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Psychological research has provided important insights into the processing of misinfor-

mation and conspiracy theories. Traditionally, this research has focused on randomized la-

boratory experiments and observational (non-experimental) studies seeking to establish 

causality via third-variable adjustment. However, laboratory experiments will always be con-

strained by feasibility and ethical considerations, and observational studies can often lead to 

unjustified causal conclusions or confused analysis goals. We argue that research in this 

field could therefore benefit from clearer thinking about causality and an expanded meth-

odological toolset that includes natural experiments. Using both real and hypothetical ex-

amples, we offer an accessible introduction to the counterfactual framework of causality 

and highlight the potential of instrumental variable analysis, regression discontinuity de-

sign, difference-in-differences, and synthetic control for drawing causal inferences. We hope 

that such an approach to causality will contribute to greater integration amongst the vari-

ous misinformation- and conspiracy- adjacent disciplines, thereby leading to more com-

plete theories and better applied interventions. 
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1. INTRODUCTION 

Psychological research has revealed important 

insights into how individuals process misinfor-

mation and conspiracy theories—defined here 

as false or misleading information that runs 

counter to formal logic, objective evidence, or 

an established scientific consensus (see Ecker 

et al., 2024). Indeed, studies have identified an 

assortment of variables that are predictive of 

belief in misinformation and conspiracy theo-

ries, and a range of promising interventions 

have been proposed (Badrinathan & Chau-

chard, 2024; Douglas et al., 2019; Ecker et al., 

2022; Newman et al., 2022; Kozyreva et al., 2023; 

Pennycook & Rand, 2022; Tay et al., 2023).  

Nonetheless, the literature has focused mostly 

on laboratory-based experiments and observa-

tional (non-experimental) studies seeking to 

establish causality via third-variable adjust-

ment, 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 statis-

tically significant associations do not neces-

sarily 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, research-

ers may sometimes refrain from making causal 

claims—for example, in situations where ran-

domized manipulation is impossible (e.g., due 

to ethics and feasibility considerations)—when 

there are in fact alternatives tools that re-

searchers 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 theo-

ries will improve subsequent individual or soci-

etal outcomes, it is our view that there is an 

urgent need for researchers in the field to draw 

from the broader literature on causal-inference 

methodologies. To this end, the current Per-

spective aims to provide a brief and accessible 

introduction to causal inference, as well as illus-

trate the potential of drawing causal inferences 

from natural experiments, using a mix of hypo-

thetical and real-world examples relevant to 

misinformation and conspiracy research.  

1.1 Why Should We Pay More Attention to 
Causal Inference? 

First, the lack of attention to frameworks of cau-

sality has meant that there is, at present, no 

consensus on what can be deemed causal con-

structs 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 socie-

tal 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) so-

cietal outcomes across a range of domains (e.g., 

Ecker et al., 2024; van der Linden et al., 2017). We 

believe that applying a formal definition of cau-

sality, 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 compari-

son 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 dif-

ference is that there is no such misinformation. 
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If the individual is willing to pay $500 for an al-

ternative-medicine intervention when ex-

posed to misinformation but only $200 without 

exposure to misinformation, the misinfor-

mation caused a $300 increase in willingness-

to-pay for the fictitious intervention; con-

versely, if outcomes do not differ, the misinfor-

mation would have had no effect.  

Nonetheless, much of the research within mis-

information and conspiracy literatures (and in 

psychology in general) has neglected to test 

causality, beyond the use of self-report 

measures and behavioral tasks within labora-

tory experiments (for recent reviews, see Goreis 

& Voracek, 2019; G. Murphy et al., 2023). This fo-

cus on laboratory experiments has placed un-

reasonable restrictions on the types of ques-

tions that we can credibly ask and answer, even 

though they may be of psychological and pub-

lic interest (Grosz et al., 2020).  

