16. Experiments in political science

Damien Bol

Like other social sciences, political science has embraced an experimental turn in recent dec-
ades (Angrist and Pischke, 2010). Today, the leading journals within the discipline predomi-
nantly feature studies that use experimental designs to examine the effects of treatment X on
outcome Y (Bol, 2019; Druckman and Green, 2021; Torreblanca et al., 2026). While descrip-
tive papers are still published, they are now explicitly labeled as such, with authors being
careful in how they interpret their findings. As a frequent reviewer, I can tell that political
scientists, akin to their peers in other disciplines, cannot get away with suggesting that corre-
lation implies causation in their research papers and hope to get published.

In the subsequent pages, I will explore the experimental method that has become particu-
larly prevalent in political science: survey experiments (Thomas, 2024; Torreblanca et al.,
2026). This method involves conducting an experiment within a survey, nowadays mostly
online, with a large sample typically representative of a given country’s population. It has
garnered considerable interest due to its compatibility with the discipline’s focus on con-
text-dependent phenomena. Unlike economics or psychology, political science’s objects of
study tend to be tied to certain environments. Voting behavior, for instance, takes a different
form depending on the electoral system used in the country and the parties that compete for
elections. Even at the individual level, engagement with elections varies considerably depend-
ing on personal characteristics like social status. For these reasons, political scientists are
often skeptical that patterns observed in small convenience samples of subjects like university
students can be generalized to a large and more diverse population (Kam et al., 2007). That is
why they usually rely on large samples representative of the population of a country, or even
ideally from several countries, to ensure the external validity of the results, their relevance,
and meaningfulness (Bol, 2024).

In this chapter, I will thus discuss survey experiments and provide some practical advice
for researchers interested in employing the method. In the first section, I will outline this
category of methods, spotlighting recent progress in the field. I will then discuss a series of
“dos and don’ts” for interested researchers, focusing on the use of monetary incentives, the
incorporation of manipulation and attention checks, the determination of the sample size, and
considerations about the location of the experiment within the broader survey questionnaire.
Towards the end of the chapter, I will briefly touch on other experimental approaches in polit-
ical science, such as field and lab experiments, offering references for those keen on exploring
these methodologies. Finally, I will address some limitations of survey experiments and sug-
gest strategies to overcome them.
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WHAT IS A SURVEY EXPERIMENT?

Political scientists, like sociologists, have long engaged in surveying populations. Since the
early days of the discipline, they have asked political questions to large samples of ordinary
citizens, often representative of a country’s adult population or that of a smaller geographical
area. They inquire about respondents’ opinions on various policies, their feelings toward the
current government, or whom they voted for in the last election (e.g., Lazarsfeld et al., 1948
represents one of the earliest studies of this kind). The method has become so widespread
that nearly every country around the world is surveyed multiple times per year by political
scientists. In this context, it was only natural for them to start including experiments in these
surveys when the experimental revolution swept through the discipline.

At its most basic level, survey experiments involve dividing survey respondents ran-
domly into a control group on the one hand and one or more treatment groups on the other.!
Researchers present some piece of information to those in the treatment groups during the
survey, whereas they do not show anything to those in the control group. These treatments
often consist of a brief text, an image, or even a video. Sometimes, respondents from the
control group are exposed to some unrelated information bit that serves as a placebo when
the researcher expects that mere exposure to any type of information will affect answers
to subsequent survey questions.The researchers then compare the responses to a subsequent
survey question, which constitutes the outcome, from those in the control group with those in
the treatment group or groups. Because of randomization, any differences in outcome can be
attributed solely to the treatment. A simple t-test or bivariate OLS regression is then used to
calculate the average treatment effect.

These studies, often referred to as vignette experiments, are prevalent in political science.
The ease of conducting such experiments has been enhanced by the advent of web-based sur-
veys, where respondents answer questions in privacy on their computers, phones, or tablets.
Nowadays, many polling companies like Nielsen, YouGov, or Ipsos offer very attractive prices
for researchers who want to conduct a survey of five or ten minutes with large representative
samples of citizens from a wide range of countries that are made representative of the popu-
lation of these countries using socio-demographic quotas. In the conclusion, I discuss issues
regarding the representativeness of these samples.

An example of vignette experiments includes the research by Samuels and Zucco (2014),
where they queried a group of Brazilian respondents about their stance on various political
issues, such as whether the minimum wage should be lowered (outcome Y). Prior to this,
the authors randomly presented the main parties’ positions on these issues to a subgroup of
respondents (treatment X). By comparing the responses of those who received this additional
information with those who did not, they were able to estimate the impact of awareness of the
main parties’ stances on issues, or treatment, on the likelihood of respondents aligning their
views with one position over another, or outcome. They found that respondents were more
inclined to align with their preferred party’s position by about 15 percentage points when
aware of it. From these findings, they deduced that partisanship plays a significant role, even
in relatively new democracies like Brazil, as it influences individuals to shift their political
views.

