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Abstract
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1 Introduction

Understanding how voters choose between candidates with varying characteristics is a core

question in the study of elections and political behavior. Conjoint analysis has gained traction

as a method for capturing the complexity of voter decision-making in diverse electoral contexts

(e.g., Franchino and Zucchini, 2015; Carnes and Lupu, 2016; Mares and Visconti, 2020; Horiuchi,

Markovich and Yamamoto, 2021). Unlike traditional survey experiments with single vignettes,

conjoint analysis decomposes the treatment effect into components, enabling researchers to isolate

the influence of individual attributes (Hainmueller, Hopkins and Yamamoto, 2014). Respondents

typically evaluate pairs of hypothetical candidates with randomly selected attributes by choosing

their preferred candidate or rating each profile.

Despite these advantages, most electoral conjoint experiments employ a forced-choice design,

requiring participants to choose one candidate over the other. In real-world elections, where voters

have many more options like abstention and protest voting, the forced-choice design may introduce

biases by compelling participants to make choices they might otherwise avoid. This deviation from

real-world choices may generate unintended bias and undermine the gold standard of conjoint

analysis, which aims to more accurately reflect the decision-making process and voting experience

of real-world elections (Hainmueller, Hopkins and Yamamoto, 2014; de la Cuesta, Egami and

Imai, 2022).1 In response to these concerns, this paper adopts a design-based approach to improve

electoral conjoint analysis by proposing a more realistic, unforced-choice design for better studying

voters’ voting decisions.

We argue that the forced-choice design unintentionally assumes (1) no non-voters and (2) no

1We surveyed articles using conjoint designs to study voter choices between hypothetical can-

didates across various elections. Our focus was on articles published or accepted in ten leading

political science journals — AJPS, APSR, BJPS, CPS, Elect.Stud., JOP, PolBeh, POQ, PSMR,

and WP — between 2014 and 2023. Of the 72 articles identified, only four employed an unforced-

choice design. A detailed list can be found in Appendix A.
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tendency for protest or indifferent votes, which can misrepresent preferences, particularly in vol-

untary voting systems. By forcing respondents to choose between candidates, these designs fail to

account for real options like abstention, protest votes (e.g., blank or null ballots), or “None of the

Above” (NOTA) choices.2 Using existing conjoint data from published articles, we demonstrate

that these two assumptions are likely to be violated. First, we find that a significant proportion of

respondents recruited for electoral conjoint experiments have abstained from voting at least once

in real life, despite being eligible. Second, we observe that around half of respondents might have

a tendency to cast an indifferent vote at least once if such an option were available. This suggests

that forced-choice conjoint experiments may compel respondents to make artificial trade-offs that

do not align with their real-world voting behavior.

To evaluate the impact of forced-choice designs, we first formally identify two types of design-

induced biases — specifically, misclassification errors (when protest voters are forced to select

a candidate, misrepresenting their true preferences to neither candidates) and external validity

bias (where compelled abstainers’ responses create a study population that diverges from the tar-

get population of eligible voters who turn out) — and then implement an original, preregistered

randomized experiment. In this experiment, we randomized participants into either the typical

forced-choice design or our proposed unforced-choice design, embedding two replicated candi-

date conjoint studies. We replicate both the data collection and analysis from conjoint studies of

Presidential candidates by Hainmueller, Hopkins and Yamamoto (2014) and Congressional can-

didates by Peterson (2017), while assigning respondents to either the forced-choice design or the

unforced-choice design. Respondents assigned to the typical forced-choice design are presented

with one forced-choice outcome question with two options: Candidate 1 and Candidate 2, and

two unforced-rating outcome questions in each task. In contrast, in the unforced-choice design,

2Countries and subnational units like India, Ukraine, Bulgaria, Thailand, Colombia, and the

U.S. state of Nevada offer the NOTA option. The French equivalent, ‘vote blanc,’ and ‘voto blanco’

in some Latin American countries, serve a similar purpose. See Alvarez, Kiewiet and Núñez (2018)

and Plescia, Kritzinger and Singh (2023) for more details.
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we make the choice-based question an unforced response and provide two additional options that

better mirror the range of one’s voting choices: “If I only have these two candidates, I will cast

a blank/null vote” and “If I only have these two candidates, I will abstain,” while making the

rating-based question a forced response.

In both studies we replicated, around 50% respondents used the abstention or protest vote

options at least once under the unforced-choice design. This change significantly affected the

estimates of Average Marginal Component Effects (AMCEs): estimates can increase, decrease,

and gain or lose statistical significance compared to forced-choice results. For example, in the

replicated conjoint study of Presidential candidates based on Hainmueller, Hopkins and Yamamoto

(2014), we observe that attributes like Age (45, 52, 68 vs. 36) and Income ($54K, $65K, $210K vs.

$32K) exhibited notable differences in estimates of AMCEs between designs at the 95% confidence

level. Similar effects were observed in the replicated Congressional candidate study from Peterson

(2017), where several results differed at the 90% confidence level. These findings highlight the

unpredictable biases introduced by forced-choice designs, which can distort both the magnitude

and direction of estimates. Our robustness checks, using methods like the Heckman selection

model and Inverse Probability Weighting, confirm these effects. We conclude with a practical

guide to help researchers avoid potential pitfalls and improve their methodological practices.

While recent literature has discussed the issue of abstentions (Miller and Ziegler, 2024) and the

use of a non-forced option to capture preferences (Aviña et al., 2024), our work goes beyond these

prior studies in two key aspects: (i) we delve deeply into the nature of the bias associated with

forced-choice designs, particularly misclassification and external validity bias; and (ii) we evaluate

a broader range of scenarios that neglect real-world behavior by incorporating protest votes in

addition to abstentions.

Overall, this paper contributes to the evolving literature on conjoint analysis in political method-

ology by addressing the design-induced limitations of forced-choice experiments. While recent

advancements have focused on distinct conjoint estimands (e.g., Leeper, Hobolt and Tilley, 2020;

Abramson, Kocak and Magazinnik, 2022; Zhirkov, 2022; Ganter, 2023; Treger, 2023), estimate
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interpretation (Abramson, Kocak and Magazinnik, 2022; Bansak et al., 2023), response quality

(Bansak et al., 2018; Horiuchi, Markovich and Yamamoto, 2021; Clayton et al., 2023; Kane and

Costa, 2024), and external validity (de la Cuesta, Egami and Imai, 2022), our study shifts the focus

toward the design aspects of conjoint outcomes. Specifically, we propose an unforced-choice con-

joint design that integrates substantive knowledge of the voting options available in target elections.

