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1 Introduction

Why do ∼25% of survey respondents answer identical binary choice questions in different

ways when given the opportunity at separate times, even if nothing material has changed

and they do not remember being asked before? The source of this widespread survey

instability has been an open question for at least three-quarters of a century (Lazarsfeld,

1948) and is at the core of many central substantive questions and methodological choices.

In political science, where survey research is used as evidence in half of all quantita-

tive articles (King, Honaker, et al., 2001; Sturgis and Luff, 2020), the puzzle of survey

instability sustains a longstanding debate about the meaning of American democracy: Do

Americans have ephemeral “nonattitudes” (making democracy and learning from survey

data impossible) or does measurement error in survey instruments obscure stable political

and policy knowledge (Converse, 1964)? Whether survey instability is the fault of citi-

zens, with nonexistent preferences, or researchers, with flawed survey instruments, is also

central to debates in numerous other scholarly areas, such as religiosity (Lim, MacGre-

gor, and Putnam, 2010), immigration attitudes (Kustov, Laaker, and Reller, 2021), time

discounting in health behavior (Kang and Ikeda, 2014), emotions (Lee, Amir, and Ariely,

2009), future-oriented attitudes (Preuss, 2021), consumer choices (Lee, Lee, et al., 2015),

and even musical preferences (Rentfrow, Goldberg, and Levitin, 2011).

For methodological purposes also, studying survey instability (or “reliability”) can

teach us about the data generation process for survey data, on which survey design and

statistical analysis methods depend. Different data generation processes imply differ-

ent design and analysis methods and sometimes diametrically opposing empirical results.

(For one example, unlike for a continuous outcome variable in a linear regression, random

error in typically discrete survey outcomes biases substantive conclusions (e.g. Westwood

et al., 2022).) An explanation for survey instability would have implications for both our

deep substantive understanding of the people we study and practical applications across

the entire survey research enterprise, spanning many areas of academia and industry.

We begin with a precise statement of the survey instability problem and the methods

and research strategy we use to tackle it, along with some baseline estimates (Section 2).
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We then summarize explanations in the literature, which provides reasons to question both

existing explanations for survey instability as sufficient, along with additional empirical

tests (Section 3). We outline the main cause of survey instability that has not previously

been analyzed, “intrinsic human stochasticity” (Section 4), and reveal its causes, at levels

from most to least proximate, including decision making, cognitive processes, psycho-

logical states, and individual characteristics (Section 5). Throughout we offer extensive

empirical evidence. We conclude by showing how these findings generate specific, prac-

tical advice for the design and implementation of surveys (Section 6).

2 Problem and Methods

We now describe the problem to be solved and how we plan to solve it. This includes

a precise definition of survey instability, along with the necessary assumptions (Section

2.1); a description of an experimental protocol we designed to satisfy these assumptions

(Section 2.2); baseline estimates of survey instability (Section 2.3); and a new strategy

we follow for conducting and learning from surveys made possible by recent changes in

survey technology (Section 2.4).

2.1 Defining and Estimating Survey Instability

Consider a population of N potential respondents and, for simplicity but without loss of

generality, a binary survey question. Let Cit ∈ {0, 1} denote the choices respondent i

(i = 1, . . . , N ) would give to this question if asked at times t = 1 and t = 2. Survey

instability for individual i is Di = 1(Ci1 ̸= Ci2) (which equals 1 if Ci1 ̸= Ci2 and

0 otherwise). Population average survey instability is the proportion ∆ = 1
N

∑N
i=1Di.

Finally, for a sample of n < N respondents randomly selected from the population, the

sample average survey instability we observe is D = 1
n

∑N
i=1 SiDi, where Si is 1 if i is

sampled and 0 otherwise (1−D is also known as “intra-respondent reliability”).

To give meaning to sample D and population ∆ survey instability, we add three as-

sumptions only implicitly addressed in the literature. (Without meeting all three assump-

tions, D has a different meaning than typically intended or, put differently, is a biased
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estimate of ∆.)

First, no material change has occurred between the two time points that could provide

a reason for instability. Most violations of this assumption would include information

received by the respondent that changes some aspect of the meaning of the question.

Second, at t = 2, the respondent has no memory of being asked the question or what their

answer was at t = 1. Empirically, these two assumptions tend to work against each other:

If the two survey questions are well separated in time, the “no memory” condition is more

likely to be satisfied but the “no material change” condition is less likely. In contrast, if

the two questions are asked near each other, the reverse is true. The literature has dealt

with this trade off by asking the two questions in separate waves of panel surveys weeks,

months, or years apart, but this leads to yet another problem: the potential biasing effects

of sample attrition. (If, for example, respondents who remain in the survey for both waves

are more stable than those who leave, then D will be a downwardly biased estimate of ∆

(Backström et al., 2025)). We thus clarify by adding a third and final assumption: attrition

at random, meaning that attrition is unrelated to the variable of interest, which in our case

is survey instability.

Survey instability has a logical range of ∆ ∈ [0, 1], but under these three assumptions,

the practical maximum is 0.5, indicating choices are based on the equivalent of coin flips

(expected instability under independent Bernoulli draws).

2.2 Experimental Setup

For expository simplicity, we summarize each survey question with a code composed of

an uppercase letter and an integer, sometimes followed by a lowercase letter (e.g., Q1a).

The uppercase letter indicates the question type (Q = conjoint question, B = conjoint

burn in, D = conjoint distractor, M = mind wandering probe, P = preoccupation, S =

socioeconomics or demographics, V = vote, T = randomized treatment, or others). The

integer distinguishes different questions of the same type (1, 2, . . . ), and the optional

lower case letter distinguishes among repeated identical questions (a, b, . . . ). Collections

of codes, such as B1 Q1a D1 D2 D3 Q1b, summarize a single treatment regime within a

single survey instrument (see Supplementary Appendix A9 for details).
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Our setup builds on Clayton et al. (2025), which compares answers to two identical

forced-choice binary conjoint questions administered to the same respondents in the same

survey, separated by several conjoint distractors (randomized from the same attribute list,

as is standard for conjoints), such as Q1a D1 D2 D3 Q1b. Because Q1a and Q1b are

asked only moments apart, the “no material change” assumption is almost surely satisfied.

Perhaps surprisingly, the “no memory” assumption also appears to be satisfied: Clayton

et al. (2025) administered surveys to 9,472 respondents, and not one mentioned seeing

a repeated question. We also conducted other tests of the no memory condition, leading

to the same conclusion (see Supplementary Appendix A2). Finally, because Q1a and

Q1b are in the same survey, the “attrition at random” assumption is routinely satisfied by

avoiding almost all attrition.

We tried many other variants of this setup, including different numbers of distractor

questions, burn-in questions, different types of filters, and various combinations of these

and other modifications. None made a material difference to instability estimates (see

Surveys 1 and 2). In addition, although the complicated nature of the conjoint question is

a valuable aspect of this experimental platform, we show in Section 5.2 that many non-

conjoint survey questions can often also be asked in the same survey without substantial

changes in instability estimates, so long as sufficient distractors are included. In our

many experiments, we use conjoints when feasible and other questions when useful or

necessary.

2.3 Baseline Estimates of Survey Instability

We compute two sets of survey instability baselines spanning the history of survey re-

search. Despite being separated by three-quarters of a century, the estimates are indistin-

guishable.

First, we obtain the earliest panel survey with sufficient documentation available, the

1948 Elmira Study (Lazarsfeld, Berelson, and McPhee, 1948, codebook, p.296). We then

estimate survey instability in the same reported vote choice in two surveys a month apart.

To avoid an “attrition at random” assumption, we switched from a point estimate to a

bound. The results indicate survey instability in this survey falls in the interval D ∈
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[0.11, 0.33], with a midpoint of D = 0.22.1

Second, we estimated instability in 53 (of our 59) surveys, using different versions

of our experimental protocol (such as B1 Q1a D1 D2 D3 Q1b; see Section 2.2), and

present them all in Figure 1. We introduce details below but for now note that they are

highly diverse, conducted over three years on different online survey platforms, in differ-

ent formats, and each with different treatment regimes to test different hypotheses. All

are nontrivial binary questions of interest to social scientists, such as about policy or can-

didates, usually in standard conjoint format (extensions to other question types, numbers

of response categories, and priming appear below too).
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Figure 1: Survey Instability in 53 Diverse Surveys over Three Years, average = 23.0%.
(See Supplementary Appendix A9 for details of each survey summarized here.)

For each survey, we provide one estimate of survey instability (leaving estimates from

1We also collected as many reported instability estimates as we could find in the scholarly literature;
although the survey questions, measures, and validity of the three assumptions varied greatly (and so they
do not admit to a systematic summary), we could detect no systematic change in the magnitude of these
estimates.

