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Abstract. Ranked-choice voting is increasingly prevalent in elections. An exten-
sive literature in social choice theory – the study of collective decision-making with
the goal of making compromises among disparate opinions – considers theoretical
and empirical properties of various election procedures. Recently, a sub-literature
on rationalizability, led by social choice theorists and computer scientists, makes ex-
plicit connections between social choice rules and maximum likelihood estimation.
This paper further illuminates connections between social choice and statistical sum-
maries of data. We begin by studying rationalizability from a statistical perspective,
expanding existing results to realistic voting contexts and deriving statistical details
necessary for model estimation and assessment. We then apply our work to ranked-
choice votes from the 2025 New York City Democratic mayoral primary election.
We demonstrate how rationalizing models impose unrealistic distributional assump-
tions and thus exhibit poor fit to voting data. Additionally, we show that non-
rationalizing models meaningfully elucidate heterogeneous voter preferences. Our
work demonstrates the inability of rationalizing models to capture key features of
distributions of preferences in political elections, depriving analysts of fundamental
uses, such as inference, typically associated with statistical modeling. Conversely,
we show that statistical modeling can capture nuanced voter preferences by paying
careful attention to plausible data-generating mechanisms.

Keywords. election forecasting, mixture models, MLE-rationalizability, preference
modeling, single transferable vote, social choice theory.
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1 Introduction

On the surface, social choice theory and statistical preference modeling are distinct in
methods and aims. Social choice theory studies collective decision-making, provid-
ing formal rules to make compromises among disparate individual opinions. Statisti-
cal preference modeling is alternatively concerned with positing models for observed
preferences, estimating their parameters and associated uncertainty, and thus inferring
or predicting specific quantities of interest informed by the model. In the context of
elections, social choice rules are chiefly concerned with yielding winner(s) whose selec-
tion can be justified with respect to desirable axioms. Statistical models instead aim to
capture features of the distribution of individual opinions to allow for inference such
as quantifying relative support for the candidates or identifying heterogeneous voter
blocs. Finally, social choice rules are deterministic, while statistical models aim to sep-
arate signal from noise under some posited distributional assumptions.

Despite these distinctions, social choice theory has relied on statistical thinking since
its origins in the 18th century. Important to understanding these connections is the
distinction between settings where a “ground truth” exists (epistemic social choice) and
those where it does not (non-epistemic). For example, French thinker Nicholas de Con-
dorcet posed his famous “jury theorem” in the former setting, assuming individuals
differed not in subjective preferences but in their assessment of a proposition’s truth
value (Condorcet, 1785). American economist Peyton Young similarly assumed a “cor-
rect” choice exists when arguing for what is now called the Kemeny-Young social
choice rule (Young, 1995). In contrast, voters in elections often vary systemically based
on their ideology or political party, creating the potential for paradoxes and perverse
outcomes in the process of preference aggregation (e.g., Arrow’s (1950) impossibility
theorem andMcKelvey’s (1976) chaos theorem). Distinguishing between epistemic and
non-epistemic settings is ultimately an exercise in ascertaining a plausible distribution
of individual opinions. Assuming the existence of “ground truth” admits the possi-
bility that the distribution of individual opinions is plausibly unimodal, centered on
that truth. That is, individual expressions may exhibit random noise around a true
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mode. Condorcet’s jury theorem states that in such settings, one is likely to recover the
“truth” as the number of voters increases. On the other hand, when individual prefer-
ences reflect systematically heterogeneous “tastes,” plausible distributions of individual
opinions are multi-modal. In this setting, opinions cannot be easily reconciled; a social
choice cannot be “correct” or “incorrect” because a single ground truth simply does
not exist.

Moreover, explicit connections between certain social choice rules and statistical dis-
tributions have been made in the past. Perhaps most famously, the ranking outputted
by the Kemeny-Young rule is equivalent to the maximum likelihood estimator (MLE)
of themodal ranking parameter in aMallows distribution (Ali andMeilă, 2012). In such
cases, the social choice rule is said to be rationalized by the statistical model (Conitzer
and Sandholm, 2012). One may be tempted to assume that a statistical model that ratio-
nalizes a social choice rule via its MLE may be used to conduct valid inference on votes,
and thus improve our understanding of voter opinions or the social choice rule itself.

Instead, we argue that for a statistical model rationalizing a social choice rule to be
useful for inference, it first must fit the data well, just like any other model in any other
application. Essential statistical considerations such as goodness-of-fit have too often
been ignored when studying connections between social choice rules and statistical
models. Obtaining a good absolute model fit to high-dimensional ranking data may be
a tall order. Nevertheless, assessing distributional assumptions imposed by a rational-
izing model and its fit to observed voting data with respect to meaningful discrepancy
measures is necessary for valid statistical inference.

In this paper, we study connections between social choice rules and rationalizing
models from a statistical perspective. We demonstrate how rationalizing models of-
ten impose unrealistic distributional assumptions and exhibit poor fit. We also show
that other, non-rationalizing statistical models may meaningfully elucidate voter pref-
erences outside the social choice context of determining a winner. The paper proceeds
as follows: We first outline the history of social choice in epistemic and non-epistemic
contexts and note existing connections to rationalizing statistical models (Section 2).
We then review common social choice rules and statistical models for single-preference
and ranked-choice voting contexts (Section 3). Next, we extend existing theoretical re-
sults on rationalizability to realistic election settings. This includes deriving a statistical
distribution that rationalizes an important social choice rule for studying ranked choice
elections, developing its properties, and proposing an algorithm for parameter estima-
tion (Section 4). We use this machinery to analyze real ranked choice votes from the
2025 New York City Democratic mayoral primary election won by Zohran Mamdani.
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We demonstrate that constraints imposed by the ranked choice rationalizing model are
stringent, unrealistic, and result in poor fit, both overall and specifically for first-place
and second-place votes. We also study these data from a purely statistical perspective,
demonstrating how amixturemodel results in a well-fitting and interpretable represen-
tation of observed votes (Section 5). We conclude with a discussion of the importance
of statistical modeling for studying voter preferences (Section 6).

2 Social Choice Theory and Statistics

In this section, we outline the history of social choice theory as it relates to the usual
non-epistemic settings (in which there is no objectively “correct” choice) and narrower
epistemic contexts (in which we assume there is). We then discuss social choice rules
that may be “rationalized” by a statistical model and conclude by discussing practical
problems of such rules.

2.1 Epistemic Social Choice in Context

Social choice theory is a broad field with a long history dating to 18th century French
thinker Nicolas de Condorcet, best known for two eponymous contributions. Con-
dorcet’s paradox considers situations where voters have three or more options and varied
preferences thereof. He showed that even if voters have rational (transitive) preferences
over the options, a sequence of pairwise majority votes can produce a cycle that neither
identifies a single option preferred by themajority to all other alternatives nor produces
a transitive social ordering of the options. Condorcet’s jury theorem holds when n voters
are posed a single, purely empirical question with two possible answers, correct and
incorrect. Condorcet’s jury theorem states that if each voter has an equal and indepen-
dent chance p of answering correctly, then the probability of the majority of voters
reaching the correct answer approaches 1 as n → ∞ for p > 1

2 . The assumption that
p > 1

2 is known in the literature as competence.
Condorcet’s work illustrates that under strict conditions—sincere and competent

voters united by homogeneous preferences—majority rule is suitable for aggregating
votes into an optimal social choice. But if preferences are heterogeneous, then under a
broad range of conditions, aggregation of individual preferences is beset with paradoxes
and perverse (i.e., logically incoherent) outcomes. (The main exception is when every
individual’s preference ordering is single-peaked inR1, in which case the median voter
theorem holds (Black, 1948).) Epistemic social choice may be defined as theory which
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chooses to operate within the jury theorem’s narrow assumptions (List, 2022). Applica-
tions of epistemic social choice theory share the assumption of a single “ground truth”
which individuals seek to determine. Thus, the social choice problem is aggregating
opinions about the truth, rather than differences in personal preferences.1

Most social decisions fall outside the scope of epistemic social choice. We note two
ways this might occur. First, voters might be systematically “incompetent” on a par-
ticular binary question so that p > 1

2 does not hold. Second, and more important for
our paper, there may be no “ground truth” for the aggregation rule to uncover. Hu-
man voters usually differ systematically in their preferences, rendering the notion of an
objectively correct decision moot. This is hardly a controversial claim: the existence
of varied preferences across actors has long been a core axiom in theories of economic
and political choice (Arrow, 1951). Experimentally validated cross-national surveys
find substantial differences in individual preferences within and across countries (Falk,
Becker, Dohmen, Enke, Huffman, and Sunde, 2018) predicting, for example, varied
occupational choices (Bonin, Dohmen, Falk, Huffman, and Sunde, 2007) and health be-
havior (Chabris, Laibson, Morris, Schuldt, and Dmitry, 2008). Finally, a long tradition
in comparative political science characterizes voters’ preferences over political parties
as divided by enduring cleavages – social class and religion (Lipset and Rokkan, 1967),
ethnic identity (Horrowitz, 1985), and vulnerability to globalization (Kriesi, Grande,
Lachat, Dolezal, Bornschier, and Frey, 2008), among others – across which the concept
of a “ground truth” preference seems ill-defined.

