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Abstract

Psychological research has provided important insights into the processing of
misinformation and conspiracy theories. This research has mostly focused on (1) randomized
laboratory experiments and (2) observational (non-experimental) studies seeking to establish
causality via third-variable adjustment. However, laboratory experiments will always be
constrained by feasibility and ethical considerations, including the risks associated with
intentionally exposing vulnerable individuals to harmful misinformation and conspiracy
theories. Whether findings and interventions based on such experiments will generalize to the
real world then depends on the assumption that the experiments can accurately capture real-
world psychological processes, an assumption that is not always tenable. Although
observational studies can circumvent some of the feasibility and ethical considerations, they
can often lead to unjustified causal conclusions and confused analysis goals due to the lack of
randomization, particularly if researchers do not provide sufficient justifications for the
variables included in their models. Therefore, we argue that research in this field can benefit
from paying greater attention to the counterfactual definition of causality and broadening our

toolset to include the use of natural experiments.
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Causal Inference in Misinformation and Conspiracy Research

Psychological research has revealed important insights into how individuals process
misinformation and conspiracy theories—defined here as false or misleading information that
runs counter to formal logic, objective evidence, or an established scientific consensus as
misinformation (see Ecker et al., 2024). Indeed, studies have identified an assortment of
variables that are predictive of belief in misinformation and conspiracy theories, and a range
of promising interventions have been proposed (Badrinathan & Chauchard, 2023; Douglas et
al., 2019; Ecker et al., 2022; Newman et al., 2022; Kozyreva et al., 2024; Pennycook & Rand,
2022; Tay et al., 2023).

Nonetheless, the literature has focused mostly on laboratory-based experiments and
observational (non-experimental) studies seeking to establish causality via third-variable
adjustment, neglecting formal definitions of causality and the potential of drawing causal
inferences from natural experiments (also see Tay et al., 2024). This is despite the fact that
one of the earliest lessons scientists receive is that statistically significant associations do not
necessarily imply causation (Grosz et al., 2020). The result is that, on the one hand,
researchers in the field may sometimes be guilty of making (implied or otherwise) causal
claims when they are not warranted; on the other hand, researchers may sometimes refrain
from making causal claims—for example, in situations where randomized manipulation is
impossible (e.g., due to ethics and feasibility considerations)—when there are in fact
alternatives tools that researchers can use to test those causal claims even with non-
experimental data (see Marinescu et al., 2018; Rohrer, 2018).

Considering that the testing of causal relations is critical in addressing a range of
questions that researchers and practitioners alike may be interested in, including whether
interventions against misinformation and conspiracy theories will improve subsequent

individual or societal outcomes, it is our view that there is an urgent need for researchers in
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the field to draw from the broader literature on causal-inference methodologies. To this end,
the current Perspective aims to provide a brief and accessible introduction to causal
inference, as well as illustrate the potential of drawing causal inferences from natural
experiments, using a mix of hypothetical and real-world examples relevant to misinformation
and conspiracy research.

Why Should We Pay More Attention to Causal Inference?

First, the lack of attention to frameworks of causality has meant that there is, at
present, no consensus on what can be deemed causal constructs and processes, nor sufficient
reference points to anchor robust debates in the general literature. One salient example is the
debate surrounding the framing of phenomena such as misinformation and conspiracy
theories. In particular, some researchers have argued that misinformation is merely a
“symptom” of societal conditions as opposed to a “cause” (e.g., Jungherr & Schroeder,
2021), while others have argued that misinformation has the potential to negatively impact
(i.e., to causally affect) societal outcomes across a range of domains (e.g., Ecker et al., 2022,
2024; van der Linden et al., 2017). We believe that applying a formal definition of causality,
namely a counterfactual definition, would allow researchers to be more precise in both the
making and testing of the relevant claims.

Under the counterfactual definition, causality can be viewed as the outcome of
comparisons between different states of the world. Here, an outcome Y can be said to be
causally affected by event X, if, absent event X, outcome Y would have taken on a different
value. This comparison between states can be formalized via the potential-outcomes
framework (Rubin, 1974). For instance, to assess the causal effect of a piece of
misinformation, we can contrast two potential outcomes for any individual, one for a world in
which the individual is exposed to the misinformation and one in which the only difference is

that there is no such misinformation. If the individual is willing to pay $500 for an
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alternative-medicine intervention when exposed to misinformation but only $200 without
exposure to misinformation, the misinformation caused a $300 increase in willingness-to-pay
for the fictitious intervention; conversely, if outcomes do not differ, the misinformation
would have had no effect.

