundamental
challenge in applying a model trained on the source domain (voter groups) to the target domain
(non-voter groups) is the difference in data distribution, commonly referred to as “domain shift”
(Luo et al. 2019). TCA aims to minimize this shift by finding a subspace where the data distributions
of the source and target domains are more similar.

4.5.1 Mathematical and Algorithmic Details
Transfer Component Analysis (TCA) is a machine learning technique used to help models generalize
knowledge from one domain (source) to another (target). It is particularly useful when the source
and target data distributions are different but still related.

From the statistical perspective, TCA is a means of finding a common statistical space where data
from both the source and target domains become more similar. TCA helps adjust for differences
in data sets transforming both datasets into a new space where their statistical properties are more
aligned. This is visually denoted in Figure 6.

Figure 6. The left figure shows our source and target domain a proposed classifier boundary C based upon the source
domain. Although both target and source domains appear to “partition well”, they are misaligned, and hence use of the
classifier on the target domain may lead to poor statistics. The right figure denotes the application of TCA To rectify this
problem, bringing the two domains into alignment.

Mathematically, TCA finds a transformation of the data that minimizes domain shift by identifying
a new feature space where important structures in the data remain but domain-specific differences are
reduced. It does this using kernel methods and dimensionality reduction techniques (i.e., analogous
to PCA but adapted for domain adaptation). By learning this shared space, a model trained on the
transformed source data can perform better when applied to the target data.

In summary, TCA helps transfer knowledge from one dataset to another by mapping them into
a common feature space where their statistical differences are minimized, allowing machine learning
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models to generalize better across domains.
These operations can be expressed as follows. Based on the inputs XS = {xSi | i = 1, . . . , n1} and

outputs YS = {ySi , | i = 1, . . . , n2} from the source domain and the inputs XT = {xTi , | i = 1, . . . , n1}
from the target domain, our task is to predict the unknown YT = {yTi , | i = 1, . . . , n2} in the target
domain.

Let P(XS) and Q(XT ) (or P and Q for short) be the marginal distributions of XS and XT ,
respectively. In general, P and Q can be different. Our task is to predict the labels yT corresponding
to the inputs xT in the target domain.

The key assumption is that although P and Q may differ, P(YX |XS) = P(YT |XT ).
Let H be a universal Reproducing Kernel Hilbert Space (RKHS) and ϕ : X → H is a map that

lifts a given domain into an RKHS space. Let the desired nonlinear transformation be ϕ : X → H.
Let X′

S = {x′Si
} = {ϕ(xSi )}, X′

T = {x′Ti
} = {ϕ(xTi )} and {X′} = X′

S
⋃

X′
T be the transformed input

sets from the source, target and combined domains respectively. Then we desire P ′(X′
S) = Q′(X′

T ).
We define the Maximum Mean Discrepancy (MMD) as:

Dist(X′
S , X′

T ) =

∥∥∥∥∥ 1
n1

n1∑
i=1

ϕ(xSi ) –
1
n2

n2∑
i=1

ϕ(xTi )

∥∥∥∥∥
2

H

where ∥·∥H is the norm induced by the inner product defined by the RKHS. One key assumption
is: although P and Q may differ, P(YX |ϕ(XS)) = P(YT |ϕ(XT )). The paper (Luo et al. 2019)
provides a mathematically provable algorithm for finding ϕ that minimizes the MMD under the
given assumptions.

4.5.2 TCA Evaluation
Using the same evaluation measures as previously described, we provide here the evaluation of
our new TCA classifier in Table 2. The first observation is that after TCA, our model’s predictive
power is approximately the same by these measures. We achieve effectively the same accuracy, recall,
precision, and F1. However, the advantage of adding TCA to our pipeline is that we leverage the
rigorous mathematical (provable) foundations of the TCA methodology. We know that given our
current data and other model choices, we have employed the test source transformation that aids us in
discriminating between source and target predictions. This feature of our work not only bolsters our
confidence in our predictions, but also gives us confidence based upon its mathematical foundations
that this pipeline can be applied to other questions within political science. The following section
provides the findings at the state level based on the TCA method explained above.