Another increasingly common type of survey experiment in political science is the con-
joint study (Hainmueller et al., 2014). Originating from marketing sciences, these studies ask
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respondents to choose between two hypothetical options, such as two public policies or two
candidates in an election (outcome Y). The rationale is that making a choice between two
options is relatively natural for many individuals and straightforward, cognitively speaking.
The treatments are the set of attributes that the researcher uses to define these two options
(treatment X); for a hypothetical candidate, this could include their age, gender, occupation,
and party affiliation, for example. The key is that these attributes vary randomly across the
options, allowing the researcher to estimate the causal effect of each attribute on the likeli-
hood of a respondent choosing one option over the other. Practically, this involves restructur-
ing the dataset so that the unit of observation is the options presented to the respondents. The
researcher can then regress the choice on the attributes of these options to estimate the average
treatment effect.

An example of conjoint analysis is the study by Teele et al. (2018), in which the authors
asked a representative sample of American citizens to choose between two hypothetical can-
didates in a fictional election. They varied attributes such as political experience, gender, mar-
ital status, and number of children, among others. Their analysis revealed that Americans do
not exhibit prejudice against female candidates; in fact, they are more likely to favor women
over men for the same election. The average treatment effect associated with being a female
instead of a male candidate is indeed four percentage points and statistically significant, indi-
cating that respondents are more likely to opt for female than male candidates, independent
of all other attributes. The authors concluded that the underrepresentation of women in US
politics is due to factors other than voter bias.

Some other experimental designs do not directly aim at estimating an average treatment
effect but seek to enhance the accuracy of responses to sensitive survey questions. An example
is list experiments (Blair and Imai, 2012), which are particularly useful for sensitive questions
where respondents might be reluctant to reveal their true beliefs. In these experiments, both
control and treatment groups are presented with a list of items, with the treatment group
receiving an additional sensitive item, such as a statement about restricting the movements of
Black people to predominantly white neighborhoods. Given the potential discomfort in agree-
ing with such statements openly, even in an anonymous survey, respondents might conceal
their true opinions to adhere to perceived social norms.

The methodology behind list experiments involves not asking respondents to express their
agreement with each item individually but to report the total number of items with which
they agree. This approach potentially increases respondents’ comfort in reporting their true
feelings, as researchers cannot determine the specific items agreed upon. However, because
of the randomization, any difference in the total number of items agreed upon by the groups
can be attributed to the sensitive item. Researchers can then use this difference to estimate the
proportion of respondents that harbor the specific attitude in question. For instance, Kuklinski
et al. (1997) used a list experiment to estimate that about 40 percent of white US citizens
harbored negative views toward affirmative action policies, with an even higher percentage in
the southern states.’

Similarly, some studies leverage randomization to improve question wording in surveys,
addressing issues like social desirability bias. For instance, respondents might inaccurately
claim to have voted when they have not (Karp and Brockington, 2005). Morin-Chass¢ et al.
(2017) found that incorporating a face-saving response option, allowing respondents to indi-
cate “they usually vote but did not this time,” reduces overreporting of turnout by about eight
percentage points. This was determined by comparing the responses from a control group,
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which answered a traditional yes/no voting question, to those from a treatment group asked
a question including a face-saving option. The main distinction between these experiments
and list experiments is that the randomization here is solely to identify which question version
most accurately reflects reality. After determining this, researchers do not need to include an
experiment in their surveys.

Note that some researchers use randomization in surveys for purposes other than conduct-
ing an experiment. This happens, for example, when they suspect that question ordering might
influence responses. To avoid this risk, they randomize the order in which questions are asked
to respondents or the order in which response categories appear on the respondent’s screen.
They do not need to control for this ordering unless this is part of a hypothesis they want to
test. Randomization ensures that it cannot affect other results. Similarly, when researchers
need to ask a large number of repetitive questions in a survey, they sometimes use randomiza-
tion to minimize respondents’ fatigue. For instance, when they want respondents to evaluate
a long list of scenarios, like policies, they sometimes only ask each of them to evaluate a
random subset of these scenarios. Here again, they do not need to worry about who evaluates
which scenario as randomization ensures that each respondent has the same ex-ante proba-
bility to evaluate them. However, my suggestion for researchers is to avoid using the term
“experiments” to describe these designs in which randomization is not central to the test of
hypotheses in order to avoid any confusion (e.g., Blais et al., 2023).