5



different treatment regimes for later). The figure shows that, on average across all our sur-

veys, a remarkable 23.0% of respondents give different answers to two identically worded

binary questions. This figure is nearly half of what we would expect if respondents were

flipping coins. Variability in instability across surveys is small, with a few outliers ex-

plained by the particular type of experiment we were running. The vast majority of the

surveys fall within the range of the 1948 estimates, the midpoint of which (0.22) is almost

the same as the mean estimate (0.23) here.

2.4 Research Strategy

To understand survey instability, we are able to improve on standard practices in five ways,

all of which take advantage of the recent rise of online survey platforms (such as Lucid,

Mechanical Turk, Prolific, etc.). For nearly all of prior survey history, experimenting

with new survey questions required either lobbying organizers of large omnibus surveys

or fielding a full survey on your own. Sophisticated studies of survey instability then

involved building (necessarily) assumption-laden models of the relatively rare multi-wave

panel studies (e.g., Brady, 1993; Erikson, 1979; Hout and Hastings, 2016). In contrast,

this new survey technology (1) cuts preparation time from months to hours, (2) reduces

costs, and (3) enables researchers to avoid ex post modeling assumptions via ex ante

survey design choices.

More fundamentally, the core of any research strategy involves making oneself vul-

nerable to being proven wrong and learning from the process. Since using the same data

for hypothesis generation and validation removes such vulnerability, best practice under

the previous survey technology regime involved pre-registering hypotheses to avoid just-

so stories or p-hacking. In contrast, (4) under the new survey technology, researchers can

easily run many out-of-sample tests in fresh data, each producing additional chances to

correct mistaken hypotheses and develop better theory. Thus, instead of offering one set of

speculative hypotheses followed by a single test (or preregistration which, in this situation,

would be performative), we adjust initial hypotheses as we learn from many sequentially

run experiments, all with reduced risk of p-hacking. We make ourselves vulnerable to

being proven wrong by repeatedly rerunning surveys from scratch in newly collected data
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and encourage others to replicate our results in new data. In practice, we continued mod-

ifying our ideas and running surveys to test them until we were able to accurately predict

the outcome of tests of our ideas in new survey data. This strategy provides more chances

to be wrong and thus the ability to progress faster, learn more, and — by bringing more

data to bear on the problem — generate more confident conclusions.

Finally, (5) we take advantage of this technology to offer three types of research trans-

parency, ordered from customary to novel. First, following now standard practice, we

make publicly available in Dataverse a replication archive with all the data and code nec-

essary to reproduce our statistical results, beginning with the data we collected (King,

1995, 2007). Second, we provide easy ways of replicating our entire data collection pro-

cesses from scratch in new data and new populations. And third, we try to make transpar-

ent where we were not merely vulnerable to being proven wrong, but were actually wrong

along the way to our final conclusions. This includes many tests we conducted where

our early hypotheses were incorrect, survey designs were flawed, question wordings were

confusing, experimental setups were defective, attempts at survey measurement had unin-

tended treatment effects, and overall theories of survey instability were inadequate to our

goals (see Supplementary Appendix A9).

Online survey platforms do not solve all problems with the existing survey regime. To

deal with the power of the platform, we also developed some proposed ethical standards

for their use (see Supplementary Appendix A8. Additionally, most platforms promise

some form of “representativeness” but neither they nor traditional surveys are able to

overcome the epidemic of nonresponse to guarantee true probability samples. Survey

researchers have also long been aware that the survey mode can in some cases impact

survey responses. Finally, we are able to provide evidence that severe contamination by

AI bots is unlikely (see Figure 6 for details).

3 Prior Explanations

The literature offers two conflicting explanations for survey instability: respondent prefer-

ences on major issues are nonexistent or real but observed with noise. The first is a claim
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about the nature of human beings who have no actual preferences over major issues of the

day, and thus respond whimsically, randomly, or without any anchor to real thought. The

second is interpreted as due to measurement error in the survey instrument.

Nonexistent Preferences The first and most extreme position in the literature is that of

Converse (1964) who argued that high levels of survey instability on major issues com-

monly debated in presidential election campaigns stems from respondents with nonexis-

tent preferences (what he called “nonattitudes”). This may include respondents who do

not understand the subject of the question or the response options. While we all have

no preferences on or knowledge about some issues, subsequent social scientists have re-

peatedly shown that ordinary citizens have genuine preferences on a wide range of topics

and rarely change them without a reason. Perhaps the most compelling reason to reject

the nonexistent preferences explanation is the vast array of systematic, replicated findings

from survey-based scholarship on attitudes, opinions, and behaviors in thousands of aca-

demic articles across fields over three-quarters of a century. This point has been formally

demonstrated via model-based methods (e.g., Achen, 1975; Erikson, 1979) and modern

model-free approaches (Ansolabehere, Rodden, and Snyder, 2008).

Nonexistent preferences on major issues would be particularly surprising given that

even intentional attempts to change reported preferences usually fail because of a range of

psychological phenomena including “epistemic vigilance” (aka, good BS detectors; Sper-

ber et al. 2010), “psychological immune systems” (Gilbert, Pinel, et al., 1998), “status

quo bias” (Samuelson and Zeckhauser, 1988; Godefroid, Plattfaut, and Niehaves, 2023),

“belief perseverance” (Wilson and Brekke, 1994, p.122), confirmation or “myside” bias

(Mercier, 2022), and self-consistency instincts (Isenberg and Brauer, 2022). Indeed, even

the most extensive attempts at persuasion throughout history have had highly limited ef-

fects, as political candidates in democracies, dictators of totalitarian regimes, and mar-

keting directors for commercial products consistently find (Mercier, 2020). Changing

behavior and attention is sometimes possible, but the high instability in most surveys on

major issues is unlikely to be fully explained by nonexistent preferences.
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Measurement Error The second explanation for survey instability is the popular idea

that preferences are observed with noise, generated by measurement error due to our

flawed survey instruments. Researchers have in fact shown through decades of hard work

how to remove numerous forms of survey bias — including question order, wording, se-

mantics, translation, interpersonal incomparability, interviewer or mode effects, sample

designs, etc. (Blackwell et al., 2025; Hopkins and King, 2010; Berinsky, 2017; Schwarz,

2007b; Schwarz, 1999; Stantcheva, 2023; Vannette and Krosnick, 2017; Schaeffer and

Dykema, 2020; King, Murray, et al., 2004). However, if a survey improvement reduces

bias in Q1a and Q1b in the same way, its effect on instability, which is a function of their

difference, could still be zero. For example, adding the word “baby” to a question about

abortion (or to the prior question for priming) may dramatically increase the prevalence of

pro-life survey responses, but we would not expect that adding the word to both questions

would change instability since both would increase by roughly the same amount. Most

survey improvements are effective at reducing bias, but they are not usually intended, ex-

pected, or found to reduce instability. Indeed, despite the substantial progress researchers

have made in reducing survey instrument bias over many decades, we have been unable

to detect any historical reduction in estimates of survey instability (see Section 2.3).

We now offer nine more direct experiments that test this hypothesis and which show,

consistent with what we infer from the literature, that measurement error is not the primary

cause of instability.

First, we study question wording improvements designed to bring the 2008 American

National Election Survey (ANES) in line with the best survey practices. To do this, we first

ran four randomized experiments comparing the original ANES questions to the new ones

designed to reduce measurement error. The problems fixed in the individual questions

include a lack of response labels (Surveys 40 and 41), a simplification from two questions

to one shorter one (Survey 42), and a double barreled question (Survey 43), along with

other smaller wording improvements. The vertical axis of Figure 2 indicates the average

instability difference between those randomly assigned the original vs. changed question

wordings (in the first four results at the left). Point estimates appear as dots with 50% and
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95% confidence intervals, along with a horizontal line marking no difference. These four

tests (shown at the left in the same order as the survey number), reveal a small increase in

instability for two questions and a slightly larger decrease for the other two, but with none

significantly different from zero. Taken together, these results suggest that these improved

question wordings do not account for most survey instability.2
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Figure 2: Reducing Bias Does Not Reduce Survey Instability. The effects of ANES ques-
tion wording changes on instability (at the left corresponding to Surveys 40–43, respec-
tively) and of the same questions before Q1a and Q1b to test priming (at the right; Surveys
44 and 58).

