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1 Introduction

The advantage of random treatment assignment in survey experiments is that modeling

and ignorability assumptions are unnecessary. However, running multiple survey exper-

iments can be expensive: if n survey respondents generate a causal estimate with ac-

ceptable uncertainty levels, n · m are usually needed to estimate m causal effects. One

way to reduce this cost is to design and administer a conjoint experiment, which enables

researchers in certain situations to estimate m causal effects with only n survey respon-

dents (see Green and Srinivasan, 1978; Shamir and Shamir, 1995; Hainmueller, Hopkins,

and Yamamoto, 2014). Conjoint analyses have been used in over 100,000 articles across

academia and marketing (according to Google Scholar), and they are rapidly increasing

in popularity in political science and across the social sciences (see Supplementary Ap-

pendix A1).

We analyze the most commonly used conjoint design, which presents each of n re-

spondents with a choice between two “profiles” (i.e., candidates, products, etc.), each with

randomly assigned values (or “levels”) for a set of k “attributes.” (Researchers also often

ask each respondent to complete several randomly assigned conjoint questions, which we

call “tasks,” to increase statistical power further.) Modern conjoint estimators, which use

no modeling assumptions, are unbiased for a specific type of causal effect that we clarify

below.

Prior research shows that conjoint designs have strong external validity (Auerbach

and Thachil, 2018; Hainmueller, Hangartner, and Yamamoto, 2015), low social desirabil-

ity bias (Horiuchi, Markovich, and Yamamoto, 2022), and cognitive burdens that do not

increase much as the number of attributes k (and tasks t) grow large (Bansak et al., 2018;

Bansak et al., 2021a; Jenke et al., 2021). Recent methodological advances clarify the con-

joint estimand (De la Cuesta, Egami, and Imai, 2022; Ganter, 2023; Leeper, Hobolt, and

Tilley, 2020; Zhirkov, 2022) and interpretability of results (Abramson, Koçak, and Mag-

azinnik, 2022), and address multiple testing issues (Goplerud, Imai, and Pashley, 2022;

Liu and Shiraito, 2022).

Real world choices — in everything from voting, donating, protesting, and debating
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politics to shopping, parenting, and socializing — typically involve complicated trade-

offs. If you prefer a candidate except for their preferences on international trade, a car

except for its price, or a potential romantic partner except for their inability to stop talking

about political science research during dinner, you’ve got a difficult decision to make. In

contrast, traditional survey research best practices, which include asking simple, easy-to-

understand, concrete questions about aspects of choices or attitudes, tries to sidestep these

tradeoffs (Payne, 2014). Indeed, “[o]ne of the first things a researcher learns in question-

naire construction is to avoid double-barreled questions, that is, questions in which opin-

ions about two objects are joined together so that respondents must answer two questions

with one answer” (Bradburn, Sudman, and Wansink, 2004, p.142). Avoiding tradeoffs,

however, is not possible when studying real world choices, which can make conjoint

designs more realistic. Conjoint surveys, which ask about real world choice in a sur-

vey context, thus has all the advantages and disadvantages inherent in these real world

choices.1

The statistical consequence of these inherent complexities of conjoint analyses is mea-

surement error (McCullough and Best, 1979), a well-known methodological problem that

can potentially bias causal inferences in any direction by any amount. Unfortunately, mea-

surement error and its consequences have been ignored in nearly all conjoint applications.

Yet, as we demonstrate in this paper, even highly attentive survey respondents produce

data with substantial measurement error, which we quantify via intra-respondent unrelia-

bility: when faced with two identical conjoint tasks just moments apart, respondents select

the same profile only about 75% of the time. Because flipping coins produces 50% agree-

ment, 75% means that roughly half of all observed variation in binary choices in conjoint

experiments is measurement error, before even considering conceptual, sampling, or mis-

specification errors. (These results are consistent with results found in other fields. See

1The trade offs in conjoint design are clear: “[I]ncluding too few attributes will make it difficult to
interpret the substantive meaning of AMCEs [the causal effects], since respondents might associate an
attribute with another that is omitted from the design” but “including too many attributes might increase the
cognitive burden of the tasks excessively, inducing respondents to satisfice” (Bansak et al. 2021b, p. 25; see
also Dafoe, Zhang, and Caughey 2018, Krosnick 1999). In addition, since conjoint attributes are randomly
assigned, some profile sets are uncommon, illogical, or unintuitive. Although the worst of these (such as
impossible combinations) are often excluded, many studies avoid imposing cross-attribute constraints to
keep statistical analyses simple.
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Bryan et al. 2000; Mørkbak and Olsen 2015; Skjoldborg, Lauridsen, and Junker 2009).

In order to develop measurement error bias corrections for the design stage, when

feasible, and for the analysis of existing data when not, we field a dozen surveys (with

a total of more than 9,000 respondents and over 130,000 respondent-tasks) to replicate

from scratch the data collection and analyses of eight major published conjoint studies

in political science and estimate the levels and types of measurement error in each. We

discover an empirical pattern in how conjoint studies generate measurement error across

these analyses and a sequence of other auxiliary studies. We then use this pattern to de-

velop a simple statistical correction for the resulting biases. As we explain, everything

necessary to correct the bias in an application can be estimated via a slight modification

of the standard conjoint design, or a separate survey run afterward, or sometimes with-

out new data collection at all. In many situations, correcting the bias will make results

stronger, but not always; either way, the correction is easy to apply. We conclude with

recommendations for conducting conjoint studies and offer open-source software (or a

few lines of code to include in any other software) to implement them.

2 How Measurement Error Induces Bias

We begin by clarifying the standard conjoint design setup and then studying the type

and consequences of measurement error. Below, we use mnemonic notation wherever

convenient, which we highlight by underlining a character in a word corresponding to a

symbol’s meaning. We also use Greek letters for unknown (or chosen values of) quantities

and Roman letters for observed quantities.

2.1 Data

We now simplify the notation and data organization in conjoint experiments with a frame-

work that also makes it possible to answer types of substantive questions that are dif-

ficult or impossible with previous approaches. For expository purposes, we begin with

our simplified notation in a special case of one task per respondent and then summarize

the approach used in the literature that our simplification can replace. We conclude by
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expanding both to any number of tasks per respondent. Our results for correcting mea-

surement error apply to all these ways of structuring the data.

First, consider a simple conjoint experiment where we give respondent i (i = 1, . . . , n)

the task of making a choice between two options (which we refer to as “candidates”), so

that Ci ∈ {0, 1} is the outcome variable. The investigator creates the explanatory variables

by randomly assigning values of a chosen vector of attributes Ai of the pair of candidates.

Attributes of the pair of candidates come in three types: (1) unconstrained across the two

candidates, such as or race (e.g., “black, white”, “Asian, black”, “white, white”, etc.) or

incumbency status (e.g., “incumbent, nonincumbent,” “nonincumbent, incumbent”, “open

seat,” or, as sometimes happens in redistricting, “incumbent, incumbent”); (2) summarize

the pair of candidates together, such as electoral competitiveness (e.g., “competitive” or

“landslide”) or region (e.g., “south,” “nonsouth,” or “west”); or (3) constrained across the

two candidates, such as the probability of winning (with values that sum to 1, such as “0.4,

0.6”, “0.75, 0.25”, or “0.5, 0.5”) or party membership in partisan elections (e.g., “D, R”

or “R, D”).2 We also describe each respondent by a vector of exogenous personal char-

acteristics Pi, such as demographics, socioeconomic status, or political or other views.