Table 2. Statistical measures of model predictive power of our logit regression model trained using elastic-net regularization
enhanced with TCA. To aid the reader, we provide the previous table appended below.

Evaluation Metrics (TCA)

Non-voter Ratio Accuracy Recall Precision F1 ROC AUC
0.33689 0.89534 0.90509 0.89835 0.90170 0.89469

Evaluation Metrics (Elastic-Net)

0.33689 0.89612 0.90374 0.900753 0.902234 0.89562
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5. Results
Given the robust heterogeneity among the US states, if we were to try to build an ML model for
each state (that is, set up a model and train the model per state so that the model parameters are
specialized to that state), we would find reasonable results for some states (e.g., CA, NY, TX, FL)
and some states in which it would fail miserably (e.g., SD and ND). This is because of the large
variation in the sample sizes across states, from extremely large to extremely small (there is no data
on non-voters in the State of Alaska at all in the ANES samples).

We therefore opted to train our model based on all voters, regardless of the state they are from
(i.e., using the national data), and then evaluate the model at both the national and state levels. The
upside of this approach is that there are sufficient data to train the model. The downside of this
approach is that we must acknowledge that our model training is not state-specific. We are assuming
that the ‘best features’ as well as the combination of those features derived at the national level will
hold at the state level. This assumption is equivalent to saying that our model assumes that non-voters
share fundamental characteristics, regardless of the specific state where they reside. As for the voters
from various election cycles in the ANES data, our features include the year variable in our ML
models.

We show the results of our ML prediction of the presidential election outcomes in terms of how
the two hypotheses that were proposed above both receive empirical support. First, the Democratic
Party will have an overall advantage in the presidential elections, should compulsory voting be
adopted. In seven states (OH, KY, MO, NJ, AL, FL, and OK), the Democratic candidate would
prevail though the winner would be the Republican candidate if not a single vote was cast by the
non-voters. For example, in Ohio the Republican Party maintained a 52.59% v. 47.41% advantage
over the Democratic Party, based on the actual voting numbers. However, in a scenario where the
eligible and registered non-voters would have cast their ballots, the advantage would have flipped
to the Democrats (50.1% to 49.9%). This finding confirms our first hypothesis that if non-voters
are disproportionately Democratic, then the introduction of compulsory voting will lead to more
Democratic wins.

For some context, briefly consider the winning margins in the 2020 and 2024 presidential
elections. In 2020, with the highest turnout in 120 years, the Democratic presidential candidate
prevailed over the incumbent Republican candidate by a 4.45% margin in popular vote. However, in
2024, an election in which the turnout declined by 2.5% from 2020, Donald Trump, the Republican
candidate, was returned to office, but by only a 1.48% margin over the Democratic candidate. As
Brunell and DiNardo (2004) note, lower turnout levels “create a (generally small)" bias against
Democrats in presidential elections and that “is typically two to three percentage points, which is
usually insufficient to overturn a presidential election, in large part because most presidential elections
are won by more than a percentage point or two” (Brunell and DiNardo 2004).

Examining the results of this machine learning model, one can elucidate where the both major
parties have respectively overperformed and underperformed at state and national levels in terms
of turnout among eligible registered voters. Table 3 shows four columns of the findings. The first
column, Voter Direction, is simply based on which party wins the votes from the actual voters based
on the ANES data. The second column shows the result of the winning party based on the choice of
nonvoters, as predicted by our ML model. The third column indicates the winning party, based on
the combination of the voters and nonvoters (i.e., the assumption of compulsory voting). Finally, the
Nonvoter Democrat Surplus column is the proportion of the nonvoters who were predicted to cast
their ballot for the respective Democratic candidate minus the proportion of voters who actually
voted for the same Democratic candidates. All seven states in this table have a positive value on this
final column, suggesting that non-voters are disproportionally more Democratic than are actual
voters.