Nonetheless, much of the research within misinformation and conspiracy literatures
(and in psychology in general) has neglected to test causality, beyond the use of self-report
measures and behavioral tasks within laboratory experiments (for recent reviews, see Goreis
& Voracek, 2019; Murphy et al., 2023). This focus on laboratory experiments has placed
unreasonable restrictions on the types of questions that we can credibly ask and answer, even
though they may be of psychological and public interest (Grosz et al., 2020).

To advance misinformation and conspiracy research, we believe that it is important to
disentangle the process of formal causal inference from that of experimentation. This is
because formally defining causality in terms of counterfactual comparisons would allow
researchers to make clearer the links between theory-implied causal relations and tested
relations in our studies, and would allow us to better assess the plausibility of any underlying
assumptions for when randomized manipulation is not possible. For instance, the adoption of
a counterfactual definition highlights the “fundamental problem of causal inference,” namely
that an individual cannot simultaneously receive and not receive an intervention, and thus
researchers often must find meaningful workarounds (see also Imbens & Rubin, 2015). One
canonical theoretical quantity that researchers can target is therefore to estimate the average
causal effect, which is the average difference in outcomes.' In practice, this can involve
contrasting the average outcomes of a group of individuals that is exposed to the

misinformation against a group of individuals that is not (i.e., a control group that represents

!'We note that targeting average effects in randomized experiments is one work-around; however,
under the assumption that individuals can be used as their own controls, one could also devise
plausible strategies to test for individual-level effects for at least some interventions.
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the counterfactual). If individuals in the misinformation group are willing to pay an average
of $500 for the spurious intervention, while individuals in the control group are willing to pay
an average of $200, researchers can calculate the average causal effect of $300 even without
individual-level data. Random assignment can render such an analysis unbiased by ensuring
that an intervention is distributed independently with respect to potential outcomes, and that
there will be comparable distribution of non-target characteristics across groups, so that any
difference in average outcomes can be ascribed to the hypothesized cause. Randomized
experiments are generally considered the “gold standard” for causal inference for this reason.
Yet, although randomized experiments represent the “gold standard”, they may not
always be possible. To illustrate, consider that a hypothetical team of researchers seek to
study the impact of alternative-medicine misinformation targeting cancer patients. It is not
possible for the researchers to conduct a randomized experiment that prescribes such
misinformation, due to ethical concerns. The researchers may therefore instead conduct an
experiment that tasks participants with reading a relevant vignette and imagining that they are
a cancer patient assessing alternative treatment plans. The researchers may also randomly
assign a subset of participants a counter-misinformation intervention (e.g., a debunking). To
the extent that the study could be informative of potential interventions against cancer
misinformation, one critical assumption is that the experimental paradigm is able to
sufficiently represent the psychological processes involved, compared to if the participants
actually had cancer. Such an assumption will not always be tenable, as one can easily
imagine that cancer patients may have different states of mind (see also hypothetical bias;
Bernheim et al., 2022; Murphy et al., 2010). This limitation is independent of the fact that
researchers can estimate the causal effect of the specific vignettes, and it applies whenever
the real-world stakes and incentives (external or internal) exceed that which can be credibly

manipulated by the experimenters. In fact, the most insidious form of impact may come not
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from isolated instances of exposure to misinformation and conspiracy theories, as they are
typically implemented in time-constrained experimental studies, but rather from extended
periods of influence with oft-repeated exposure from ostensibly trusted sources of media (see
also Ash et al., 2024; Lewandowsky et al., 2017; Tay et al., 2024).

