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Abstract

List experiments are a popular technique to reduce sensitivity bias in surveys. Their
widespread use has spurred considerable research design innovation. One suggestion to
minimize bias from respondent non-strategic errors is to include a placebo statement
in the control list. However, a poorly chosen placebo may introduce further bias, to a
point in which estimates are no longer valid. This paper shows how to recover estimates
in failed placebo-controlled list experiments. We present an example of a (double) list
experiment on exposure to criminal governance tools in Uruguay in which the inclusion
of a placebo item leads to invalid prevalence estimates. We then show how to leverage
experimental assumptions and auxiliary information to recover informative estimates
via partial identification bounds.
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1 Introduction

List experiments are a popular technique to reduce sensitivity bias in surveys (Droitcour et al.

1991). Their widespread use in the discipline has spurred innovations aimed at establishing

best research design practices (See Blair, Coppock, and Moor 2020 for a review).1

Some of these innovations seek to minimize non-strategic response errors. For example, inat-

tentive respondents choosing alternatives at random or straight-lining may create an artificial

correlation between treatment assignment and observed responses just because treatment

group lists are longer, which inflates prevalence rate estimates. In this case, the solution

would be to include a zero-prevalence placebo statement in (at least some of) the control

group so that list length is constant across experimental conditions (Riambau and Ostwald

2020; Agerberg and Tannenberg 2021).2

In this paper, we focus on the problem that emerges when the inclusion of a placebo state-

ment backfires. In theory, one should include a placebo item in the control group that has

(near) zero prevalence so that it does not induce further bias in the estimation of sensitive

item prevalence rates. In practice, researchers may inadvertently choose a placebo item to

which a non-trivial number of participants respond positively, either because the researcher

underestimates its prevalence or because the placebo item stands out in a way that induces

unintended response patterns. In this case, a failed placebo-controlled list experiment atten-

uates prevalence rate estimates.

This paper shows how to recover informative estimates in failed placebo-controlled list ex-

periments using a partial identification approach. We first present an example of a list

experiment on the prevalence of exposure to criminal governance tools in Uruguay in which

the inclusion of a placebo induces prevalence rate estimates that are essentially zero. The
1Another strand of the literature seeks to improve list experiments by developing new tools for estimation

(e.g. Blair and Imai 2012; Blair, Imai, and Lyall 2014), which is beyond the scope of this paper.
2Previous work also addresses strategic response errors. See Ahlquist (2017) and Blair, Chou, and Imai

(2019) for a discussion.
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nature of our research design, plus additional testing, suggests this attenuation bias emerges

from the inclusion of a failed placebo item. We then show how to leverage list experimental

assumptions and auxiliary information to produce informative estimate bounds. We conclude

with recommendations to safeguard against implementation issues in placebo-controlled list

experiments.

2 A (Double) List Experiment with a Placebo State-

ment

2.1 Research Design

We conducted an online survey on a sample of 2,688 residents in the city of Montevideo,

Uruguay in 2022.3 The main substantive goal of this survey was to document the prevalence

of criminal governance actions in a context of high state capacity. Current research focuses

mostly on cases characterized by more complex and violent versions of criminal governance,

such as Mexico, Brazil, Colombia, or El Salvador (Magaloni, Franco-Vivanco, and Melo 2020;

Arias 2017; Barnes 2021). Although at a smaller scale, criminal governance is still a persistent

problems in other areas of the region, such as Argentina, Chile, and Uruguay (Auyero and

Sobering 2019; Flom 2022; Fynn, Pérez Bentancur, and Tiscornia 2024). Understanding the

prevalence of criminal governance in these less studied cases becomes crucial to determine

whether mainstream theories apply beyond their origin.

We included list experiment questions in the survey. Participants were presented with two

lists of four things people may have experienced in the last six months, and were instructed

to indicate how many apply to them. Table 1 shows the two baseline lists, which were

presented in random order.
3Subjects were recruited via Facebook ads to balance cost with the goal of accessing respondents in areas

where criminal governance is prevalent, wherein polling firms may be wary to field in-person surveys.
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Table 1: Double list experiment baseline lists

List A List B
Saw people doing sports Saw people playing soccer
Visited friends Chatted with friends
Attended activities by feminist groups Attended activities by LGBTQ groups
Went to church Went to charity events

Respondents were asked to indicate how many things they have experience in
the last six months for each list. Baseline lists were presented in random order,
items within lists were randomly shuffled.

We crafted the baseline lists following standard advice in the literature to avoid ceiling and

floor effects, which entails inducing negative correlation between at least two items within

each list and positive correlation across lists (Glynn 2013). For example, we expected people

who attended activities by feminist groups to be unlikely to also go to church. Following

the same line of advice, baseline lists are also constructed so that each item in list A has a

similar item in list B, which leads us to expect respondents to give similar answers to both

lists of baseline items.