Note, more specifically, the three states which have the largest surplus indicator of nonvoters
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who identify as Democrats: AL, MO and OH. Of the three, Ohio has been considered a swing
state between 1980 and 2020 and has mostly aligned with the presidential election victor every
time since 1960. Likewise, Florida, once the largest swing state in terms of electoral votes, has
consistently trended Republican and no Democrat has won a statewide race there since 2018. While
the Democratic Party has often bypassed states such as Kentucky, Alabama and Oklahoma because
they have been perceived as safe Republican states, the party should, based on our ML results,
consider expanding and sharpening its engagement campaign efforts in all seven of the states to
reach non-voters in order to achieve very high turnout levels that could strengthen the winning
odds for Democratic presidential candidates in the electoral college. While Kentucky has chosen the
Republican presidential candidate in every election since 1980, with the exception of 1992 and 1996,
its current governor, a Democrat, was re-elected in 2023, by a 5% margin. In Missouri, measures
for minimum wage support, for example, have passed statewide in 2006, 2018 and 2024, despite
evidence that counties south of St. Louis have consistently trended toward Republicans since 2008.
In summary, Table 3 shows states where Democrats should not ignore or minimize the potential for
building turnout to much higher levels.

Table 3. States predicted by our AI/ML model with disproportionate Democratic nonvoters and changed election outcomes
because of compulsory voting.

States Voter Nonvoter Universal Nonvoter
Direction Direction Voter Democrat

Direction Surplus

AL R D D 18.12646904

FL R D D 5.38356467

KY R D D 6.598668267

MO R D D 10.77429822

NJ R D D 5.848715946

OH R D D 7.462041963

OK R D D 4.050065876

There are three explanations for the Democratic Party advantage in the compulsory voting
scenario. First, accounting for total ballots cast, the winning outcome margin among actual voters
already was narrow for the Republican Party in these seven states. In New Jersey, for example, the
Republican winning margin was as small as 1.3%.

Second, in the seven states of Table 3, notably including the two (OH and FL) that have been
seen in numerous presidential elections as battleground states, the Democratic Party has a sizable
margin among non-voters. Alabama, a state with a significant African-American voter presence,
presents perhaps the most striking example for becoming a potential battleground state. Among
non-voters, the Democratic Party has a 67.5% v. 37.5% advantage among non-voters and in a
compulsory voting scenario, the outcome could have a high probability in a state that historically has
been won by Republicans. Also, take note of Oklahoma, a consistently red state in recent presidential
elections, which had the second lowest turnout (53.3%) in the 2024 presidential election. Among
non-voters in Oklahoma, the Democratic Party has a 52.7% v. 47.3% advantage. In a high-turnout
scenario, Oklahoma could emerge as a battleground state.

Third, with a Democratic Party winning margin being nearly as narrow and perhaps even
more so than in the Republican Party, the importance of non-voters participating in elections is
magnified if the Democratic Party seeks to ensure that swing and battleground states do not flip to
the Republican Party. To highlight the model’s potential consequences, consider the results of the
2024 presidential election in which the Republican Party swept the seven swing states considered
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crucial in this election cycle. The average 2024 turnout in the seven presidential battleground states
was 70%, with four states (GA, MI, PA and WI) doing better in turnout than in 2020. On the other
hand, three states (AZ, NC and NV) had lower turnouts in 2024, with declines of 5.0, 2.5 and 0.3
percentage points, respectively.

Importantly, the results of compulsory voting scenario indicated that in six states, the outcome
did not flip to the other party, despite the fact that non-voters preferred a party different from the
one favored by the voters. Non-voters favored the Democratic Party in WV, IN, AZ while non-
voters favored the Republican Party in VT, VA, NH. To summarize, the margin of the non-voters’
preference for one of the major parties in these six states was not significant enough to reverse the
outcome.