The social choice literature in political science and economics has primarily focused
on non-epistemic settings and has systematically found all aggregation mechanisms to
exhibit significant limitations. The most influential social choice theorist since Con-
dorcet is undoubtedly the American economist Kenneth Arrow, whose impossibility
theorem (Arrow, 1950) generalized Condorcet’s Paradox. Arrow showed that no ag-
gregation rule other than single-person dictatorship can be guaranteed to obtain a com-
plete and transitive social ordering of alternatives for any possible set of transitive voter
preferences while still satisfying both the weak Pareto property (if all voters prefer x to
y, then the social ordering ranks x above y) and the independence of irrelevant alterna-
tives (the relative social ordering of x and y depends only on voters’ rankings of these
options). Relatedly, the chaos theorem (McKelvey, 1976) shows that when voters’ ideal
outcomes map to a latent space on Rk, k > 1, then, except under irrelevant measure

1 Even epistemic social choice is subject to impossibility results analogous to Condorcet’s paradox and
Arrow’s impossibility theorem when there are multiple propositional claims to be decided. In such cases,
majority rule can produce a set of logically incoherent outcomes (List and Pettit, 2002).
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zero cases (Plott, 1967), pairwise majority rule does not ensure a Condorcet winner but
instead can lead to any outcome whatsoever, including points outside the convex hull
of voters’ preferences. As a result of these and other theoretical results, for the past
half century, social choice theorists have mostly abandoned the search for an “ideal”
aggregation mechanism for social choice in democratic settings. Instead, some have en-
deavored to understand how political institutions enable strategic actors to achieve de-
sired outcomes through voting procedures (Shepsle and Weingast, 1981), or seek “pos-
sibilist” compromises (Sen, 1998) by investigating the theoretical tradeoffs created by
aggregation rules that relax various Arrowian axioms, as well as the empirical signifi-
cance of these tradeoffs, e.g., List, Luskin, Fishkin, and McLean (2013); Miller (1992);
Knight and Johnson (1994); Dryzek and List (2003); List and Goodin (2001); Tsetlin,
Regenwetter, and Grofman (2003); Regenwetter, Grofman, Marley, and Tsetlin (2006).

2.2 Social Choice Rules as MLEs

Recent work in social choice theory often seeks to characterize unique solutions to
social choice problems based on specific sets of axioms. Evaluating such work entails
not only proving the existence or uniqueness of social choice solutions under specific
axioms, but also defending the choice of those axioms under some scope. An impor-
tant example of this axiomatic approach to social choice emphasizes rationalizability. A
social choice rule is rationalizable if it admits a statistical model whose maximum likeli-
hood estimator (MLE) of a group preference parameter2 is identical to the social choice
whenever the rule and the model are supplied the same votes (Pivato, 2013; Conitzer
and Sandholm, 2012; Xia, 2014). One might justify a social choice rule by proving that
it is rationalized by some statistical distribution of individual opinions.

The literature on rationalizability largely focuses on epistemic social choice problems,
such as aggregating the outcomes of autonomous software agents solving a problem
(e.g., internet search) which arguably has a ground truth (Brandt, Conitzer, Endress,
Lang, and Procaccia, 2016). However, some papers arguing for the selection of social
choice rules on the grounds of rationalizability conjecture applications to explicitly
political decisions, such as how central banks set interest rates (Young, 1995), by claim-
ing they involve disagreement only on factual questions, rather than preferences over
outcomes. However, there are strong reasons to doubt such questions are ever merely

2 We only consider rationalizability with respect to an MLE. Other forms of rationalizability exist (e.g.,
maximum a posteriori rationalizability) which are less common and beyond the scope of this paper.

6



rANKED-CHOICE VOTING AND MODEL FIT · Pearce, Lipman, Adolph, and Erosheva

epistemic, rather than matters of widely differing preferences over policy objectives
(Adolph, 2013; Jacobs and King, 2021).

Economist Peyton Young makes the most expansive case for rationalizability as a jus-
tification for social choice rules outside epistemic problems. In particular, he claims that
simplemajority rule is “the bestway to estimate the optimal choice” on two alternatives
and that this result “applies to any choice problem in which people agree about the ob-
jective, but disagree about the bestmeans to achieve that objective” (Young, 1995, p. 53).
Furthermore, he argues that regardless of whether a ground truth exists, social choice
rules which produce group decisions that are most likely to be “correct” under that
assumption should be preferred in practice.3 For cases in which more than two alterna-
tives are ranked, Young assumes that between each pair of alternatives, each individual
makes the “correct” choice more than half the time (where the existence of a “correct”
choice assumes the existence of a factual answer or a common preference); the individ-
ual’s choice between any pair of alternatives is independent of their choices between
the other pairs; and that choices of different individuals are independent. These dis-
tributional assumptions imply that individual rankings follow a Mallows distribution
(Mallows, 1957; Ali and Meilă, 2012). Accordingly, Young (1995) concludes that the
Kemeny-Young ranking—which is the MLE of a Mallows distribution—is the most
appropriate solution to the social choice problem on statistical grounds.

Pointing out other desirable properties of the Kemeny-Young ranking—that it is
anonymous, neutral, Pareto efficient, and satisfies reinforcement and local indepen-
dence of irrelevant alternatives—Young (1995, p. 62-63) concludes that the maximum
likelihood ranking “is arguably the best method if we think of voting as a collective
quest for truth. . . on the other hand, in situations where voting appears to be a way of
compromising between conflicting values, maximum likelihood rule still makes sense
because it represents the median opinion.”

Although, as Young (1995, p. 52) himself acknowledges, these conclusions differ
significantly from most discussions of social choice under conflicting preferences, his
proposal raises the question of whether MLE-based social choice could work well in
practice.

3 Young argues that for Condorcet, like Jean-Jacques Rousseau, voting is an exercise in finding the “truly
best” option. Though Young acknowledges that what makes a choice “best” is undefined, he argues that
it is nonetheless a realistic criterion in cases like a jury’s determination of guilt or innocence, or an expert
panel’s prediction of an “observable event” (Young, 1988, p. 1232).
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2.3 Practical problems with MLE-based social choice

Fast and accurate computation is an important consideration in social choice and statis-
tical estimation. Social choice rules commonly used in practice, such as plurality rule
and instant runoff voting, can be obtained by following simple algorithms. However,
for the Kemeny-Young ranking and corresponding MLE of a Mallows distribution, no
such algorithm exists. In fact, there may not even be a unique solution. Moreover,
when ranking data are generated from a distribution that does not have a mode (e.g., a
discrete uniform across rankings) or is a mixture of groups with different opinions, the
solution is highly unstable such that adding or removing a single observation can have
a large influence (Ali and Meilă, 2012).

Importantly, many reasonable social choice rules are not rationalizable. For exam-
ple, under certain conditions the ranked-choice (single winner), single transferable vote
(multi-winner), Buckland, Copeland, maximin, and ranked pair rules do not admit a
corresponding statistical model (Conitzer and Sandholm, 2012).