This approach enhances the realism and applicability of electoral conjoint studies by improving

the extrapolation of experimental findings to real-world contexts. While this paper concentrates on

electoral studies, our proposed design has broader applicability and can be adapted for other re-

search areas — such as immigration policy preferences or employment decision-making — where

decision-makers are not restricted to making binary forced choices in each task.

2 Mismatch Between Reality and Design in Electoral Conjoint

Experiments

Most electoral conjoint analyses present respondents with binary choices between two hypo-

thetical candidates in a target election. This design assumes voters have only two options: vote for

Candidate A or Candidate B. However, real-world elections offer voters more choices, and they are

not always required to trade off between available candidates. In elections with voluntary voting

rules, eligible voters may choose to abstain. Additionally, in elections with either voluntary or

mandatory voting rules, voters can submit a protest (blank or invalid) ballot or cast a “None of the

Above” (NOTA) vote in some countries, expressing dissatisfaction with the candidates or political

system. We argue that the forced-choice design used in most electoral conjoint analyses fails to

accurately reflect the range of choices available to voters in real elections. Table 1 highlights the

mismatch between the voting options presented to respondents in forced-choice designs and the

actual choices voters have in a target election with voluntary voting rules.
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Table 1: Choice Mismatch Between Target Elections and Forced-Choice Conjoint Design

Eligible Voters (Respondents) Target Election Forced-Choice

Voters Candidate A, Candidate B, or a protest vote Candidate A or Candidate B

Non-voters Abstention Candidate A or Candidate B

2.1 Abstention as an Electoral Choice

Not all eligible individuals take part in electoral activities. The decision to vote or abstain is

often an individual choice, and voters are not selected randomly (Bernhagen and Marsh, 2007).

Research on electoral behavior consistently shows that non-voters differ systematically from reg-

ular voters in their political profiles (e.g., Adams and Merrill, 2003; Bernhagen and Marsh, 2007;

Battaglini, Morton and Palfrey, 2008; Bølstad, Dinas and Riera, 2013; Fowler, 2015; Kawai,

Toyama and Watanabe, 2021; Visconti, 2021; Koch, Meléndez and Rovira, 2023). Meta-analyses

reveal that non-voters differ in factors like age, education, mobilization, party identification, polit-

ical interest, and political knowledge (Smets and van Ham, 2013).

Existing evidence suggests that if all eligible voters participated, electoral outcomes might dif-

fer, underscoring the importance of counterfactual preference aggregation (Bernhagen and Marsh,

2007; Kawai, Toyama and Watanabe, 2021). This reasoning is relevant to forced-choice conjoint

experiments, where all eligible voters are presumed to cast a vote, even if some would opt out in

real elections. By aggregating preferences from non-voters without scrutiny, forced-choice designs

may bias estimates of the actual vote choices.

Are respondents who abstained from voting in the real-world elections actually recruited for

candidate conjoint experiments? Identifying non-voter respondents in conjoint studies is challeng-

ing because most designs do not differentiate participants by voting history or allow abstention.

However, Horiuchi, Smith and Yamamoto (2020) include post-conjoint questions about respon-

dents’ voting history.3 In their sample of 2,200 respondents, 600 reported always voting, while

3In Q7.8, respondents are presented with the following inquiry: "How often have you partic-

ipated in voting since you got the right to vote? Have you voted in all elections, most elections,
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over 370 almost never participated despite being eligible. The remaining 1,200 skipped voting at

least once. Using this data, we re-estimated the AMCEs for two subsamples: respondents who

consistently vote and those who almost never vote.

Figure 1 highlights notable differences in preferences between these groups in a forced-choice

conjoint design. For consistent voters, attributes like prior government experience were not strong

predictors of candidate selection. In contrast, non-voters placed significantly higher value on this

attribute. These results show that non-voter preferences can differ substantially, with some at-

tributes being valued more strongly or weakly compared to regular voters.

some elections, or never?" Options: (1) Voted in all elections (2) Voted in most elections (3) Voted

in several elections (4) I almost never vote. Note: The original question is in Japanese, and we

have provided an English translation for the sake of the illustration.
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   Celebrity
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   (Baseline = Business employee)

Prior Occupation

   LDP

   Komeito

   JCP

   DPJ

   (Baseline = Independent)

Party

   Cabinet minister

   National assembly member

   Prefectural assembly member 

   (Baseline = None)

Parental Political Background

   Outside

   (Baseline = Inside)

Hometown

   University of Tokyo

   Prestigious private university

   Local public university

   (Baseline = High school)

Highest Educational Attainment

   Female

   (Baseline = Male)

Gender

   Currently in office, 3+

   Formerly in office, 3+

   Currently in office, 2

   Formerly in office, 2

   Currently in office, 1

   Formerly in office, 1

   (Baseline = No experience)

Experience

   79

   64

   57

   42

   (Baseline = 30)

Age

−0.3 −0.2 −0.1 0.0 0.1 −0.3 −0.2 −0.1 0.0 0.1 −0.2 −0.1 0.0 0.1 0.2
AMCEs AMCEs Difference in AMCEs

(a) Regular Voters (N=593) (b) Non−Voters (N=377) Difference (95% CI)

Figure 1: Replication of the Horiuchi, Smith and Yamamoto (2020) experiment using the subsam-
ples of regular and non-voters. Note: N refers to the number of respondents in each subsample.
The rightmost panel shows the differences in AMCEs between regular and non-voter subgroups
for each attribute level, in which horizontal bars represent 95% confidence intervals robust to clus-
tering at the respondent level. The red dots with red bars indicate significance at the 5% level,
whereas the red triangles with gray bars indicate significance only at the 10% level. The gray dots
with gray bars indicate that there is no significance at either conventional level.
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2.2 Protest Votes as an Electoral Choice

Conventional forced-choice conjoint analyses require respondents (a sample of eligible voters)

to make a trade-off between available candidates. However, in real-world elections, voters do not

have to make such a trade-off. If they support neither candidate or are indifferent between them,

they can choose not to participate in the election at all, as discussed in the previous subsection.

Alternatively, they can participate by deliberately submitting a blank ballot or an invalid ballot

paper — a protest vote.