Finally, we study priming, the hypothesis that respondents hold multiple conflicting

“considerations” and answer each survey question depending on which is activated at the

time (Zaller and Feldman, 1992). According to this logic, the question immediately pre-

ceding Q1a and Q1b may prime the respondent to answer in different ways, thus produc-

ing instability. Of course, numerous tests confirm the impact of priming, but we sought to

test whether this matters in our conjoint-based experimental platform. We thus randomly

assigned respondents to a control group, which received our standard question battery

with a separate conjoint as a burn in and our usual randomly assigned attributes (B1 Q1a

D2 D3 D4 Q1b), and the treatment group, which received repeated identical questions

serving as a treatment, T4a and T4b, before both Q1a and Q1b (T4a Q1a D2 D3 T4b

Q1b). We tried five different primes—a conjoint question (Survey 44) and primes sug-

gesting that voters should prefer candidates with certain ages, personal qualities, races,
2Although measurement error does not seem to explain observed levels of instability, some types might

still have an effect. We tried to show this by generating an exception that proves the rule, but we only
managed to produce the predicted effect by wording a question far more confusing than any that we have
seen used in practice. See Survey 36, with wording like “Which candidate do you not dislike the most?”

10



and gender (Survey 58). If the considerations have a noticeably large effect on instabil-

ity, the treatment group—consistently primed by the same content—should show more

stable responses. However, we find a near zero instability difference (the result at the

right of Figure 2), suggesting that priming by different considerations, even if important

in reducing bias, is not a major contributor to survey instability.3

The evidence in all five experiments is consistent with that implied by the literature:

survey measurement error does not account for large portions of the observed levels of

survey instability.

4 Intrinsic Human Stochasticity

The literature in Section 3 logically partitions explanations for survey instability into re-

spondents with preferences that are (1) nonexistent and (2) observed with noise, but with

little positive evidence for either. We now enhance the second explanation, which has

previously been interpreted as due to measurement error. The inadequacy of this view

has long been suspected: as Zaller and Feldman (1992) points out, this explanation is

“underspecified at its theoretical core. When, as all estimates agree, measurement ‘er-

ror’ typically constitutes one-half or more of the variance of typical attitude items, one

naturally wonders what exactly this ‘error’ consists of and how it has been generated.

Yet we presently know so little about these questions that the term remains essentially an

alternative name for ‘unexplained variance’.” (Emphasis removed.)

We propose that conceptualizing “preferences observed with noise” as measurement

error omits an important source of observed noise. In fact, in many areas devoted to

measurement outside of survey research, researchers recognize this noise as having two

sources: (a) measurement error and (b) intrinsic stochasticity (see Figure 3). We propose

to extend this to survey research. This crucial distinction, between variability due to the

measuring instrument and fundamental stochasticity of the object being measured, is re-

ferred to as technical vs. biological variation (in biology; Molloy et al. 2003; Bryant et al.

2011), estimation vs. fundamental uncertainty (in quantitative social science; see King

3As shown in Figure A3, these questions were effective in priming bias on individual questions.
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1989), thermal noise vs. physiological error (in fMRI studies; Triantafyllou et al. 2005;

Brooks et al. 2013), the limits of optical microscopy such as diffraction and representa-

tion vs. Brownian motion (in soft matter physics; King, Engel, et al. 2025; Rose et al.

2020), measurement error vs. individual differences (in psychometrics; Hajcak, Meyer,

and Kotov 2017), among others.

Survey Instability
Explanations

Nonexistent Preferences

Preferences
Observed with Noise

Measurement Error

Intrinsic Human
Stochasticity

Figure 3: Explanations of Survey Instability, from the literature and our proposed expla-
nation (in red).

To be clear, the “intrinsic” in “intrinsic stochasticity” does not refer to a component

part of the subject of study; it means “essential to its existence”. Because electrons have an

intrinsic negative charge, the charge cannot be removed without destroying the electron.

Similarly, stochasticity is intrinsic to human beings and thus survey responses. A creature

with zero stochasticity is not an “attentive respondent;” it is not even a (live) human

being. Perhaps surprisingly, intrinsic stochasticity is both omnipresent and beneficial to

the organism.

In the first, stochasticity is generated everywhere in biology — by failures of memory,

fluctuations in other brain activities, environmental influences, neural noise and activa-

tion, path dependence in memory retrieval, subconscious desires or worries, variation in

sensory noise, etc. Indeed, a “person” is not even a fixed entity over time, as 1.2% of

every human’s cells are replaced every day (Sender and Milo, 2021), as are many more of

the bacteria and viral particles that live within us (which themselves vastly outnumber our

own cells; Sender, Fuchs, and Milo 2016; Liang and Bushman 2021). (If you felt like a

new person when you woke up this morning, you were right, literally.) For a particularly

vivid example of the role of randomness, olfactory sensations have well-documented ran-

dom representations in the brain’s piriform cortex (Stettler and Axel, 2009; Sosulski et al.,

2011), a feature conserved across species over evolutionary history (Caron et al., 2013).
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In the second, instead of being a “bug,” this omnipresent stochasticity turns out to be

a “feature” that optimizes many specific biological processes (Heams, 2014; Ilan, 2020),

at “all scales of brain activity” (Rolls and Deco, 2010; McDonnell, Goldwyn, and Lind-

ner, 2016, p.5), and even, most prominently, Darwinianism. The advantage of just the

right amount of randomness is known as “stochastic facilitation” and enhances learning,

creativity, the stability of cognitive states, recall, decision making, information process-

ing, the efficiency of neural networks, perception, and many other areas (McDonnell and

Ward, 2011).4

5 Sources of Intrinsic Human Stochasticity

We now outline the sources of intrinsic human stochasticity. Because the “causes of an

effect” are not as well defined as the “effects of a cause” (Holland, 1986), we need to

narrow our goals (after all, the big bang, the birth of the survey respondent, and a finger

muscle clicking an inconsistent answer are each full explanations of survey instability,

but obviously not useful for social science research). Thus, in our search, we choose to

focus on only those sources useful for the goals of social science research, which include

(1) understanding the people social scientists study and (2) improving survey design and

analysis.

Figure 4 offers a high level summary of our explanation of the sources of intrinsic

human stochasticity, with survey instability at the right side and the sections below that

follow, progressing backwards, from most proximate at the right to the least proximate

4As an analogy, consider performing a Computed Tomography (CT) scan on the same patient twice
in a row. Even with a perfect scanner, the scans would differ because of flowing blood, electrical and
chemical signaling, a pumping heart, moving lungs and diaphragm, a churning stomach, synaptic activity,
glands releasing hormones into the bloodstream, peristalsis moving food through the digestive tract, muscles
twitching, eyes moving, food and hydration influencing organ size, metabolic rate changes, etc. Survey
responses are like CT images: The same squishy, moving, flowing, signaling, squeezing, twitching creature
in the scanner is the one we’re asking questions of in a survey and must be present in what comes out
of the same patient’s mouth when asked a question. It just turns out that intrinsic stochasticity is part of
the total survey error researchers try to reduce (see Groves and Lyberg, 2010). Hints from the literature
about the presence of intrinsic human stochasticity can be seen in labels used for this extra variability,
such as “random responding” (Pinsoneault, 2007), respondent “reliability” (Tourangeau, 2021; Alwin and
Krosnick, 1991), “inattentive respondents,” (Alvarez et al., 2019) “careless respondents” (Meade and Craig,
2012), “inconsistent responding” (McGrath et al., 2010), “non-content based responses” (Arias et al., 2023),
and “insufficient effort respondents” (Huang et al., 2012).
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at the left. These include survey response decision making (with evidence in Section

5.1), cognitive processes (Section 5.2), psychological states (Section 5.3) and individual

characteristics (Section 5.4).

Individual
Characteristics

Demographics,
Socioeconomics,
Knowledge

Psychological
States

Preoccupation,
persona, mind-
wandering, atten-
tion (see Table 1)

Cognitive
Processes

Survey Complex-
ity, Time on task,
Divergent process-
ing

Decision
Making

Stochastic Mod-
els (Probability
Matching, Ran-
dom Utility)

Survey
Instability
Di=1(Ci1 ̸= Ci2)
D = mean(Di)
E(D) = ∆

(No memory; no
material change)

; ; ; ;

Survey Question Level Survey Response Level

Figure 4: Sources of Intrinsic Human Variability as an Explanation for Survey Instabil-
ity. (The symbol “;” means “leads to” and indicates a rough temporal ordering, not
necessarily causality. Black boldface corresponds to sections that follow.)

5.1 Decision Making

We now describe the most proximate of the causes of survey instability we study, the

decision made when answering a survey question (See Figure 4). Unfortunately, the vast

literature on human decision making is not often used in the survey instability literature

and so we mine the former to enhance the latter. In particular, we focus on the distinction

between deterministic and stochastic decision making — with only the latter a contributor

to intrinsic human stochasticity that could generate, and help explain, survey instability.

We first clarify results from this literature with a simpler mathematical representation,

and then offer our own empirical experiments, all of which confirm that survey decision

making has a large intrinsic stochastic component, even with minimal possibilities for

impacts of measurement error, indifference, and respondent uncertainty about the decision

environment.

Recall that the respondent’s (observed) choice in answering a binary question is Cit ∈

{0, 1} (see Section 2.1). We now also define a respondent’s “preference” as a fixed but

unobserved state indicating which option is better for them and denote it as ρit ∈ {0, 1}.