Although the content of Ai is controlled by the investigator, Pi is observed and cannot

be randomized. Researchers commonly use Pi to define subgroups, within which all our

methods can be easily applied.

In this framework, the unit of analysis is the respondent, with each respondent making

one choice. We thus conveniently structure the dataset into N rows, with columns coding

attributes and personal characteristics. Given a random selection of the respondents from

a population, the N rows are independent. Data analysis can then be conducted without

any specialized procedures. For example, the average number of respondents choosing

candidate 0, or the difference in this average for contests with an open seat and a contest

with an incumbent running against a nonincumbent, is computed as usual. Because at-

2Most researchers fix, and ignore the effect of, which candidate appears on the left vs. right when
presenting attributes to respondents for a choice, but this effect can be measured directly with an additional
attribute. We can also include an attribute for the names of the choices (e.g., Candidate 1, 2; Democrat,
Republican; Alice, Bob; or Tropicana, Minute Maid), and also explicitly code the order of the attributes
presented to the respondent, as may be useful for studies on party-label or ballot-order effects (e.g., Eshima
et al., 2023).
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tributes are randomly assigned, modeling assumptions are rarely necessary, but one could

also run a logit or probit of C as a function of A, perhaps within categories of P . In all of

these cases, uncertainty estimates like standard errors are computed as usual, without any

specialized procedures.

Second, we describe the data framework used in the literature, which defines the data

repetitively so that the unit of analysis is each individual candidate’s profile rather than

the choice between the two candidates. That is, if the respondent’s choice is Ci = 0, the

dataset includes a row indicating Candidate 0 was chosen and another row indicating that

Candidate 1 was not chosen. The resulting dataset has 2N rows that are not independent,

even if respondents were selected at random. This repetition has two consequences. First,

although point estimates can be constructed easily, uncertainty estimates like standard er-

rors must be corrected for the dependence induced by the repetition. And second, if as

usual with this approach randomization is conducted at the candidate (rather than respon-

dent choice) level, then substantive questions involving attribute type (1) work fine, but

types (2) and (3) are in practice infeasible.3

Finally, researchers usually increase efficiency by giving each respondent T > 1 tasks

(with T ≈ 5). Thus, for individual i (i = 1, . . . , N ) and task t (t = 1, . . . , T ), we denote

choices as Cit ∈ {0, 1} and the vector of attribute values as Ait. We follow common

practice by assuming independence across tasks and respondents after conditioning on

attributes and personal characteristics (although this assumption can be changed). In this

case, the unit of analysis of our simplified approach is the respondent-task, with the data

structured as N × T rows and each row still representing one choice. This data structure

requires no specialized uncertainty estimation and can be used to study all three types of

attributes.

2.2 Quantities of Interest

In this section, we define the two primary quantities of interest, the “marginal mean”

and “average marginal component effect” (either of which can be calculated for the en-

3This unintuitive data framework may have originated in older conjoint studies that usually asked re-
spondents to rate each candidate separately.
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tire sample or within subgroups defined by personal characteristics, Pi). Because all the

methods we offer can easily be applied to any of the commonly used definitions of these

quantities, we present here the simplest, most intuitive, and most familiar ones.

Through randomization, the investigator determines the values of the attributes Ait. To

define our quantity of interest, first denote a as a researcher-specified vector of selected

values of these attributes and partition it as a = {aℓ, a−ℓ}, where ℓ is the number of one

“attribute of interest”. That is, aℓ is the scalar value of the attribute of interest and a−ℓ

is a vector of the remaining values. (Because random assignment makes post-treatment

bias irrelevant, we can compute different quantities of interest from the same survey by

merely redefining ℓ and applying the same methods of calculation repeatedly to different

attributes.)

To define the quantities of interest, assume that respondent i on task t has a true prefer-

ence between the two candidates, ρit(a) = ρit(aℓ, a−ℓ) ∈ {0, 1}, for the researcher-chosen

value of the attribute of interest aℓ and vector of values for the other attributes a−ℓ. Even

before considering measurement error (leading respondent choices to deviate from their

true preferences), these preferences are unobserved for all possible values of the attributes

except the one set assigned by the investigator for i and t, Ait = {Ait,ℓ, Ait,−ℓ}.

We now define a simple version of our two quantities of interest (by analogy with

the commonly used sample, as opposed to population, average or average treatment ef-

fect; see Imbens 2004; Imai, King, and Stuart 2008). The first quantity of interest is the

average preference or marginal mean (MM), given a researcher-chosen set of attribute

values. For example, consider the MM for the proportion of respondents who prefer an

incumbent candidate running against a nonincumbent. We thus define aℓ as “incumbent,

nonincumbent”. The MM is then:4

ρ̄(aℓ) = mean
i,t,a−ℓ

[ρit(aℓ, a−ℓ)] . (1)

This expression is the mean over all individuals, all tasks for each individual, and all

possible values of a−ℓ for each individual and task, with the selected value of the attribute
4To simplify the notation in the text, we formally define a mean function: for set S with cardinality #S,

the mean over i of a function g(i) as meani∈S [g(i)] =
1

#S

∑#S
i=1 g(i). When the set S is unambiguous, we

omit it and write meani[g(i)].
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of interest aℓ held constant. (Averaging over the possible values of the remaining attributes

is standard practice in conjoint designs; an alternative would be to fix a−ℓ to its modal or

other values, as in Clarify quantities; see King, Tomz, and Wittenberg 2000. De la Cuesta,

Egami, and Imai (2022) show how define different quantities and reference populations

by changing Equation 1 to a weighted mean; see also Ganter 2023.).

The second quantity of interest is a causal effect known as the average marginal com-

ponent effect (AMCE). The AMCE is change in the average true preferences that occurs

when we alter the levels of the attribute of interest from aℓ to an alternative a′ℓ, with ev-

erything else held constant. Put differently, the AMCE is simply the difference between

two marginal means averaged over respondents and tasks, the first observed and second

based on potential outcomes to be estimated:

θ̄(aℓ, a
′
ℓ) = ρ̄(aℓ)− ρ̄(a′ℓ). (2)

In the example we used above, the AMCE is the causal effect of a candidate as an in-

cumbent (as compared to a nonincumbent) on respondents’ probability of choosing the

candidate averaged over respondents.

2.3 Randomization

A randomized conjoint experiment assigns the values of Ait from the set of all possible

values, by drawing from a random uniform distribution for each i and t. In contrast,

the values of Pi are fixed characteristics of respondents and cannot be assigned by the

investigator. As such, the power of randomization can be used to identify causal effects

without risk of confounding bias for elements of A but not of P .