The second key finding in our ML model is that nearly three-fourths of the states (37) will still
generate the same results of the actual winning party of the elections, even if compulsory voting is
adopted. This confirms the second hypothesis that if non-voters behave in the same way as voters,
then Blue states will become more Blue, and Red states will become more Red. More specifically, in
ten states, the outcomes would still be advantageous for Republican presidential candidates, regardless
of whether or not compulsory voting would be adopted: ID, NE, TN, KS, SD, IA, UT, WY, ND,
MT. In the remaining 26 states and the District of Columbia, the Democratic Party would prevail
likewise, regardless of compulsory voting being adopted.

Table 4 shows the states where the non-voters are more Republican than are voters, as indicated
by the negative values of the fourth column of the table: non-voter Democrat Surplus. This finding
has an an important implication in that the potential edge of the Republican Party in 17 states as well
as the District of Columbia could produce favorable performances for its state and local candidates in
spite of not winning the presidential elections, when looking at high turnout levels in a compulsory
voting scenario. (Interestingly, the model identified SD and MT as being tied among non-voters
with regard to their major party preference.)

Three states in Table 4 have been considered swing or battleground states variously since 1976,
with presidential election winning margins periodically determined by the narrowest numbers of
votes: NC, PA and VA. In North Carolina, while the Republican presidential candidate has prevailed
in the last 50 years, with the exception of 1976 and 2008, the three most recent gubernatorial
elections have been won by Democratic candidates. Pennsylvania illustrates perhaps the best example
of how Republicans may already be benefiting from a nonvoter surplus and high turnout, despite the
predictions that voter, non-voter and universal voter directions would go to the Democrats. In 2024,
77.1% of registered voters and 68.5% of the voting-age population in Pennsylvania participated and
the Republicans took the 19 presidential electoral votes, a U.S. Senate seat, three other statewide
races, and two congressional seats. Democrats have won more statewide elections since 2000 in
Pennsylvania, but the two parties are tied in that category in the five elections held between 2020
and 2024.

Likewise, West Virginia, once a deep Blue state, presents an example where the Republicans
have neutralized the impact of a significant surplus of nonvoters as Democrats, a process which has
unfolded over the last 25 years. In addition to the Republicans winning seven consecutive times in
West Virginia, every statewide office is now held by the party along with super-majorities in both
chambers of the state legislature. In 2024, West Virginia’s turnout of 63% was the highest since 1960.

Republicans might try to replicate their recent successes from Pennsylvania and West Virginia
in Virginia, where after winning six consecutive presidential elections since 1980, that streak was
broken in 2008 and now the Democrats have won five consecutive presidential elections for that
state’s electoral votes. For Republicans, mobilizing higher levels of turnout and monitoring patterns
of early in-person voting, vote by mail and same-day voter registration could produce favorable
results in the 11 states where results potentially could flip the decision for the party. On the other
hand, the Democratic Party will be expected to redouble their engagement efforts if they expect to
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capitalize on a promising pool of non-voters who might align with their policies and platforms in
high turnout scenarios.

Note that Iowa is not in Table 4, and it is listed in Table 5. Some might call attention to Iowa
as a potential outlier here, given that the Democratic Party presidential candidate won the state in
the 2008 and 2012 elections, and was on the Republican side ever since. However, the state is an
instructive example of the atomic structure and its potential role and influence with regard to an
election cycle’s political volatility (Liu 2022).

Table 4. States predicted by our AI/ML model with disproportionate Republican nonvoters without changed election
outcomes because of compulsory voting.