Because respondents are uncertain about the value of ρi, they form beliefs about which

option is better, which we formalize as πi, the probability that ρi = 1. Under the “no
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material change” condition, we simplify these as ρi1 = ρi2 ≡ ρi and πi1 = πi2 ≡ πi.

Our goal is to show under what circumstances observed survey instability Di is gener-

ated during repeated mappings from known fixed beliefs πi (about unknown preferences

ρi) to observed choices Cit.

Deterministic Models A deterministic model of decision making turns beliefs into

choices without error: if a respondent’s knowledge of their preferences remains the same,

πi1 = πi2, then their survey choices should remain identical Ci1 = Ci2 so that Di = 0.

Although numerous deterministic decision making models can be constructed (e.g.,

“always choose the option in the first column”), the rational choice expected utility model

is the most common. In this model, respondents make survey choices that maximize their

utility by maximizing the probability that they opt for their true preference:

Cit = 1(πi > 0.5) (1)

where the indicator function 1(a) = 1 if a is true and 0 otherwise. Although this model

is certainly used by ordinary people in many situations, and is useful as a first step in

modeling, “a fairly large body of experimental evidence. . . shows that subjects systemat-

ically make choices that violate properties required by expected utility” (Keller, 1992),

especially in low-stakes situations like survey responses (Jenke et al., 2021).

Stochastic Models We partition stochastic decision models based on whether stochas-

ticity is thought of as (a) an input, as most common in economics, or (b) a fundamental

consequence of cognitive heuristics (or other biological variation), as is more common

in psychology. The economics approach is more mathematically encompassing; the psy-

chology approach may be more consistent with empirical evidence.

In economics, the random utility model generalizes the expected utility model in Equa-

tion 1 by adding a mean zero error term, ηit, generated just before the decision is made:

Cit = 1(πi + ηit > 0.5) (2)

Because πi + ηit is the best information the respondent has about their beliefs, who then
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decides rationally, this decision making process is known as “stochastic rationality”.5

In psychology, the most popular stochastic decision making model is known as prob-

ability matching, which we write as

Cit ∼ Bernoulli(πi) (3)

where choices are independent over t. For those accustomed to studying or assuming ra-

tionality, this model can be perplexing because the probability that the respondent makes

a choice equal to their preference is lower than under expected utility.6 However, the ev-

idence overwhelming supports it: “probability matching has been observed in thousands

of geographically diverse human subjects over several decades, as well as in other ani-

mal species, including ants, bees, fish, pigeons, and primates [lengthy citations omitted].

In virtually any setting where a [human or nonhuman] animal is able to make a choice

between A versus B in a randomized experiment, we observe probability matching” (Lo,

Marlowe, and Zhang, 2021).

Interpretation Survey instability is obviously zero for respondents following the deter-

ministic expected utility model (Equation 1). It is positive for those using the stochastic

random utility (Equation 2) or probability matching (Equation 3) models. To show this

for both stochastic models, let Pr(Cit = 1) ≡ p, and then expected individual survey

instability is

∆i = p(1− p) + (1− p)p = 2p(1− p) > 0, (4)

where ∆ =
∑N

i=1∆i/N > 0, and so survey instability is positive.7

5Economists usually derive these models via reasonable but unnecessary stories about respondents max-
imizing unobservable utilities. Under Equation 1, the utility for option 1 is Uit1 = πi(1)+(1−πi)(0) = πi

and 0 is Uit0 = πi(0) + (1 − πi)(1) = 1 − πi. Under Equation 2, errors ϵit1 and ϵit0 are generated just
before each choice, and the resulting utilities are Uit1 = πi + ϵit1 and Uit0 = 1 − πi + ϵit0. To derive the
simpler version of the model we give in Equation 2, let ηit = (ϵit1 − ϵit0)/2.

6For example, if (for any one survey question) π = 0.7 then, under the rational mechanism, they choose
C = 1 every time, which gives them their (true) preference 70% of the time. In contrast, under probability
matching, the respondent now only chooses C = 1 with probability π = 0.7 and, of those choices, they are
right only 0.7 of the time; similarly, they choose C = 0 with probability 1 − π and are only correct 1 − π
of the time. Thus, under probability matching, the respondent chooses their preference with probability
π2 + (1− π)2 = 0.58 < 0.7.

7Under probability matching, Equation 4 specializes to p = πi and so ∆i = 2πi(1 − πi) > 0. Under
the random utility model, the expression specializes to p = Pr(Cit = 1) = Pr(ηit > 0.5 − πi) =
1 − F (0.5 − πi), where F (·) is an assumed continuous cumulative distribution function of ηit, and so
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Our simple reformulation of these models also makes clear their connections. First,

as a mathematical entity, ηit in the random utility model is unobserved and so can be any-

thing, but it is normally interpreted as producing uncertainty about knowledge of πi, and

humans as always making deterministic, rational decisions, conditional on all available

information. This (and the simple math involved) implies that expected utility (Equation

1) is a special case of random utility (Equation 2) with ηit = 0. Second, while the random

utility model is deterministic given stochasticity, i.e., ηit, the probability matching model

is irreducibly stochastic: If πi is known to the respondent (and ηit is irrelevant or zero),

survey instability remains positive. Finally, although random utility can in a special case

produce the same choice probabilities as probability matching,8 they involve fundamen-

tally different mechanisms for generating trial-to-trial variability within a respondent over

time and hence testable predictions. All of these stochastic mechanisms are consistent

with our claims about intrinsic human stochasticity.

Other Stochastic Decision Models Our claims do not depend on which decision mak-

ing model is correct, so long as respondents are not making decisions solely determinis-

tically. Indeed, decision models beyond random utility and probability matching also im-

ply intrinsic stochasticity. These include models combining these stochastic approaches

with the deterministic expected utility model, and others that introduce stochasticity di-

rectly (e.g., Stewart, Chater, and Brown, 2006; Graham, 2023). Similarly, preferences

interpreted as “enduring personal dispositions” are observationally equivalent to those

based on “evaluative judgments, formed when needed” (Schwarz, 2007a), including when

formed as the average of “considerations” that happen to be salient at the moment of the

survey (Zaller and Feldman, 1992), each of which may contribute to intrinsic stochastic-

ity. All these and other decision making models imply intrinsic stochasticity that would

lead to survey instability, as does our experiments which we now describe.

∆i = 2[1 − F (0.5 − πi)] · F (0.5 − πi) > 0, which is also therefore positive. (The two choices are
conditionally independent because noise is drawn afresh each time.)

8When the random utility model is used for the logit or probit discrete choice statistical models, F (·)
is assumed cumulative logistic or normal. If instead we assume a version of the linear probability discrete
choice model, and so assume ηit ∼ Uniform(−0.5, 0.5), then because F (u) = u + 0.5, Pr(Cit = 1) =
1− F (0.5− πi) = 1− (0.5− πi + 0.5) = πi, which is probability matching. See also Vulkan (2000).
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Empirical Evidence We now describe eight separate studies designed to hold respon-

dents’ preferences fixed and known to them by telling (and teaching) the respondent their

beliefs (πi) about their preferences. Although our claims only requires the presence of

some stochasticity in decision making, which would be satisfied under random utility,

probability matching, or other stochastic models, we can provide some more information

about the nature of the stochasticity. That is, if respondents are using the random utility

model, ηit will be close to zero, their choices will follow the expected utility model, and

survey instability should be close to zero. In contrast, if respondents are using probability

matching or other more irreducibly stochastic models, then the results of our experiments

should yield high levels of stochasticity (and survey instability). That is, by teaching

respondents their values of πi, we greatly reduce respondents’ uncertainty about the deci-

sion context that might otherwise generate stochasticity. It eliminates the possibility that

instability is driven by exact indifference, which occurs when πi = 0.5 under the expected

utility model. And we also try to eliminate approximate indifference, which occurs when

expected utility is violated due to a large enough error under the random utility model

(e.g., Cit = 1 under expected utility when πi > 0.5 but random utility can reverse when

ηit is negative enough so that πi + ηit < 0.5). (Alternatively, if ηit remains nonzero even

after all identifiable sources of uncertainty are removed, then it cannot be interpreted as

noise added to a deterministic process but is itself the irreducible stochasticity we de-

scribe.) As we now demonstrate, the results provide considerable evidence that survey

decision making is intrinsically stochastic (results which are consistent with additional

analyses in Supplementary Appendix A4 which show that more divergent answer options

produce less instability but nowhere near enough to explain the bulk of instability).