Given this setting, studies of the effects of P , even in a conjoint experiment, should

be regarded as an observational study, requiring careful specification and ignorability as-

sumptions. Researchers can also use P to define exogenous strata within which the effects

of A can be estimated with the benefits of randomization (aka subgroup or heterogeneous

treatment effects).
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2.4 Observation Mechanism

The particular type of measurement error in conjoint studies is what we call swapping

error, where some of the respondents’ reported answers to a binary question represent

their (true) preference ρ, but other answers are swapped with the wrong ones 1− ρ. (This

can occur with any binary outcome variable, even if not from a conjoint.) To formalize

this idea, define the respondent’s reported choice between the candidates as:

Cit =

{
ρit w.p. 1− τit

1− ρit w.p. τit,
(3)

where τit is the probability of a swapping error, i.e., when the respondent’s choice does

not reflect their true preference ρit (“w.p.” is a standard mathematical notation for “with

probability”). Almost all prior conjoint research assumes τit = 0, for all i and t, which

we show below is not justified.5

We estimate 1 − τit via intra-respondent reliability (IRR), by calculating the propor-

tion agreement between two identical conjoint questions asked at both the start and end

of a short series of (five or so) tasks. By so doing, we take advantage of two unusual

benefits of conjoint survey designs and our IRR estimation procedure. First, asking the

two questions so close together makes it highly unlikely that different “considerations”

(i.e., unmeasured confounders; see Zaller et al. 1992) account for differences in respon-

dent choices. And second, the complexity of conjoint questions means that, even though

the repeated questions are asked only moments apart, we show that respondents virtu-

ally never remember having been asked the repeated question previously. (In contrast,

the venerable literature on the theory of the survey response and issue knowledge in the

electorate has almost exclusively relied on repeated questions asked from weeks to years

apart; see Achen 1975; Lazarsfeld 1948; Converse 2000; Zaller and Feldman 1992.) Both

features together enable us to obtain a purer indicator of measurement error than is possi-
5We can also imagine an alternative random utility observation mechanism where, instead of true pref-

erences, individuals only have true probabilities of making different choices, Ci ∼ Bernoulli(πit), with
πit fixed or a function of A and P . However, this mechanism and that in Equation 3 are observationally
equivalent, which can be seen when ρit = 1 by setting πit = 1− τit and when ρit = 0 by setting πit = τit.
Under this model without measurement error (or equivalently with it incorporated into the probability πit),
the MM quantity of interest can be reinterpreted as the average proportion of individuals with a higher
probability of choosing Candidate 1 than 2 (for some value of Aℓ). The methods we describe below would
remain unchanged.
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ble with traditional survey questions. This enables us to make the reasonable assumption

that Ci1 ⊥⊥ CiT | ρi1, which in turns ensures that our estimates of τit are unbiased and

consistent. We also demonstrate empirically below when the variation in τit over i and t

can be ignored so that we only need to estimate a single value, τ . Finally, we make the

reasonable assumption that some information exists in the data, so that τit ∈ [0, 0.5).6

We assume the absence of measurement error in the attributes A, which the investiga-

tor chooses. For most of our results, we do not use or need to make assumptions about

the presence or absence of measurement error in the personal characteristics P , which are

elicited from the respondent via traditional survey questions.

2.5 Consequences of Ignoring Measurement Error

As introductory regression textbooks commonly show, random, mean-zero measurement

error added to a continuous outcome variable in a linear regression causes no coefficient

bias. This consequence is easy to see: it is equivalent to a regression with no measurement

error in the outcome variable but a higher residual error. However, swapping error in the

binary outcome variable used in conjoint analyses cannot be mean zero as it swaps some

zeros with ones and ones with zeros. Thus, there is no sense in which swapping error

comes out in the wash; it cannot be ignored. The bias induced by swapping error also

cannot be corrected by general purpose methods for correcting measurement error bias

which assume the error is mean zero (e.g., Blackwell, Honaker, and King, 2017).

Formally, the standard estimators of the MM, ρ̄(a), and AMCE, θ̄(a, a′),

ρ̂(a) = mean
i,t:Ai,t,ℓ=a

(Cit) , θ̂(a, a′) = ρ̂(a)− ρ̂(a′),

are unbiased if τit = 0 for all i, t, and a. However, they are biased in the presence

of non-zero swapping error, which we show by taking the expectation over the random

assignment of profiles and swapping error, with true potential preferences fixed:

E[ρ̂(a)] = mean
it

(E[Cit])

6Our methods make no assumptions about the exact mechanism that produces swapping error, although
future research to understand the process may suggest new ways of avoiding or correcting for the bias. For
example, do respondents choose randomly, by convenience, or in some other way when they are exactly
indifferent? Could measurement error be reduced by better studies of or corrections for inattention? Could
we reduce τ by posing the conjoint question or presenting the attribute list differently?
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= mean
i,t

[ρit(a)(1− τit) + (1− ρit(a))τit]

= ρ̄(a)− 2 ·mean
it

(ρit(a)τit) + τit

̸= ρ̄(a) (4)

and thus

E[θ̂(a, a′)] = E[ρ̂(a)]− E[ρ̂(a′)]

= θ̄(a, a′) + 2
[
mean

it
(ρit(a)τit)−mean

it
(ρit(a

′)τit)
]

̸= θ̄(a, a′). (5)

When estimating the marginal mean (or average preference) or AMCE by subgroups (de-

fined by Pi), all of our results hold within each subset.

3 Correcting Measurement Error Bias

Our quantities of interest are functions of the unobserved preferences ρit. But our esti-

mators are functions of the observed choices Cit, which differ from ρit because of the

swapping error probability τit. As we demonstrate below, correcting measurement er-

ror bias is straightforward if we have an estimate of τit. In principle, however, τit may

vary over individuals i and tasks t, which would seem to require that researchers obtain

N ×T estimates of the probability of swapping error. If we estimated this swapping error

probability by intra-respondent reliability, estimating each of the N × T swapping error

probabilities would require a reasonably sized sample (at least, say, a hundred observa-

tions) with each respondent asked the same question twice. This approach will typically

be infeasible given research budget constraints.

We solve this problem in two steps. First, as described in Section 4, we provide

extensive empirical evidence that τit does not vary systematically with different combi-

nations of attributes. That is, within a conjoint survey, τit(Ait) is not a function of Ait,

a finding that drastically simplifies the estimation of swapping error probability down to

a single parameter. We find that τit can vary somewhat across applications (and respon-

dent characteristics). So it needs to be estimated for every conjoint survey. If researchers

are interested in subgroup comparisons, they also need to estimate τit for each subgroup.
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Second, as described in Section 5, we offer several easy ways of estimating τit in any

situation that involves collecting a small amount of additional data by altering the survey

design or from existing conjoint data with no new data collection at all.

Furthermore, although researchers need to use or estimate only a single parameter for

each bias correction, they do not need to assume τit = τ . Instead, as we now demon-

strate, we only need to make a less restrictive assumption that swapping error probabili-

ties are linearly unrelated to respondent preferences: Cov(ρit, τit) = 0, which implies that

meanAit,ℓ=a(ρitτit) = ρ(a)τ .

Under this relaxed assumption, we simplify the bias expressions in Equations 4 and 5,

respectively, as

E
[
ρ̂(a)

∣∣ Cov(ρit(a), τit(a)) = 0
]
= ρ̄(a) · (1− 2τ) + τ (6)

E
[
θ̂(a, a′)

∣∣ Cov(ρit(a), τit(a)) = 0
]
= θ̄(a, a′) · (1− 2τ) (7)

With these results, we define alternative estimators for MM and the AMCE as,

ρ̃(a) =
ρ̂(a)− τ

1− 2τ
, θ̃(a, a′) =

θ̂(a, a′)

1− 2τ
, (8)

which are unbiased if τ is known, E[ρ̃(a)] = ρ̄(a) and E[θ̃(a, a′)] = θ̄(a, a′). They

are consistent with a consistent estimate of τ (Section 6 also shows that they are also

approximately unbiased with smaller mean square error). Finally, unlike logit, probit,

regression, and other fully parametric approaches, these estimators require no modeling

assumptions at all.

This approach can also be used for interactions by redefining the attribute of interest

to refer to more than one element of the attribute vector.