Finally, note that although survey experiments have traditionally been conducted with sam-
ples of ordinary citizens, a new trend in political science is to conduct survey experiments
with samples of politicians, usually locally elected officials or candidates, to have a sufficient
number of observations (e.g., Esaiasson and Ohberg, 2020). This evolution fits the common
approach in the discipline to study its objects in context (see section above). Indeed, several
studies have found differences in results when they replicate the same survey experiment with
comparable samples of politicians and citizens. For example, they found that politicians are
ten percentage points more likely to succumb to the sunk cost fallacy than citizens (Sheffer et
al., 2018). Importantly, these elite surveys are much more difficult to conduct, as they usually
require the researchers to invest much time to convince politicians to participate in surveys
in the first place. As far as I know, no polling company provides this service at the moment.

DOS AND DON’TS OF SURVEY EXPERIMENTS

In this section, I will provide some concrete advice to researchers interested in conducting
survey experiments like those conducted in political science. I will cover the following topics:
the use of monetary incentives, the incorporation of manipulation and attention checks, the
determination of an appropriate sample size, and the location of the experimental part in the
broader survey questionnaire.

Monetary Incentives
Many experimentalists in the social sciences, especially experimental economists, incorpo-
rate monetary incentives as part of their study design. At the conclusion of these studies,

subjects receive some amount of money that depends, at least partly, on the decisions they
made during the experiment. If they make “clever” choices, they earn more money than if they
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do not. These incentives aim to ensure that subjects take the experiment seriously, thereby
reducing noise and biases in the data. The concern is that without them, subjects might at
best behave randomly or, worse, erratically in unpredictable and unrealistic ways. In this way,
monetary rewards guarantee the meaningfulness of the subjects’ behavior and the quality of
the data (Camarer and Hogarth, 1999).

Political scientists generally avoid including monetary incentives in their survey experi-
mental designs. Their apprehension, also shared by some experimental economists, is that in
some contexts, these incentives might crowd out intrinsic motivations and thus alter behaviors
(Villeval, 2007). This is particularly relevant in political science, where many of the phe-
nomena studied are motivated by intrinsic factors, such as group identity. For example, when
voters decide which party to support, they are often driven by moral or identity-based motiva-
tions, knowing that their individual vote is unlikely to significantly impact the final electoral
outcome (Feddersen et al., 2009). In this sense, their choice is driven by an expressive drive to
support the party that resonates with them, rather than an instrumental desire to influence the
election results (Bol et al., 2018). For these reasons, unlike many online experiments, survey
experiments do not usually include monetary incentives. There is a concern that doing so
would distort the responses, which should be motivated by intrinsic factors, just as political
behaviors and attitudes are in real life.

To be clear, most political scientists do employ monetary rewards for their survey exper-
iments. However, they use them to motivate respondents to participate in the survey in the
first place. All receive a fixed sum of money upon completing the questionnaire. Without this
reward, response rates would be low, which would undermine the goal of having a sample of
respondents that is representative of the population of the country studied, as only individuals
with a deep interest in political surveys would participate. However, political scientists do not
use monetary incentives within the survey; respondents do not earn more money depending
on how they answer any of the survey questions.

Note, however, that the absence of monetary incentives in survey experiments poses a prob-
lem for data quality. Given that respondents can provide any answer in the survey and still
receive the same monetary reward at the end, there is a risk that they do not engage with the
survey much and respond in a random manner due to inattention. Worse, they might also sys-
tematically lie in their answers, for example, to sensitive questions for which there is a social
desirability bias (see above and Chapter 15 by de Quidt, Vesterlund, and Wilson in the present
volume). This is the cost of refusing to use monetary incentives and a reason why including
attention and manipulation checks is crucial (see section below). In the future, it would be
beneficial for political scientists to consider other types of incentives that better align with the
nature of the subjects they study. Perhaps an interesting solution would be to include mone-
tary incentives not directly given to the respondent, such as donations made on their behalf
to a charity supporting a cause they endorse or ask respondents to perform a meaningful and
time-consuming activity within the questionnaire, such as writing an email to a real politician
urging them to address a certain policy issue (Adida et al., 2018). This approach would better
match the identity-based motivations that lie at the core of the discipline but minimize the risk
of inattentive respondents and meaningless answers.
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Manipulation and Attention Checks

As political scientists generally do not use monetary incentives in their survey experiments,
it becomes crucial to employ other strategies to ensure the quality of the data. Besides the
issue of inattentive respondents and meaningless answers, a common problem with surveys
conducted online, like most surveys nowadays, is the presence of “bots.” These programs fill
out questionnaires on behalf of real respondents, allowing them to participate in numerous
surveys at minimal cost and still earn the fixed reward. These bots behave quasi-randomly in
surveys and thus introduce significant noise into the data (Westwood, 2025).