Even when rationalizing models exist, the literature on statistical modeling recog-
nizes that a single unimodal distribution may not be able to capture structural aspects
of variability among voter expressions. For example, early work on computing the
Kemeny ranking noted that, in practice, mixture distributions need to be considered
for real ranking data (Meilă, Phadnis, Patterson, and Bilmes, 2007). Analyzing actual
ballots of single transferable votes from Irish elections, mixtures of Benter distributions
were used for capturing Irish electorate’s voting blocs (Benter, 1994; Gormley andMur-
phy, 2008). However, while useful for describing heterogeneity, mixture models do
not lend themselves to a natural mapping onto a social choice rule yielding a single
rank-ordering of candidates.

3 Social Choice and Statistical Perspectives on Preference Aggregation

In this section, we review social choice rules and statistical models that may be used to
analyze single preference and ranked choice votes. Then, we draw specific connections
among them via rationalizability.

3.1 Social Choice Rules

Formally, social choice rules are deterministic functions that input a set of individual
votes and output the corresponding group preference. Individual votes may take vari-
ous forms, such as a single preference for one candidate, a partial ranking of a candidates, or

8



rANKED-CHOICE VOTING AND MODEL FIT · Pearce, Lipman, Adolph, and Erosheva

a complete ranking of all candidates. The group preference may also take various forms.
Most commonly a single winner is determined, although some elections result in mul-
tiple winners. A complete ranking of candidates from best to worst is also a valid group
preference, even if it is not often an actual election outcome.

Let X be a finite set of candidates and L(X) be the set of partial orderings on X. Let
V ⊆ L(X) be the allowable set of votes. A set of N votes, V = {v1, . . . , vN} ∈ VN

is called a profile. Let S ⊆ L(X) be the set of allowable outcomes. A social choice
function is a map f : VN → S from a profile of N votes to an outcome.

We now present 5 social choice rules commonly used in elections. The first two rules
elect a single winner; the remaining three determine outcomes beyond a single winner.

Example 1 (Plurality) Suppose voters cast single preference votes among J candidates. The
winner is the candidate who received more votes than any other.

Example 2 (Instant RunoffVoting [IRV]) Suppose voters cast partial or complete rankings
among J candidates. The winner is chosen in multiple rounds as follows (illustrated with example
votes in Figure 1):

1. If any candidate receives a majority of first place votes, he/she wins. In the example, candidates
a, b, and c receive 4, 6, and 3 first-choice respectively. Thus no candidate receives the 7 out of 13
votes required for a majority (Figure 1a).
2. If no candidate receives a majority, the candidate with the fewest first-choice votes is eliminated.

This candidate is removed from each voter’s ranking; all candidates ranked behind the eliminated
candidate move up one place in the ranking.
3. Steps 1 and 2 are repeated until some candidate holds the majority of the first-choice votes. That

candidate is declared the winner. In the example, a holds the majority of first-choice votes (7 of 13)
after c is eliminated (Figure 1b), and thus wins.

Example 3 (SingleTransferableVoting for ranking all candidates [STV-R])Voters
express a ranking of some or all candidates. A ranking of all candidates is determined over multiple
rounds as follows (illustrated again by votes in Figure 1):

1. The candidate with the fewest first place votes is eliminated. This candidate is removed from
each voter’s ballot; all candidates ranked behind the eliminated candidate move up one place in the
ranking. In the example, candidate c is eliminated first.
2. Step 1 is repeated until no candidates remain. The reverse elimination order determines the

ranking of candidates. In the example, candidate b is eliminated second and candidate a is eliminated
last. Hence, the social ranking is a ≻ b ≻ c.
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# votes v
3 c ≻ a ≻ b
4 a ≻ b ≻ c
6 b ≻ a ≻ c

(a) Full profile

remove c=⇒

# votes v
3 a ≻ b
4 a ≻ b
6 b ≻ a

(b) Profile after c is elimi-
nated

remove b=⇒

# votes v
3 a
4 a
6 a

(c) Profile after b and c are
eliminated

Figure 1. Illustrative example for IRV and STV-R

Example 4 (Single TransferableVoting for electingK candidates [STV-K])Voters
express a partial or complete ranking of J candidates. K < J candidates are elected over multiple
rounds as follows:

1. A candidate is declared a winner if they receive more than N
K+1 first place votes, where N is

the number of voters. If one or more candidates exceed this threshold, excess votes are transferred to
those voters’ next-choice candidate(s).
2. If fewer than K candidates have been elected, the candidate with the fewest first place votes

is eliminated. This candidate is removed from each voter’s ballot; all candidates ranked behind the
eliminated candidate move up one place in the ranking.
3. Steps 1 and 2 repeat until K candidates are elected.

Example 5 (Kemeny-Young)Voters express a partial or complete ranking of J candidates. The
social choice rule outputs a ranking of all candidates according to

argmin
s∈S

N∑
i=1

τ(vi, s),

where τ(v, s) is the Kendall-Tau distance between two rankings v and s over X, i.e., the number
of pairs x, y ∈ X for which v and s rank in different relative orderings.

3.2 Statistical Preference Models

Unimodal statistical models for preference data posit there exist parameters describing
the population preference and assume each voter’s preference is a noisy version of the
population preference. Given a set of candidates X, a vote space V ⊆ L(X), and a
domain of population preferences S ⊆ L(X), let s ∈ S represent the true population
preference andV = (v1, . . . , vN) the sampled profile of votes. Then voters’ preferences
are described by a statistical model P(V | s) = P(v1, . . . , vN | s). In what follows, we
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assume that all votes are independent and identically distributed given the true (but
unknown) population preference s and model parameters θ, that is,

p(V | s, θ) =
N∏
i=1

p(vi | s, θ).

Four commonly-used statisticalmodels for preferencemodeling are theMultinomial,
Mallows (Mallows, 1957), Plackett-Luce (Plackett, 1975), and Benter (Benter, 1994). We
define each in turn.

Example 6 (Multinomial) Let candidates xj ∈ X, j = 1, . . . , J, be assigned a worth param-
eter θj > 0 such that

∑
j θj = 1 and define s ≡ order(θ). The Multinomial model assumes that

votes in the form of a top-1 ranking are generated IID according to the likelihood

p(V|θ) =
N∏
i=1

J∏
j=1

θI{vi(1)=j}
j (1)

where vi(1) is the candidate in first place according to voter i.

Example 7 (Mallows) The Mallows model assumes that votes are generated IID according to
the likelihood

p(V | s, θ) ∝
N∏
i=1

exp (−θ · τ(vi, s)) = exp

(
−θ

N∑
i=1

τ(vi, s)

)
(2)

where τ denotes theKendall-Tau distance. A dispersion parameter θ > 0 controls the concentration
of rankings around population preference s.

Example 8 (Plackett-Luce) Let candidates xj ∈ X, j = 1, . . . , J, be assigned a worth
parameter θj > 0 such that

∑
j θj = 1 and define s ≡ order(θ). The Plackett-Luce model

assumes that votes are generated IID according to the likelihood

p(V|θ) =
N∏
i=1

J∏
r=1

θvi(r)∑J
s=r θvi(s)

(3)
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where vi(r) is the candidate in rth place according to voter i.

Example 9 (Benter) Let candidates xj ∈ X, j = 1, . . . , J, be assigned a worth parameter
θj > 0 such that

∑
j θj = 1 and define s ≡ order(θ). Let αr ∈ [0, 1], r ∈ [1, J] be a

dampening parameter for rank-level r ∈ [1, J]. The Benter model assumes that votes are generated
IID according to the likelihood

p(V|θ, α) =
N∏
i=1

J∏
r=1

θαr
vi(r)∑J

s=r θ
αr
vi(s)

(4)

where vi(r) is the candidate in rth place according to voter i. Usually, α1 = 1 for identifiability.

Statisticalmodels are importantly judged by their ability to fit data. TheMultinomial
model is likely to adequately fit single-preference votes because of the simplicity of the
vote itself. The remaining models pose a more challenging problem. The Mallows
model assumes that all rankings equal in distance from s have the same probability. This
assumption may be highly unrealistic in ranked-choice elections where voters typically
have clear preferences regarding the most prominent candidates (e.g., those typically
ranked first or second) but are more likely to randomly swap the ordering of less serious
and less known candidates (e.g., those commonly ranked near the bottom of voters’
lists). The Plackett-Luce model relaxes the symmetry assumption but imposes, among
other assumptions, “independence of irrelevant alternatives” (IIA). The IIA assumption
may be unrealistic in the case of voter heterogeneity. The Benter model further relaxes
assumptions of Plackett-Luce by adding a dampening parameter that permits additional
randomness at down-ballot rank levels.