Critically, the specification of theoretical quantities as independent entities—for
example, defining the aforementioned average causal effect as a counterfactual comparison
between potential outcomes—would allow researchers to consider alternative means by
which the quantities can be estimated, beyond randomized experiments. In this way, the
effects that we seek to study can be better guided by logic, needs, and prior literature, as
opposed to being constrained by any particular laboratory-based study design or empirical
strategy (e.g., vignettes and regression modelling; Lunberg et al., 2021; MacCorquodale &
Meehl, 1948). Indeed, study designs and empirical strategies then serve only as imperfect
ways of estimating the theoretical quantities from data, and to what extent researchers should
ultimately update beliefs about causal relations based on tests conducted on new data depends
on whether the explicated assumptions are considered tenable.

The above has implications for the mutual-internal-validity problem faced by
paradigms that focus only on laboratory experiments (Lin et al., 2021). The essence of this
problem is that theories explaining only within-paradigm phenomena can gradually lose
touch with meaningful outcomes beyond the paradigm if the same theories are always used to
design the experiments that in turn guide development of the theories. Lin and colleagues
argued that triangulation of methods (e.g., from self-report to behavioral and physiological)
and theories (e.g., from psychology to economics and political science; see also Bor &
Petersen, 2022) can be one way of addressing this problem (see also Haslam et al., 2020). In
terms of methods, the use of a wider range of analysis and data sources can help address

idiosyncratic artifacts arising from single sources (e.g., sample bias, measurement error, or
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context-specific influences); and in terms of theories, integrating insights from different
disciplines can help refine existing models while inspiring new research (e.g., theories of
evolution and continental drift were informed by disciplines as distinct as paleontology and
geology). Clearer thinking about causality may, in our view, ensure that researchers are not
unduly constrained to particularly empirical strategies and may thus help facilitate such
triangulation in a systematic manner.
Additional Approaches for Causal Inference

Given the above, we now introduce several additional approaches of drawing causal
inference that are currently underutilized, particularly within psychological research on
misinformation and conspiracy theories. These strategies include instrumental-variable
analysis, regression-discontinuity designs, as well as difference-in-differences and synthetic-
control designs. There are research questions and data that may be more or less suitable for
one strategy over others, depending on the causal structures of variables that researchers
deem plausible and are willing to assume. Table 1 presents the two “standard approaches” in
the field (i.e., randomized experiments and observational studies), alongside an overview of
these additional strategies based around natural experiments. We also present a selection of
relevant studies from a variety of disciplines. In this way, we are explicitly calling for greater
integration of the various misinformation- and conspiracy- adjacent fields, including
psychology, economics, political science, data science, sociology, and communications

studies.
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Instrumental-Variable Analysis

To introduce instrumental-variable analysis, consider again the hypothetical research
scenario regarding cancer misinformation. It would be unethical to randomly assign
vulnerable individuals in an experiment to cancer misinformation, but results from
observational studies simply regressing health outcomes on misinformation exposure would
be biased by unmeasured confounds (e.g., socioeconomic status may be related to both
misinformation exposure and the choice of cancer treatment). If, however, the researchers in
this scenario can plausibly justify the existence of a variable that is associated with the
outcome of interest (e.g., the choice of cancer treatment) only via its association with the
explanatory variable of interest (e.g., exposure to misinformation), instrumental-variable
analysis may be considered. Such a variable, for which effects on the outcome can be
assumed to be fully mediated by the explanatory variable of interest, would be termed the
“instrument” within the context of the analysis. For instance, researchers could randomly
encourage a subset of participants to reduce access to relevant sources of misinformation,
with the encouragement considered as the instrument (assumed to only affect outcome via its

impact on misinformation exposure). See Figure 1 for an illustration.
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Figure 1.

Directed Acyclic Graph lllustrating Instrumental-Variable Analysis

Unmeaasured Confounds

Misinformation Exposure Choice of Cancer Treatment

Note. To test for causal effects using instrument-variable analysis, the instrument should (1)
affect the outcome of interest (e.g., the choice of cancer treatment) only via the explanatory
variable of interest (e.g., misinformation exposure) and (2) be unaffected by unmeasured
confounding. These two assumptions cannot be directed tested.