Respondents were randomly assigned to see one of four sensitive items representing both

negative and positive criminal governance actions:

1. Saw criminal groups threatening neighbors

2. Saw criminal groups evicting neighbors from their homes

3. Saw criminal groups making donations to neighbors

4. Saw criminal groups offering work to neighbors

In turn, the selected sensitive item would be randomly assigned to appear on List A or List

B. Whichever list did not display the sensitive item would show the following placebo item:

• I did not drink mate

Mate is a popular herbal infusion in many South American countries. We anticipated this

would be a good placebo item as it is tantamount to asking in other contexts whether
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Table 2: Sample sizes by experimental condition

Item location Sensitive item
Sensitive Placebo Threaten Evict Donation Work
List A List B 328 322 339 341
List B List A 340 339 326 333

someone has not drank coffee or tea in the last six months. Table 2 shows a breakdown of

sample sizes by experimental condition.4

We randomized which sensitive item respondents see, the list in which it appears, and the

order in which lists are presented based on self-reported neighborhood of residence within

Montevideo.5 We formed two groups based on Montevideo’s police classification of neigh-

borhoods as peripheral and non-peripheral zones, and then conducted all randomization

procedures independently within each block.

Later in the survey, we asked about each sensitive item directly as a yes/no question as

part of a longer battery. This lets us can compare list experiment prevalence estimates with

proportions estimated by direct questions. Crucially, we did not ask about the placebo item

directly.

2.2 Results

As Table 2 suggests, we have what is equivalent to four independent double list experiments,

or eight independent conventional “single” list experiments. We also can also calculate the

proportion of respondents who admitted to each sensitive item in a direct question.

Figure 1 shows our estimates for all these quantities of interest. Each panel displays estimates

for each sensitive item of interest, while each row indicates the estimator that corresponds to

how the question was asked. Across items, the direct question suggest a positive, non-zero
4The placement of sensitive estimates was block-randomized based on two neighborhood groups identified

by Montevideo’s police as low and high crime risk. All results presented include block fixed-effects.
5Respondents who did not provide a valid response to this question were dropped from the survey before

random assignment to conditions.
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prevalence estimate that hovers around 10-20%. As usual, these estimates are much narrower

confidence intervals relative to the list experiment questions, but if these are indeed sensitive

questions, one would expect point estimates to under-report the true prevalence rate.

Assuming the list experiment work as intended, one would expect it to yield prevalence

estimates equal or higher than those drawn from a direct question. In this case, point

estimates are consistently around or below zero, in some cases with effect sizes implying

-10% prevalence rates. In the context of a double list experiment, differences between single

list estimates would hint at potential questionnaire design issues (Diaz 2023), but in this

case point estimates in both lists exhibit the same pattern. Moreover, that the pattern is

consistent across both positive and negative forms of criminal governance suggests that the

problem goes beyond a violation of standard list experimental assumptions.

We argue that the source of this unexpected pattern in estimates is the inclusion of a placebo

sensitive item in the control lists. In the following sub-section, we present several statistical

tests to rule out alternative explanations.

2.3 Ruling out alternative explanations

Beyond randomization and SUTVA, list experiments require additional assumptions to yield

valid estimates of the prevalence of the sensitive item of interest (Blair and Imai 2012; Aronow

et al. 2015). The “no liars” assumption requires respondents to not report holding the sen-

sitive item when they do not. This is referred to as “one-sided lying” in the broader indirect

questioning literature (Gingerich et al. 2016). This assumption can be violated inadvertently

if the putative sensitive item is perceived as socially desirable by some subgroups in the study

sample [self cite forthcoming].

A second assumption is “no design effects.” It requires that responses to baseline lists are

not affected by the inclusion of the sensitive item. In the standard list experiment design,

this may happen when the inclusion of a sensitive item changes the interpretation of the list
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as a whole. In double list experiments, the inclusion of the sensitive item in the first list

may inadvertently influence responses in the second list, producing carryover design effects

(Diaz 2023).

One alternative interpretation for the pattern of prevalence estimates observed in Figure 1 is

that the design of the list experiment questions induced response patterns that violate these

assumptions. For example, if the sensitive items stand out relative to the baseline lists and

they are recognized as socially undesirable, respondents may have deflated their response

when a sensitive item is present in an attempt to reduce the probability of being associ-

ated with criminal governance activities. This would induce attenuation bias in prevalence

estimates, which in an extreme case could also produce Figure 1.

While no liars and no design effects remain assumptions, the literature has developed several

tests to detect response patterns that would suggest these assumptions are not justifiable.