A first solution to guard against inattentive respondents (but not bots, unfortunately) is to
resort to common sense and avoid long surveys of more than 10 minutes and questions of more
than a few lines of text. This is especially important for the experimental part of the survey.
For example, in a vignette experiment, a researcher cannot reasonably expect a respondent
to read more than a handful of lines of text or watch a video of a few seconds. If it is too
demanding, the respondent will most likely skip it, defeating the purpose of the experiment.
Therefore, I generally recommend designing short surveys lasting between 5 and 10 minutes
(or less) and imagining treatments that are almost effortless for the respondent to be exposed
to. This can be a figure or a table presenting the information in a way that is easy to read. In
the case of a conjoint study, that would consist of setting the number of attributes that define
the two options to five or six. The rule here is not to overload the respondent’s capacity and
generate undue fatigue. For example, in their survey experiment about Brazil, Samuels and
Zucco (2014) constructed short vignettes in which the respondents saw on their computer
screens where the two main parties in Brazil stand on a set of political issues. Each time, the
information was communicated in a single sentence, easy for respondents to read.

Moreover, the two most common strategies to ensure the quality of the data are to include
attention and manipulation checks (Kane, 2024). An attention check aims to identify and
exclude bots and inattentive respondents who answer the survey randomly. It involves adding
a question, usually at the beginning of the survey or at least before the experimental part, with
a clear correct answer, easily identifiable by anyone who reads the question. For example, this
could be a question asking the respondent to select a given number, say “3,” from a list con-
taining various numbers like “1, 7, 9, 3, 4, and 2.” The rationale is that inattentive respondents
and bots will not read the question and will select a random number, which has little chance
of being the correct one. The researcher can then exclude those who give the wrong answer
to this question and hopefully ensure that most remaining respondents are real and attentive.

A second strategy is to include a manipulation check, which measures whether the treat-
ment exposure moves the beliefs and attitudes of respondents in the expected way. It involves
adding a question, right after the experimental part, on a topic related to the content of the
treatment. This question is almost like a comprehension test, for which the researcher expects
clear differences in answers between the control and treatment groups. A key challenge with
the manipulation check is to find a question that does not feel repetitive or redundant for the
respondents who have just been exposed to the treatment.

For example, in a survey experiment about public support for citizens’ assemblies in Europe,
Pilet et al. (2023) presented a vignette showing the real percentage of individuals who have a
certain position on a given issue, like immigration, e.g., “55 percent of the population thinks
that immigrants have an overall positive effect on the national economy,” to a random group
of respondents. The control group did not receive this information. To ensure that respondents
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read the content of this treatment, they included a manipulation check right after it, asking
respondents to guess the share of the population that supports a related, yet slightly different
statement to avoid repetitions. They asked: “In your opinion, what share of the population
thinks that the country should not accept new migrants?” They find that most respondents in
the treatment group propose a guess close to the benchmark of the vignette (e.g., 55 percent),
unlike those in the control group, whose guesses are all over the place, suggesting that those
who received the extra bit of information contained in the treatment updated their beliefs
about their compatriots accordingly.

With manipulation checks, the researcher can thus identify whether the treatments
“worked” as intended and potentially identify for whom they did and did not work. In every
survey experiment, a substantial portion of respondents are not affected by the treatment, in
the sense that they did not update their beliefs or attitudes after being exposed to it, due to
inattentiveness or other reasons. These respondents are usually referred to as “non-compliers.”
The researcher needs to accept this limitation, as reducing the sample in the treatment group
to compliers would introduce a post-treatment bias in the estimates. Indeed, respondents who
update their beliefs or attitudes after being exposed to the treatments are likely to be different
from those who do not. Thus, removing this type of respondent from the treatment group’s
sample would create an imbalance between the treatment and the control group. Indeed, the
researcher would not be able to identify the non-compliers from the control group, which
means that it would cease to be a good counterfactual for the reduced treatment group.* For
these reasons, survey experiments necessarily create “intention-to-treat” effect estimates, i.e.,
ITT in experimental jargon, rather than effective average treatment effects, which correspond
to situations in which every respondent from the control and treatment group is a complier.
In this sense, estimates from survey experiments are underestimations or lower bounds of the
“real” treatment effects.