If the above holds, the data can then be analyzed via two-stage least squares
regression. In the first stage, the explanatory variable of interest would be regressed on the
instrument; then, in the second stage, the outcome of interest would be regressed on the first-
stage predicted values for the explanatory variable of interest. In essence, this approach seeks
to overcome unmeasured confounds by exploiting random variation in the hypothesized
explanatory variable of interest due to the instrument. This would allow researchers to test for
causal effects as applied to the subset of participants that respond to the instrument; formally,
this is known as the complier average causal effect (vs. intention-to-treat analysis, as is
common in psychology, which would estimate the average causal effect of the
encouragement). Critically, instruments need not be experimentally created but can also be
identified in the environment. For example, one innovative use of instrumental-variable
analysis has been to isolate exogenous (unconfounded) variation in media attention. To
illustrate: a significant event A (e.g., a terror attack) will draw substantial media attention,
unless another significant concurrent event B, such as a natural disaster, “crowds out” media
coverage of event A. In this way, significant event B can serve as the instrument (i.e., the

encouragement from the earlier example) to isolate the effect of media attention on
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significant event A. For example, this approach has allowed researchers to scrutinize if the
level of U.S. media coverage of terror events in other countries—which is effectively
“manipulated” by the presence versus absence of coverage of a concurrent natural disaster in
the U.S. crowding out the terror-event coverage—causally affects the likelihood of future
terror attacks in those countries (e.g., Jetter, 2017). In this example, for two-stage least
squares, level of U.S. media attention to terrorism during a terrorist event was first regressed
on a binary indicator of whether there was a concurrent natural disaster in the U.S., and the
estimated value of media attention was then used in the second stage to predict the number of
terrorist-attack days in the immediately succeeding week. Nonetheless, regardless of whether
instruments are identified or created, researchers must take extra care to consider if core
assumptions may have been violated (e.g., whether the instrument may be related to the
outcome variable in ways other than the hypothesized explanatory variable of interest;
Andrews et al., 2019).
Regression-Discontinuity Design

Another causal-inference approach currently underused in misinformation and
conspiracy research is regression-discontinuity design. The defining feature of this approach
is a running variable (i.e., a variable whereby there is a sharp increase in probability of the
explanatory variable of interest being assigned or activated around a cut-off or threshold
value). For example, in the hypothetical study on cancer misinformation, suppose there is a
specific date at which a large-scale alternative-medicine misinformation campaign was
launched. If researchers seek to study the causal effect of such a misinformation campaign on
individuals’ choice of cancer treatments, a common observational-study approach would be
to ask via questionnaires whether individuals have been exposed to the misinformation
campaign and whether they indicate any belief in the relevant false claims. Yet, such a design

could again be affected by the presence of unmeasured confounds, as factors such as socio-



242

243

244

245

246

247

248

249

250

251

252

253

254

255
256
257
258
259

14

economic status could impact both access to misinformation as well as the choice of cancer
treatments. Instead, relying on a regression-discontinuity design, researchers could make use
of time as a running variable, as the probability of an individual being exposed to the
misinformation would sharply increase after the launch date of the misinformation campaign.
In this case, even if the launch of the misinformation campaign cannot be randomized by
researchers, individuals choosing cancer treatments just before versus after the launch of the
misinformation campaign are unlikely to systematically differ on other dimensions apart from
exposure to the campaign. Thus, researchers can restrict analysis to this subset of individuals,
in essence creating a “locally randomized” study (Lee & Lemieux, 2014). See Figure 2 for an
illustration.

Figure 2.

Hypothetical Data Illlustrating Regression-Discontinuity Design

60 -
o o
£
@ ©
2 ® ® o
'_ S
g o o%%%° g o
= ‘.—. “... Misinformation Campaign
(&) ... ® : @® Before
B (@]
= ’ ® @ After
<
ks
(]
Lo,
o
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(®]
.50 .25 0 25 50

Time (Running Variable)

Note. For this hypothetical dataset, each point represents binned observations, the running
variable is time (days before and after misinformation campaign), the threshold as marked by
the dashed vertical line is therefore at 0, and the outcome of interest is choice of alternative-
medicine as cancer treatment. If the assumptions of regression-discontinuity design holds and
individuals around the threshold do not systematically differ aside from their probability of
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being exposure to the misinformation campaign (i.e., a “locally randomized” experiment), the
difference in outcomes can be ascribed to the campaign’s causal effect.