Technically, it is challenging to detect when a respondent makes a trade-off choice in a forced-

choice design. However, by using rating-based responses from existing electoral conjoint analyses,

we can approximate the trade-off choices respondents likely made. Researchers use rating-based

responses to capture respondents’ preference levels. If a respondent assigns the same ratings to

profiles in a particular comparison task, it is plausible to speculate that they are making a trade-off

choice in a forced-choice conjoint design because they equally prefer both profiles but must choose

one over the other.

We examine pairs of profiles that received identical rating scores from respondents in the exper-

iments by Hainmueller, Hopkins and Yamamoto (2014) and Kirkland and Coppock (2018). Figure

2 shows the proportion of respondents assigning identical ratings to various numbers of tasks in

each experiment, and it illustrates that almost 40% of respondents assigned identical ratings to at

least one task. It is worth noting that this proportion could be a conservative estimate; if respon-

dents intentionally rate profiles to align with their forced-choice responses for self-consistency, the

proportion could be even higher. However, if these respondents were given an unforced-choice

design, they might not necessarily make such trade-off choices; they could choose to abstain or

cast a blank vote if they prefer not to make a trade-off choice.
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(a) Hainmueller et al (2014)'s Candidate Experiment
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(b) Kirkland and Coppock (2018)'s MTurk Experiment

Figure 2: Proportion of Respondents Assigning Identical Ratings to Tasks in Hainmueller, Hop-
kins and Yamamoto (2014)’s and Kirkland and Coppock (2018)’s Experiments

3 Design-Induced Bias

In this section, we examine how the discrepancy between voting choices in conjoint designs and

those in real-world elections introduces bias and can lead to potential misinterpretations, starting

with toy examples and progressing to formal analyses.

3.1 Identifying Bias in Forced-Choice Design with Toy Examples

To illustrate, we present two toy examples that demonstrate how the AMCE aggregates indi-

vidual preferences and translates into the key substantive quantity of interest — change in vote

shares.4 For simplicity, consider an electorate of ten eligible voters whose preferences we aim to

study in a target election. This election, where abstention or casting a null ballot is permitted, is

4For a comprehensive discussion, see Bansak et al. (2023), which explains how the AMCE

provides a clear and meaningful interpretation as the expected effect of a change in an attribute on

a candidate’s or party’s vote share.
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simulated through a conjoint task. However, in the task, respondents are required to make a forced

choice between two candidate profiles. In the first example, shown in Table 2, Voter 1, who in-

tends to cast a protest vote and holds no genuine preference between the candidates, is compelled

to select one in the survey task. This forced selection results in a misclassification problem, as the

voter’s response is recorded as a legitimate vote for Candidate tb rather than reflecting their actual

preference to neither candidates.

Table 2: Toy Example 1. This table presents a toy example demonstrating the voting behavior of an
electorate of ten eligible voters for two candidates, ta and tb, in a conjoint task and in reality, assuming 100%
turnout. In the survey, all voters cast valid votes, but Voter 1 was forced to vote, despite having no genuine
preference. In reality, Voter 1 casts a protest vote instead, resulting in only 90% valid votes. Highlighted
cells indicate Voter 1’s voting behavior in reality.

Survey Reality
Turnout=100% Turnout=100%

Valid Votes=100% Valid Votes=90%

Eligible Voter i Yi(ta) Yi(tb) πi Ỹi(ta) Ỹi(tb) π̃i
1 0 1 -1 0 0 0
2 1 0 1 1 0 1
3 1 0 1 1 0 1
4 0 1 -1 0 1 -1
5 0 1 -1 0 1 -1
6 1 0 1 1 0 1
7 0 1 -1 0 1 -1
8 1 0 1 1 0 1
9 1 0 1 1 0 1

10 1 0 1 1 0 1
Counts 6 4 2 6 3 3

E[Yi(ta)−Yi(tb)] = E[Yi(ta)]−E[Yi(tb)]

=
6
10

− 4
10

=
1
5

E[Ỹi(ta)− Ỹi(tb)] = E[Ỹi(ta)]−E[Ỹi(tb)]

=
6
10

− 3
10

=
3

10

(1)

Mathematically, the AMCE is estimated as the difference in expected vote share between candi-

dates when an attribute changes.5 In this toy example, the equation E[Yi(ta)−Yi(tb)] = 6
10 −

4
10 = 1

5

represents the estimated effect of attribute changes on vote share when Voter 1 is compelled to

5We acknowledge that the AMCE estimand involves both direct and indirect comparisons be-
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make a choice in a simulated conjoint task. However, due to the misclassification of Voter 1’s

forced vote for Candidate B, the real vote share difference E[Ỹi(ta)−Ỹi(tb)] = 6
10 −

3
10 = 3

10 implies

that the forced-choice survey underestimates the impact of Candidate ta ’s feature. This misin-

terpretation skews the estimate of AMCE, creating the illusion that Candidate ta’s feature has a

smaller impact on the expected vote share than they actually do.

Similarly, consider an example where abstention plays a crucial role. In the second toy exam-

ple, illustrated in Table 3, Voter 1 would have chosen to abstain, representing a significant form

of political behavior—disengagement or indifference toward the candidates. In a real election,

this abstention excludes Voter 1 from the final vote count. However, in a forced-choice conjoint

task, Voter 1 is compelled to participate despite his preference to abstain. This forced participation

introduces external validity bias, as the inclusion of forced-choice votes that would otherwise be

abstentions makes the study population differ from the target population. The study population in-

cludes respondents who would not have voted, thus diverging from the target population of eligible

voters who actually turn out.

tween two features (Leeper, Hobolt and Tilley, 2020; Abramson, Kocak and Strezhnev, 2023).

For simplicity, we assume that the attribute of interest between Candidates ta and tb has only two

features, thereby eliminating indirect comparisons. However, the logic still applies in cases where

indirect comparisons are present.
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Table 3: Toy Example 2. This table presents a toy example of voting behavior among an electorate of ten
eligible voters for two candidates, with a focus on the impact of compelling Voter 1 to vote in a conjoint
task versus allowing them to abstain in reality. The survey shows 100% turnout and valid votes, while the
reality reflects a 90% turnout with 100% valid votes as Voter 1 abstains. Highlighted cells indicate Voter 1’s
voting behavior in reality.