Besides ensuring that treatment exposure moves respondents’ beliefs or attitudes in the
expected way, manipulation checks are useful for at least two other reasons. First, they consti-
tute another form of attention checks, giving the researcher an indication of whether respond-
ents were attentive or not, or at least sufficiently attentive to notice the treatment. Second,
manipulation checks help identify treatments that are not effective because the extra bit of
information they convey is already known to respondents before the experiment begins. For
example, in their study about citizens’ assemblies, Pilet et al. (2023) replicated the vignette
experiment about immigration for another political issue: social benefits. Here, they found
little difference between the real share of the population supporting the issue and the guess
made by respondents, even in the control group. This suggests that respondents already had
some ideas about the actual number even before this experiment. They did not need to be
exposed to the information contained in the treatment to formulate a correct guess. In this
situation, the treatment cannot have an effect as it did not move respondents’ beliefs or atti-
tudes. This leads to another important piece of advice for researchers interested in survey
experiments: they should imagine a treatment that provides an extra bit of information that is
relatively unknown to respondents before the start of the study. Otherwise, the treatment is
not about moving their beliefs or attitudes but about reminding them of this information, or
“priming” in experimental jargon, which is a completely different objective.

Downloaded from https://www.elgaronline.com/ at 10/06/2026

.1

T

ia Damien Bol



540 Handbook of experimental methods in the social sciences
Determination of Sample Size

As mentioned above, the raison d’étre of survey experiments is to encompass a large sample
of respondents, usually representative of the population of a certain country or countries.
To achieve representativeness, polling companies utilize census information about the actual
socio-demographic composition of these countries. When researchers request that an online
questionnaire be sent to a representative sample of the population, they instruct their panel,
i.e., individuals who agreed to participate in studies for them, to fill it out. They ensure that
the number of respondents in each socio-demographic stratum of the population, e.g., mid-
dle-aged white women with a university degree, is proportional to their representation in the
actual population of the country.

The advantage of using large, representative samples of the population is twofold. First,
it aligns with the overall approach of political science, a discipline that considers most phe-
nomena it studies to be context-dependent. With a representative sample, researchers can be
confident that the average treatment effect is not due to the over-representation of some types
of respondents who are particularly sensitive to the treatment’s exposure. In fact, it is increas-
ingly common for studies based on survey experiments, where the sample is not perfectly
representative of the population, for instance, because the response rate among contacted
respondents is lower in some socio-demographic strata than in others, to recalculate the esti-
mates by weighting the data based on census information (Egami and Hartman, 2023). This
reverse engineering exercise involves giving more weight to the strata that are under-repre-
sented in the sample compared to their actual prevalence in the population.

The importance given to context in political science has another implication for the analysis
of survey experiments. Beyond calculating the average treatment effects over the full sample of
respondents, researchers generally also estimate the average treatment effects across sub-sam-
ples, often socio-demographic groups, e.g., among men and then women, or among young and
then older individuals. They do so either by simply splitting their sample and reproducing the
same OLS regression or by adding an interaction between the treatment variable and the var-
iable defining the socio-demographic group. The rationale behind this strategy, often called
“heterogeneous analysis,” is to explore whether the average treatment effect is universal across
all groups or driven by specific groups. Given political science’s focus on context-dependency,
this question is crucial to many studies. Researchers thus need to consider this objective when
performing their power analysis, ensuring enough observations in each social group to detect
a statistically significant effect. This requirement is especially relevant when subgroup analy-
sis is central to the study, typically when it constitutes one of the hypotheses.

The second advantage of relying on a large sample of respondents is that the researcher
can detect even small average treatment effects. This is crucial for survey experiments where
respondents’ answers are not incentivized by monetary rewards. As mentioned earlier, this
tends to create noise in the data due to inattentive respondents, bots, and non-compliers. For
this reason, survey experimentalists usually calculate, ex ante, the appropriate sample size
needed to detect their effect, an operation called a “power analysis.” From a likely average
treatment effect based on findings from previous studies on similar topics, e.g., an increase
of seven percent of the standard deviation of the outcome variable, they deduce the number
of observations in each group required for this effect to be statistically significant at a level
of p<0.05 or 0.01, usually with a power level of 80 percent (Arel-Bundock et al., 2024). Most
data and statistical analysis software nowadays include a tool to perform such a calculation.
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Such power analysis is usually central in pre-analysis plans. These plans are documents
that researchers circulate online on public repositories like the Open Science Foundation (see
https://osf.io/3wct2/wiki/home) before they even start collecting data. They are increasingly
common in political science as many top journals now require submitted papers based on any
kind of experiments to have one. A growing number of journals even allow researchers to
submit a pre-analysis plan (or registered reports) in place of a paper. If the plan is accepted, the
researchers then commit to conducting the experiment as announced, and the editors commit
to publishing the full paper regardless of the results.