In some applications, researchers are interested in comparing estimates among sub-

groups of respondents, such as Democrats and Republicans. In most of these studies,

researchers will want to estimate τ within the chosen subgroups, effectively repeating all

our procedures and recommendations within each.

Equations 8 show that the bias correction will always increase the absolute value of the

AMCE. Similarly, the bias correction for MM will always increase its absolute distance

from 0.5; that is, if ρ̂ < 0.5, the corrected estimate will be smaller than the biased estimate,
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but if ρ̂ > 0.5, the corrected estimate will be larger. This can be seen by solving for the

difference between the corrected and uncorrected estimates as

ρ̃(a)− ρ̂(a) =
τ

1− 2τ
[2ρ̂(a)− 1],

and recalling that τit ∈ [0, 0.5). Subgroup differences of either MM or AMCE can in-

crease, decrease, or flip the signs of the estimates.

Computing standard errors for ρ̃(a) and θ̃(a, a′) requires an extra step because of the

uncertainty in τ̂ . We show how to do this in Appendix A in three different ways that

optimize for speed, convenience, or familiarity. Researchers who use the open source

software we make available with this paper will have the advantage of all three.

4 Patterns in Conjoint-Induced Measurement Error

We now narrow down the necessary statistical assumptions for our measurement error

corrections by (1) replicating the data collection and analysis of eight prior published

conjoint studies; (2) estimating the average intra-respondent reliability within each study;

(3) revealing the lower reliability of conjoint questions compared to traditional survey

questions; (4) describing the lack of evidence for systematic variation in reliability across

attribute combinations within studies; and (5) showing how reliability varies over the

personal characteristics used for subgroup estimation.

4.1 Eight Replications

First, we replicate existing studies. To keep our analyses as close to the literature as pos-

sible, we choose eight published political science conjoint studies, with a preference for

those in major journals (see Appendix A2 for details on our study selection procedures).

Furthermore, we chose substantively diverse topics, including choices between housing

developments, climate agreements, political candidates, immigrants, etc. They include

Arias and Blair (2022), Bechtel and Scheve (2013), Blackman (2018), Hainmueller and

Hopkins (2015), Hankinson (2018), Mummolo and Nall (2017), Teele, Kalla, and Rosen-

bluth (2018), and Ono and Burden (2019). We then conduct a series of survey experiments

using a U.S. quota samples based on age, gender, race, ethnicity, and region (from Lucid
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Figure 1: Eight Replications: Scatterplot of average marginal causal effect point estimates
from the original studies (plotted horizontally) and our replications in new data (plotted
vertically), color-coded along with a regression line fit to all estimates from each study.

Marketplace; see Coppock and McClellan 2019). Although only Bechtel and Scheve

(2013) report using attention checks, we give conservative results on intra-respondent re-

liability by dropping respondents who failed an attention check administered prior to our

conjoint task (see Supplementary Appendix A3 for details on the attention checks used in

our studies and a comparison of IRR by respondent attentiveness; we find little evidence

that respondent inattentiveness explains low IRR in conjoint studies).

Most replication studies begin with the data and methods from a published article and

try to replicate (or “reproduce”) its tables and figures (King, 1995). We instead begin at

an earlier point in the replication process: For each of the eight studies, we collect new

survey responses following each article’s experimental design and rerun the same statis-

tical analysis. We do this for all the average marginal causal effects (AMCEs) computed

in any of the eight studies, 170 estimates in total. Figure 1 presents a scatterplot of these

AMCEs from the original studies plotted horizontally and our replication of each AMCE

in our new data plotted vertically. The AMCEs from each study, along with a regression

line fit to its points, are color coded (see the figure legend).

Despite the expected sampling error and any systematic error due to differences in

the sample time frame, details of implementation, and sample characteristics, the results
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in Figure 1 reveal a surprisingly close correspondence between the originally published

estimates and the estimates based on our replications of these studies. This can be seen

in the distance between each of the points and the 45 degree line, or the eight (different

colored) regression lines, all also fairly close to the (black) 45-degree line. Indeed, the

median correlation for the estimates in a study between the published and our replicated

results is a remarkable 0.9. Given the number of replication failures across scientific fields

in recent years (Gilbert et al., 2016; Open Science Collaboration, 2015), it is comforting to

see the uniformly high level of transparency and scientific rigor achieved in the literature

on conjoint-based political science experiments displayed in Figure 1.

4.2 Estimates of Average Reliability

Second, we estimate the average intra-respondent reliability (1− τit) for each of the eight

studies. We do this by assigning a different random subset of two of the eight original stud-

ies to each of the 3,289 respondents. We standardize the number of tasks (conjoint survey

questions) per respondent across our eight replications to five (which is the mean, me-

dian, and mode of the studies) and then add a sixth conjoint question that repeats the first

(randomly selected) question at the end of the task list with the profile order switched.7

That is, just a few moments after a respondent chooses between two candidates, we ask

this same person essentially the same question a second time and see whether their an-

swer is the same. Then, our estimate of intra-respondent reliability is the average percent

agreement between these first and last (repeated) questions.8 Results appear in Figure 2.

The horizontal axis in Figure 2 indicates intra-respondent reliability, ranging between re-

spondents flipping coins (50%, at the left) and no measurement error at all as is assumed

by most conjoint applications (100%, at the right). Our point estimates appear as dots,

7Supplementary Appendix A9 reports on three additional surveys we conducted to study the effect of
switching vs. not switching the profiles in the repeated task. We found, in two of the three surveys, that not
switching generated a slightly smaller estimate of τ , small enough that differences in our bias corrections
would rarely be substantively meaningful.

8We also gave each respondent two different randomly selected sets of tasks, following the experimental
protocol in the text, to increase efficiency. This means that each respondent was given 12 = (5 + 1) × 2
conjoint tasks. The results focusing only on the first of these two sets of tasks, which was as close as
possible to what the original articles used, are substantively similar. The results from the second set do not
differ materially from the first.
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Figure 2: Intra-Respondent Reliability of Eight Prior Studies. Point estimates appear as
dots with 95% confidence intervals as a horizontal line.

with 95% confidence intervals as horizontal lines. Intra-respondent reliability for each

study is approximately halfway between flipping coins and no measurement error with an

average of 77% (and a range of point estimates from 73.0–80.7%). Although almost all

conjoint studies assume the absence of measurement error, this figure indicates that ap-

proximately half of the variation in answers to conjoint survey questions in these studies

is measurement error.

4.3 Reliability Comparisons with Traditional Survey Questions

Third, we provide evidence that, as might be expected, measurement error is higher in

conjoint questions than in traditional multiple-choice survey questions with similar con-

tent. To do this, we designed and administered a survey with both a candidate-choice

conjoint experiment and a series of traditional questions tapping attitudes toward each of

the candidate’s attributes (i.e., various policy positions and partisanship). In the conjoint

experiment, for a given attribute (e.g., “Position on economy”), each level (e.g., “We need

a strong government to handle today’s complex economic problems” or “The free market

can handle these problems without the government being involved”) corresponds to one

of the multiple answer choices in a traditional survey question (e.g., “Which of the fol-

lowing two statements comes closer to your own opinion?”). We then repeated this survey
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Figure 3: Intra-Respondent Reliability of Traditional Surveys vs. Conjoint

about one week later and calculated intra-respondent reliability for the conjoint tasks vs.

the traditional survey questions. (See Supplementary Appendix A4 for details.)