Using time as a running variable and the publication of the 1998 Wakefield et al.
study falsely linking the MMR vaccine to autism as the cut-off, researchers have used a
regression-discontinuity design to examine the causal effect of the fraudulent study on
subsequent vaccine skepticism (Motta & Stecula, 2021). Importantly, however, the running
variable with arbitrary cut-off or threshold values need not be time. For example, regression
discontinuity has been applied to study the effects of economic news on consumer behaviors,
with the running variable being gross-domestic-product growth, given that recession
announcements are based on the arbitrary cut-off of two consecutive quarters of negative
growth (see Eggers et al., 2021). Nonetheless, again, there are assumptions that must be
satisfied for the interpretation to be causal. Here, the key assumptions are that the running
variable should not be precisely manipulable by the units of analyses (e.g., that individuals
cannot decide for themselves whether they are above or below the cut-off), and that the
threshold value should not be associated with changes in probability of other relevant
variables (e.g., if the probability that an individual is from a higher socio-economic
background changes significantly just above or below the ostensibly arbitrary threshold).
This is because, in those cases, “local randomization” is no longer a tenable assumption and
differences in outcomes can again be due to unmeasured confounds and not the hypothesized
causal variable of interest.
Difference-in-Differences and Synthetic Control Designs

A third approach is the difference-in-differences design. Such a design typically
involves the provision of an intervention to certain units of analyses, while others are left out
over a period. For example, imagine that two hospitals have decided to implement a science-
literacy program to counter the potential influence of cancer misinformation, but one hospital

implemented the program earlier than the other. Both hospitals then track patients’ science-
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literacy performance outcomes over time. A direct comparison of outcomes across the two
hospitals would not allow for a causal interpretation, as there may be many dimensions on
which the two hospitals differ aside from the implementation of the program. To address this,
the difference-in-differences approach aims to exploit the repeated observations over time to
provide an estimate of the average causal effect of the intervention, which is defined as the
difference between changes in average outcomes over time for the intervention group minus
the concurrent changes in the control group acting as a non-randomized counterfactual
comparison (i.e., an interaction). In the current example, this would be an increase in the
likelihood of an evidence-based treatment being chosen over time in the hospital that
implemented the program initially minus any potential (spontaneously occurring) increase in
the hospital that at the time did not.

To rule out bias, one key assumption is known as parallel trends, that is, the outcomes
for the control group should approximate the path of the intervention group in the absence of
the science-literacy program. For example, patients in the two hospitals should be
comparable and have similar trajectories prior to implementation of the science-literacy
program for one to serve as an adequate counterfactual for the other. In practice, this means
that unmeasured confounds are assumed as equal across groups and time. In the long run,
many variables can differentially confound the causal effect, so the parallel-trends
assumption may only be met within a short timeframe. To test the assumption, one option is
to apply an equivalence test to pre-intervention data, although this requires a large sample
(e.g., Hartman & Hidalgo 2018). Other extensions exist and are being actively developed
(e.g., Butts, 2021; Callaway et al., 2021), such as one that allows for spill-over effects
between units (e.g., benefits of one hospital implementing the program affecting other

hospitals), or for when the intervention is continuous and varying in intensity (e.g., all
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hospitals implement science-literacy programs, but the programs differ in terms of the
number of lessons). See Figure 3 for an illustration.
Figure 3.

Hypothetical Data Illustrating Difference-in-Differences

10.04

7.5+ P

» Hospital
4 Control

@) Science-Literacy Program

2514

Choice of Evidence-Based Caner Treatment
(6}
o

0.0+

Time 1 Time 2 Time 3
Time Period

Note. For this hypothetical dataset, the key comparison is between the hospital that
implemented a science-literacy program at Time 2, as marked by the dashed vertical line, and
a control group without such a program. To plausibly ascribe the difference in choice of
evidence-based treatment between the two groups across Time 2 and Time 3 to causal effect
of the science-literacy program, the parallel-trends assumption should be satisfied. That is,
patients’ choice of cancer treatment for the two hospitals should follow the same trend,
absent the science literacy program. This assumption cannot be tested directed, although
researchers can assess trends prior to program implementation (i.e., from Time 1 to Time 2).