To advance misinformation and conspiracy re-

search, we believe that it is important to disen-

tangle the process of formal causal inference 

from that of experimentation. This is because 

formally defining causality in terms of counter-

factual comparisons would allow researchers 

to make clearer the links between theory-im-

plied 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 pos-

sible. For instance, the adoption of a counter-

factual definition highlights the “fundamental 

problem of causal inference,” namely that an 

individual cannot simultaneously receive and 

not receive an intervention, and thus research-

ers often must find meaningful workarounds 

(see also Imbens & Rubin, 2015). One canonical 

theoretical quantity that researchers can tar-

get is therefore to estimate the average causal 

effect, which is the average difference in out-

comes.1 In practice, this can involve contrasting 

           
1 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. 

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 the counterfactual). If in-

dividuals in the misinformation group are will-

ing to pay an average of $500 for the spurious 

intervention, while individuals in the control 

group are willing to pay an average of $200, re-

searchers can calculate the average causal ef-

fect of $300 even without individual-level data. 

Random assignment can render such an anal-

ysis unbiased by ensuring that an intervention 

is distributed independently with respect to po-

tential outcomes, and that there will be compa-

rable 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 infer-

ence for this reason.  

Yet, although randomized experiments repre-

sent the “gold standard”, they may not always 

be possible. To illustrate, consider that a hypo-

thetical 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 ex-

periment that prescribes such misinformation, 

due to ethical concerns. The researchers may 

therefore instead conduct an experiment that 

tasks participants with reading a relevant vi-

gnette and imagining that they are a cancer 

patient assessing alternative treatment plans. 

The researchers may also randomly assign a 

subset of participants a counter-misinfor-

mation intervention (e.g., a debunking). To the 

extent that the study could be informative of 

potential interventions against cancer misinfor-

mation, one critical assumption is that the ex-

perimental paradigm is able to sufficiently rep-

resent the psychological processes involved, 

compared to if the participants actually had 

cancer. Such an assumption will not always be 
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tenable, as one can easily imagine that cancer 

patients may have different states of mind (see 

also hypothetical bias; Bernheim et al., 2022; J. 

Murphy et al., 2010). This limitation is independ-

ent 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 ex-

perimenters. In fact, the most insidious form of 

impact may come not from isolated instances 

of exposure to misinformation and conspiracy 

theories, as they are typically implemented in 

time-constrained experimental studies, but ra-

ther 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 quan-

tities as independent entities—for example, de-

fining the aforementioned average causal ef-

fect as a counterfactual comparison between 

potential outcomes—would allow researchers 

to consider alternative means by which the 

quantities can be estimated, beyond random-

ized 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., vi-

gnettes and regression modelling; Lundberg 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-in-

ternal-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 develop-

ment of the theories. Lin and colleagues argued 

that triangulation of methods (e.g., from self-re-

port to behavioral and physiological) and theo-

ries (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 context-specific influ-

ences); and in terms of theories, integrating in-

sights 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 pale-

ontology and geology). Clearer thinking about 

causality may, in our view, ensure that research-

ers are not unduly constrained to particularly 

empirical strategies and may thus help facili-

tate such triangulation in a systematic manner.  

1.2 Additional Approaches for Causal Infer-
ence 

Given the above, we now introduce several ad-

ditional approaches of drawing causal infer-

ence that are currently underutilized, particu-

larly within psychological research on misinfor-

mation and conspiracy theories. These strate-

gies include instrumental-variable analysis, re-

gression-discontinuity designs, as well as differ-

ence-in-differences and synthetic-control de-

signs. There are research questions and data 

that may be more or less suitable for one strat-

egy over others, depending on the causal struc-

tures of variables that researchers deem plausi-

ble 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 addi-

tional strategies based around natural experi-

ments. We also present a selection of relevant  
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Table 1 

Selection of Empirical Strategies and Relevant Research 

Strategy Brief Explanation Examples 

Randomized experi-
ment 

- Randomization helps rule out alternative explanations and 
allows researchers to ascribe differences in outcomes to 
causal effects of the randomized manipulation. 

- Challenges arise when latent causes are hypothesized (e.g., 
psychological processes such as motivated reasoning; Tap-
pin et al., 2020), and when ethical or feasibility considera-
tions preclude certain manipulations (e.g., exposing cancer 
patients to cancer misinformation to test for misinfor-
mation effects). 