TheMallows, Plackett-Luce, and Benter models contain relatively few parameters to
capture a high-dimensional and likely multi-modal collection of votes. Thus, it may be
necessary to fit these models within the context of a latent class mixture model frame-
work to achieve acceptable goodness-of-fit. In a latent class mixture model, we assume
votes are generated IID according to the likelihood,

p(V|s, θ, π) =
N∏
i=1

K∏
k=1

πk × p(vi|sk, θk), (5)
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whereK is the number of latent classes, πk is the probability that each voter belongs to
class k ∈ {1, . . . ,K} such that

∑K
k=1 πk = 1, and (sk, θk) are class-specific parameters

for each class k.
In practice, the number of latent classes,K, must be selected. Two common selection

criteria are the Bayesian Information Criterion (BIC) and Integrated Complete-data
Likelihood (ICL). We define BIC and ICL according to,

BIC = −2L̂+ ν log(n)

ICL = −2L̂+ ν log(n)− 2
n∑

i=1

K∑
k=1

ẑik log π̂ik
(6)

where L̂ is the maximized observed model loglikelihood, ν is the number of model pa-
rameters, n is the number of votes, ẑik is a binary indicator variable for voter i being
assigned to class k, and π̂ik is the estimated probability that voter i belongs to class k.
BIC is a common model selection criterion but is known to overestimate the number
of latent classes when applied to mixture models. ICL aims to further encourage parsi-
mony by adding an entropy term that penalizes models with overlapping latent classes.
Models with low BIC and ICL are generally preferred (Celeux, Frühwirth-Schnatter,
and Robert, 2019).

3.3 Connecting Social Choice and Statistical Modeling via Rationalizability

Any statistical estimator ŝ for population preference s can be seen as a social choice rule
(Pivato, 2013; Conitzer, Rognlie, and Xia, 2009). However, as noted earlier many so-
cial choice rules are rationalized by a statistical model and corresponding maximum
likelihood estimator. The MLE of the Multinomial model,

ŝ = order(θ̂), where θ̂j = N−1
N∑
i=1

I{vi(1) = j},

is the ranking of candidates under an election based on plurality rule. The MLE of a
Mallows model,

ŝ = argmin
s

N∑
i=1

τ(vi, s),
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regardless of θ is the ranking of candidates under an election based on Kemeny-Young.
Some social choice rules are rationalized by statistical distributions lacking names. For
example, Conitzer and Sandholm (2012) proposed probability distributions that ratio-
nalize the Borda and STV-R rules.

Conversely, Conitzer and Sandholm (2012) provide the following lemma for demon-
strating that a rule is not rationalizable:

Lemma 1. For a voting rule f, if there exist two voter profiles V1 and V2 such that f chooses the
same outcome for both profiles, f(V1) = f(V2), but produces a different outcome for the combined
profile, then f is not rationalizable.

They use this lemma to prove that the IRV, STV-K, Buckland, Copeland, Maximin
and Ranked Pair rules are not rationalizable under certain conditions. In the reverse
direction, no known social choice rule is rationalized by a Plackett-Luce or Benter dis-
tribution.

4 New Results on Ranked Choice Voting

In this section, we extend results on non-rationalizability of common ranked choice
election rules to realistic election scenarios. We subsequently extend an existing STV-R
rationalizingmodel proposed byConitzer and Sandholm (2012) to partial vote elections.
We further develop their model by stating a complete model likelihood, proposing an
efficient estimation procedure, and providing tools for goodness-of-fit assessment.

4.1 Extending non-rationalizability results to realistic election scenarios

Conitzer and Sandholm (2012) show that IRV is not MLE-rationalizable for an elec-
tion with J = 3 candidates. Due to its relevance for our case study in Section 5, we
minimally extend their result to the case when J ≥ 3.

Theorem 2. Consider a single-winner election with J ≥ 3 candidates, a1, . . . , aJ, where V
is the set of full rankings. Then, the IRV social choice rule is not rationalizable under an IID
statistical model.

Next, note that STV-K generalizes IRV to multi-winner elections. However, no
results on rationalizability of STV-K elections exist. The following theorem proves
non-rationalizability of STV-K under certain conditions.
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Theorem 3. Consider an election with J ≥ 3 candidates where K candidates, such that 1 ≤
K ≤ J− 2, are to be elected and V is the set of full rankings. Then, the STV-K social choice rule
is not rationalizable under an IID statistical model.4

Proofs of theorems 2 and 3 straightforwardly apply lemma 1 via counterexample and
are thus relegated to the appendix.

4.2 A complete statistical model rationalizing STV-R

As noted earlier, STV-R is rarely used as an election procedure. But it is often used
to study results of ranked choice elections. Conitzer and Sandholm (2012) proved the
following model rationalized STV-R:

pCS(V|s, k) ∝
N∏
i=1

J∏
j=1

kδj(vi,s)
j

δj(vi, s) = I
{
vi(1) = sj after removal of sj+1, . . . , sJ from vi

}
1 > k1 >> k2 >> · · · >> kJ > 0,

(7)

where each vote vi is a complete ranking of the J candidates, s is the social choice based
on STV-R, and k ∈ (0, 1)J are the relative candidate strengths.

As it will prove useful, we paraphrase an explanation by Conitzer and Sandholm
(2012) for why the above model rationalizes STV-R: For fixed and well-separated val-
ues of k, the likelihood pCS(V|s, k) is dominated by factors with kJ. Thus to maximize
the likelihood, onemust minimize the number of times kJ appears. Mathematically, we
want a ranking s that minimizes

∑N
i=1 δJ(vi, s). This occurs when the candidates with

the fewest first-place votes appears last in s, whom we call sJ. Note that in STV-R, sJ is
eliminated first. Subsequently, the remaining terms in the likelihood are dominated by
the factors with kJ−1; we seek to minimize the number of times kJ−1 appears by find-
ing an s (given that candidate sJ is last in s) that minimizes

∑N
i=1 δJ−1(vi, s). But this is

precisely the candidate with the fewest first-place votes after transferring votes cast for
sJ to those voters’ second-place candidates. Again, STV-R eliminates this same candi-
date second. The process continues similarly until a complete ranking s of candidates
is obtained that matches the STV-R ranking.

4 When K = 1, STV-K is equivalent to IRV, which was proven to be non-rationalizable. Conversely
when K = J, there is no meaningful election as all candidates are elected. We leave open the question of
rationalizability when K = J− 1, noting this circumstance is unlikely to occur in practice.
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The above rationalizing model has important limitations. First, it applies only to
votes as complete rankings, whereas partial rankings are common in elections with
many voters or candidates. Second, it is unclear how one can conduct parameter es-
timation as both the likelihood and separability constraints on k are not fully specified.
Third, Conitzer and Sandholm (2012) provide no means for assessing model goodness-
of-fit. We fill in those gaps, starting with a precise statistical specification of a rational-
izing model that applies to elections under partial rankings.

Definition 4 (STV-R rationalizing model under partial votes). Let X be a set of J candi-
dates in an election and Vr the set of partial rankings over X of length r, 1 ≤ r ≤ J. Let V be a
profile of N partial rankings, where vote vi is of length ri. Then, define the probability of observing
profile V according to:

p(V|s, k) =
N∏
i=1

∏J
j=1 k

δj(vi,s)
j

Cri(k)

δj(vi, s) = I
{
vi(1) = sj after removal of sj+1, . . . , sJ from vi

}
,

Cr(k) =
∑
δ∈Δ

mδ(r)
J∏

j=1

kδj
j ,

1 > k1 > k2 > · · · > kJ > 0,

(8)

where s is the population candidate ranking, k ∈ (0, 1)J is the vector of candidate strengths, Δ =
{0, 1}J is the set of distinct possible values for δ, andmδ is the number of votes v′ ∈ Vr in equivalence
class δ.