Figure 5 gives the results, with survey number on the horizontal axis and the percent

choosing stochastically on the vertical axis. Point estimates range from 45% (Survey 31)

to 66% (Survey 33) stochastic (as opposed to deterministic), with confidence intervals far

from zero (which would have suggested people decide by rational choice or some other

deterministic procedure).9

9We also count as non-stochastic the smaller number who always do exactly the opposite of the rational
choice model.
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Figure 5: Percent Stochastic Decision Makers, across eight separate experiments.

We begin with Survey 31 (at the left of Figure 5) which asks “For this election, say

that you know that there is a three in four chance that Candidate A is better for you and

the country, and a one in four chance that Candidate B is better. (Unfortunately, you

don’t know anything else about the candidates.)” We then ask the respondent to make

four choices of A or B, for four separate offices in the same election. If respondents

understand the question completely, the (stochastic) random utility model would reduce

to the (deterministic) expected utility model, with no instability. Although mathematical

perfection like this never translates to the empirical world, and respondents may even

choose to limit their scarce attention to the question, our experiments are still designed to

reduce the variance of ηit to near 0. In this first experiment, the expected utility model

predicts that all respondents would vote for Candidate A for all offices, but in fact an

average of 45% of respondents violated the expected utility model, which is clear evidence

of stochasticity.

In Surveys 32 and 33, we repeated the experiment, with the same setup, except that
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Candidate B was the preferred candidate (to rule out a deterministic decision rule by time

optimizers). In Survey 34, we show that these results hold in a different context by ask-

ing respondents how they would vote in a single election if allowed to allocate ten votes

freely between the candidates. This design assesses whether individuals add stochasticity

to their decision making for a single time point (by splitting their votes between candi-

dates against their maximum utility preferences). In Surveys 37 and 38, we repeated the

experiment with three survey questions preceding the exercise where we tried to ensure

that the respondents fully understood our instructions and gave them sufficient attention

to do so, which we did by asking them about the instructions and informing them if they

gave the wrong answer. In Survey 49, we altered the probabilities of the candidate being

better for the respondent and the country, to three in five and to nine in ten, respectively.

Across all eight surveys, an average of 50.5% of our sample violated determinis-

tic mappings from beliefs to choices and revealed clear and robust evidence of enough

stochasticity to constitute a meaningful component of observed survey instability.10

5.2 Cognitive Processes

The next most proximate factor generating intrinsic human stochasticity (from Figure 4),

which then leads to survey instability, is cognitive processes. We now identify three of

these processes that are particularly useful for social scientists and survey researchers:

(1) survey questions with high cognitive complexity (complex or unfamiliarly worded

questions and/or larger numbers of response categories), (2) respondents spending low

time on the survey task for any given question, and (3) divergent cognitive processing

for the two questions. Note that cognitive process (1) varies over questions, (2) over

respondents within a question, and (3) over the two-trial pair of questions.

10To convince oneself and others that probability matching is a common method of translating uncertain
preferences into choices, and hence is an important source of survey instability, try presenting the following
decision to an audience (composed of students, colleagues, or almost anyone; we have found it even works
for an audience of academic decision scientists). Explain that everyone gets to vote in 10 elections, each for
Candidate A or B. Unfortunately, all you know in each election is that Candidate A is better for you than
Candidate B with 70% probability. By a show of hands, ask how many would vote for Candidate A in all
10 elections (usually just a few raise their hands). Then pick someone who didn’t raise their hand and ask
how they would vote and why, and in discussion you quickly hear something close to probability matching.
We find this result robust and replicable, just like our formal experiments in this section.
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Cognitively Complex Survey Questions We show here that response instability is gen-

erated by survey questions with high cognitive complexity, including complicated ques-

tions or larger numbers of response options (see Tourangeau, 2021). This point is consis-

tent with the human brain generating more stochasticity the more it is used to process a

thought (Section 4). We demonstrate this result by collecting a sample of widely used sur-

vey questions (from the Roper Center’s iPoll service; see RoperCenter.cornell.edu/ipoll)

spanning a large range of degrees of cognitive complexity and estimating the instabil-

ity for each. To select questions, we used measures of cognitive complexity based on

our own subjective evaluation, quantitative summaries (e.g., Lenzner, Kaczmirek, and

Lenzner, 2010), and time-on-task (which a respondent spends reading, interpreting, and

understanding the survey question) averaged over a sample, all with similar results.

In Figure 6, we plot the levels of survey instability (vertically) for each selected sur-

vey question by average time-on-task (horizontally). Results in blue show that instability

increases steeply with higher levels of cognitive complexity. Our standard conjoint ques-

tion is replicated in this analysis and highlighted near the middle of the pack (at about 15

seconds and 26% instability).11

The least cognitively complex question we included is gender (at the left): “What is

your gender? (man, woman, other)”. As the figure indicates, this question has essentially

zero instability, which is no surprise given that even small children can report their gender

without delay and seemingly without any thought.

In contrast, consider the most cognitively complex question (Figure 6, top right):

“Some people think we need much tougher government regulations on busi-
ness in order to protect the environment. Suppose these people are at one end
of a scale, at point 1. Others think that current regulations to protect the envi-
ronment are already too much of a burden on business. Suppose these people
are at the other end, at point 7. And, of course, some other people have opin-
ions somewhere in between, at points 2, 3, 4, 5, or 6. Where would you place
yourself on this scale, or haven’t you thought much about this? (with choice

11To prevent our experimental protocol changes in this figure from violating the “no memory” condition,
we included larger numbers of distractors than we ordinarily do with conjoints, and question types similar
to the question of interest. We found that no respondent noticed and reported seeing a survey question twice.
In addition, so that we can directly compare instability levels without risk of sample selection biases, we
conducted this analysis by randomizing respondents to the eleven “treatment regimes” corresponding to the
questions in Figure 6. See Supplementary Appendix A9 for details.
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Figure 6: Survey Instability by Cognitive Complexity, measured by average time an-
swering a survey question. Results (in blue) are averages for 11 survey questions with
95% confidence intervals from random samples of humans. Results at the bottom marked
“synthetic” (in orange) are created by simulations from large language models, with well
known problems of homogeneity, and confirm that our human sample is unlikely to be
affected by bots.12

buttons for 1–7)”.

Think how much cognitive power it takes to understand this question. The respondent is

being asked to visualize a sophisticated seven point scale that is clear at the start only in

the researcher’s mind. The scale is described carefully (although professorially), but re-

quires sustained attention, considerable memory, and contextual understanding. Question

12We generated 1500 synthetic respondents using Claude by Anthropic to mirror our human respondents
on demographic and political questions, location, race, age, education, income, party ID, ideology, and
2024 vote. We then administered the same survey to these simulated respondents as we did to the human
respondents. As predicted from well-known flaws in large language models (Luo et al., 2026), instability
levels were well below those from the human responses.
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wording is also geared much more toward what the researcher wants than how ordinary

survey respondents think and talk in their day to day lives, making it even more complex

for most respondents than researchers. The result is that survey instability on this question

reaches a substantial 53%. See the Supplementary Appendix A9 for details on these and

other questions.

The practical implication is clear: researchers can avoid some instability by writing

survey questions respondents understand, in their language, the way they typically think

about the world, rather than the way we researchers wish to analyze the resulting data.

Lower the cognitive complexity of survey questions when possible, even if the resulting

analysis may be complex, difficult, and sophisticated.

Low Time on Task In the previous section, we showed that across survey questions,

higher average time-on-task measures higher cognitive complexity which yields higher

instability. We now show that, for respondents within a survey question, lower time-on-

task measures lack of attention to the question, which also generates higher instability.

The distinction is stark but not contradictory, since understanding any question, no mat-

ter the level of cognitively complexity, requires some threshold degree of attention for

understanding, and of course more for more complicated questions.

To study time on task for different respondents within questions, we conducted both

observational and experimental studies, the former to understand reasonable parameter

values for the experiment and the latter to demonstrate causality. We summarize our

results in Figure 7, with the observational study in Panel (a) (Surveys 15–18, combined)

and experimental study in (b) (Survey 20), and with measured time on task (averaged from

Q1a and Q1b) on the horizontal axis and instability (D) on the vertical axis. Because

we cannot know when respondents are paying attention or force them to pay attention,

measured time on task in both cases is actually the maximum time on task that respondents

could devote, with the true level possibly lower due to factors such as mind-wandering.

Despite this unavoidable measurement error, a strong pattern can be seen in the figure,

with instability for those who spend two seconds at about 0.5, the equivalent of flipping

coins to choose a candidate, and dropping fast as respondents put more time in, until they
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have put in about 10 seconds, at which point instability levels off (at a still substantial

0.22) no matter how much more time the respondent puts in.
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Figure 7: Time on Task Decreases Survey Instability, with observational results in (a)
and a randomized experiment in (b). In (a), the dots are jittered indications for individual
respondents of whether they gave the same (0) or different (1) answers for Q1a and Q1b,
to which we have added a running mean (black line) and confidence interval (gray area
around the line).