- Effect of misinformation on vac-
cination intention (e.g., Loomba 
et al., 2021) 
- Effect of repetition on belief in 

true and false information (e.g., 
Pillai & Fazio, 2021) 
- Effect of source-credibility infor-

mation and social norms on 
misinformation engagement 
(e.g., Prike et al., 2024) 

Observational studies  - Observational studies rely on naturally occurring data or 
self-reports from research participants, and often seek to 
establish causality, either explicitly or implicitly, by control-
ling for third variables.  

- The choice of control variables should be explicitly justified, 
such that the assumption of no unmeasured confounding 
is plausible. However, it is instead often based on discipli-
nary norms and data availability, which can lead to con-
fused analysis goals or unjustified causal conclusions for 
readers and the public, even if researchers avoid using 
causal terms (Grosz et al., 2020). 

- Relationship between per-
ceived (self-reported) exposure 
to misinformation and trust in 
institutions (e.g., Boulianne & 
Humprecht, 2023) 
- Relationship between social-

media use and belief in conspir-
acy theories (e.g., Enders et al., 
2021) 

 

Instrumental-variable 
analysis 

- Instrumental-variable analysis allows researchers to test for 
causal effect between an explanatory variable of interest 
and an outcome, even in the presence of unmeasured con-
founding between the two. 

- The analysis relies on identifying instruments, which are 
variables that influence the outcome only through their ef-
fects on the explanatory variable and that must not share 

- Effect of media attention to ter-
rorism on future terrorist at-
tacks (e.g., Jetter, 2017) 
- Effect of watching Fox News 

during COVID-19 on social-dis-
tancing behaviors (e.g., Ash et 
al., 2024; Bursztyn et al., 2020) 
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any unobserved common cause with the outcome. If these 
two assumptions are plausible, researchers can use this ap-
proach to isolate the unconfounded variation in the explan-
atory variable. However, the two assumptions cannot be 
empirically tested. 

- Effect of Facebook and Insta-
gram on political beliefs, atti-
tudes, and behavior during the 
2020 US election (e.g., Allcott et 
al., 2024) 

Regression-discontinu-
ity design 

- The defining feature of the regression discontinuity ap-
proach is a running variable, in which there is a sharp 
change in probability of the explanatory variable of interest 
being assigned or activated around a threshold value. 

- This approach has been described as a “locally randomized” 
experiment (Lee & Lemieux, 2014), because it compares ob-
servations around the threshold, motivated by the assump-
tion that these observations are unlikely to systematically 
differ aside from their status as regards the explanatory var-
iable of interest. Whether this assumption holds will de-
pend on whether the observations can directly manipulate 
their values on the running variable.  

- Effect of Wakefield et al. (1998) 
on vaccine skepticism (e.g., 
Motta & Stecula, 2021)  
- Effect of recession news on con-

sumer behaviors (e.g., Eggers et 
al., 2021) 
- Effect of fact checks on Twitter 

(e.g., Aruguete et al., 2023) 

Difference-in-differ-
ences and synthetic 
control 

- Difference-in-differences compares differences in out-
comes over time between treatment and control groups. 
With non-random assignment into groups, the analysis re-
lies on the parallel-trends assumption, where the treatment 
and control groups would have followed the same trend 
over time in the absence of treatment.  

- Synthetic controls may be used to better match pre-treat-
ment characteristics, if the parallel-trends assumption is 
unlikely to hold and no control group is sufficiently similar 
to the treatment group to act as a counterfactual. 

- Demand vs. supply of misinfor-
mation on Facebook (Motta et 
al., 2023) 
- Effect of misinformation on vac-

cination and voting behavior 
(Carrieri et al., 2019) 
- Effect of fake-news flagging on 

dissemination behaviours (Ng 
et al., 2021) 

Note. For another introduction and additional references for instrumental variable analysis and regression discontinuity de-
sign, see Grosz et al. (2024), and for another introduction and additional references for difference-in-differences and synthetic 
control, see Rohthbard et al. (2023) and Bonander et al. (2021). 
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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, econom-

ics, political science, data science, sociology, 

and communications studies. 