Survey Reality
Turnout=100% Turnout=90%

Valid Votes=100% Valid Votes=100%

Eligible Voter i Yi(ta) Yi(tb) πi Ỹi(ta) Ỹi(tb) π̃i
1 0 1 -1 - - -
2 1 0 1 1 0 1
3 1 0 1 1 0 1
4 0 1 -1 0 1 -1
5 0 1 -1 0 1 -1
6 1 0 1 1 0 1
7 0 1 -1 0 1 -1
8 1 0 1 1 0 1
9 1 0 1 1 0 1

10 1 0 1 1 0 1
Counts 6 4 2 6 3 3

E[Yi(ta)−Yi(tb)] = E[Yi(ta)]−E[Yi(tb)]

=
6
10

− 4
10

=
1
5

E[Ỹi(ta)− Ỹi(tb)] = E[Ỹi(ta)]−E[Ỹi(tb)]

=
6
9
− 3

9
=

1
3

(2)

Table 3 illustrates that Voter 1’s preference to abstain is not reflected by the conjoint task,

leading to biased estimates of the difference in vote shares. The correct calculation for the true

difference in vote share between Candidate A and Candidate B, when abstention is allowed, is

E[Ỹi(ta)− Ỹi(tb)] = 6
9 −

3
9 = 1

3 , which accurately reflects the preferences of the nine active voters.

However, under the forced-choice survey, where Voter 1 is compelled to choose, the calculation

assumes all ten eligible voters participated, resulting in E[Yi(ta)−Yi(tb)] = 6
10 −

4
10 = 1

5 . This

forced inclusion underestimates the true impact of the attribute change by assuming full turnout,

leading to a distortion in the AMCE estimates and a misrepresentation of the dynamics of electoral

choices.

To sum up the insights from the two toy examples, the forced-choice design in electoral conjoint
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experiments introduces two critical types of design-induced bias: misclassification and external

validity bias, as illustrated in Figure 3. Misclassification arises when respondents, who would have

cast a protest vote, are forced to select a candidate, resulting in their responses being inaccurately

recorded as genuine preferences for one of the presented profiles.6 External validity bias arises

when individuals who would abstain from voting in a real election are compelled to participate in

the experiment. This forced inclusion skews the analysis by incorporating respondents who do not

represent the target population of actual voters, thereby distorting the perceived level of candidate

support and reducing the generalizability of the findings.

Observed Choices True Preferences Types of Bias

Yi(ta, tb) Y ∗
i (ta, tb)

(1, 0)

(0, 1)

(1, 0)

(0, 1)

(0, 0)

(NA, NA)

Respondent Bias

Misclassification

External Validity Bias

Figure 3: Types of Bias in Forced-Choice Electoral Conjoint Experiments. This figure illustrates
the different types of biases that can arise in forced-choice electoral conjoint experiments when
observed choices Yi(ta, tb) differ from true preferences Y ∗

i (ta, tb) . Respondents are asked to choose
between two candidates or profiles, but their true preferences may not always align with the ob-
served responses.

In contrast to recent studies, such as Clayton et al. (2023) and Kane and Costa (2024), which

investigate swapping errors (respondent bias) where respondents may unintentionally switch their

6In this paper, misclassification refers to errors caused by poorly defined criteria for categoriz-

ing outcomes. Specifically, in forced-choice designs, respondents’ true preferences—such as cast-

ing a protest vote—are ignored and misrecorded as support for a candidate. While misclassification

can also include errors from inattentiveness (e.g., respondent bias), our focus is on design-induced

misclassification.
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choices due to inattentiveness, our primary focus is on biases that are inherent to the design itself.

These design-induced biases persist even when respondents are fully attentive and when conjoint

estimators remain unbiased. In the sections that follow, we formally analyze how misclassification

and external validity biases can significantly distort AMCE estimates, leading to misinterpretations

of the true impact of candidate attributes on the probability of being chosen.

3.2 Misclassification

Misclassification bias in conjoint experiments can be understood as a measurement error in

choice-based outcome variables. While it is commonly believed that measurement errors in de-

pendent variables do not introduce bias, this is true only for classical measurement error. Misclas-

sification of a binary variable constitutes non-classical measurement error, which inherently leads

to bias (Meyer and Mittag, 2017; Shu and Yi, 2019). In electoral conjoint experiments, where the

key outcome variable is binary, let the true binary choice-based outcome be Y ∗ , where Y ∗
i ∈ {0,1}

for each profile i in a paired electoral conjoint task. Each profile includes multiple attributes with

varying levels.

As introduced by Hainmueller, Hopkins and Yamamoto (2014) and Leeper, Hobolt and Tilley

(2020), the primary quantity of interest is the profile-level AMCE, which is the difference in

marginal means (MM) between two attribute levels. Profile-level MMs can be estimated non-

parametrically using linear regression, with the estimation model taking the following form:

Y ∗
i = β0 +∑

j
β
(k)
j D(k)

j + εi (3)

where β
(k)
j represents the true MM of attribute j’s level k on the outcome; D(k)

j is an indicator

variable that equals 1 if profile i, randomized generated by design, has attribute j at level k , and 0

for all other levels of j; and εi is the error term clustered at the respondent level, assumed to have

mean 0 and be independent of D(k)
j due to randomization.
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Now, let’s consider the scenario where the binary outcome Y ∗ (the true voting choice) is mis-

classified into the observed binary outcome Y . Let the observed outcome be denoted as Y (the

mismeasured voting choice), subject to design-induced measurement error. We define the proba-

bilities of false negatives and false positives misclassification conditional on the true response and

the attribute level D(k)
j as:

P(Yi = 0|Y ∗
i = 1,D(k)

j ) = p10 (4)

P(Yi = 1|Y ∗
i = 0,D(k)

j ) = p01 (5)

The probabilities of no misclassification are:

P(Yi = 1|Y ∗
i = 1,D(k)

j ) = 1− p10 (6)

P(Yi = 0|Y ∗
i = 0,D(k)

j ) = 1− p01 (7)

With misclassification, according to the potential outcome framework in causal inference, the

observed outcomes Yi given attribute level D(k)
j are realized as:

MMk
j = E(Yi|D(k)

j = 1) = P(Yi = 1|D(k)
j = 1)

= P(Yi = 1,Y ∗
i = 1|D(k)

j = 1)+P(Yi = 1,Y ∗
i = 0|D(k)

j = 1)

= (1− p10)P(Y ∗
i = 1|D(k)

j = 1)+ p01P(Y ∗
i = 0|D(k)

j = 1)