The above model applies to elections under partial votes, including those where the
length of each vote varies. We assume the number and length of each vote is fixed and
known. Note that p(v|s, k) constitutes a probability distribution: p(v|s, k) ≥ 0 for all
votes v ∈ V as the product of nonnegative numbers, and

∑
v∈Vr

p(v|s, k) =
∑
v∈Vr

∏J
j=1 k

δj(vi,s)
j

Cri(k)
=
∑
δ∈Δ

mδ(r)

∏J
j=1 k

δj
j

Cri(k)
=

∑
δ∈Δ mδ(r)

∏J
j=1 k

δj
j∑

δ∈Δ mδ(r)
∏J

j=1 k
δj
j

= 1.

For reasons which will become clear when considering goodness-of-fit, we next ex-
plain a peculiar property of the STV-R rationalizing model via the following lemma.
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Lemma 5. Assume the model in equation 8 and fix s and k. For votes v1, v2 ∈ V of equal length
r, if v1(1) = v2(1) = s1 then p(v1|s, k) = p(v2|s, k). That is, all votes which rank the overall
winner in first place have equal probability.

Proof. Let v ∈ Vr be a vote such that v(1) = s1. Then, δ(v, s) = (1, 0, 0, 0, . . . , 0)
regardless of v(2), . . . , v(J) by definition of δj. Consequently, the probability mass
function p(v|s, k) is equivalent for all such votes.

We proceed with maximum likelihood estimation of s and k. First, note that Cr(k)
is a normalizing constant that depends only on J, r, and k and is independent of param-
eter s and observed votes V. Thus Cr(k) is efficient to compute since calculation of
mδ(r) needs only be performed once for each combination of J and r. Second, we set
k1 to e−0.001 for identifiability. Any fixed value for k1 in the unit interval leads to an
identifiable model; the value e−0.001 was chosen simply because it is close to 1. Third,
to ensure the STV-R ranking s is the MLE ŝ, we require sufficient separation of values
k. A sufficient condition is to require (

∏j−1
ℓ=1 kℓ)

N > kj for all j = 2, . . . , J. However,
this condition is stringent and can often be relaxed to permit better fit to data; see ap-
pendix for details. Fourth, one may straightforwardly determine the MLE k̂ given the
previous considerations, where ŝ = order(k̂) = s.

We conclude this section with a discussion of goodness-of-fit. To assess model fit
with discrete rankings, a typical approach is to compare the observed counts of each
possible ranking to the expected counts under a fittedmodel (Agresti et al., 1996, p. 34).
However, when J ≥ 5, this form of assessment is impractical due to the large domain
of the data. Instead, one may group rankings into lower order marginals relevant to
the model and similarly compare observed and expected counts (Cohen and Mallows,
1983). This technique has been adapted by, e.g., Feigin and Cohen (1978); Yu (2000),
and Mollica and Tardella (2022).

In that spirit, we propose assessing goodness-of-fit via the following three criteria:5

1. For each candidate sj, j = 1, . . . , J, compare the observed number of first place
votes N(1)

j and the expected number of first place votes N∗(1)
j under the fitted

model.

2. Among votes where candidate s1 is in first place, for each candidate sj, j = 2, . . . , J,
compare the observed number of second place votesN(2|s1)

j and the expected num-
ber of second place votes N∗(2|s1) under the fitted model.

5 Details of how to calculate the observed and expected counts for the STV-R rationalizing model are
provided in the appendix.
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3. For each pair of candidates si, sj, i ̸= j, compare the observed number of votes in
which si is ranked above sj to the expected number under the fitted model.

Criterion 1 assesses how amodel captures first-place votes, which are important in STV-
R elections because candidates are eliminated largely based on the number of first-place
votes received. Similar criteria appear in Yu (2000) andMollica and Tardella (2017). Cri-
terion 2 partially assess howwell observed votes satisfy the assumption stated in Lemma
5. Although criterion 2 was developed to test this specific assumption of the STV-R
rationalizing model, it may be still be applied to other statistical models. Criterion
3 assesses how well a model captures voters’ pairwise preferences among candidates.
There are J(J−1)

2 such pairs in an election with J candidates. Thus, criterion 3 provides a
more granularmetric ofmodel fit. Similar criteria appear in Cohen andMallows (1983),
Mollica and Tardella (2017), and Pearce and Erosheva (2024).

The concordance between observed and expected counts for each criteria may be
formally assessed by conducting a hypothesis test, e.g., a Pearson chi-squared goodness-
of-fit test. In the presence of partial rankings, we note that computing a null distribu-
tion for the p-value calculation is challenging. Further, since elections often comprise
thousands (if not millions) of votes, we should expect p-values to be extremely small
even when data reasonably satisfies a model’s assumptions (Cohen and Mallows, 1983).
Instead, to identify severe deviations, we heuristically assess model fit on the basis of
criteria 1–3 by visually comparing observed and expected counts.

5 Case Study: 2025 New York City Democratic Mayoral Primary

The June 2025 New York City (NYC) Democratic mayoral primary election pit-
ted an array of progressive candidates—including State Assemblymember Zohran
Mamdani, Comptroller Brad Lander, City Council Speaker Adrienne Adams, former
Comptroller Scott Stringer, state Senator Zellnor Myrie, and former state Assembly-
member Michael Blake—against a more centrist option, former New York state Gov-
ernor Andrew Cuomo. In the election, voters could rank up to 5 candidates from a
pool of 11 (or write in an undeclared candidate). Then, a winner was tabulated using a
minor variant of the standard IRV procedure in which undeclared write-in candidates
were batch eliminated in the first round. Cuomo consistently led Mamdani in opinion
polls until the month of the election,6 whenMamdani and other progressive candidates

6 Nick Reisman,“Despite missteps, Andrew Cuomo maintains commanding lead in New York mayor’s
race,” Politico, 14 May 2025, https://www.politico.com/news/2025/05/14/andrew-cuomo-lead-poll-

mayor-00347151.
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turned the ranked choice voting procedure to their advantage. Progressive candidates
formed alliances encouraging their supporters to rank multiple members of the pro-
gressive bloc, while simultaneously urging voters not to rank Cuomo at all.7 Mamdani
won the election, beating Cuomo in the final round after all other candidates were
eliminated.

In our analysis, we remove all undeclared write-in candidates, mimicking the first
round of the actual election. In total, 1,071,081 voters ranked at least one declared can-
didate. Among those voters, 22% ranked only one candidate and 47% ranked the max-
imum five. The remaining 31% of voters were approximately evenly divided between
ranking two, three, and four candidates.

Table 1 reveals additional patterns within voters’ rankings of candidates. The most
common specific ballot ranked only Cuomo. This choice was more than twice as com-
mon as the next most popular ranking, Mamdani ≺ Lander ≺ Adams ≺ Myrie ≺
Blake, which in turnwasmore common than ballots cast forMamdani alone. However,
ranked choice voting allows for a vast number of permutations of choices, so examining
only the most common ballots overlooks several important patterns.

Figure 2 displays a stacked bar chart of resulting votes by rank level for each candidate.
Despite appearing alone on more ballots than any other candidate, Cuomo was only
the fourth-most commonly ranked candidate overall, well behind Mamdani, Lander,
and Adams, who were the three top voter-getters in the progressive bloc. Notably,
Lander was ranked on nearly as many ballots (59.0%) as Mamdani (59.7%). Two other
patterns reveal the highly non-random differences in overall ranking behavior by voters
with different preferences for their top ranking. First, the progressive bloc and Cuomo
had distinct bases of support: just 10.5% of ballots ranked both Mamdani and Cuomo
and only 14.4% ranked both Lander and Cuomo, but 46.9% ranked both Mamdani and
Lander—a large majority of voters ranking either Mamdani or Lander at all. Second,
the progressive bloc had far more voters willing to vote for not just one candidate but a
slate that excluded their main rival: 75.8% of voters who selected Mamdani also ranked