Pre-analysis plans usually contain a series of guidelines, typically the hypotheses that will
be tested and how, i.e., the variables that will be used and the estimation technique (Nosek
et al., 2018). The goal is to improve transparency and reliability in academic research by
demonstrating that researchers are not engaging in “p-hacking,” which refers to the dishonest
practice of performing numerous analyses until finding one that yields statistically significant
results confirming their hypotheses. Similar to other types of experiments (see Chapter 18 in
this volume by Dreber and Johannesson), with a pre-registration plan, survey experimentalists
commit to reporting the analyses they envisioned before the start of the experiment, regardless
of whether the results fit their argument.

A final element researchers should consider while determining the sample size is whether
respondents will have the option to respond “Don’t know” or “Prefer not to answer” to ques-
tions capturing the outcome variables. These response categories are common in surveys in
general. Aside from ethical concerns, including them poses a tradeoff for researchers. On one
hand, by not allowing respondents the option not to answer, they increase their sample size.
On the other hand, by providing this option, they risk introducing even more noise or bias into
the data. Indeed, when respondents genuinely do not know how to respond, they might choose
a random response category or systematically make their choice based on the first attribute
only, without considering the others.

This tradeoff becomes evident in conjoint studies where the respondent chooses between
two hypothetical candidates. In real elections, voters can usually decide to abstain and not
choose any of the competing candidates. This is even more likely to happen in a survey exper-
iment where the candidates are hypothetical, as the respondent does not have the time to
develop a strong opinion about them. This means the researcher needs to choose between
allowing the option not to answer, risking too few observations to detect any average treatment
effect, or forcing a choice, risking introducing too much noise into the data. This tradeoff
also explains why conjoint studies typically ask respondents to repeat the choice task five or
even ten times. Each repetition generates new options due to random attributes, increasing the
sample size. Evidence shows that this strategy is effective as it does not necessarily introduce
more noise or biases into the data (Bansak et al., 2018).

Where to Place an Experiment in a Survey?

By definition, survey experiments are conducted within surveys. Sometimes, the experiment
constitutes the survey’s main focus. Other times, it forms only a small part of a longer survey.
This occurs when multiple researchers pool their resources to conduct a single survey, using
the collected data to address various research questions on different topics. This approach
is common due to the economies of scale it offers. However, it raises an important question
regarding the order of questions and treatments.
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A crucial principle for researchers to remember is that any survey questions following the
exposure to treatments must be considered as outcome variables. Given their placement in
the survey, the responses from the treatment group to these questions could be influenced by
exposure to this treatment. Researchers can then determine the average treatment effect on
responses to these questions, but cannot use these responses to weight the data or to explore
potential heterogeneous effects. Doing so would introduce a post-treatment bias, meaning that
the treatment group’s responses to these questions, likely influenced by the treatment, would
no longer be comparable to the control group, leading to inaccurate estimates (Montgomery
et al., 2018).

However, this principle does not apply to questions addressing respondents’ socio-demo-
graphic characteristics, such as age, gender, and education level. These variables are unlikely
to be influenced by treatment exposure, unlike general attitudes or views on political issues.
Therefore, researchers can safely place socio-demographic questions after the experimental
section of the survey and use these variables in their analysis without introducing post-treat-
ment bias.

From this principle, it follows that placing the experimental section toward the end of
the survey, just before the outcome variable and socio-demographic questions, is optimal.
Researchers can use the responses to preceding questions in their analysis. Yet, positioning
many questions before the experimental section has a drawback: these questions might pre-
dispose respondents to a specific mindset, affecting their responses to the experiment. For
instance, if a study aims to measure the effect of negative information about a racial group on
civic engagement, including questions on racial resentment at the start could “prime” respond-
ents to think about race, potentially affecting their reactions to the experiment. This does not
compromise the estimates’ validity but raises concerns about their external validity (Klar
et al., 2020). It is unclear whether the same effects would be observed without predisposing
respondents to a racial mindset from the outset.

Therefore, my advice to researchers is to be as parsimonious as possible in designing their
survey questionnaires. They should include only the attention checks and questions that they
know they will use for their heterogeneous analysis before the experimental section. After this
section, they should add only the manipulation check, the designated outcome variables, and
socio-demographic questions. However, I acknowledge that researchers do not always have
complete control over their questionnaires. In such cases, I recommend transparency in their
report of the results about any questions placed before the experimental section that could
have primed respondents, and to refrain from conducting heterogeneous analyses or weighting
the data based on responses to post-experimental questions, except for socio-demographic
variables.