= (1− p10)(β0 +β
(k)
j )+ p01(1−β0 −β

(k)
j )

(8)

For the reference level D(k′)
j , the outcomes are derived similarly:

MMk′
j = E(Yi|D(k′)

j = 1) = P(Yi = 1|D(k′)
j = 1)

= P(Yi = 1,Y ∗
i = 1|D(k′)

j = 1)+P(Yi = 1,Y ∗
i = 0|D(k′)

j = 1)

= (1− p10)(β0 +β
(k′)
j )+ p01(1−β0 −β

(k′)
j )

(9)

As the AMCE is causally defined as the difference in the population probabilities of choosing the
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J profiles that would result if a respondent were shown the profiles with attribute j’s k level as

opposed to k′ level, we can compute the difference as such:

AMCEkk′
j = MMk

j −MMk′
j

= E(Yi|D(k)
j = 1)−E(Yi|D(k′)

j = 1)

= P(Yi = 1|D(k)
j = 1)−P(Yi = 1|D(k′)

j = 1)

= (1− p10)(β
(k)
j −β

(k′)
j )− p01(β

(k)
j −β

(k′)
j )

= (1− p10 − p01)(β
(k)
j −β

(k′)
j )

(10)

Thus, as shown in Equation (10), with design-induced misclassification, the estimated AMCE is

biased by a factor of (1− p10 − p01) . The true AMCE, which would have been β
(k)
j −β

(k′)
j , is

scaled by this misclassification factor. If there is no misclassification, i.e., p10 = 0 and p01 = 0 ,

then the estimated AMCE is equal to the true AMCE because (1− p10 − p01) = 1. However, if

misclassification occurs, the estimates will be biased in three scenarios. Specifically:

• If 0 < p10 + p01 < 1 , the magnitude of the estimated AMCE will be reduced, and the bias

will be downward and proportional to the sum of the misclassification probabilities.

• If p10 + p01 = 1 , the estimate is entirely attenuated, leading to no observed effect (a com-

pletely biased estimate).

• If p10+ p01 > 1 , the AMCE estimate could even flip sign, resulting in a completely opposite

interpretation of the effect.

3.3 External Validity Bias

External validity bias occurs when the study sample, shaped by enrollment processes and inclu-

sion/exclusion criteria, differs from the target sample representing the broader population (Degtiar

and Rose, 2023). These differences can lead to biases when generalizing findings from the study

sample to the target population. In this subsection, we discuss how differences in voter behav-

ior—specifically abstention—between the study sample and the target population in a conjoint

16



experiment can introduce external validity bias, even when using unbiased conjoint estimators and

in the absence of misclassification problems.

For simplicity, we assume that the distribution of profile characteristics, D(k)
j , (such as at-

tributes of the candidates or policy profiles shown in the experiment) is the same between the two

populations, but the behavioral characteristic of interest—voter turnout—differs between the study

population and the target population.7 In an electoral conjoint study, the target population, PT ,

consists of all eligible voters who actually turn out, while the study population, PS, includes all

eligible voters, regardless of whether they turn out or not.

The true AMCE for the target population of voters who turned out is denoted as:

AMCE(kk′)
j (PT ) = EPT [Yi|D(k)

j = 1]−EPT [Yi|D(k′)
j = 1] (11)

Whereas, the AMCE for the study population, which includes both those who may turn out and

those who may not, is:

AMCE(kk′)
j (PS) = EPS [Yi|D(k)

j = 1]−EPS [Yi|D(k′)
j = 1] (12)

We suggest external validity bias arises when the AMCE calculated using the study population

differs from the AMCE in the target population. Mathematically, the bias can be expressed as:

External Validity Bias(kk′)
j = AMCE(kk′)

j (PS)−AMCE(kk′)
j (PT ) (13)

Let’s assume that the outcome Yi in the conjoint experiment (e.g., vote choice) depends not

7While our formal analysis assumes the distribution of profile characteristics is the same across

the study and target populations for simplicity, we recognize that the decision to abstain may

depend on both individual characteristics and profile attributes. To address this issue, researchers

may consider using methods such as Inverse Probability Weighting (IPW) or the 2-step Heckman

selection method, as we do in our robustness checks. We show that this issue does not alter the

main conclusions of this study.

17



only on the profile attributes D(k)
j but also on whether or not an individual turns out to vote in each

pair of comparison. Let:

• Ti = 1 denote that individual prefers to turn out to vote in evaluating profile i.

• Ti = 0 denote that individual prefers not to turn out to vote in evaluating profile i.

We assume that preferences (reflected in Yi ) differ between those who turn out and those who

do not, but the distribution of profile attributes D(k)
j is the same between the study and target

populations.

The study population, PS, includes both voters (Ti = 1) and non-voters (Ti = 0). Therefore, the

expected outcome in the study population is a weighted average of the outcomes for voters and

non-voters. These weights are the probabilities Pr(Ti = 1|PS) (the probability of being a voter in

the study population) and Pr(Ti = 0|PS) (the probability of being a non-voter).

AMCE(kk′)
j (PS) =

(
EPS [Yi|D(k)

j = 1]−EPS [Yi|D(k′)
j = 1]

)
= Pr(Ti = 1|PS) ·

(
E[Yi|D(k)

j = 1,Ti = 1]−E[Yi|D(k′)
j = 1,Ti = 1]

)
+Pr(Ti = 0|PS) ·

(
E[Yi|D(k)

j = 1,Ti = 0]−E[Yi|D(k′)
j = 1,Ti = 0]

) (14)

The target population only includes voters (Ti = 1) . Therefore, the AMCE in the target popu-

lation is based solely on the expected outcome for voters:

AMCE(kk′)
j (PT ) = E[Yi|D(k)

j = 1,Ti = 1]−E[Yi|D(k′)
j = 1,Ti = 1] (15)

We can now substitute Equation (13) with Equations (14) and (15). Notice that the voter terms

Pr(Ti = 1|PS) can partially cancel out with the corresponding voter terms in the target population.