7 For example, Mamdani and Lander each recommended their voters rank the other candidate second
(Emily Ngo, “Zohran Mamdani, Brad Lander are cross-endorsing in race for New York City mayor,”
Politico, 13 June 2025, https://www.politico.com/news/2025/06/13/mamdani-lander-cross-endorsing-

mayor-00405357). This alliance paid off for both Mamdani, who was elected mayor in November 2025,
and Lander, who rode Mamdani’s endorsement to victory over Democratic incumbent Dan Goldman
in the June 2026 Democratic primary for New York’s 10th Congressional district ( Joe Anuta and Bill
Mahoney, “The powerbroker: Mamdani-endorsed candidates obliterate old guard Dems in NYC,”
Politico, 24 June 2026, https://www.politico.com/news/2026/06/24/the-powerbroker-mamdani-endorsed-
candidates-obliterate-old-guard-dems-in-nyc-00974317).
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Ballot Characteristics Count Percent
Three most common ballots; no other appeared>20,000 times
Cuomo alone 176,898 16.5%
Mamdani ≺ Lander ≺ Adams ≺ Myrie ≺ Blake 75,274 7.0%
Mamdani alone 41,645 3.9%

The four most frequently ranked candidates
Ballots including Mamdani 639,693 59.7%
Ballots including Lander 631,838 59.0%
Ballots including Adams 578,320 54.0%
Ballots including Cuomo 489,682 45.7%

Prevalence of ranked voting by Mamdani and Cuomo voters
> 1 candidate ranked including Mamdani but not Cuomo 485,071 45.3%
> 1 candidate ranked including Cuomo but not Mamdani 199,807 18.7%

One common and three uncommon combinations of popular candidates
Ballots including Lander and Mamdani 502,479 46.9%
Ballots including Lander and Cuomo 153,823 14.4%
Ballots including Mamdani but not Lander 137,214 12.8%
Ballots including Mamdani and Cuomo 112,977 10.5%

Table 1. Ballot groupings in the 2025 NYC Democratic mayoral primary election, out of
1,071,081 ballots.

another candidate while omitting Cuomo, but just 40.8% of Cuomo voters selected
another candidate while omitting Mandani.

5.1 Model estimation and comparison

We now estimate and compare statistical models to the observed votes.8 Specifically,
we consider the STV-R rationalizing model (equation 8) and latent class mixtures of
either Plackett-Luce (equation 3) or Benter (equation 4) distributions.9 Mixtures are
estimated because we suspect voters belong to ideologically distinct factions, which
may be detected under a mixture framework. For each distribution, we fit mixtures
of between K = 1 and K = 6 latent classes (henceforth referred to as voting blocs).

8 Code to replicate our analyses is available at REDACTED.
9 To our knowledge, the mixture of Benter distributions we fit is novel. Most relatedly, Gormley and

Murphy (2008) fit a latent class mixture of Benter distributionswith overall (i.e., non-class specific) damp-
ening parameters.
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Figure 2. Votes in the 2025 NYC Democratic mayoral primary election by candidate and rank
level. Candidates are ordered from top to bottom by the number of first-place votes received.

We do not estimate the STV-R rationalizing model under a mixture framework as the
rationalizing interpretation disappears beyond one bloc.

Figure 3 displays BIC and ICL criteria values (equation 6) for each fitted model. The
STV-R rationalizing model performs worse than Plackett-Luce and Benter models un-
der any number of latent classes. BIC consistently favors Benter models over Plackett-
Luce. BIC favors Benter models with more latent classes, with flattening decreases
beyond 2 latent classes. Alternatively ICL is smallest in a Benter with 4 latent classes,
although the 3-class Benter has a similarly small ICL. On the basis of these criteria and
in the interest of parsimony, we select the 3-class mixture of Benter distributions for
further study. In what follows, we present results and examine the fit of the 3-class
mixture of Benter distributions and the STV-R rationalizing model based on their es-
timated parameters. While the STV-R does not fit the data nearly as well as the 3-class
Benter model, we examine it in detail for illustrative purposes since it has not been used
in practice before.
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Figure 3. BIC and ICL model selection criteria for STV-R rationalizing model and latent class
mixtures of Plackett-Luce and Benter models with up to 6 classes.
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Figure 4. MLEs of candidate worth parameters (left) and rank-specific dampening parameters
(right) by voter bloc (i.e., latent class) in a 3-class mixture of Benter distributions.

5.2 Model fit and interpretation

Figure 4 displays maximum likelihood estimates (MLE) of class-specific parameters in
the 3-class mixture of Benter distributions. The left panel displays relative candidate
worth parameters p̂jk, by candidate j and class k. The right panel displays estimated
dampening parameters, αrk, by rank level r and class k. Table 2 displays MLEs of model
parameters, k̂, by candidate for the STV-R rationalizing model. The order of k̂ from
largest to smallest is the STV-R ranking, s, by construction.

We wish to assess if either model provides acceptable absolute fit to the observed
votes based on goodness-of-fit criteria 1–3 proposed in section 4.2. Recall that crite-
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Candidate k̂ Candidate k̂ Candidate k̂
Mamdani e−0.001 Stringer e−2.428 Ramos e−5.990

Cuomo e−0.044 Myrie e−2.653 Prince e−8.326

Lander e−1.002 Tilson e−3.100 Bartholomew e−11.58

Adams e−1.822 Blake e−4.309

Table 2. MLEs of model parameters, k̂, based on the STV-R rationalizing model. The order of
candidates based on k̂ is the STV-R ranking by construction.
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Figure 5. Comparison of STV-R rationalizing model and 3-class mixture of Benters based on
difference between observed and expected counts across criteria 1–3. Solid black lines indicate
perfect model fit.

rion 1 concerns the number of first place votes received by each candidate, criterion 2
the number of second place votes received by each candidate among voters who ranked
Mamdani in first place, and criterion 3 the relative orderings of all candidate pairs. Fig-
ures 5 and 6 compare absolute and percent differences, respectively, in observed and
expected counts for each criterion and model.

We find that the 3-class Benter model provides acceptable fit to observed vote data
on the basis of all three criteria. For criterion 1, observed and expected counts of first-
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Absolute percent change for Prince and
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Figure 6. Comparison of STV-R rationalizing model and 3-class mixture of Benters based on
percent change (criteria 1–2) or proportions (criterion 3) between observed and expected
counts. Solid black lines indicate perfect model fit.

place votes are similar for all candidates. The difference is largest in magnitude for
Mamdani, for whom the percent error rate is only 3.8%. For criteria 2 and 3, observed
and expected counts are nearly identical for all candidates and candidate pairs.

In contrast, the STV-R rationalizing model poorly fits the observed votes on the ba-
sis of all three criteria. For criterion 1, observed and expected first-place vote counts
differ by approximately 60k and 29k votes, respectively, for Mamdani and Lander. For
criterion 2, Lander received approximately 266k more votes in second place than ex-
pected among voters who ranked Mamdani first, indicating the model’s inability to
capture the large bloc of voters strategically supporting the progressive candidate al-
liance. Strikingly, the STV-R model fit based on this STV-R-specific criterion is worse
for all but one candidate (Adams) than that of the Benter mixture model. For criterion
3, observed pairwise orderings between candidates differ substantially from those ex-
pected under themodel. Notably, pairs that includeMamdani are not well-captured by
themodel. These pairs are especially important both becauseMamdani won the overall
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election and because he strategically allied with certain other candidates to reach that
outcome.

Now that we have established the 3-class Benter provides acceptable fit, we interpret
the estimated model parameters (refer to Figure 4). Recall that πk represents the pro-
portion of voters in class k. Worth parameters θjk may be interpreted as the proportion
of voters in bloc k who prefer candidate j in first place. Then, dampening parameters
αrk ∈ [0, 1] may be interpreted as the inverse level of additional randomness intro-
duced at rank level r in bloc k, such that αrk = 1 indicates no additional randomness
and αrk = 0 indicates each candidate has equal probability of selection.

Bloc 1 comprises approximately 40% of the votes and highly favors Cuomo, while
placing little worth on other candidates. This bloc represents support for the major
centrist candidate. Blocs 2 and 3 comprise 33% and 27% of the vote, respectively, and
collectively capture progressive voters. Both blocs favorMamdani more than any other
candidate, yet differ in the exclusiveness of that support: bloc 2 voters place only a small
amount of worth on Lander, whereas bloc 3 voters more evenly split their support be-
tween Mamdani and Lander, and even reserve worth for Adrienne Adams. Dampen-
ing parameters are consistently high for bloc 2 and lower for blocs 1 and 3. Thus bloc 1
strongly favors Cuomo and exhibits weak preferences among the remaining candidates,
bloc 2 strongly favors Mamdani and then Lander, and bloc 3 similarly favors Mamdani
and Lander but with less strict preferences on the order of Mamdani and Lander.