The results appear in Figure 3. The horizontal axis is again intra-respondent reliability.

While the conjoint experiment is 79.9% (at the bottom), all three survey questions have,

as would be expected, substantially higher reliability, ranging from 86.7% to 97.4%. Also

as expected, all three of the survey reliability estimates are higher than all eight of the

original conjoint studies in Figure 2. These results suggest that the source of most of the

lower reliability in conjoint experiments is inherent in the more complex design, rather

than in details of how the design is implemented.

4.4 No Reliability Variation by Attributes

Fourth, we present evidence that the reliability of conjoint survey questions does not vary

systematically within individual studies as a function of the pairs of attribute combina-

tions (i.e., the information contained in conjoint tables). We do this from both a top-down

theoretical approach, which we describe here and give empirical evidence in Supplemen-

tary Appendix A5, and a bottom-up empirical approach that we present next (and another

analogous bottom up approach with details in Supplementary Appendix A6).

4.4.1 Top-down approach

We apply the literature on survey best practices to conjoint studies and develop three the-

ories of how reliability may be reduced as a function of the content of the profile pairs

presented to respondents. We developed three plausible hypotheses, all of which failed in
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empirical tests. First, inconsistency is the level of disagreement across attributes within

a profile when interpreted on its most prominent dimension. For instance, do Demo-

cratic candidate profiles have a coherent set of liberal policy positions? If profiles are

inconsistent, we hypothesize that some respondents may become confused, increasing

cognitive demands and thus intra-respondent unreliability. Second, complexity refers to

survey question-wording: how many words appear to respondents in the conjoint table

describing each candidate’s attributes? How many attributes of each profile are presented

to respondents? How complicated is the language used to describe attribute levels? The

hypothesis here is that complex conjoint tables may confuse respondents and increase er-

ror. Finally, divergence refers to the level of dissimilarity between the attribute levels of

both profiles. Attribute levels with small absolute differences may encourage respondents

to assess options essentially at random, reducing intra-respondent agreement. In a can-

didate experiment, “moderate Democrat” versus “moderate Republican” is less divergent

than “extreme Democrat” versus “extreme Republican”; in a housing development exper-

iment, “3 units versus 5 units” is less divergent than “3 units vs 50 units.” Adding to these

small divergences are the common situation of some attributes having identical levels for

the two candidate profiles, making it more difficult to find those that differ. We hypoth-

esize that respondents will have an easier time choosing between the extreme candidates

and the large absolute difference in units than they do between the moderate candidates

and the small absolute difference in units, even though if a respondent’s preference is for

Democrats or bigger developments, both choices should be equally straightforward.

As Supplementary Appendix A5 shows, through numerous survey experiments, we

were unable to find evidence that inconsistency, complexity, or divergence account for any

of the variation in intra-respondent reliability in realistic conjoint studies. On the theory

that the exception proves the rule, we were only able to identify some slight evidence, and

just for consistency, in extreme cases that are well outside the bounds of what researchers

would likely choose or respondents would see in the real world. We also went further and

studied the consequence of attribute sets with a single substantive dominant attribute and

failed to find an explanation for reliability there either.
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Thus, we find that, in ordinary conjoint experiments, with the types of attributes and

levels used in social science applications and with variation one would see in reality,

intra-respondent reliability rarely varies in substantial ways as a function of the content

of conjoint tasks. An advantage of conjoint analysis is the ability of researchers to offer

complicated information to respondents, which then makes measurement error inevitable.

However, in part because of this complexity, the degree and type of measurement error

are also unrelated to the content of the profile pairs.

4.4.2 Bottom-up approach

As a second approach, we conduct an experiment where we present respondents with a

series of six hypothetical media articles (taken from Mummolo 2016). Each profile pair

has two attributes (source and headline); the first has three possible levels and the second

has four, with both randomly assigned. We exclude ties (i.e., identical profiles on the left

and right), leading to a total of 48 possible combinations of profiles. To measure intra-

respondent reliability, we also present respondents with another six profile pairs identical

to the first six (with the profile appearing on the left and right flipped). In addition to

excluding ties, we avoid showing the same conjoint table twice in each set of six tasks

for each respondent. As a result, each respondent sees six different profile-pair combina-

tions.9 We then have about 50 respondents take this survey for each of our 48 profile-pair

combinations (Sample 1). To add some certainty to our results, we the repeated the en-

tire experiment with 100 responses for each combination (Sample 2). These two studies

gave us two reliability estimates for each combination. All other design details of this

experiment appear in Supplementary Appendix A6.

These estimates of intra-respondent reliability from our experiment appear in Figure

4, Panel (a). Each point represents one profile-pair combination, with intra-respondent

reliability estimated from Sample 1 plotted horizontally and Sample 2 plotted vertically.

The mean in each sample is about the same as for our eight replications of published

articles (about 75%; see Figure 2). We include 80% confidence intervals (rather than

9We fix the first task in each set so that the last task in the first set and the first task in the second set are
always different.
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Figure 4: Variation in Intra-Respondent Reliability over (a) Attributes and (b) Personal
Characteristics (with a key to the numbers appearing in Table A9 in Supplementary Ap-
pendix A7.)

95% to reduce graphical clutter) in blue for Sample 1 and red for Sample 2. Points that

differ from the mean (for each sample) at the 95% level are given a numeric code (blue

for Sample 1 and red for Sample 2) so they can be linked back to the specific profile-pair

combination (listed in Supplementary Appendix A6).

Panel (a) of Figure 4 does not reveal any systematic, predictable differences in relia-

bility as a function of the attribute pairs. For example, if reliability estimates differ from

the mean only due to sampling error, we expect to see, on average, 2.4 of these 48 points

labeled as “significant” at the 95% level. In fact, we see two in Sample 1 and five in

Sample 2, but even these few are questionable, given that the two samples disagree on the

significance of all but two profile pairs (numbers 16 and 22, which appear in both red and

blue). Even via post hoc interpretations, we have not been able to ascertain any coher-

ent theory that might account for the specific content of the profiles that turned out to be

significant here (see Supplementary Appendix A6). Finally, if the reliability estimates in

both samples differed only by random chance, we would expect the samples to correlate

at no more than chance levels, which is just what we find: the empirical correlation of

the points in the graph is 0.23 with an (insignificant) p-value for a difference from zero of
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0.112.

In conclusion, all the evidence on this question seems to point in the same direction: If

predictable differences in reliability exist as a function of the profile pairs with randomly

assigned attributes, they are unlikely to be large enough to matter substantively. We pro-

vide more detail on the experimental design for the replication study in this section, along

with the others cited throughout this study, in Section A8.

4.5 Reliability Variation by Personal Characteristics

Finally, we use the same methodology from Panel (a) of Figure 4 to demonstrate that

reliability varies systematically over certain characteristics of respondents (P ). The re-

sults of this analysis appear in Figure 4, Panel (b). As can be clearly seen from all the

points labeled with numbers (the key for which appears in Supplementary Appendix A7),

most of the effects differ significantly from the mean. The high correlation between the

two samples (i.e., 0.85) confirms that the association between respondent types and intra-

respondent reliability is indeed systematic. Although these effects vary over studies, we

often find (as reported in Supplementary Appendix A7) that younger, minority and male

respondents tend to have lower levels of reliability.

These results indicate that assuming constant reliability over attributes is usually jus-

tified. However, researchers should use separate reliability estimates for descriptive and

causal analyses that are analyzed within subgroups defined by personal characteristics.