States Voter Nonvoter Universal Nonvoter
Direction Direction Voter Democrat

Direction Surplus

DC D D D -22.91666667

HI D D D -5.517241379

ID R R R -0.6006864989

KS R R R -3.13881108

MD D D D -3.284091222

ME D D D -6.809608894

MN D D D -2.355039553

NC D D D -3.3696114

ND R R R -8.070617907

NE R R R -2.928162415

NH D R D -6.419753086

OR D D D -1.360614232

PA D D D -1.033985465

UT R R R -0.1754385965

VA D R D -5.251337106

VT D R D -27.14285714

WA D D D -7.375662389

WY R R R -1.738680083

For the Republican Party to leverage the compulsory voting system to its advantage, the ram-
ifications of introducing the system at local and state levels initially could augment party efforts
to be more competitive in traditionally Democratic stronghold states such as WA, OR, MN, and
MD, as shown in Table 4. Bringing in those non-voters who identify as preferring the Republican
party could boost the party candidates’ probabilities of winning down-ballot races in local and state
elections. Likewise, similar strategic dynamics would enhance the Republican Party’s competitive
capacity in the states of NC, PA and VA, which, as noted earlier have been considered swing states
in recent presidential elections. Finally, the party could deepen its hold in ID, WY and UT, if
non-voters participated in a compulsory voting election.

In Table 5, it becomes evident in which states a compulsory voting scenario with turnout levels
should alert Democrats to leveraging the advantages of engaging nonvoters. The case of Georgia
is compelling on the matter of turnout and whether or not Democrats are underperforming there
in voter engagement. In 2020 and 2024, the respective winning presidential candidates prevailed
by close margins: 0.23% and 2.2%, with overall turnout of 68.2% and 68.3%. While turnout in
2024 was slightly higher, some analysts turned to gaps in turnout among racial demographics groups
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in attempting to explain why the outcomes flipped for the parties. A post-election analysis by the
Brennan Center for Justice highlighted that turnout among younger Black voters in Georgia declined.
“If large and concentrated segments of the electorate believe that it isn’t worth engaging in electoral
politics, that tells us more about the political environment than about individual voters. The hard
work lies in understanding why (in the case of Georgia this year) participation isn’t self-evidently
worth it — and doing something about it” (Morris and Grange 2024). As the machine learning’s
predictions for the states in Table 5 show, for the political parties to leverage and maximize the
potential of high turnout levels approaching what might become standard in adopting a compulsory
voting system, they will have to expand efforts to convince non-voters that their participation in
voting should be evidently worth it.

Table 5. States predicted by our AI/ML model with disproportionate Democratic nonvoters without changed election
outcomes because of compulsory voting.

States Voter Nonvoter Universal Nonvoter
Direction Direction Voter Democrat

Direction Surplus

AR D D D 8.071678046

AZ R D R 3.709677419

CA D D D 1.219217067

CO D D D 0.329450655

CT D D D 13.28739557

DE D D D 8.57511283

GA D D D 9.49595624

IA R R R 6.639876517

IL D D D 6.189974006

IN R D R 8.312453943

LA D D D 16.82008048

MA D D D 1.201599266

MI D D D 3.392340543

MS D D D 12.01492537

NM D D D 9.499183451

NV D D D 4.135338346

NY D D D 3.687938775

RI D D D 34.23529412

SC D D D 8.058608059

SD R R R 7.575757576

TN R R R 4.193520926

TX D D D 4.262863516

WI D D D 2.184491979

WV R D R 10.04524887
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6. Summary and Conclusions
In his prescient observation of American democracy in 1831, Alexis de Tocqueville wrote passionately
(De Tocqueville 2000, p.55):

When a people begins to touch the electoral qualification, one can foresee that it will
sooner or later make it disappear completely. That is one of the most invariable rules
that govern societies. As one moves the limit of electoral rights back, one feels the need
to move it back more; for after each new concession, the forces of democracy increase
and its demands grow with its new power.

Our machine learning model facilitates projecting the consequences of greater levels of political
participation through compulsory voting. To see how our projection plays out for both major parties,
take a look at Figure 7:

Figure 7. The Democratic advantage at the national and state levels.