Table 3 reports the results of three different statistical tests, grouped by sensitive item and

baseline list where appropriate:

1. The prevalence estimate among those who admit to the sensitive item in the direct

question (Placebo I in Aronow et al. 2015). The original null hypothesis in this test is

that prevalence equals one, but because our placebo item appears to offset prevalence

estimates, we instead test the null hypothesis of prevalence being equal to zero among

in this group of respondents.

2. The effect of the placement of the sensitive item on responses to the direct question

(Placebo II in Aronow et al. 2015). The original tests evaluates whether the presence

of the sensitive item shapes responses to the direct question. In our case, because

every respondent sees the sensitive item in one of the lists, we are instead testing

whether a particular combination of items affects how respondents engage with the

direct question.

3. The effect of placing the sensitive item on the first list on responses to the second
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list (Diaz 2023). Because the order of lists A and B are shuffled, this a direct test of

carryover design effects.

We opt for these tests as they have straightforward regression analogues that can account for

the block-randomized structure of our list experiment and the use of a placebo statement.

Other alternatives, including those presented in Blair and Imai (2012) and Glynn (2013), are

not directly transportable under deviations in the canonical design.

The tests in Table 3 show little evidence against the the corresponding null hypotheses.

Regarding Placebo I, we only find considerable evidence against non-zero prevalence among

those who admitting to the sensitive item for seeing criminal groups making donations to

neighbors. In this case, prevalence is around 0.46 in list A, but not in list B or their

combination. Moreover, for every sensitive item except seeing criminal groups threatening

neighbors, the observed prevalence among those admitting to the sensitive item are signed-

flipped between list A and B, resulting in a double list prevalence somewhat close to zero.

This may imply a form of strategic error, but the small sample size limits our ability to draw

inferences.

Moving to Placebo I and the test for carryover design effects, we find little evidence against

the corresponding null hypotheses, and the sample sizes suggest that this is not due to low

statistical power.

Overall, we find little evidence against strategic response errors. This does not imply that

strategic errors do not exist at all, just that it is unlikely that the pattern observed in Figure 1

responds primarily to strategic violations of the standard list experiment assumptions.

Another alternative source for the unusual pattern of prevalence estimates may be response

inattention. List experiment questions are more involved tasks than a typical survey item,

so respondents are more likely to speed through them or make mistakes. In either case, this

can result in non-zero estimates for zero prevalence items. For example, Ahlquist, Mayer,

and Jackman (2014) document small but positive prevalence of alien abductions in a list
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experiment conducted on a representative sample in the United States.

We used several questions and checks to detect low quality responses due to inattention.

Appendix XX presents the results of these checks and shows how the unusual pattern of

prevalence estimates exists even after accounting for inattention.6

6The short version is that we have a very easy screener and a very hard one, the pattern is still there
whichever filter we use.
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Note: Vertical lines denote 95% confidence intervals.
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Table 3: Statistical tests to rule out strategic response errors

Item List statistic p.value n
Placebo I: Prevalence among “yes” in direct question
Donation A 0.4615 0.048 133
Donation B -0.2588 0.272 133
Donation Double 0.0837 0.548 133
Evict A 0.4149 0.397 32
Evict B -0.1064 0.757 32
Evict Double 0.1397 0.462 32
Offer Work A 0.18 0.566 64
Offer Work B -0.1305 0.729 64
Offer Work Double 0.0286 0.877 64
Threaten A 0.1488 0.525 102
Threaten B 0.3879 0.101 102
Threaten Double 0.2447 0.075 102
Placebo II: Effect of sensitive item placement
on direct question
Donation A -0.032 0.323 635
Evict A 0.0011 0.951 628
Offer Work A 0.013 0.581 647
Threaten A 0.0224 0.438 641
Carryover: Effect of placing sensitive item
in first list on second list responses
Donation Double -0.2357 0.155 668
Evict Double 0.0847 0.576 664
Offer Work Double -0.1105 0.468 677
Threaten Double 0.1159 0.407 671
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3 Recovering Informative Estimates

If one can claim that the presence of a non-zero prevalence placebo is the primary source of

the pattern of prevalence estimates in Figure 1, then the task is to reconstruct how responses

would have looked like had the placebo item not been present. Because we did not include a

direct question about the placebo item, we do not exactly which responses need to change.

This implies more than one valid prevalence estimate can be obtained by “cleaning” the

responses contaminated by the placebo item. In other words, the estimand is no longer

point-identified, but we can still compute bounds around it. As it is usually the case with

non-parametric partial identification, sharp bounds are uninformative, but the list experi-

ment setting provides additional structure that enables the computation of more informative

bounds.