5 Estimating the Degree of Measurement Error

We propose here four methods of estimating the intra-respondent reliability (1− τ ). Two

are for new conjoint projects that work via simple adjustments to the survey design (Sec-

tion 5.1), while the other two are for analyses of existing conjoint datasets where data new

data collection is infeasible (Section 5.2).
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5.1 Estimation via New Survey Data

Conjoint studies still in the design stage can be easily modified to estimate τ using one of

the following two procedures. The first, which we recommend for most researchers and

use in Section 4.2, is to estimate only the average value of τ by adding one extra task at the

end of a conjoint survey that repeats the first task but with the order of profiles swapped

between left and right. We find no evidence that respondents notice the repetition, which

makes this a simple, inexpensive, and widely applicable approach to measuring swapping

error.10

Estimating the average value of τ is useful for researchers willing to make the as-

sumption we justify empirically in Section 4. Researchers who prefer not to make this

assumption can instead choose a second, more detailed procedure, which involves esti-

mating τit for some or all combinations of i and t. This procedure requires repeating

the first procedure for every i and t with enough observations to get a reasonably sized

confidence interval.

5.2 Estimation Without Additional Data

We now offer two methods of estimating intra-respondent reliability from a pre-existing

conjoint survey without any new data collection or survey design changes. Avoiding new

data collection obviously saves costs, but these methods may be especially useful for

datasets where going back to the field may not even be informative because of changes in

respondent opinions, choices, or reliabilities. Of course, collecting more data is always

preferable to these approaches, and should be pursued whenever feasible.

In most situations, we recommend using both of the following methods when new data

collection is impossible. The first approach is to choose a value for τ based on substan-

tively similar studies for which intra-respondent reliability has already been estimated.

The existing estimates the researchers can use include one or more of the eight articles we

10Although having more than one task is not necessary to apply our methods of bias correction, multiple
tasks can increase efficiency without much cost. If a researcher prefers to have only a single task, then a few
other survey questions should be used between the pair of repeated questions to estimate intra-respondent
reliability. These additional questions ensure respondents do not recall they are being asked the identical
question twice.
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replicate (with values in Figure 2). Uncertain estimates from less similar studies can be

studied via sensitivity testing by repeating the bias correction for a range of τ values.

The second approach involves estimating intra-respondent reliability directly from the

original survey data. This approach may seem impossible because the survey design in-

cludes no repeated tasks. Although ordinary conjoint surveys typically include no task

pairs with zero attribute-value differences, we show here that one can accurately extrapo-

late to this point from pairs of other tasks that differ by varying amounts.11

By example, Hankinson (2018), one of the studies we replicate, includes seven at-

tributes for each of the two candidates, meaning that a pair of tasks can differ (for either

of the candidates) in the values of 0, 1, 2, 3, 4, 5, 6, or 7 attributes. The unobserved pro-

portion agreement in task pairs with 0 differences is the object of our inference. Because

attribute values are assigned randomly and independently, more task pairs with 7 differ-

ences will exist than pairs with 1, for example. In fact, in this study, with 30,190 task pairs

(i.e., 3,019 observations × 5 tasks × 4 ÷ 2), we only observe pairs with differences of 3,

4, 5, 6, and 7.

In the top left panel of Figure 5, the horizontal axis is the number of attributes that

differ within task pairs, and the vertical axis is the percent agreement in candidate choice.

For each observed level of difference within pairs, we plot a black dot and confidence

interval (although uncertainty is only large enough to see the intervals for the two left

dots, representing 3 and 4 attribute-value differences). Next, in this same panel, we plot a

weighted least squares regression line fit (in dotted red) to these five data points (at 3, . . . ,

7) and use it to extrapolate to 0 on the horizontal axis, the object of our inference.12

Our estimate for the percentage agreement when there is no attribute with levels that

differ between pairs is the constant term in the regression. We plot this extrapolated es-

timate of the intra-respondent reliability along with a confidence interval in red in Figure

5. As always with extrapolation, the total uncertainty includes both sampling uncertainty

(represented by the red vertical line) and model-based uncertainty, which is not repre-

11We develop this approach by adapting the methodology in Gakidou and King (2006) for estimating
mortality rates from surveys of people about their siblings.

12Weights are calculated from the standard errors of each of the points, which differ because they are
based on different numbers of observations.
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Figure 5: Estimating Intra-Respondent Reliability From Data Without Repeated Tasks.
The red dotted line extrapolates the black dots, representing percent agreement conditional
on the number of attribute-value differences within task pairs, to the 0 difference point (see
the red dot and 95% confidence interval). The black triangle is out-of-sample validation
based on a direct estimate with new data, repeated from Figure 2.

sented but is indicated to some degree by how well the black dots fit the regression (King

and Zeng, 2006).
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Also in this top left panel is a triangle, which is our direct estimate of intra-respondent

reliability based on the repeated task added to our replication study. This estimate serves

as an out-of-sample validation for our extrapolated estimate. Remarkably, in this panel,

the extrapolation estimate based on no new data (the red dot) and the direct estimate based

on a new sample with the repeated task (the triangle) are quite close to each other. We

then repeated this sample procedure for all eight of the studies we replicated. For all eight

studies, our extrapolated estimate is close to the direct estimate (each of which is in a

separate panel in Figure 5.2). This finding may not hold in all future datasets, but it is

certainly a promising result.

We note that this procedure can be extended by combining the extrapolation estimate

with the estimate from one or more of our replication studies which seem similar to the

study being analyzed. We could also extend the procedure with a more fine-grained task

pair difference metric, such as by recognizing that some levels are ordered or interval

scaled.

6 Finite Sample Properties and Empirical Examples

Section 3 offers estimators for the marginal mean and average marginal component effect

corrected for measurement error (see Equations 8). That section shows mathematically

that the estimators are unbiased when τ is known and statistically consistent when τ is

estimated. Section 4 shores up the key simplifying assumption in these estimators. To

complement those analyses, we show first, via Monte Carlo simulation, that the estima-

tors are approximately unbiased even when τ is estimated. Our estimators have slightly

larger standard errors due to the requirement of estimating τ (rather than assuming τ = 0

as in previous studies). We thus also show that the mean square error (a proper com-

bination of bias and variance) is lower for our new corrected estimator, which leads to

the conclusion that our bias correction should normally be used. We then show the pat-

tern across estimates from our replications of our corrections decreasing, increasing, and

flipping signs of subgroup differences.
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6.1 Simulation

We begin with a population of 100,000 individuals with known true preferences, the

true marginal mean ρ̄(a), and AMCE θ̄(a, a′). We then generate 1,000 datasets of size

n = 1, 000, each via simple random sampling (with replacement). Next, we add swap-

ping error of sizes τ = {0.1, 0.15, . . . , 0.4} by using the observation mechanism in Equa-

tion 3. Finally, in each simulated dataset, we compute the uncorrected estimates (used

throughout the literature) and our alternative corrected estimate for both quantities of in-

terest. Complete details and code necessary to replicate this simulation can be found in

our replication package.

We give results for bias and root mean square error (RMSE) in Figure 6, with the

marginal mean (MM) in the first column of panels and the AMCE in the second column.

In the first row, we present the degree of bias for the uncorrected estimator (measured

as deviation from the horizontal dashed line at zero) for each value of τ (the degree of

measurement error, on the horizontal axis) and values of the two quantities of interest (in

shades of grey, with values indicated in the figure legend). As anticipated by the math-

ematical results in Section 2, for both the marginal mean and the AMCE, bias increases

quickly as measurement error increases, in different amounts depending on the size of the

MM and AMCE.