Our claim about the effects of time on task is causal, and so we take this a step further

and run an experiment where respondents are randomly assigned time constraints of two,

four, six, eight, or an unlimited number of seconds to complete each conjoint question

(numbers we chose based on the results from Panel (a)). Again, these are maximum

values of time on task. In Panel (b), we find results consistent with the observational

study: Instability started at approximately 0.50 among those given only two seconds and

dropped to 0.26 among respondents allotted six seconds.

Divergent Cognitive Processing In the previous two parts of this section, we show that

survey instability can be generated by more cognitively complex survey questions and

respondents who spend insufficient time reading and understanding the question. We now

complement these results by demonstrating that, even when respondents spend sufficient

time, instability can increase when processing information in the first and second ques-
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(a) Respondent Gaze Track (b) No Human Stochasticity (c) Distance by Survey Instability

Figure 8: Gaze Behavior via Eye Tracking (based on Surveys 55–56)

tions in different ways. This “divergent cognitive processing,” even when accompanied by

large amounts of time on task, can still increase instability. This finding may be the spe-

cific mechanism by which modern survey design, through appropriate priming reductions,

can mitigate unnecessary instability.

We measure divergent cognitive processing via a well known source of intrinsic hu-

man stochasticity in the gaze behavior of human respondents (Vasudevan, Murthy, and

Padhi, 2024). We do this via web-based eye tracking technology that we modified for

these purposes and then demonstrate how this source of stochasticity helps explain survey

instability. We do this in four steps.

First, to improve implementation accuracy for this set of experiments, we modify how

we present the conjoint by listing attribute types in the middle, candidate A’s attribute

values to the left and B’s to the right. Figure 8(a) gives an example of estimates of one

respondent’s gaze behavior for Q1a (in blue) and Q1b (in red), with starting points as cir-

cles, saccades as arrows, and fixations as dots. We print for reference the survey question

in gray in the background.

The particular respondent portrayed in Figure 8(a) (who we chose for expository clar-

ity) looked all over the survey form in Q1a (see the blue lines and dots) but, for Q1b,

focused primarily on the attribute values for the candidates in Q1b (see the red lines and
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dots). The figure also vividly displays the stochasticity inherent in gaze behavior, which

can be seen (to a first order of approximation) by eye tracks darting around in apparently

random local directions, even when forming global patterns.

Second, we summarize in a single number how different the gaze behavior is for Q1a

and Q1b via the Fréchet Distance (Alt and Godau, 1995). This metric is most easily

understood by first conceptualizing the two eye tracks as the paths of a person with a dog

on a retractable leash. Each can move forward or stop any number of times, at any speed,

following the existing path, but neither can move backwards. The Fréchet distance is the

farthest the retractable leash has to extend at any point during their trip (for all possible

trips following these rules). Because the gaze behavior is so different for Q1a and Q1b for

the respondent in Figure 8(a), the Fréchet distance of 791 (displayed at the bottom left) is

large, which can be seen because it is a substantial fraction of the pixels on either axis.13

Third, we take into account the fact that the variability observed in Figure 8(a) may

be due to both the measurement device, which is important to remove, and intrinsic hu-

man stochasticity (the same point made in Section 3, although measurement error-induced

stochasticity from eye tracking technology is likely larger than from survey instruments).

To account for this issue, we construct what we call an artificial (nonstochastic) human

being. We do this by videotaping a respondent answering a conjoint question and using

a monitor playing the video in place of the real human to record data from the same eye

tracking technology while “answering” Q1a and Q1b. That is, for Q1a and for Q1b, one

computer monitor plays the video facing the other measuring the eye tracks. This enables

us to eliminate all human stochasticity because the artificial person’s eyes are doing ex-

actly the same thing for both questions, a feat real (stochastic) humans cannot accomplish

(regardless of how hard they try). In the absence of measurement error, the two curves

would be identical (with a Fréchet distance of 0). We display results in Figure 8(b) where

the red and blue eye tracings do track each other, but with noticeable variability. While

the Fréchet distance for the one (extreme) actual person in Figure 8(a) is 791, the mean

over a sample of (n = 609) respondents we collected is 653, and the one artificial re-

13Other common distance metrics for discrete paths, such as dynamic time warping or Hausdorff, give
essentially the same substantive conclusions.
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spondent in Figure 8(b) is only 258 (repeats of the artificial respondent experiment gives

similar numerical results). We thus conclude that the mean artificial-respondent Fréchet

distance of 258 places an upper bound on what eye-tracker noise alone can explain, so at

least (653−258)/653 ≈ 60% of the observed separation is attributable to intrinsic human

variability, which is still quite substantial.

Finally, we arrive at the main point of this section, which is to show that divergent

cognitive processing on the two questions, as measured by differences in a respondent’s

gaze behavior, predicts survey instability (Surveys 55-56). Figure 8(c) gives these results,

with total Fréchet distance on the horizontal axis and survey instability on the vertical

axis. Individual respondents appear as dots at 0 or 1, with jitter for graphic clarity. The

relationship can be seen most clearly with the smoothed LOESS curve (in red, along with

confidence intervals in gray), which indicates that survey instability is strongly predicted

by the Fréchet distance. The true relationship is likely stronger than the graph indicates,

assuming only that the measurement error-induced stochasticity we quantified above is

random noise.

5.3 Psychological States

A third precursor in Figure 4 includes four different psychological states that influence

survey instability — preoccupation, mind-wandering, persona, and attention. We present

these precursors in a typology in Table 1 organized by their common precursors — whether

each is strongly influenced by other questions in the survey (in columns) or the respon-

dent’s conscious choice (in rows). In this section, we (a) describe these four psychological

states along with how they are measured, (b) show how each influences survey instability

(and time-on-task, which leads to instability), and (c) provide evidence that a measure of

preoccupation used to filter out respondents unable to give a survey sufficient attention

avoids the well known problems with attention check questions and meets essential crite-

ria for good filters. Although preoccupation is our best practice recommendation, all these

psychological states are highly related: For example, those who are preoccupied, mind-

wandering, or take on certain persona give less attention to the survey. Understanding all

four states is thus valuable, even though only preoccupation ultimately passes all criteria
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for a good filter.

Other Survey Questions
No Yes

Respondent’s
Conscious Choice

No Preoccupation Mind-wandering

Yes Persona Attention

Table 1: A Typology of Psychological States that Affect Survey Instability,
based on whether they are Strongly Influenced by Other Survey Questions
(in columns) and Respondent’s Conscious Choice (in rows).

Psychological States and Their Measures The most well-studied psychological state

in survey research is attention (Table 1, bottom right), where respondents use their lim-

ited mental resources to focus on specific information (such as a survey question) while

ignoring environmental stimuli or unrelated thoughts. The problem is that researchers

must battle for respondents’ attention, wielding only a survey with subjects of fascination

to researchers. With attention strongly influenced by the content of the survey and the

respondent’s conscious choices (as emphasized by the table’s construction), we often lose

this battle, leading to higher levels of survey instability.

Attention is commonly measured by “attention check” questions that detect respon-

dents that fall prey to simple tricks, such as instructions (added to ordinary questions) like

“To show you are paying attention, ignore the following question and select ‘Strongly

disagree’ no matter how you actually feel.” or asking obvious questions such as “What

color does a red pen write?”. Unfortunately, researchers have shown that including these

questions (to construct filters) can introduce rather than remove bias (Berinsky, Margolis,

and Sances, 2014; Aronow, Baron, and Pinson, 2019; Varaine, 2023) in part because they

change the survey situation from one of mutual cooperation, following the Gricean max-

ims of ordinary conversation (Schwarz, 1999), to one where respondents think they are

being tricked and so treat other questions as a zero-sum game to quickly assess whether

each question is an attention check and if not devote even less time than otherwise (Hauser

and Schwarz, 2016). (Unfortunately, even explicit inducements provided by researchers,

outside of financial payments, have had mixed results in increasing attention, increasing

28



accuracy, or improving response rates; Berinsky, Margolis, and Sances 2016; Singer and

Ye 2013; Wolff 2019).

A second psychological state is mind-wandering (Table 1, top right), internally-focused

thought that is predominantly self-referential and future-oriented (Baird, Smallwood, and

Schooler, 2011) and which usually begins spontaneously via unconscious shifts in atten-

tion (Seli et al., 2016). Mind-wandering is endogenously affected by the survey but by

definition not controlled by conscious thought (reflecting its position in the table). In the

lab, respondents report mind-wandering about once every 80 seconds (Grandchamp, Bra-

boszcz, and Delorme, 2014; Hasenkamp et al., 2012). Outside the lab, the average person

spends half their waking day mind-wandering, with high levels of variation (Kane et al.,

2017; Killingsworth and Gilbert, 2010). People report mind-wandering at least 30% of

the time for every activity of daily life studied but one — sex, during which 10% admit

to mind-wandering. Designing even more engaging surveys, with lower levels of mind-

wandering, seems unlikely (and good luck trying to explain those research protocols to

the IRB!).14

Unfortunately, the usual survey seems almost designed to encourage mind-wandering.