OTHER EXPERIMENTS IN POLITICAL SCIENCE

As I argue in the pages above, survey experiments have become the method of choice for
experimental political scientists. It is, however, certainly not the only one. In this section, I
will briefly discuss how other types of experiments, namely field and lab experiments, are
used in political science. Given that this chapter is focused on survey experiments, I will not
go into much detail. I will, however, provide some references for the researchers interested in
those other methods.
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Field Experiments

Historically, political science has been a pioneer discipline of the social sciences when it
comes to field experiments. One of the first such experiments, where treatments are assigned
by the researcher to a random sample of subjects in real life, and their effects are also observed
in real life, was the Get-Out-To-Vote experiment conducted by Gosnell in Chicago in the
1920s (Gosnell, 1926). In this experiment, Gosnell tested the causal effect of an intervention
meant to increase turnout (outcome Y), namely door-to-door canvassing where people are
reminded about the upcoming election (treatment X). Since then, there have been thousands
of field experiments of this genre, as well as others, in political science. Field experiments
are particularly useful for estimating the causal effect of policy interventions in real life.
However, they generally do not allow researchers to elicit the mechanism behind this effect,
and their theoretical contribution to scholarship can therefore be somewhat limited. For the
readers interested, I recommend the textbook of Gerber and Green (2012), which covers all the
practical steps. They should also read the chapter by Samek and Sadoff in the present volume,
as most of the topics discussed there, as well as the tips provided by the author, also apply to
field experiments in political science (see Chapter 2).

Note, however, that a special class of field experiments has gained some popularity in polit-
ical science over the last decades. These are audit experiments with elected officials where
the researcher sends an email or a letter to politicians (elected or not) on behalf of a citizen
asking for some information or service. They then observe whether these politicians respond
and what the content of these responses is, typically conditional on some random treatments
in the content of the letter, such as the race of the sender, as indicated by their name (Butler
and Broockman, 2011), or their partisan preferences (Bol et al., 2021). These outcomes are
then considered as measures of how responsive the contacted politicians are and how much
they care about their constituents. Although promising, these audit experiments pose some
important ethical challenges, notably due to the use of deception. For the reader interested in
the topic, I recommend the review article of Grose (2014), as well as the special issue edited
by John and Foos (2022) that specifically touches upon the ethical aspects of this method.
Among other safety tips, they, for example, recommend asking real constituents to send a
standardized email drafted by the researcher. This strategy ensures that the experiment does
not involve any deception, but is also time-consuming as it requires the researcher to find a
number of constituents willing to participate in the study and brief them accordingly.

Lab Experiments

There is also a long tradition of lab experiments in political science. In these experiments, the
researcher reproduces political interactions between subjects, often students, in the controlled
environment of a laboratory to evaluate the effect of randomized treatments on individual and
group behaviors. Such experiments have been inspired by the pioneering work in behavioral
economics as well as experimental psychology, and then applied to political topics such as
voting or political behavior more generally (Bol, 2019). For example, Duffy and Tavits (2008)
reproduce elections in a lab where subjects vote together to determine which of two options,
A or B, wins. They then vary the chances with which each individual’s vote affects the final
result to evaluate how much the prospect of being pivotal affects the propensity of subjects to
vote or to abstain.
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Lab experiments remain an important method in political science because they allow
researchers to fully control the experimental process and collect precise information on each
subject. Thus, eliciting theoretical mechanisms, their use has faded somewhat in the last dec-
ade. This decline is likely due to the development of new technologies that enable research-
ers to conduct similar experiments on larger and more diverse samples, notably online. In a
discipline focused on context-dependent phenomena (see above), lab experiments conducted
with a student population are often seen as limited in their external validity, as results are not
necessarily generalizable to a large set of people and countries (Bol, 2024).

A common strategy to address this issue involves complementing lab experiments with
other methods, typically those based on surveys. The rationale is that if similar patterns
emerge in both the small, convenient samples from the lab and the large, representative sur-
vey samples, it reinforces confidence in the generalizations. For example, Martinangeli et al.
(2024) applied this method to study the effects of the quality of political institutions on peo-
ple’s propensity to trust each other. To do this, they first organized a lab experiment involving
a series of trust games between subjects. The twist was that one of the subjects was chosen
as the administrator of the games, who could decide to keep (some of) the money at play for
their personal benefit. They found that the presence of a mechanism preventing administra-
tors from stealing money from others, i.e., the treatment, increased the likelihood of subjects
trusting and cooperating with others. After presenting their lab experiment results, they exam-
ined a large cross-country survey dataset for a correlation between respondents’ trust in their
co-nationals and the prevalence of corrupt behaviors among public officials in their country.
They found a positive association, which corroborates their lab experimental results, thereby
reinforcing their generalizability beyond the lab and in countries other than where their study
was conducted.

For the readers interested in the way lab experiments are used in political science, I recom-
mend the review paper that I wrote on the topic (Bol, 2019), as well as the textbook of Morton
and Williams (2010) and the chapter by Niederle in the present volume (Chapter 1). Here
again, the topics discussed as well as the tips given by the author largely apply to the way lab
experiments are conducted in political science.