Our machine learning model predicted each nonvoter’s choice for president. Figure 7 displays
how the individual nonvoter choices are aggregated at the state level in terms of the Democratic
advantage among nonvoters, compared to voters. More specifically, 17 states showed negative values
on the Democratic surplus, suggesting that the nonvoters are disproportionately more Republican
than Democratic, compared to voters in these states. But, a super-majority of the states show positive
values on the Democratic surplus measure among non-voters. Overall, the findings suggest that the
Democratic Party carries a national advantage while the Republican Party also enjoys its unique
advantages in specific states, should compulsory voting be adopted in future presidential elections.
As shown in Table 3, the Democratic advantage can even flip seven states from the Republican win
if only frequent voters voted to the Democratic win if compulsory voting were introduced and
adopted.

To see the Republican advantage in the context of compulsory voting, Figure 8 shows that among
the 17 states that did not see Democratic Party’s advantage (surplus) among nonvoters, 10 states
are the Democratic stronghold (blue states in the lower right quadrant of Figure 8) because voters
have voted for the Democratic Party with their majority vote. In other words, among these blue
states such as the State of Washington, nonvoters are not only more likely to be Republicans than
Democrats, their participation in elections may have the chance to at least influence the election
outcomes of down ballot electoral offices to the Republican favor.
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Figure 8. The Republican advantage in the context of compulsory voting.

How well would our model perform if applied to the 2024 presidential election outcome, in
order to highlight the consequential value of compulsory voting for both major political parties? The
average 2024 turnout in states that the Republican candidate (Donald Trump in both elections) won
was 63.4%, compared to 65.0% in 2020. The average 2024 turnout in states won by the Democratic
Party candidate (Kamala Harris) was 66.4% compared to 70.1% for Joe Biden. Conducted after
the 2024 presidential election, a PRRI survey found non-voters were less likely to identify as either
Republican or Democrat than as independents. Meanwhile, Republicans turned out at slightly higher
numbers than Democrats relative to their representation in the U.S. population (8 percentage points
vs. 5 points) (PRRI 2025).

Recall that Hill (2014) cited compulsory voting as the only institutional way to consistently
achieve turnout of 90% or higher (Brennan and Hill 2014). The 90% threshold, according to (Hill,
2014) represents a tipping point because any turnout below that risks becoming “socially uneven”
and compromises the value of inclusiveness in gauging the quality of governance (Brennan and Hill
2014).

Many observers were pleased to note that turnout in the 2020 presidential election, which was
conducted in the midst of the COVID-19 pandemic, was the highest in 120 years. But, there also were
nearly 80 million eligible voters who did not participate. Both major parties have invested extensively
in big data initiatives to identify voters who fit the desired high-propensity profile to participate
in elections. Contemplating the prospects of how high turnout levels could be mutually beneficial,
thinking about compulsory voting should be critically focused not on how it is a superficial solution
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(Pildes, 2012) to concerns about apathy and disengagement in the larger electorate (Pildes 2011) but
instead, as Hill (2014) argues, an empowering reform for those who have been disappointed and
disillusioned that their policy and issue interests have been ignored, compromised or unsatisfactorily
addressed (Brennan and Hill 2014).

An Ipsos study, commissioned by National Public Radio and the Medill School of Journalism at
Northwestern University, surveyed adults who did not participate in the 2020 election to gather
their reasons for not voting (Jackson 2020). Less than 25% of the respondents said that representatives
of the presidential candidates had reached out to them, or offered any campaign information or
even asked them to vote. Overall, non-voters responded that while they did not perceive barriers
to participating in the electoral process or concerns such as contracting COVID-19, their most
frequently expressed reason was that they did not believe the act of voting mattered (Jackson 2020).
In the same post-election PRRI survey of 2024, profiling differences between voters and non-voters,
White voters were the only group with larger percentages than their representation in the U.S.
population while non-White, Black, Hispanic, AAPI, and multiracial Americans all accounted for
lower percentages of 2024 voters than their respective population (PRRI 2025).