3.1 Assumptions

The goal in nonparametric partial identification is to identify the narrowest possible bounds

using as little information as possible. In experiments, sharp bounds are derived exclusively

by the observed data and standard experimental assumptions (Manski 1990). In this context,

the non-interference part of SUTVA implies that only the responses in which the placebo

item was included would be affected by its removal. One can compute lower and upper values

of these sharp bounds by imputing the maximum (4 since that is the “updated” number of

baseline items) and the minimum (0) value in the control responses, while leaving treated

responses unchanged.7

The left column of Figure 2 shows the resulting sharp bounds computed in this manner,

with the corresponding 95% confidence intervals based on 1,000 bootstrap replicates. As

expected, the possible values far exceed the logical range of prevalence estimates, the lower
7The reversal is intentional. If only control responses are altered, then imputing the maximum value

yields the smallest possible treatment effect, and viceversa.
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bound even reaches up to a prevalence of about −2 across sensitive items.

How can one compute more informative estimates? The standard list experiment assump-

tions of no liars and no design effects provide additional structure on the possible values

that responses would take in the absence of a placebo item. These assumptions are explic-

itly made about the sensitive item, but they are implicitly extended to the placebo item

in the literature proposing placebo-controlled designs (Agerberg2012?; Riambau and Ost-

wald 2020). A zero-prevalence item only works as a placebo if one assumes that respondents

will not actively select, which also means one also would expect responses to baseline lists

to not be altered by the the inclusion of a placebo item in it.

Extending the standard list experimental assumptions to the placebo item has two impli-

cations when computing bounds: (1) Responses to control lists will only decrease (2) by a

magnitude of one (unless the observed response is already zero). The lower bound in this

context is calculated by decreased all observed control responses that already have a maxi-

mum value when the placebo is included (5). This is equivalent to making the conservative

assumption of only decreasing by one the responses of those who unequivocally reveal hold-

ing the placebo item. The upper bound is then obtained by decreasing all observed control

responses by one unit, which would be equivalent to assuming everyone holds the placebo

item.

The right column in Figure 2 shows the bounds that follow from incorporating list experi-

mental assumptions. These now approximate the logical range of a valid prevalence estimate,

but are still uninformative in substantive terms.

3.2 Known placebo proportions

The bounds computed under the list experimental assumptions depict extreme cases of how

control list responses would have been altered in the absence of a placebo item. The lower

bound, derived by decreasing only the already maximum values by one unit, has the desirable
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theoretical property of assuming only what one can observe in the data. However, the upper

bound implies a placebo item that applies to every single unit, which is far from what a good

placebo should be.

One way to impose a more realistic upper bound would be to restrict the proportion of units

with lower than maximum control responses that are allowed to decrease their answer by

one unit. If the researcher knew the proportion of known placebo in the target population

from auxiliary information, they could impose a lower ceiling on the upper bound.

The new upper bound is then given by

̂𝜏𝐻 = (1 − 𝛿) × ̄𝑉𝑜𝑏𝑠 + 𝛿 × ̄𝑉𝑚𝑎𝑥 (1)

where 𝛿 is the proportion of known placebos, ̄𝑉𝑜𝑏𝑠 is the list experiment estimate based on

observed data, and ̄𝑉𝑚𝑎𝑥 is the list experiment estimate based on the vector of observations

in which every control response is reduced by one unit. This equivalent to the standard

approach to estimate partial identification bounds by computing a weighted average (Aronow

and Miller 2019).

Figure 3 shows the resulting estimates with this new upper bound. Since we did not ask

directly about the placebo item, nor we have access to reliable information from auxiliary

data, we simulate estimates at discrete values in the [0.05, 0.3] range. Overall, this produces

much more informative upper bounds, especially at ranges in which one still consider the

placebo item useful (e.g. 0.05, 0.1). However, the problem persists in the lower bound, as

estimates still exceed the range of admissible values for a prevalence estimate.

Notice that if one were to ask direct questions about the placebo item, and be willing to

claim it is measured with negligible error, then one would be able to exactly identify which

responses should decrease by one unit, in which case the bounds would collapse into a point

estimate again. In this case, the bounds proposed here may still be useful to assess the
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sensitivity of estimates to potential measurement issues in the placebo item.
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4 Conclusion

For now, here are a few thoughts about future steps:

1. The application of Placebo I feels shaky.

2. Any way to further refine the lower bounds? Our current thinking is that the Aronow

et al. (2015) estimator that combines list with direct question estimates will narrow

bounds further on both sides.

3. Our application is probably an extreme case, hence the bounds never look that good.

Would it pay off to show the bounds in a more realistic application in which one has

reason to suspect the placebo backfired?

4. Do the tests in Table 3 need to be adjusted for multiple testing?
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