6 Discussion

This paper investigates the intersection of social choice theory and statistical prefer-
ence modeling, especially in non-epistemic settings applicable to voting in democratic
elections, surfacing fundamental tensions that have previously gone unexamined. Sta-
tistical reasoning has been part of social choice theory since its inception (Condorcet,
1785). More recently, the literature on rationalizability has drawn precise connections
between outcomes of social choice rules and statistical estimators of population pref-
erences derived from a model (Young, 1995; Conitzer, Rognlie, and Xia, 2009; Pivato,
2013). Examining this literature from a statistical vantage point reveals a deep structural
mismatch: whereas social choice theory is principally concernedwith aggregating indi-
vidual preferences to produce winners, statistical preference modeling is more broadly
oriented toward inference on individual preferences and the distributions thereof. We
show that widely-used social choice rules for ranked choice elections either admit ra-
tionalizing models with little-to-no capacity to fit distributions of actual votes, or ad-
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Figure 7. Venn diagram between social choice rules and statistical models, with their intersec-
tion representing rationalizability.

mit no rationalizing models at all. Conversely, we find empirically that well-fitting
statistical models tend to be mixture models that have the capacity to capture system-
atic differences in preferences. However, mixture models offer no clear mechanism for
making a social choice. Even a naïve weighting of estimated preferences among distinct
voting blocs in a mixture model would be difficult to explain to voters, and, as such,
is unlikely to be accepted as a social choice. Together, our findings suggest that social
choice theory and statistical modeling may be considered as competing frameworks
that offer distinct insights when applied to votes.

Figure 7 summarizes the social choice rules and statistical models studied in this
paper, where their intersection represents rationalizability. On the left, we see non-
rationalizable social choice rules. Notably, these include instant runoff voting (IRV)
and multi-winner single transferable vote (STV-K), which satisfy many desirable social
choice axioms and special interest groups purport them to producemore representative
outcomes (Benadè, Buck, Duchin, and Weighill, 2021; Richie, Seitz-Brown, and Kauf-
man, 2023). However, these non-rationalizable social choice rules are ultimately algo-
rithms with no underlying generative models. Thus, inferring the multidimensional
and complex ideologies of voters based on these rules is not possible.

On the right (in Figure 7), we see statistical models that have no corresponding social
choice rules. Thesemodels include the Plackett-Luce and Benter distributions, perhaps
estimated under a latent class mixture modeling framework. If they provide reasonable fit
to data, these models may aid inference on voter ideologies or coalitions. They can be
useful for making interpretable or falsifiable statements about voter preferences, de-
scribing prominent voter blocs, or making probabilistic predictions of future elections.
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However, to be accepted as social choice rules, these models need to offer a clear and
easily computable mechanisms for calculating winners. In the absence of such mecha-
nisms, as in the case for Plackett-Luce and Benter distributions, statistical models are
not going to be adopted as societal decision-making tools.

The center in Figure 7 displays social choice rules that are rationalized by statistical
models. Rationalizable rules potentially offer a “best of bothworlds” approach to social
choice: an axiomatically plausible way of determining a winner while simultaneously
estimating, inferring, and predicting the preferences of a constituency. Unfortunately,
this dual potential is not realized in any of the cases considered in this paper. Plural-
ity rule and the Borda count, while widespread and simple, are highly susceptible to
perverse social choice outcomes (most notably the spoiler effect). Kemeny-Young’s
complete ranking is difficult to explain to voters, and has been shown to be computa-
tionally expensive and unstable (Ali and Meilă, 2012), limiting its utility in real-world
social choice settings. Finally, this paper elucidated limitations of STV-R rationalizing
models to fit realistic voting data.

We demonstrate our claims empirically in a case study of the 2025 NYC Democratic
primary election. We first highlight the influence of the ranked choice voting proce-
dure in this election. In an election with many candidates, voters may be reasonably
described as supporting thewell-known but scandal-ridden centrist AndrewCuomo or
an array of progressive challengers (including the initially lesser-known Zohran Mam-
dani). In a traditional plurality vote election, the former group may have won due
to vote splitting among the latter. Instead, IRV permitted a clear Mamdani win. That
said, the tabulations alonemiss an important feature of the voting population: although
Cuomo came in second place, he is preferred second in very few voters’ minds. Cuomo
was ranked first on most ballots in which he appeared, and rarely ranked at all by voters
supporting any progressive candidate (e.g., Mamdani, Lander, Adams, Myrie, Blake,
or Stringer). Thus, we may consider the votes multi-modal, a characteristic lost in a
social choice tabulation designed to make a single compromise ordering. As such, we
found the unimodal STV-R rationalizing model to provide exceptionally poor fit to
observed votes based on three goodness-of-fit criteria that capture important aspects of
the votes, including first- and second-place votes and bivariate relationships between
all pairs of candidates.

Continuing with a purely statistical analysis of votes in our case study, we found that
a 3-class Benter model provided acceptable model fit based on the same criteria used
to assess the rationalizing model. This is notable given that the model contains just
44 parameters to capture the highly diverse preferences of over 1 million voters who
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were permitted to express any of 64,471 potential rankings over 11 candidates. The
model-identified voter blocs are highly interpretable and align with political observers’
expectations. Furthermore, estimated parameters and associated uncertainty permit
various inferences on the relative prevalence of prominent voter ideologies and the rel-
ative strengths of candidates. But despite the posited model successfully providing a
generative mechanism for observed votes, it is not immediately suitable for address-
ing the collective social choice problem which motivated the election as the inferred
population heterogeneity cannot be straightforwardly reconciled.

This work highlights the need for careful statistical modeling of voting data. In real-
istic circumstances where no “ground truth” exists and voters differ systematically in
political preferences, voting tabulations are likely to miss important features of the dis-
tribution of individual opinions. Political scientists, journalists, and other individuals
interested in understanding or communicating voter preferences should consider using
not only mixture models like those used here, but also more complex statistical models.
For example, mixed membership models may be used to model voters on an ideolog-
ical spectrum (Airoldi, Blei, Erosheva, and Fienberg, 2015), whereas rank-clustering
models may be used to infer if groups of candidates are equally-preferred by subsets
of voters (Pearce and Erosheva, 2024; Piancastelli and Friel, 2025). Our work demon-
strates a framework for statistical modeling of election data that could be applied to aid
nuanced inference on voter preferences.
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Appendix A: Proofs of Theorems 2 and 3

Proof of Theorem 2

Consider the voter profiles V1 and V2 shown in Figure 8. When IRV is applied to V1,
candidates a4, . . . , aJ have no first-choice votes and are eliminated; a3 is eliminated next.
The three first-choice votes for a3 are then transferred to a1, resulting in a1 being the
winner with 7 of the 13 votes. For profileV2, candidates a4 . . . , aJ have no first-choice
votes and are eliminated; a2 is eliminated next. Again, this leaves a1 as the winner with
7 out of 13 votes. In contrast when the two profiles are combined to obtain V1 ∪ V2,
a1 is eliminated before a2 or a3, and hence not the winner. Thus f(V1) = f(V2) = a1
but f(V1 ∪ V2) ̸= a1, and so by Lemma 1, f is not MLE-rationalizable.

V1 =

# votes v
3 a3 ≻ a1 ≻ a2 ≻ a4 ≻ · · · ≻ aJ
4 a1 ≻ a2 ≻ a3 ≻ a4 ≻ · · · ≻ aJ
6 a2 ≻ a1 ≻ a3 ≻ a4 ≻ · · · ≻ aJ

V2 =

# votes v
3 a2 ≻ a1 ≻ a3 ≻ a4 ≻ · · · ≻ aJ
4 a1 ≻ a3 ≻ a2 ≻ a4 ≻ · · · ≻ aJ
6 a3 ≻ a1 ≻ a2 ≻ a4 ≻ · · · ≻ aJ

V1 ∪ V2=

# votes v
9 a2 ≻ a1 ≻ a3 ≻ a4 ≻ · · · ≻ aJ
4 a1 ≻ a3 ≻ a2 ≻ a4 ≻ · · · ≻ aJ
4 a1 ≻ a2 ≻ a3 ≻ a4 ≻ · · · ≻ aJ
9 a3 ≻ a1 ≻ a2 ≻ a4 ≻ · · · ≻ aJ

Figure 8. Voter profiles to demonstrate that IRV is not MLE-rationalizable.