1.2.1 Instrumental-Variable Analysis 

To introduce instrumental-variable analysis, 

consider again the hypothetical research sce-

nario regarding cancer misinformation. It 

would be unethical to randomly assign vulner-

able 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 as-

sociation with the explanatory variable of inter-

est (e.g., exposure to misinformation), instru-

mental-variable analysis may be considered. 

Such a variable, for which effects on the out-

come 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 misinfor-

mation, with the encouragement considered as 

the instrument (assumed to only affect out-

come via its impact on misinformation expo-

sure). See Figure 1 for an illustration.   

If the above holds, the data can then be ana-

lyzed via two-stage least squares regression. In 

the first stage, the explanatory variable of inter-

est would be regressed on the instrument; 

then, in the second stage, the outcome of inter-

est would be regressed on the first-stage pre-

dicted values for the explanatory variable of in-

terest. In essence, this approach seeks to over-

come unmeasured confounds by exploiting 

random variation in the hypothesized explana-

tory 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. 

This contrasts with the average causal effect of 

the encouragement, which would be esti-

mated with an intention-to-treat analysis, the 

standard in psychology. Critically, instruments 

Figure 1 

Directed Acyclic Graph Illustrating Instrumental-Variable Analysis 

 

 

 

 

 

 

 

 

 

Note. To test for causal effects using instrument-variable analysis, the instrument (e.g., an en-

couragement) 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 unaf-

fected by unmeasured confounding. These two assumptions cannot be directly tested. 
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need not be experimentally created but can 

also be identified in the environment. For ex-

ample, one innovative use of instrumental-var-

iable 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 signifi-

cant 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. crowd-

ing out the terror-event coverage—causally af-

fects the likelihood of future terror attacks in 

those countries (e.g., Jetter, 2017). In this exam-

ple, 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 dis-

aster in the U.S., and the estimated value of me-

dia 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 instru-

ments are identified or created, researchers 

must take extra care to consider if core as-

sumptions may have been violated (e.g., 

whether the instrument may be related to the 

outcome variable in ways other than the hy-

pothesized explanatory variable of interest; An-

drews et al., 2019).  

1.2.2 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 run-

ning 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 exam-

ple, in the hypothetical study on cancer misin-

formation, suppose there is a specific date at 

which a large-scale alternative-medicine misin-

formation campaign was launched. If research-

ers seek to study the causal effect of such a mis-

information campaign on individuals’ choice of 

cancer treatments, a common observational-

study approach would be to ask via question-

naires 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 af-

fected by the presence of unmeasured con-

founds, as factors such as socio-economic sta-

tus could impact both access to misinfor-

mation as well as the choice of cancer treat-

ments. Instead, relying on a regression-discon-

tinuity design, researchers could make use of 

time as a running variable, as the probability of 

an individual being exposed to the misinfor-

mation 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 research-

ers, individuals choosing cancer treatments 

just before versus after the launch of the misin-

formation campaign are unlikely to systemati-

cally differ on other dimensions apart from ex-

posure 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 illus-

tration.  

Using time as a running variable and the publi-

cation of the 1998 Wakefield et al. study (which 

falsely linked the MMR vaccine to autism) as the 

cut-off, researchers have used a regression-dis-

continuity 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 
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on consumer behaviors, with the running vari-

able being gross-domestic-product growth,  

given that recession announcements are 

based on the arbitrary cut-off of two consecu-

tive quarters of negative growth (see Eggers et 

al., 2021). Nonetheless, again, there are assump-

tions that must be satisfied for the interpreta-

tion to be causal. Here, the key assumptions are 

that the running variable should not be pre-

cisely 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 as-

sociated 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 randomi-

zation” is no longer a tenable assumption and 

differences in outcomes can again be due to 

unmeasured confounds and not the hypothe-

sized causal variable of interest.  

1.2.3 Difference-in-Differences and Syn-
thetic Control Designs 

A third approach is the difference-in-differ-

ences design. Such a design typically involves 

the provision of an intervention to certain units 

of analyses, while others are left out over a pe-

riod. 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 imple-

mented the program earlier than the other. 