The remaining bias is driven by the non-voter terms.
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External Validity Bias(kk′)
j = AMCE(kk′)

j (PS)−AMCE(kk′)
j (PT )

= (Pr(Ti = 1|PS)−1) ·
(
E[Yi|D(k)

j = 1,Ti = 1]−E[Yi|D(k′)
j = 1,Ti = 1]

)
+

Pr(Ti = 0|PS) ·
(
E[Yi|D(k)

j = 1,Ti = 0]−E[Yi|D(k′)
j = 1,Ti = 0]

)
(16)

Equation (16) shows that the external validity bias depends on two factors: 1) The proportion

of non-voters in the study population, Pr(Ti = 0|PS). 2) The mean difference in preferences (i.e.,

the expected outcomes) between voters and non-voters for each attribute level. In essence, if non-

voters have different mean preferences compared to voters, this will introduce bias when trying

to generalize the AMCE from the study population to the target population. Intuitively, the more

non-voters there are in the study population (sample), the larger the potential bias.

4 The Proposed Approach: An Unforced-Choice Design

To address the biases outlined above, we propose an unforced-choice design that better captures

respondents’ true voting preferences and improves both measurement and external validity. This

approach aligns voting options in electoral conjoint experiments with real-world election scenarios.

For example, in a conjoint experiment simulating an election with two candidates under a voluntary

voting system, our unforced-choice design introduces two key improvements over the standard

forced-choice approach:

First, in target elections with voluntary voting rules, researchers should avoid using forced-

response questions for choice-based outcomes, which require respondents to answer before pro-

ceeding with the survey. This requirement does not reflect the voluntary nature of voting in such

elections; instead, it forces respondents to make choices they might not otherwise make.

Second, researchers should include a protest vote for neither candidate and abstention as ad-

ditional options alongside the standard choices of voting for “Candidate 1” or “Candidate 2.” For

instance, the two new options could be framed as: “If I only have these two candidates, I will cast a

blank/null vote” and “If I only have these two candidates, I will abstain.” Regarding the coding of
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the choice-based outcome variables, which now include four options, we recommend the following

guidelines:

1. Following the typical forced-choice conjoint design, if a respondent selects “Candidate 1”

or “Candidate 2,” the choice-based outcome for the selected profile will be coded as 1, while

the unselected profile is coded as 0.

2. If a respondent selects “If I only have these two candidates, I will cast a blank/null vote”,

both profiles being compared should be coded as 0. This approach reflects the real-world

scenario where a blank or null vote contributes to voter turnout but does not influence the

distribution of valid votes among the candidates, as it is considered invalid.

3. If a respondent selects “If I only have these two candidates, I will abstain” or skips the ques-

tion, the choice-based outcome variables should be coded as missing values.8 This mirrors

real-world elections where non-voters’ preferences are unobservable. By coding abstentions

as missing, the analysis sample can be restricted to respondents who would choose to turn

out, aligning the sample more closely with the target population.

Overall, our proposed unforced-choice design offers significant advantages over the forced-

choice design by more accurately capturing the preferences of all types of voters in electoral con-

joint experiments. It is fully compatible with commonly used conjoint estimators, such as AMCE

and MM, and requires fewer assumptions about respondents’ voting behavior. This design allows

8An alternative coding approach is to treat abstentions as zeros, similar to protest votes, elim-

inating missing values in the outcome. However, this method risks introducing external validity

bias by including non-voters in the analysis. We recommend coding abstentions as missing val-

ues and applying robustness checks, such as Inverse Probability Weighting (IPW) or the two-step

Heckman selection method, to address external validity bias. This approach better captures the

behavior of individuals who opt out of voting, ensuring the validity of data regarding observed

voter behavior.
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both non-voters and regular voters to select options that genuinely reflect their preferences for

electoral candidates.9 To validate our approach, we provide supplementary analysis with simu-

lated studies using bootstrapping methods, detailed in Appendix B.

5 Evidence from a Randomized Experiment

5.1 Experiment Design

To evaluate bias patterns in forced-choice candidate conjoint designs, we pre-registered and

conducted a randomized experiment embedding two conjoint studies. Respondents were randomly

assigned to one of two frameworks: the typical forced-choice design (control group) or our pro-

posed unforced-choice design (treatment group). While both designs generated profiles similarly,

they differed in the configuration of evaluation questions following the profiles. The experiment

was fielded in June 2024 with a U.S. sample of 2,704 respondents sourced from Cloud Research.

To ensure national representation, quotas were set based on key demographics, including age (18+),

gender, ethnicity, and region.

The survey began with a series of questions about respondents’ past voting history, future vot-

ing propensity, demographics, and political attitudes. Respondents were then randomly assigned

to one of two conjoint designs. Each respondent evaluated eight pairs of hypothetical presidential

candidates and eight pairs of hypothetical congressional candidates, with the order of presidential

and congressional evaluations randomized. Each evaluation task included three outcome questions:

a choice-based question and two rating-based questions, where respondents rated their likelihood

of voting for Candidates 1 and 2 on a 1–7 scale.

For respondents assigned to the typical candidate conjoint design (control group), the evalu-

9By distinguishing among different voting choices, rather than relying solely on respondents’

past voting records, we avoid assuming that non-abstainers in previous elections will not abstain

in conjoint experiments, or that habitual abstainers will always abstain.
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ation questions followed the approach outlined in Hainmueller, Hopkins and Yamamoto (2014),

widely used in the literature. Specifically, the choice-based questions required a forced response,

compelling respondents to choose one candidate profile over the other before proceeding to the

next task. In contrast, the rating-based questions allowed unforced responses, permitting respon-

dents to skip questions if desired and continue with the survey.

For respondents assigned to the treatment group, the evaluation questions feature a configura-

tion with two innovations we proposed. First, rather than requiring respondents to choose between

candidates in each pair of profiles alone, we provide two additional options: casting a blank/null

vote and abstaining from voting. These options are specifically framed as “If I only have these two

candidates, I will cast a blank/null vote.” and “If I only have these two candidates, I will abstain.”

We believe that including these options can more accurately reflect the range of voting choices and

preferences that voters have in real-world elections.

Second, unlike the control design, the treatment design adjusts the response requirements for

evaluation questions. Respondents are not required to make a forced choice in the choice-based

questions; they can skip these questions and proceed if they prefer not to answer. Conversely, the

rating-based questions in the treatment design require a response, ensuring participants make a

selection to continue. This adjustment allows the study to gain deeper insights into respondents’

decision-making processes by linking rating-based responses to choice-based actions. For exam-

ple, if a respondent assigns identical scores to both profiles in a pair, their rating-based responses

can help infer the trade-offs made during their decision-making process.