Proof of Theorem 3

Consider the voter profiles V1 and V2 shown in Figure 9. Let e1, . . . , ek be the k candi-
dates who will be elected in each of V1 and V2. Let a1, a2, . . . , aJ−K be the remaining
candidates.

In each profile V1 and V2 there are 7K+ 6 votes and hence, 7 votes is the threshold
for electing a candidate in an election with K winners. In both V1 and V2, candidates
e1, . . . , ek−1 are elected on the first round; no votes are transferred. In profileV1, a1 has
the fewest first-place votes at the end of round 1 and is removed, with votes transferred
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to the second-most preferred candidate, ek. Then, ek is elected with 7 votes. Similarly,
in profile V2, a2 has the fewest first-place votes at the end of round 1 and is removed,
with votes transferred to the second-most preferred candidate, ek. Then, ek is elected
with 7 votes. In short, profiles V1 and V2 elect candidates e1, . . . , ek.

In the combined profile, V1 ∪ V2, there are 14K + 12 votes, and hence 14 votes
is the threshold for electing a candidate in an election with K winners. Candidates
e1, . . . , ek−1 are elected on the first round; no votes are transferred. Then, ek has
the fewest first place votes and is removed. Thus, the outcome of our social choice
rule is different for the combined profile V1 ∪ V2, proving that STV-K is not MLE-
rationalizable by Lemma 1.

Appendix B: Further Details on the STV-R Rationalizing Model

We first prove a sufficient separation condition for parameters k = (k1, . . . , kJ) in the
STV-R rationalizing model to ensure that the STV-R ranking, s, equals the MLE rank-
ing, ŝ. Then, we consider how the separation conditionmay be relaxed in practicewhile
still ensuring that ŝ = s.

Lemma 6. Consider the STV-R rationalizingmodel shown in equation 8. Denote by s the STV-
R ranking. Then if kj < (

∏j−1
ℓ=1 kℓ)

N for all j = 2, . . . , J, then the model MLE ŝ is s.

Proof. Let k be fixed such that kj < (
∏j−1

ℓ=1 kℓ)
N for all j = 2, . . . , J. For contradiction,

assume that ŝ = s′ such that s′ ̸= s.

# votes v
7 e1 ≻ . . .
7 e2 ≻ . . .
... ...
7 ek−1 ≻ . . .
4 ek ≻ a2 ≻ . . .
3 a1 ≻ ek ≻ . . .
6 a2 ≻ ek ≻ . . .

(a) Profile V1

# votes v
7 e1 ≻ . . .
7 e2 ≻ . . .
... ...
7 ek−1 ≻ . . .
4 ek ≻ a1 ≻ . . .
3 a2 ≻ ek ≻ . . .
6 a1 ≻ ek ≻ . . .

(b) Profile V2

# votes v
14 e1 ≻ . . .
14 e2 ≻ . . .
... ...
14 ek−1 ≻ . . .
4 ek ≻ a1 ≻ . . .
4 ek ≻ a2 ≻ . . .
9 a2 ≻ ek ≻ . . .
9 a1 ≻ ek ≻ . . .

(c) Combined Profile V1 ∪ V2

Figure 9. Voter profiles to demonstrate that STV-K is not MLE-rationalizable. Ellipses are used
to denote a preference ordering among all remaining candidates (specific candidate orderings
donot impact results).
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For convenience, let Nj(s) =
∑N

i=1 δj(vi, s) for all j = 1, . . . , J. Note that
by construction of s, (NJ(s),NJ−1(s), . . . ,N1(s)) is lexicographically smaller than
(NJ(s′),NJ−1(s′), . . . ,N1(s′)). Thus, let j∗ denote the largest index in which Nj(s) ̸=
Nj(s′). Therefore, Nj∗(s′) ≥ Nj∗(s) + 1. Then,

log p(V|s′, k) =
J∑

j=1

log kj
N∑
i=1

δj(vi, s′)︸ ︷︷ ︸
=Nj(s′)

−
N∑
i=1

logCri(k)︸ ︷︷ ︸
≡C

(9)

=

j∗−1∑
j=1

Nj(s′) log kj + Nj∗(s′) log kj∗ +
J∑

j=j∗+1

Nj(s) log kj − C (10)

< 0 + log kj∗(Nj∗(s) + 1) +

J∑
j=j∗+1

log kjNj(s)− C (11)

= log kj∗ +
J∑

j=j∗
log kjNj(s)− C (12)

≤
j∗−1∑
j=1

N log kj +
J∑

j=j∗
log kjNj(s)− C (13)

≤
j∗−1∑
j=1

Nj(s) log kj +
J∑

j=j∗
log kjNj(s)− C (14)

= log p(V|s, k). (15)

Line 11 holds since kj ∈ (0, 1) implies log kj < 0. Line 13 holds since kj < (
∏j−1

ℓ=1 kℓ)
N

implies log kj < N
∑j−1

ℓ=1 log kℓ. Line 14 holds since Nj(s) ≤ N for all j. We have thus
shown log p(V|s′, k) < log p(V|s, k), which contradicts the assumption that s′ is the
MLE.

The above separation condition is sufficient, but not tight. In practice, we find a less
strict separation constraint that permits a better model fit while still ensuring that ŝ is
the STV-R ranking s. To do so, we find some small K such that kj < (

∏j−1
ℓ=1 kℓ)

K for
all j = 2, . . . , J while maintaining ŝ = s. We find such a K as follows:

1. Set K = ε, ε > 0.
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2. Estimate model parameters k via maximum likelihood such that s is the STV-R
ranking and subject to constraint kj < (

∏j−1
ℓ=1 kℓ)

K for all j = 2, . . . , J. Call the
estimated k parameters k̂K.

3. Consider S = {s′|1 ≤ dτ(s′, s) ≤ 3}, where dτ is the Kendall-τ distance. Calcu-
late log p(V|k̂K, s′) for all s′ ∈ S .

4. If log p(V|̂sK, s) > log p(V|̂sK, s′) for all s′ ∈ S , stop the procedure and set (̂s, k̂) =
(s, k̂K). Otherwise, raise K slightly and repeat steps 2–4.

The above algorithm aims to find the less restrictive constraint on parameters k such that
the STV-R ranking stays the model MLE for parameter s. We note that the neighbor-
hood of rankings S was kept relatively small for computational efficiency, although a
larger neighborhood may be used if desired. In our Case Study, the separation constant
was found to be K = 0.39 by initializing K at 0.01 and incrementing by 0.01.

Appendix C: Further Details on Goodness-of-Fit Criteria

We proposed three goodness-of-fit criteria in section 4.2. To assess a model based on
these criteria, one must calculate the observed counts for each criteria under a given set
of votes and the expected counts for each criteria under a fitted statistical model. The
former is straightforward; one need only count the number of votes satisfying each
criteria, e.g., the number of votes in which a given candidate is ranked in first place.

The latter requiresmore careful explanation. Note that in ourmodeling exercises, we
assume that the number of votes of each length are fixed and known. Thus, expected
counts under each goodness-of-fit statistics are first calculated separately for votes of
each length, and then an overall expected count for each criterion is computed as a
weighted sum of the counts for votes of each length. Weights are determined by the
relative size of each vote length. That is, the expected count, E, for some statistic under
a fitted model is calculated:

E =
∑
r

Nr

N
Er

where r indexes the observed vote lengths,Nr is the number of observed votes of length
r, N is the total number of votes, and Er is the expected counts for the statistic among
only votes of length r under the fitted model.

We calculate Er by explicitly calculating the mass of each possible ranking of length
r under the fitted model, summing the mass of rankings satisfying the goodness-of-fit
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criterion, and multiplying the summed mass by Nr. In cases where the number of pos-
sible votes to prohibitively large as to compute Er exactly, Monte Carlo approximation
may be used by sampling rankings under the fitted model.
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