CONCLUSION

In this chapter, I have discussed various ways in which experimental methods are utilized in
political science, focusing on survey experiments, which are now the most prevalent of these
methods. After defining the contours of survey experiments and their various sub-types, I
have provided practical guidelines and tips for researchers interested in using them. Toward
the end, I also briefly discussed how other experimental methods, both in the lab and in the
field, are used in political science. In this conclusion, I will discuss what I consider to be the
two most important challenges faced by political scientists who use survey experiments.

A primary challenge lies in the representativeness of the samples. As mentioned earlier, a
key reason why political scientists use survey experiments is that they allow the estimation
of average treatment effects over a sample of respondents representative of a country’s pop-
ulation. This is crucial for a discipline that studies context-dependent phenomena. However,
the practice of relying on polling companies to provide online samples has undermined sam-
ple quality. As explained earlier, these companies use socio-demographic quotas to ensure
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that each social group is represented in the sample proportionally to their actual size in the
population. However, just because a sample is representative in terms of socio-demographic
characteristics does not mean it is representative of other variables.

Ultimately, polling companies can only send questionnaires to individuals for whom they
have contact information. Despite efforts to constitute a panel of potential respondents as
diverse as possible, it is reasonable to think that they cannot reach every population stratum.
This might include individuals who are rarely online or are socially secluded. Moreover, these
individuals must agree to fill out surveys for the company. It is likely that some are too con-
cerned about their privacy or distrustful of the corporate world to participate. In other words,
while polling companies can provide samples representative of the population in observa-
ble socio-demographics, these samples might not represent the population in non-observable
characteristics and likely have some blind spots.

There is little researchers can do to address this issue, except for contracting reputable
polling companies, such as Understanding America Study (see https://uasdata.usc.edu/index
.php), which uses census data and postal correspondence to maximize the representativeness
of their sample. However, I encourage the political science community not to draw a definitive
line between experiments conducted with samples made representative through socio-demo-
graphic quotas and those relying on purely convenient samples, such as those composed of
students. The former is, of course, closer to the actual population than the latter, but the dif-
ference is more a matter of degree than of kind.

Second, another concern with survey experiments relates to the ethical treatment of
respondents. Although much has been written about designing treatments that do not deceive
or harm respondents, for example, by causing undue stress or anxiety (e.g., Desposato, 2015),
the issue of their monetary compensation is often overlooked. As mentioned earlier, polling
companies generally offer a small amount of money to persuade individuals to participate in
a survey. However, they typically offer only a few dollars or even cents per survey. By using
these companies, researchers may inadvertently contribute to exploiting individuals and cre-
ating precarious job conditions.

Here again, there is little researchers can do to address this issue, except for putting pres-
sure on polling companies to increase their monetary incentives, for example, by boycotting
those that pay the least. However, I encourage the political science community, and beyond,
to be more considerate of the individuals they study and their time. Survey experiments are
a powerful tool with much potential to advance our knowledge of how individuals approach
politics, but we should collectively strive to conduct studies that follow the best practices of
the discipline, both to avoid wasting the time and energy of our human subjects and as a sign
of respect for these subjects.

NOTES

1. Most survey platforms include a tool to randomize questions or widgets in a question-
naire. This tool ensures that, ex ante, each respondent has an equal probability of being
assigned to either the control group or any of the treatment groups. A common method
to evaluate whether this randomization was done properly is to conduct an ex-post bal-
ance test, which involves regressing the treatment status of the respondents on answers
to questions asked before the experimental part of the survey and/or answers that are not
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supposed to be affected by the treatments, such as socio-demographics. If the randomiza-
tion is correct, none of these covariates should be associated with the treatment status.

2. Note that political scientists use the same estimation techniques as other experimentalists:
they favor OLS regressions with the treatment status as the sole covariate. Note, however,
that sometimes this estimation is complemented by another one where the observations
of the control and treatment groups are re-weighted to make them perfectly balanced
across socio-demographic variables with the use of a method called “entropy balancing”
(Hainmueller, 2012). Even though randomization should, in principle, ensure some bal-
ance between the groups in this respect, there can be, by chance, some small discrepan-
cies. Thanks to entropy balancing, these discrepancies disappear, and the estimates are
more precise.

3. For another example of research that leverages a list experiment to estimate attitudes
towards the LGBTQI+ population, see Coffman et al. (2016).

4. If the researcher can predict who among respondents is a complier based on covariates
that cannot be affected by the treatement status, like the respondents’ socio-demographic
characteristics, they can use these covariates to remove non-compliers from both the
treatment and control groups or use them as instrumental variables in a two-stage regres-
sion analysis. This would generate accurate and precise estimates of the average treat-
ment effect.
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