To maintain comparability, we replicated the hypothetical profile setups used by Hainmueller,

Hopkins and Yamamoto (2014) and Peterson (2017) for U.S. presidential and congressional can-

didates. These studies were chosen because they investigate U.S. political contexts. The design

by Hainmueller, Hopkins and Yamamoto (2014) is widely regarded as a benchmark for electoral

conjoint studies, while Peterson (2017) applies a similar framework to congressional elections,

making them ideal references for our study.
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Panel (a)
Please carefully review the two candidates for US President detailed below. Which of the
following two people do you think is more desirable as President of the United States?

Candidate 1 Candidate 2
Religion Evangelical Protestant Mainline Protestant
Profession High School Teacher Farmer
Age 75 68
Annual Income $54,000 $210,000
Race/Ethnicity Caucasian Black
Gender Male Male
Military Service Served in U.S. military No military service
College Education BA from small college BA from Baptist college
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Panel (b)
Control Evaluation Questions Configuration
Which of these candidates would you vote to be President of the United States?

❏ Candidate 1
❏ Candidate 2

(forced-
response)

On a scale from 1 to 7, where 1 indicates that you would never support this can-
didate, and 7 indicates that you would always support this candidate, where would
you place Candidate 1?

(unforced-
response)

On a scale from 1 to 7, where 1 indicates that you would never support this can-
didate, and 7 indicates that you would always support this candidate, where would
you place Candidate 2?

(unforced-
response)

Treatment Evaluation Questions Configuration
Which of these candidates would you vote to be President of the United States?

❏ Candidate 1
❏ Candidate 2
❏ If I only have these two candidates, I will cast a blank/null vote.
❏ If I only have these two candidates, I will abstain.

(unforced-
response)

On a scale from 1 to 7, where 1 indicates that you would never support this can-
didate, and 7 indicates that you would always support this candidate, where would
you place Candidate 1?

(forced-
response)

On a scale from 1 to 7, where 1 indicates that you would never support this can-
didate, and 7 indicates that you would always support this candidate, where would
you place Candidate 2?

(forced-
response)

Figure 4: Experimental Design: Presidential candidate conjoint study replicated based on Hain-
mueller, Hopkins and Yamamoto (2014). Panel (a) illustrates an example of profiles being com-
pared in a task, while Panel (b) shows the questions that respondents in the control and treatment
groups receive, respectively. Profiles and questions are presented on the same screen in each task
for respondents.
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5.2 Estimation via Linear Regression

We define a sample of respondents indexed by i (i=1,..., N), and each respondent evaluates a

predefined number of profiles indexed by j ( j=1,..., J). The outcome variable yi j, which is part

of the vector (yi1, ..., yiJ) represents either choices or ratings (on a scale from 0 to 7) given by

respondent i to the profile j presented. Profiles are described in terms of attributes indexed by

k (k=1,..., K). Xik, j is the vector of profile attributes, each element of which is a factor variable

describing a certain attribute value presented to respondent i in profile j. The variable Di is a

binary variable that indicates the type of conjoint design randomly assigned at the individual level.

It takes the value of 1 if the treatment design is assigned, and 0 otherwise. Then, the regression

takes the following form:

yi j =
K

∑
k=1

αkXik, j +βDi +
K

∑
k=1

λkXik, j ×Di + εi j (17)

where αk, β , and λk are regression parameters to be estimated, and εi j is the respondent-profile-

specific error term. We are particularly interested in the size and significance of the estimate for

parameter λk. This indicates the size and direction of the AMCEs observed from the treatment

design different to the control design. We code yi j based on the design assignments. For respondent

i who received the typical electoral conjoint design (control design), yi j is coded as 1 if profile j is

selected and 0 if it is not. In contrast, for respondent i who received our proposed electoral conjoint

design (treatment design), yi j is coded as follows: if respondent i selects either Candidate A or B,

the chosen profile is coded as 1 and the unchosen profile as 0. If respondent i casts a protest vote,

both profiles are coded as 0. If abstention is chosen or the question is skipped, both profiles are

coded as missing values.
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5.3 Results

Overall, our two conjoint studies show that around half of the respondents choose to cast a

protest (blank/null) vote or abstain at least once when these options are available. After imple-

menting the proposed conjoint design, the reported estimates of AMCEs either increase, decrease,

change signs, or alter their statistical significance compared to those obtained using the forced-

choice candidate conjoint design.

5.3.1 Conjoint Study 1

In Conjoint Study 1, we replicated the candidate profiles from Hainmueller, Hopkins and Ya-

mamoto (2014), focusing on hypothetical U.S. presidential elections. Respondents in the treatment

group were provided two additional options—casting a blank/null vote or abstaining—and were

allowed to skip choice-based questions. In contrast, the control group could only select between

Candidate 1 and Candidate 2, with no option to abstain or skip. Among the 1,351 respondents

in the treatment group, 391 cast at least one blank/null vote, 424 abstained at least once, and

671 (approximately 50%) chose either a protest vote or abstained at least once. When including

respondents who skipped questions, this number rose to 689, exceeding half the sample.

The AMCE estimates differed significantly between the treatment and control designs. For

instance, in the control design, the AMCE for the “Age 45 vs. Age 36” attribute was 0.03 (SE

= 0.01). Under the treatment design, this dropped to -0.01 (SE = 0.01), becoming statistically

insignificant. Similar shifts were observed for other age levels (e.g., Age 52 and Age 68) and

income levels (e.g., $54K, $65K, $210K vs. $32K). Figure 5 illustrates these differences, showing

how the design influenced the interpretation of attributes such as age and income, where income

consistently showed minimal predictive power. Interestingly, attributes insignificant in the control

design became significant in the treatment design (e.g., Catholic vs. No Religion), while others lost

significance (e.g., Income $5.1M vs. $32K). These results highlight how forced-choice designs can

produce misleading conclusions, as they fail to account for real-world voter behavior.
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Figure 5: AMCEs of Presidential candidate attributes, by design: The left and middle panels show
the results for the Presidential candidates under the control and treatment designs. The rightmost
panel shows the differences in AMCEs for each attribute level, in which horizontal bars represent
95% confidence intervals robust to clustering at the respondent level. The red dots with red bars
indicate significance at the 5% level, whereas the red triangles with gray bars indicate significance
only at the 10% level. The gray dots with gray bars indicate that there is no significance at either
conventional level.
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5.3.2 Conjoint Study 2

In Conjoint Study 2, with the same respondent sample, we replicated the profiles of hypotheti-

cal congressional candidates from Peterson (2017). The treatment design mirrored that in Study 1,

allowing respondents to abstain or cast blank/null votes. Of the 1,351 respondents in the treatment

group, 427 cast at least one protest vote, 479 abstained at least once, and 741 (over half) opted for

either abstention or a protest vote.