The second row of panels in Figure 6 reveals that, for all combinations of values of

τ and for both MM and AMCE, our new estimator is approximately unbiased, which can

be seen by all the lines appearing at zero bias (on top of one another and on top of the

horizontal dashed line indicating zero bias).

Finally, we compare the difference in RMSE for the uncorrected and corrected esti-

mators in the last row of panels, with the MM on the left and the AMCE on the right. In

all cases, the RMCE is lower for our corrected estimator than the uncorrected approach.

Every line for all simulations with different quantities of interest (indicated by shades of

grey described in the figure legend) appears below the horizontal dashed line indicating

no difference. Therefore, correcting bias is always recommended regardless of the degree

of measurement error and the expected magnitude of MM and AMCE.
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Figure 6: Reducing Bias and Mean Square Error in the marginal mean (MM) and AMCE
in Conjoint Experiments

6.2 Empirical Examples

Equation 3 shows that the corrected estimator for the AMCE is always farther from zero

than the uncorrected one, and for the MM is always farther from 0.5. However, for differ-

ences in MMs or AMCEs among subgroups of respondents (such as comparing AMCEs

or MMs for men v. women, young v. old, or with v. without a college degree), the bias

correction can increase, decrease, or flip the signs compared to the uncorrected estimate.13

13On subgroup (or “heterogeneous treatment”) effects in conjoint studies, see Goplerud, Imai, and Pash-
ley (2022), Leeper, Hobolt, and Tilley (2020), and Clayton, Ferwerda, and Horiuchi (2021).
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Although the only way to ascertain the bias in a new or existing study is to estimate

τ and apply our bias correction, we provide here some intuition for what might happen

by studying a large number of empirical estimates from our eight replicated studies. To

do this, we begin with all seven dichotomous variables used across any of the eight orig-

inal studies we replicate and then add four additional variables we had available, includ-

ing whether a respondent used a mobile device or a desktop computer, an end-of-survey

question measure of attentiveness, and two variables based on time to complete the survey

(above v. below the median, and the top v. bottom quartiles). With these variables, across

the eight studies, we estimated uncorrected and corrected estimators for 1,870 AMCEs

and 2,552 MMs.

Each uncorrected subgroup difference has an arbitrary sign, based on which subgroup

comes first in the difference. We resolve this ambiguity in the present analysis by always

subtracting the smaller estimate from the larger one, making all uncorrected estimates pos-

itive. These values are plotted on the horizontal axis in each panel of Figure 7 (which thus

begins at zero on the left). The left panel gives AMCE estimates and the right panel plots

MM estimates. The vertical axis in both panels is the bias-corrected subgroup difference,

which of course can be positive or negative. We have also color coded (and separated by

dashed red lines) the three resulting effects of the corrections. For both AMCE and MM,

we find that the bias correction increases the subgroup difference effect for about 80% of

the estimates, decreases it in about 10%, and switches the sign in about 10%. The size of

the effect in each category has a wide range relative to the size of the original estimate.

If the next study to be conducted is like these eight, then we might expect that correct-

ing the bias will increase the subgroup difference most of the time. However, although this

figure gives some sense of what may happen in real examples, the 4,422 estimates across

the two panels do not represent a probability distribution from which any new study will

be drawn from. The only way to know the direction of the bias, and therefore the effect of

the correction, is to follow the advice in this study, estimate τ , and make the correction.
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Figure 7: Consequences of Bias Correction in 8 Studies. The horizontal axis is the positive
difference between the two subgroups, and the vertical axis is the corrected value for
AMCE (left panel) and MM (right panel).

7 Best Practices For Conjoint Analyses

Based on the research presented here, we make some practical recommendations. Specif-

ically, researchers planning conjoint survey analysis should consider four points, roughly

in this order.

First, survey experiments can be greatly improved with conjoint designs if appropri-

ately corrected for measurement error. Although hypothetical conjoint experiments with-

out measurement error are more efficient than one-shot randomized experiments, conjoint

designs introduce more measurement error than traditional survey questions. This causes

some of the apparent efficiency advantages to be lost and potentially substantial bias to

be induced. Particularly when researchers are interested in subgroup comparison, the bias

may attenuate, exaggerate, or flip signs of the differences in MMs or AMCEs.

Second, measurement errors should be reduced in the design phase by following best

practices in standard survey design, such as via “cognitive debriefing,” where researchers

administer a draft survey to a small sample of respondents and immediately go to the

start of the survey and ask the same respondents how they understood each question.
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Researchers should repeat this procedure while continuously adjusting each question’s

wording, perhaps multiple times. Conjoint analyses are more complicated to understand

than traditional survey questions, making this standard advice even more important. Re-

searchers should consider conjoint designs at least as carefully as well run traditional

survey instruments.

Third, although ratings, rankings, binary choice, and other designs have been used in

the broader conjoint literature, only binary choice has been widely used in the political

science literature. Some conjoint studies, including three of the eight we replicate, imme-

diately follow a binary choice question with rankings questions for each profile, often on

the same page; these, of course, are not independent measures (and which our data anal-

yses confirm). Thus, we recommend that researchers who wish to use conjoint designs

other than binary choice should conduct measurement error studies, perhaps analogous to

the strategy followed here, and validate their measures in other ways. There is much po-

tential for future methodological research in this area, but it will be easier for researchers

planning applied studies to stick for now with the binary choice conjoint design.

Finally, measurement error bias can easily be corrected, and mean squared error can

be reduced, by estimating intra-respondent reliability and applying the simple correction

methods to causal effect and marginal mean estimates (see Equation 8). We suggest (in

Section 5) that researchers choose among four approaches to estimating intra-respondent

reliability (ordered by the simplicity of application):

1. If your research topic is similar enough to one or more of the studies we repli-

cate — in content and target population — use the corresponding estimate of intra-

respondent reliability from Figure 2. Because the estimates in this figure (and others

we estimate) do not vary much, choosing the wrong one may not be very conse-

quential, but one should be clear about the implied assumption. Of course, this

approach is only applicable in studies of subgroup effects if researchers have some

prior information about subgroup differences in intra-respondent reliability.

2. You can estimate intra-respondent reliability from an existing conjoint without new

data collection by extrapolating patterns in the existing data, as we show in Section
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5.2. An estimate from this method can also be combined with the first option if one

of the studies we replicated is similar to the one you are analyzing.

3. If you are in the planning stage of a conjoint study, we recommend adding a repeat

of the first task presented at the end (and with two profiles and the order of the two

columns switched). This enables researchers to estimate intra-respondent reliability

by simply computing the percent agreement between the first and last questions

and averaging over all respondents or the relevant subgroup. To use this design

to correct bias, the researcher would rely on the extensive empirical evidence we

offer that intra-respondent reliability does not differ systematically over information

contained in conjoint tables. This assumption, although far less restrictive than the

assumption needed for the first approach, should still be noted.

4. Researchers may choose to estimate the level of intra-respondent reliability for ev-

ery profile pair, as we did for Figure 4, Panel (a). This makes the assumptions from

the first and second approaches unnecessary. The cost of this approach, however,

is the requirement to collect a substantially larger number of observations, on the

order of n for each estimate.

Although we recommend that most researchers adopt the third strategy, these researchers

can still check whether intra-respondent reliability varies over selected types of profile-

pair combinations by grouping them in different ways.