Figure 2 

Hypothetical Data Illustrating Regression-Discontinuity Design 

 

Note. For this hypothetical dataset, each point represents binned observations, the running varia-

ble 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 being exposure to 

the misinformation campaign (i.e., a “locally randomized” experiment), the difference in out-

comes can be ascribed to the campaign’s causal effect.   
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Both hospitals then track patients’ science-lit-

eracy performance outcomes over time. A di-

rect comparison of outcomes across the two 

hospitals would not allow for a causal interpre-

tation, 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 de-

fined as the difference between changes in av-

erage 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 in-

crease in the likelihood of an evidence-based 

treatment being chosen over time in the hospi-

tal that implemented the program initially mi-

nus any potential (spontaneously occurring) in-

crease 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 

Figure 3 

Hypothetical Data Illustrating Difference-in-Differences 

 

 

Note. For this hypothetical dataset, the key comparison is between the hospital that imple-

mented 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-liter-

acy program, the parallel-trends assumption should be satisfied. That is, patients’ choice of can-

cer treatment for the two hospitals should follow the same trend, absent the science literacy pro-

gram. This assumption cannot be tested directed, although researchers can assess trends prior to 

program implementation (i.e., from Time 1 to Time 2). 
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in the two hospitals should be comparable and 

have similar trajectories prior to implementa-

tion 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 assump-

tion, 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 & Gardner, 2021; Callaway 

& Sant’Anna, 2021), such as one that allows for 

spill-over effects between units (e.g., benefits of 

one hospital implementing the program af-

fecting other hospitals), or for when the inter-

vention is continuous and varying in intensity 

(e.g., all hospitals implement science-literacy 

programs, but the programs differ in terms of 

the number of lessons). See Figure 3 for an il-

lustration.  

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 dif-

ference-in-differences approach by introduc-

ing an optimally weighted average of a set of 

potential controls (via minimizing distance 

functions using pre-intervention covariates, 

akin to matching algorithms), instead of im-

posing the parallel-trends assumption (see Ab-

adie 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 optimally weighted set of hospitals may in-

stead 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 con-

trol that best matched the state of California 

prior to the introduction of anti-smoking legis-

lation to examine the legislation’s causal ef-

fects, as no single state was sufficiently similar 

to California.  

Although several studies have used the differ-

ence-in-differences approach to study the im-

pact of misinformation and conspiracy theories, 

as well as associated interventions, to the best 

of our knowledge only one study to date has at-

tempted to incorporate a synthetic control (Li 

et al., 2023). In this study, the researchers 

sought to study the causal effect of Twitter’s re-

strictions 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 con-

struct 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 interven-

tion. Naturally, as before, whether the causal in-

terpretation is plausible depends on whether 

the assumptions that underlie the analysis are 

tenable, which in this case would include ade-

quate similarity of trends across tweet sets (for 

a recent review, see Abadie et al., 2015).   

2. 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 infer-

ence compared to psychology (see Grosz et al., 

2020). Nonetheless, as mentioned, randomized 

experiments remain the “gold standard” 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 



12 advances.in/psychology 

 

 

Causal inference in misinformation and conspiracy research 
 

                  Tay et al., 2024 

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 behav-

iors as results of biased or inaccurate media 

coverage and “fake news”, as well as group- 

and system-level interventions targeting mis-

information and conspiracy theories that have 

so far been neglected in favor of individual-

level interventions (e.g., Chater & Loewenstein, 

2023).  

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 as-

sumptions underlying those analyses are tena-

ble 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, 2013). 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 plausi-

bly 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 esti-

mates that are close to zero or if an effect still 

emerges. Recent work has additionally pro-

posed the use of pre-registered placebos and 

equivalence testing that specifies an a-priori 

range in which differences are deemed incon-

sequential (Eggers et al., 2023; Hartman & Hi-

dalgo, 2018). Such analyses will be important in 

theorizing about complex real-world behav-

iors, where many assumptions that underly 

causal analysis need to be thoroughly 

interrogated.  

Finally, to conclude, the process of drawing 

causal inferences, particularly when random-

ized experiments are not feasible, can be unde-

niably complex. We hope that the current Per-

spective 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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