Mind-wandering is more likely when people are bored, fatigued, and engaged in lengthy

or repetitive tasks (Danckert and Merrifield, 2018; Walker and Trick, 2018) or who care

more about their concerns and goals than a researcher’s (Wong, Willoughby, and Machado,

2023). Consideration of discontinuous topics — as most surveys require — also increases

mind-wandering (Smallwood, 2013). Instead of thinking of respondents as primarily in-

terested in our survey questions and sometimes distracted, we should probably think of

the survey as interrupting the mind-wandering respondents are doing as the survey com-

mences, and so likely leads to survey instability through time-on-task limitations.15

14We also designed experiments to manipulate the prevalence of mind wandering but these all failed; see
Supplementary Appendix A5. From our own introspection, we can suppress mind-wandering for extended
periods only when serious bodily injury would result from even the briefest distraction, such as during a
challenging ski run, but threatening the lives of research subjects would also not seem to be a good plan.

15During mind-wandering, the content of thought transitions more freely than in creative thinking or
rumination (Christoff et al., 2016; Ciaramelli and Treves, 2019) and may also prime the respondent to
answer a question in different ways. However, the topics respondents mind wander about usually differ
enough from the research questions that fascinate social scientists. As a result, survey instability may arise
more from time limitations than random priming (e.g., Girardeau et al., 2022). We confirmed this by asking
a group of respondents who acknowledged mind-wandering for the content of their thoughts. We (and
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We adapt the standard “probe-caught” methodology commonly used in psychology

to measure spontaneous episodes of mind-wandering (Weinstein, 2018). To do this, we

sometimes follow Q1a or Q1b with: “Everyone gets distracted at times. We are interested

in how often people are distracted while taking surveys. While viewing the previous

screen, did any thoughts come into your mind that were unrelated to the survey question,

or did you only think about the survey question? Please be honest; it helps us understand!”

Response options include (1) “Some thoughts unrelated to the survey question crossed

my mind” and (2) “I only thought about the question posed there.” Across eight probes in

Surveys 2, 4, 13, 14, 16, 17, 18, and 26 (n = 2,138), 26.3% of respondents acknowledged

mind-wandering some of the time. (We only ask about the previous screen and so this

figure is a lower bound on total mind-wandering during the survey.)

The third psychological state is a persona (Table 1, bottom left), the self-identity peo-

ple assign themselves when agreeing to participate in a survey, such as “earnest survey

participants,” “time optimizers,” “whimsical randomizers,” among others.

Although persona are well understood, they have not been the subject of extensive

study in psychology and so we developed our own measure. Thus, we ask near the start

of a survey: “How would you characterize yourself on the last survey you took? (1) I

finished the survey as quickly as possible, (2) I balanced speed and giving thoughtful,

accurate answers, (3) I answered thoughtfully and accurately, regardless of the time it

took”. By defining and measuring persona based on past behavior (and assuming some

stable dispositional tendency), subsequent survey questions cannot have an effect on the

measurement. However, the respondent can always self-consciously choose their own

persona for this survey.

The final psychological state we consider is whether respondents are preoccupied be-

fore they start taking the survey (the top left box of Table 1). Those preoccupied are

unusually focused or absorbed in thought about something other than the survey before

independently, a research assistant) coded each open ended response for whether the reported subject of
their thoughts might conceivably prime or bias a respondent’s answer. We were only able to find 3.5–5%
of respondents’ reported thoughts that might conceivably influence the answer. Moreover, some of these
are irrelevant because, if a respondent had the same biasing thought during both questions, it would not
affect instability. The main mechanism by which mind-wandering generates survey instability is thus likely
through time-on-task limitations.
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they begin, including topics such as social relationships, problems at work, financial dif-

ficulties, or health issues, etc. (Osborne and Gilbert, 1992). At times, all of us are preoc-

cupied with something that leads to less ability to focus on anything else. Some groups

are chronically preoccupied, such as those in poverty when thinking about money (Mani

et al., 2013). Preoccupation is by definition and measurement not affected by the content

of the survey, difficult to control by the individual, and reduces cognitive capacity avail-

able for the survey. As a result, preoccupation typically reduces time on task, leading in

turn to increased intrinsic stochasticity and thus survey instability.16

Through extensive informal experimentation and cognitive debriefing, we developed a

simple survey question designed to measure preoccupation, with the goal of being widely

understandable, personally meaningful, itself highly stable, not an inadvertent treatment,

and useful for practical applications. The question follows:

Everyone comes to a new task (like this survey) with things on their minds.
How preoccupied were you, just before you started this survey, with thoughts
or worries about your partner, job, health, children, friends, money, or other
concerns? (1) Very preoccupied, (2) Fairly preoccupied, (3) Slightly preoc-
cupied, or (4) Not at all preoccupied.

On average, across multiple surveys (Surveys 16, 26, 28, 52, and 53; n = 926), we find

that a substantial 33.8% of respondents reported being very or fairly preoccupied.

Effect on Survey Instability and Time-on-Task We now offer Figure 9, which reveals

the effect that all four psychological states have on survey instability and time-on-task.

To explain the graphic analyses presented in parallel in the four panels, we begin with

preoccupation (Panel a, top left). The horizontal axis of this graph indicates comparisons

in the levels of preoccupation between “Not preoccupied at all” as the baseline and each

of the other three higher levels as we move to the right. The top portion of the graph

(in blue) shows the relationship with percent instability and the bottom with time-on-

task, with respondents who are more preoccupied. The results are clear: Relative to
16The psychological literature addresses many related concepts, such as “cognitive busyness” (Osborne

and Gilbert, 1992; Gilbert, Pelham, and Krull, 1988), “perceptual load,” which affects visual processing,
and “cognitive load,” which affects how executive control functions are influenced by distractions (Lavie,
2010; Lavie et al., 2004) and the broader literature on “task-unrelated thoughts” (Savage, Potter, and Tatler,
2013; Forster and Lavie, 2009; Corbetta, Patel, and Shulman, 2008).
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unpreoccupied respondents (with a baseline instability of 21% and 18.7 seconds on the

survey task), those who reported being very preoccupied spent nearly five fewer seconds

on the survey question and were a remarkable 13 percentage points more instable between

Q1a and Q1b. The dose-response relationship is also clear in that the more preoccupied

respondents are, the less time they spend on task and more instable they are.

-10

-5

0

5

10

15

20

Slightly Fairly Very
Preoccupied level/None

(a) Preoccupation

-10

-5

0

5

10

15

20

Yes/No

(b) Mind-Wandering

-15

-10

-5

0

5

10

15

20

25

30

35

Rapid/Conscientious

(c) Personas

-15

-10

-5

0

5

10

15

20

25

30

35

One Two Three
Number Incorrect/None

(d) Attention Checks

Figure 9: Effect of increasing levels of four psychological states (in four panels) on survey
instability in percentage points (at the top of each, in blue) and time-on-task in seconds
(at the bottom of each, in black). (See Surveys 16, 26, 28, 45, 52, and 53.)

The other three psychological states also increase survey instability and reduce time-

on-task. Panel (b) shows that respondents who reported mind-wandering spent, on aver-

age, 6.75 fewer seconds actively thinking about the conjoint question compared to those

who did not report mind-wandering (i.e., relative to a 15.5 second baseline). In addition,
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these individuals exhibited 10.1 percentage points more survey instability (relative to a

21% baseline). Panel (c) reveals that changing from the conscientious persona (response

category 2 or 3) to a rapid responder persona (category 1) is associated with large increases

in survey instability (in blue) and reduction in time on task (in black). Finally, Panel (d)

shows the ability of attention check questions to predict survey instability, which has not

been studied directly before. The result shows that failing attention check questions on

average does predict instability (in blue) and that may be due, in part, to the reductions in

time-on-task (in black).

Preoccupation as an Improved Filter Filtering respondents is a necessary but risky

step that, when wrong, can induce selection bias (by removing observations related to

variables of interest) or measurement-induced bias (where questions added to build filters

bias responses to subsequent questions, special cases of which include priming, question

order effects, reactivity, context effects, and, in experiments, post-treatment bias). Selec-

tion bias is best addressed in this context by how we analyze the filtered data (such as by

changing the quantity of interest, imputing, or oversampling the filtered group; see Sec-

tion 6). In contrast, measurement-induced bias can only feasibly be addressed by choosing

better filter questions. Good filter questions (1) are not influenced by other questions in

the survey; (2) are not influenced by the respondent’s conscious choices; (3) distinguish

between respondents with different levels of survey instability; (4) do not influence other

questions in the survey (by inadvertently becoming a treatment variable), and (5) are more

stable over time than the variables of interest they seek to explain.