Comparing other demographics, the greatest shares of non-voters were among those in the
18-29 and 30-49 age groups. Significant differences also were observed in terms of educational
attainment, with non-voters more than twice as likely as voters to say that their highest level of
education is a high school degree or less (56% vs. 25%). Regarding income, non-voters (42%) are
more likely than voters (16%) and all Americans (27%) to make less than $50,000, but the differences
narrow for non-voters whose household income is between $50,000 and $100,000. Non-voters also
were more likely to be single and live in urban areas (PRRI 2025).

While we propose one pathway model to address how fears about perceived unbalanced effects
of compulsory voting could be assuaged, we acknowledge the challenges to it. One points to the
assumption that the groups of voters and non-voters share characteristic features about how they
might vote. There are general questions concerning the motivation for not voting that we did not
address. There also are data limitations. More specifically, we trained our ML model based on all
individuals regardless of their states; after our ML model predicted each non-voter’s ballot choice,
we aggregated these individual voters based on the states where they resided. Future research can
further improve the predictory power of our model when those small states with a small sample size
in the ANES data offer greater opportunities to enlarge the sample size significantly. With sufficient
observations from each state, we can analyze one state at a time. The pipeline of our machine learning
model, in this regard, has already provided the basic blueprint for all future research on compulsory
voting.

Also, there is the question of the model’s validation against the ANES questionnaire and concerns
about “overreporting” or “self-reporting” problems. When Brunell and DiNardo (2004) once again
ran their model using only validated voters as actual voters, rather than the universe of those who
self-reported being a voter, they found still robust results, with differences between the simulations
being “typically trivial” and less than one percentage point, with only one exception of a 1.5%
difference (Brunell and DiNardo 2004).

To summarize, the results in the study indicate that, in a compulsory voting scenario, at the state
level, states that are Red become more Red. However, at the national level, the overall result is more
Blue.

The model’s approach opens up the sphere for legislators and policy makers to consider construc-
tive remedies for issues that have acute contemporary relevance, including redistricting (partitions for
voting), term limits, campaign finance, statehood expansion and/or voter registration law (restrictive
or expansive). As for the main topic introduced in this study, Calvelli (2024) says that the legacy of
Progressive Era’s attempts to enact compulsory voting laws offers little to the contemporary moment:
“every advocate . . . identified was a white man, every state that considered the policy had vanishingly
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small non-white populations, and just two states (Nebraska and Oregon) let women vote at the
time of debating compulsory voting” (Calvelli 2024). For today, Calvelli (2024) explains that while
advocates can still incorporate Progressives’ pro-democracy arguments about full participation, they
must fortify them to “build cross-racial coalitions to translate their vision into law” (Calvelli 2024).

Nearly 30 years ago in his address to the American Political Science Association, Lijphart (1996)
explained that while compulsory voting cannot fully reconcile tensions between participation and
equality, it is a worthy partial solution that in the same vein as achieving universal suffrage, would
assert a universal (or near-universal) use of that suffrage. “The danger of too much pessimism about
the chances for compulsory voting is that it becomes a self-fulfilling prophecy,” Lijphart (1996) said
(Lijphart 2001).

To reiterate: the debate about compulsory voting is not exclusive to the contemporary American
political landscape. Unlike the Progressive Era between 1880 and 1920 when states considered
enacting a spate of compulsory voting measures that were based on speculation, today we have valid,
reliable tools in political science to generate robust empirical research on the topics of governance
and turnout. Regarding the earnest aims of ensuring a diverse electorate that mirrors the actual
diversity of the nation’s population, Calvelli (2024) states it succinctly: “Historical facts can give
mandatory voting legitimacy; present ones are needed to confirm its value” (Calvelli 2024).
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