8 Concluding Remarks

Through empirical, theoretical, and simulation-based evidence, we show that measure-

ment error in conjoint designs can create substantial bias in estimates of descriptive and

causal effects — on average, within subgroups, and for subgroup differences. Although

we find that measurement error can lead to attenuation, exaggeration, or sign switches, we

show that the error tends to have common empirical patterns for binary choice conjoint

designs. We then use these patterns to develop easy-to-use methods to correct the result-

ing biases. These bias corrections will often make effects larger, but not in all situations;
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fortunately, our corrections are easy to apply and so researchers can use them and see for

themselves.

Our approach applies only to the most common type of conjoint design, with a bi-

nary choice outcome variable. Valuable future research would include studying the types

of measurement error, consequent biases, and possible corrections in alternative conjoint

designs, such as multiple choice outcomes, ratings, rankings, and others. The additional

demands these alternative conjoint designs place on respondents may lead to even higher

levels, and more complicated forms, of measurement error than for binary choice out-

comes. But, at this point, using these alternative conjoint designs without this research

would put a researcher’s results and conclusions at unnecessary risk.

Appendix A Standard Errors

We now show how to compute standard errors for ρ̃(a) and θ̃(a, a′) in three ways — (1)

analytical derivation for speed, (2) bootstrapping for convenience, and (3) simulation for

familiarity. As we show after describing the methods, all three give approximately the

same empirical estimates.

Our preferred method is based on an analytical derivation, which we give below.

This method is the fastest, but it involves some technical mathematics. Bootstrapping

is the simplest approach, but the slowest computationally; indeed, it is about 790 times

slower than the analytical approach. To use this approach, draw a sample of respondents

(not respondent-tasks) with replacement and calculate ρ̃(a) and θ̃(a, a′) as in Equation

8. Repeat this a large number of times and, for estimates of the standard errors, take the

standard deviation across simulated datasets.

Our third and final method uses simulation. It is much faster than bootstrapping but

about 60% slower than the analytical method. It is based on a Clarify-like approach

more familiar to political scientists (King, Tomz, and Wittenberg, 2000). To estimate the

standard error, repeatedly simulate ρ(a) and τ from a bivariate normal (given estimates of

parameter values from our analytical derivation below), plug them into Equation 8, and

compute the standard deviation across simulations.
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We now turn to our analytical approach, the main complication of which is taking the

variance of a ratio (for either the marginal mean or AMCE, in Equation 8). This is not

straightforward because the variance is a linear operator, but the ratio of course is not.

We thus take the first order Taylor expansion (a linear approximation to the ratio). We

write this approximation generically first and afterwards apply it to our problem. For two

correlated random variables R and S, we approximate a ratio R/S as

V (R/S) ≈ E(R)2

E(S)2

(
V (R)

E(R)2
− 2

Cov(R, S)

E(R)E(S)
+

V (S)

E(S)2

)
. (9)

We now apply the approximation in Equation 9 to the AMCE, θ̃(a, a′) = θ̂(a, a′)/[1−

2τ̂ ] from Equation 8. We first compute the moments: E[θ̂(a, a′)] = θ(1 − 2τ), E(1 −

2τ̂) = 1 − 2τ , V [θ̂(a, a′)] ≡ σ2
θ , and V (1 − 2τ̂) = 4σ2

τ , where V (τ̂) ≡ σ2
τ . We will

also need the covariance, Cov[θ̂(a, a′), τ̂ ] = Cov[ρ̂(a), τ̂ ] − Cov[ρ̂(a′), τ̂ ], where, letting

di = 1(Ci1 ̸= CiT ) equal 1 for disagreement and 0 agreement on the same item asked

twice,

ϕa ≡ Cov(ρ̂(a), τ̂) = Cov

 1

na

∑
it|ℓ=a

Cit,
1

n

∑
i

di


=

1

na

∑
it|ℓ=a

1

n

∑
i

Cov(Cit, di)

=
1

nan

∑
it|ℓ=a

Cov(Cit, di)

=
1

n
Cov(Cit, di),

using the assumptions that respondents are independent of each other and covariances are

constant within the treated and within the control groups, and where na is the number of

observations in the treated group.

We then compute the variance by applying Equation 9:

V [θ̃(a, a′)] ≈ θ(a, a′)2

(
σθ̂2

θ(a, a′)2(1− 2τ)2
− 2 · Cov(θ̂(a, a′),−2τ̂)

θ(a, a′)(1− 2τ)2
+

4σ2
τ̂

(1− 2τ)2

)

=
θ(a, a′)2

(1− 2τ)2

(
σ2
θ̂

θ(a, a′)2
+

4(ϕa − ϕa′)

θ(a, a′)
+ 4σ2

τ̂

)
.
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We then give our analytical (squared) standard error for the AMCE by replacing parame-

ters with their point estimates:

V̂ [θ̃(a, a′)] =
θ̃(a, a′)2

(1− 2τ̂)2

(
σ̂2
θ̂

θ̃(a, a′)2
+ 4

ϕ̂a − ϕ̂a′

θ̃(a, a′)
+ 4σ̂2

τ̂

)
.

We now apply the same logic to compute the standard error of the marginal mean,

ρ̃(a) = [ρ̂(a)− τ̂ ]/(1− 2τ̂). We again collect the moments: E(ρ̂(a)) = ρ(a)(1− 2τ)+ τ ,

E(ρ̂(a) − τ̂) = ρ(a)(1 − 2τ), E(1 − 2τ̂) = 1 − 2τ , V (ρ̂(a) − τ̂) = σ2
ρ̂ + σ2

τ̂ − 2ϕa,

V (1− 2τ̂) = 4σ2
τ̂ , and Cov(ρ̂(a)− τ̂, 1− 2τ̂) = 2(ϕ2

τ̂ − ϕa).

We compute the variance of the marginal mean by applying Equation 9:

V (ρ̃(a)) ≈ ρ(a)2

(1− 2τ)2

(
σ2
ρ̂ + σ2

τ̂ − 2ϕa

ρ(a)2
+ 4

ϕa − σ2
τ̂

ρ(a)
+ 4σ2

τ̂

)
,

and, by replacing parameters with their point estimates, give the (squared) standard error

of the marginal mean:

V̂ (ρ̃(a)) =
ρ̃(a)2

(1− 2τ̂)2

(
σ̂2
ρ̂ + σ̂2

τ̂ − 2ϕ̂a

ρ̃(a)2
+ 4

ϕ̂a − σ̂2
τ̂

ρ̃(a)
+ 4σ̂2

τ̂

)
.

Finally, we conduct a Monte Carlo experiment to show how the different methods

perform. As an illustration, we set ρ(a) = 0.35, ρ(a′) = 0.65, τ = 0.25, and n = 1, 000.

We generate 3,000 datasets, using 1,000 draws for both the bootstrapping and simulation

methods. Figure 8 gives our results for the AMCE (left panel) and marginal mean (right

panel), with the true standard error (the standard deviation across the 3,000 estimates of

θ̃(a, a′) and ρ̃(a)) given in vertical dashed lines. We then compute standard errors from

each of the 3,000 datasets with each of the three methods and present them in different

colored histograms in the Figure. As is apparent, the three histograms are almost exactly

the same for all three methods, and all centered at the true value. This suggests that users

can easily choose among the methods based on their preference for speed (analytical),

convenience (bootstrapping), or familiarity (simulation).
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