Importantly, if no control group is sufficiently similar to the intervention group to act
as a counterfactual, a synthetic-control strategy may be a better option. It complements the
difference-in-differences approach by introducing an optimally weighted average of a set of
potential controls (via minimizing distance functions using pre-intervention covariates, akin
to matching algorithms), instead of imposing the parallel-trends assumption (see Abadie et al.
2010). For example, there may simply be no single hospital with patients that have similar

trajectories to be used as the control in the difference-in-differences approach, and so an
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optimally weighted set of hospitals may instead be used. Indeed, in the seminal paper by
Abadie and colleagues, a set of 29 states across the U.S. was used to construct a synthetic
control that best matched the state of California prior to the introduction of anti-smoking
legislation to examine the legislation’s causal effects, as no single state was sufficiently
similar to California.

Although several studies have used the difference-in-differences approach to study
the impact of misinformation and conspiracy theories, as well as associated interventions, to
the best of our knowledge only one study to date has attempted to incorporate a synthetic
control (Li et al., 2023). In this study, the researchers sought to study the causal effect of
Twitter’s restrictions on and labelling of some of former U.S. President Trump’s tweets
during the 2020 U.S. presidential election on subsequent spread of misleading tweets about
the election. The synthetic-control strategy was used to construct time-series data of tweets
that could be assumed to be maximally similar to the tweets targeted by Twitter (aside from
the intervention itself), and the difference in trends between the sets of real and synthetic
tweets were then taken as the causal effect of Twitter’s intervention. Naturally, as before,
whether the causal interpretation is plausible depends on whether the assumptions that
underlie the analysis are tenable, which in this case would include adequate similarity of
trends across tweet sets (for a recent review, see Abadie et al., 2015).

Discussion and Concluding Remarks

As may be clear from the preceding section, most research employing the causal-
inference approaches covered in this Perspective has been conducted in disciplines such as
political science and economics. Speculatively, this is because the subject matter of those
disciplines already necessitates more common usage of non-experimental data, leading to
greater methodological advancement in causal inference compared to psychology (see Grosz

et al., 2020). Nonetheless, as mentioned, randomized experiments remain the “gold standard”
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for causal inference and decades of psychological research using randomized experiments
and observational studies have revealed important insights into a range of phenomena.
Naturally, the approaches covered here cannot and should not replace all existing approaches,
but they have the potential to act as complements for researchers to devise additional ways to
test and refine psychological theories using real-world data. Indeed, there exists a wide
variety of data available from many countries that can be used to diversify our research
agenda (e.g., crime and social media data, national surveys). Alongside the broadening of our
analytical toolbox, these have the potential to inform both theorizing of naturally occurring
behaviors as results of biased or inaccurate media coverage and “fake news”, as well as
group- and system-level interventions targeting misinformation and conspiracy theories that
have so far been neglected in favor of individual-level interventions (e.g., Chater &
Loewenstein, 2022).

Nonetheless, while we believe that these causal-inference approaches will be useful
tools in the arsenal, we again emphasize that interpretation of results from such analyses as
causal depends ultimately on whether the assumptions underlying those analyses are tenable
in each particular instance. As such, we also want to draw attention to the potential utility of
placebo tests (for sensitivity analysis, see also Oster et al., 2014). Briefly, placebo tests,
within the context of causal inference, refer to analyses in which the primary analysis is
replicated but with the units of analysis or outcome measures replaced by alternatives that
could not plausibly be affected by the causal variable of interest (Eggers et al., 2021). The
goal is thus to assess the credibility of the primary analysis by testing if the strategies
employed return placebo estimates that are close to zero or if an effect still emerges. Recent
work has additionally proposed the use of pre-registered placebos and equivalence testing
that specifies an a-priori range in which differences are deemed inconsequential (Eggers et

al., 2021; Hartman & Hidalgo, 2018). Such analyses will be important in theorizing about
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complex real-world behaviors, where many assumptions that underly causal analysis need to
be thoroughly interrogated.

Finally, to conclude, the process of drawing causal inferences, particularly when
randomized experiments are not feasible, can be undeniably complex. We hope that the
current Perspective contributes a small step towards a more comprehensive understanding of
the causes and consequences of misinformation and conspiracy theories in real-world

contexts.
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