As in Study 1, AMCE estimates differed between the treatment and control designs, although

the differences in Study 2 were typically smaller and significant at the 90% confidence level. Figure

6 highlights these shifts, showing how the inclusion of real-world voting options affects AMCE

estimates and their interpretation. For example, the forced-choice design suggested that candidates

aged 46 had a higher likelihood of being selected, while candidates aged 74 were disadvantaged

compared to those aged 28. The treatment design, however, indicated no significant age-related

advantage. Similarly, while the forced-choice design suggested a significant advantage for married

candidates (married or divorced) over single ones, the treatment design showed that marital status

was not a significant predictor of voter preference. Conversely, the treatment design revealed a

statistically significant preference for female candidates, which was not observed in the forced-

choice design.

These findings confirm that forced-choice designs in electoral conjoint studies can misrepresent

voter preferences, while unforced-choice designs provide more realistic insights. By allowing

respondents to abstain or cast protest votes, researchers can better capture the complexity of voter

behavior and improve external validity.

As a note, readers might observe larger differences between the treated and control conditions

when comparing the presidential to the congressional conjoint experiments. A plausible explana-

tion for this pattern could be that the first conjoint included multiple relevant attributes, while the

second conjoint featured one very salient attribute for all types of voters (i.e., abortion). However,

since researchers cannot predict in advance which attribute will primarily drive the results, we

recommend always including alternative options, such as abstaining or casting null/blank ballots.
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Figure 6: AMCEs of Congressional candidate attributes, by design: The left and middle panels
show the results for the Congressional candidates under the control and treatment designs. The
rightmost panel shows the differences in AMCEs for each attribute level, in which horizontal bars
represent 95% confidence intervals robust to clustering at the respondent level. The red dots with
red bars indicate significance at the 5% level, whereas the red triangles with gray bars indicate
significance only at the 10% level. The gray dots with gray bars indicate that there is no significance
at either conventional level.
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6 Practice Guidelines

Political scientists increasingly use conjoint experiments to study voters’ decisions in elections.

However, these experiments often force participants to choose between hypothetical candidates,

overlooking real-world options like abstention or protest votes. This mismatch can introduce mis-

classification errors and external validity biases, causing unpredictable distortions that affect effect

sizes, significance, and even sign changes in estimates. To mitigate these biases, we propose three

practical recommendations:

1. Align voting options with real-world contexts: Researchers should design conjoint experi-

ments to reflect the voting choices available in the target election. This includes considering

whether the election system is mandatory or voluntary and offering appropriate options like

abstention or protest votes. For instance, in a voluntary voting system with two candidates,

researchers could include options such as “None of the Above” or abstention and avoid

forced responses for choice-based questions. Section 4 provides examples of how to adapt

these options based on the specific electoral system.

2. Use forced-response rating questions: We recommend to make rating questions as forced re-

sponses to help infer likely preferences. Forced-choice questions might induce biases, while

skipped choice questions might indicate survey non-cooperation or mistakes. By requiring

responses in rating questions, researchers can improve robustness checks, infer plausible

choices, and enhance design flexibility.

3. Incorporate pre-treatment questions: Adding questions about respondents’ voting history

and future voting intentions can help identify consistent non-voters. While offering absten-

tion options allows respondents to opt out if they typically abstain, pre-treatment questions

enable robustness tests to assess the impact of including or excluding consistent non-voters

from the sample.
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The strength of our proposed design lies in its ability to better link experimental designs with

real-world conditions while maintaining flexibility. By incorporating abstention and protest vote

options, the design more accurately reflects voter behavior and allows for nuanced analyses. Fur-

thermore, as demonstrated in Appendix C, our proposed design can be integrated with supplemen-

tary methods such as the Two-Step Heckman Selection model or Inverse Probability Weighting.

These approaches help address concerns about selection bias and enhance the robustness of esti-

mates, making the design adaptable to a variety of electoral contexts.

Additionally, researchers can enhance the external validity of conjoint experiments using re-

cent methodological advancements. For example, employing real-world target profile distributions,

as suggested by de la Cuesta, Egami and Imai (2022), instead of uniform distributions, can im-

prove realism. Addressing respondent inattentiveness through intra-respondent reliability checks

and bias correction techniques, such as those proposed by Clayton et al. (2023), can reduce mea-

surement errors. Combining these strategies ensures more accurate and generalizable findings in

electoral studies.

7 Concluding Remarks

Elections are a cornerstone of democracy, serving to select leaders, regulate competition,

and resolve conflicts (Dahl, 1971; Schumpeter, 1942; Przeworski, 1991). Understanding voter

decision-making is crucial but challenging, as traditional methods often overlook the multidimen-

sional nature of choices and fail to replicate real-world behavior (Campbell et al., 1980; Fiorina,

1981; Achen and Bartels, 2016).

Conjoint experiments address these limitations by enabling researchers to analyze the effects of

multiple candidate attributes simultaneously (Hainmueller, Hopkins and Yamamoto, 2014; Bansak

et al., 2023) and have been validated against behavioral benchmarks (Hainmueller, Hangartner and

Yamamoto, 2015). However, forced-choice designs can misrepresent preferences, as they do not

allow for abstention or protest votes, leading to biases such as misclassification errors and external
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validity bias.

Through theoretical, simulated, and experimental evidence, we demonstrate that these errors in

forced-choice electoral conjoint designs can introduce significant and unpredictable biases — mis-

classification errors and external validity bias — in estimating both descriptive and causal effects.

To address these issues, we propose an unforced-choice design that better mirrors the actual

voting choices available in the target elections, informed by substantive knowledge. We provided

two additional options for the choice question: "If I only have these two candidates, I will cast

a blank/null vote" and "If I only have these two candidates, I will abstain," making the question

unforced. When analyzing the data, both profiles are coded as 0 when respondents cast a protest

vote or as missing values when they abstain or skip the question.

Although this paper primarily focuses on applying conjoint analysis to electoral studies, the

unforced-choice design is highly adaptable to various settings and contexts. It can be extended

to other research topics, such as immigration and hiring preferences, where decision-makers are

not compelled to make a choice in every task; thus, forcing a choice could introduce bias into the

estimation.
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