By the construction of Table 1, only preoccupation (in the top-left cell) satisfies criteria

(1) and (2). Figure 9(a) shows that preoccupation also satisfies (3). In the rest of this

section, we show how preoccupation also satisfies (4) and (5).

To evaluate (4), we estimate causal effects by running randomized experiments with

and without the preoccupation question (and, separately, the three others) and evaluating

its effect. Figure 10(a) shows that preoccupation (at the top), as well as the other variables,

do not have measurable treatment effects on levels of instability.17

17The lack of a treatment effect in our sample for attention checks (Panel (a), in red) is different from prior
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Figure 10: Filter Evaluations. Panel (a) shows the lack of treatment effect for all four
psychological states; Panel (b) reports the instability of filters based on each psychological
state, and Panel (c) shows the huge variability in different attention check questions. (See
Surveys 16, 26, 28, 45, 52, and 53.)

We assess (5) by asking each of the filters at the start and end of the survey (e.g., to

measure the instability of preoccupation we used this design in Survey 52: S P1 Q1a D1

D2 D3 Q1b P2). Figure 10(b) summarizes the results. Although average instability in

typical questions is about 25%, mind-wandering, persona, and three versions of attention

check questions (in green, black, and red, respectively) are not measurably lower and so

would not make useful filters. In contrast, preoccupation (in blue at the top of (b)) is

highly stable, with only 6.2% of respondents changing their answers.

Finally, we designed Figure 10(c) to study the levels of variation across filters created

based on different commonly used attention check questions. We conduct two surveys

(Survey 45 in red and 53 in gray) using six different individual attention check questions,

and report (at the left) the percent passing the check, which range from about 30% to

nearly 100%. Because some scholars include multiple attention check questions, we also

show the variability given 1, 2, or 3 correct, which has a slightly larger range. Because

of this extremely wide variability, it would not be clear what to use (even if, contrary to

Panel (b), we had found they were stable over the survey).18

These results for survey instability reinforce the conclusion in the literature of others

who have studied this issue: attention check questions should not be used to filter out

research, possibly because their high prevalence in so many surveys has led even control group respondents
to expect them (which would be worrisome for the future of survey research).

18We might think that we could choose a passing threshold ex post, say 20% of respondents with the
worst scores could be filtered out. However, with varying but unobserved true levels of instability across
surveys and subgroups, this procedure would not accomplish much of value.
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respondents. They also support the idea that preoccupation is, at least over the course of

a survey, a highly stable characteristic reflecting an individual’s absorption in particular

thoughts or concerns. The preoccupation item is unlikely to influence respondents’ an-

swers to other questions, but it does influence instability; adding this single question to

a survey has low cost without much downside. This of course makes sense: No matter

how fascinating a survey may be to us researchers, it is no match for the attention of a

respondent having a fight with their spouse or dealing with a major financial problem.

5.4 Individual Characteristics

The most distal contributor to survey instability we consider in Figure 4 is individual char-

acteristics, the relatively fixed features of people such as demographics, socioeconomics,

or prior political knowledge. For example, Freeder, Lenz, and Turney (2019) finds that

voters who understand issues in the same way as their political party have lower survey

instability. Understanding which individual characteristics drive instability is of direct

substantive interest. It is also of importance methodologically because some subgroups

may be much more difficult to study, subject to larger biases in trying to understand them,

and simultaneously of potential use as filters because they are all exogenous, measurable

prior to the survey at hand, and not a function of the respondent’s choices during the

survey.

As just one example of individual characteristics that may lead to survey instability,

we look at the effects of age and report some surprising results. In Figure 11, we examine

time-on-task (TOT), preoccupation, mind-wandering, and survey instability (vertical axis

of the four panels) by age group (horizontal axis of all four).

As is well known, as people age, cognitive capacities can decline. The results in

Figure 11a, indicating that older respondents take more time responding to survey ques-

tions, seem consistent with this finding. However, as Figure 11b shows, older survey

respondents tend to be far less preoccupied than the young. Older respondents possibly

understand their weaknesses and more than compensate by mind-wandering far less (Fig-

ure 11c; see also Jordão et al. 2019). In total, perhaps as a result of these patterns, we

also see survey instability dropping by a considerable 40% (11 percentage points) from
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Figure 11: Age Predicts Time on task, Preoccupation, Mind-wandering, and Instability

the youngest to the oldest age groups (Figure 11d).

Age of course is just one illustration of what we might learn by studying how survey

instability varies with individual characteristics. This result tells us a great deal about

our respondents and issues studying them, but it of course cannot be used to filter out

respondents without introducing various biases, a subject to which we now turn.

6 Substantive Conclusions, Practica Implications

Human beings have clear preferences on many issues of the day, rather than forming them

whimsically, and survey researchers do not have massively flawed survey instruments.

Instead, a large portion of survey instability appears to be due to intrinsic human stochas-

ticity, a fundamental and previously unnoticed or at least rarely studied feature of human

beings that can sometimes be influenced but canbe entirely removed. We hope this find-

ing, and the sources of instability at various levels of proximity we identified, will enable
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scholars to better understand the populations they are studying, and that the following

resulting proposed adjustments to survey design and analysis practices can be used to

improve the inferences we all make from survey data.

We now conclude with three areas our results suggest for adjustments in “best prac-

tices” for survey research to deal with survey instability. First, to improve survey instru-

ments, our findings suggest designing the survey to reduce the cognitive complexity of

questions and responses. Regardless of how sophisticated our theories and concepts may

be, respondents are not scholars and should not be expected to see the world the way we

do or to understand our research concepts. We need to meet respondents where they are

and ask information available to them. An easy, unobtrusive measure of cognitive com-

plexity worth using is the time respondents take on average to answer a survey question

(such as in a small pretest survey). We can also improve survey instruments by reducing

priming effects that may lead to divergent cognitive processing, bias, and survey instabil-

ity — something that should become easier as eye tracking technology becomes easier to

use.

We also strongly recommend that researchers measure their own survey’s instability,

D, whenever possible, by asking their key substantive outcome variable a second time

in the same survey. This provides important additional information about our research

subjects. Expanding our quantities of interest from the mean to the variance also opens up

novel research questions, such as understanding how the stability of different subgroups in

different issue areas. In some situations, researchers may wish to use D to estimate choice

fidelity, Pr(Cit = ρi), and use it under a “swapping error” interpretation of probability

matching to correct (Clayton et al., 2025).

Second, to identify respondents to filter out, we recommend measuring both preoccu-

pation and time-on-task. Our single-question measure of preoccupation strongly predicts

survey instability and has excellent statistical properties (it is highly stable over the course

of the survey, does not disrupt answers to other questions, and does not seem possible to

even intentionally change by either the respondent or researcher). Time on task involves

no additional questions, but two implementation questions are relevant. In one, because
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measuring true TOT directly is difficult, we suggest measuring total TOT, and using it to

determine a value below which respondents could not have given serious consideration to

the question (six seconds worked for our conjoint questions for example). Those above

the threshold may include some that were mind-wandering or time optimizing but those

below it almost surely should be filtered out. In the other, to avoid endogeneity bias,

time-on-task should be measured for a few “burn in” questions prior to those of interest

rather than on the question of interest. We find time on task to be highly correlated across

questions, and so this exogenous measure typically both avoids bias and can be helpful in

identifying those not giving the survey question the attention needed.

Finally, to conduct proper statistical analyses, if we filter out some respondents, and

take no other action then we must openly acknowledge that our quantities of interest have

changed and now only apply to certain subgroups. The groups that are preoccupied or

spend less than adequate time on task should be explicitly identified (with analyses such

as in Figure 11b). For questions where we are unwilling to change the quantity of interest

(say for trying to predict the winner in an upcoming election), researchers must find some

other source of data on the preoccupied group. This information could potentially be

imputed from the same survey, as in studies of missing data, or survey researchers could

oversample (or sample in different ways) the demographic groups that are most likely to

be preoccupied.19

Even if we are able to avoid some instability by better survey design and more by

appropriately filtering out respondents who would likely have unacceptably high levels,

the intrinsic human stochasticity of the creatures we study will still have instability levels

that should not be ignored. The remaining instability should be studied as an essential

feature of our subjects of interest.

References
Achen, Christopher H (1975). “Mass political attitudes and the survey response”. In:

American Political Science Review 69.4, pp. 1218–1231.
19An alternative approach might be to use “principal stratification” which involves finding exogenous

predictors of endogenous variables, making specific modeling assumptions, and then avoiding bias by con-
ditioning on functions of these variables (VanderWeele, 2011).

38



Alt, Helmut and Michael Godau (1995). “Computing the Fréchet distance between two
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