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ABSTRACT:

Scholars often extoll the benefits of knowledge accumulation. Natural experiments, however,
are often thought of as idiosyncratic and one-off studies that may not therefore contribute to
cumulative learning. We explore this case against natural experiments in this chapter. We
emphasize two key dimensions of knowledge about causal effects—generalizability and
mechanisms—and underscore three empirical strategies for boosting accumulation: comparing
studies in which (1) context varies but treatments and outcomes are similar; (2) different
treatments are employed in the same context and with the same outcome measures; and (3)
similar treatments are carried out in the same context with distinct, but related, outcomes.
Surveying examples of natural experiments across different substantive areas, we find that
scholars can, and have already, leveraged these strategies to foster cumulative learning.
However, several features of these designs and of their use do pose barriers. We outline several
ways in which knowledge accumulation using natural experiments can be further enhanced.

INTRODUCTION

Scholars often hail the value of knowledge accumulation. Probing the effects of a political
program or social policy in different cases, for example, can improve our understanding of
whether or not a causal relationship we observe in one context travels to other settings.
Similarly, examining the impacts of different components of a policy or program, as well as its
effects on related outcomes of interest, can shed light on why those impacts arise and whether
we should expect them to generalize to different settings. Knowledge accumulation can give rise
to scholarly consensus about the impact—positive, negative, or null—of key independent
variables, as well as a better sense of contextual variation in relations of cause and effect.

Such consensus building can happen in many areas of social science, using varied research
methods. Mahoney (2003), for example, discusses knowledge accumulation in comparative
historical research, with a focus on democracy and authoritarianism (see also Gerring, this
volume). The recent growth of randomized controlled trials (RCTs) may also bode well for
cumulative learning. Researchers’ control over the design of interventions that are tailored to
specific research questions and that may be implemented in diverse contexts allows, at least in

1 Prepared for inclusion in the Oxford Handbook of Methodological Pluralism, edited by Janet
Box-Steffensmeier, Dino Christenson, and Valeria Sinclair-Chapman. Author affiliations: University of
California, Berkeley (Anna Callis and Thad Dunning) and Princeton University (Guadalupe Tuñón).
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principle, for investigation of the generalizability of key findings and assessment of how they
may vary across contexts. Several recent research initiatives, moreover, have sought more
effectively to coordinate experimental research across contexts and thereby mitigate limitations
that may constrain knowledge accumulation in RCTs.2 These efforts may aid assessment of the
generalizability of discrete findings and improve our understanding of the mechanisms that
account for specific effects.

In contrast, the use of natural experiments may not appear conducive to knowledge
accumulation. Natural experiments–—in which the researcher relies on random, or “as-if”
random, assignment to treatment rather than directly manipulating treatment status—have many
attractive features for evaluating the effects of social, economic, and political phenomena in
particular cases (Dunning 2012). They can aid the exploration of the effects of causes that are
difficult to manipulate experimentally, expanding the potential scope of scholarly learning. The
heightened realism of natural experiments relative to some RCTs lends credibility to their
results, since treatments that occur “naturally” are more likely to avoid social desirability bias
and other dynamics that might mask true treatment effects in an experimental setting.
Furthermore, natural experiments are often implemented at the same level at which scholars
seek to make causal inferences, precluding the risk that estimated effects observed in a subset
of the population diverge from the effects that would result were the treatment carried out “to
scale.”3 Yet the serendipitous nature of natural experiments—and their apparent reliance on
idiosyncratic features of particular empirical settings to generate exogenous variation in a
treatment of interest—seems to complicate replication across cases. Furthermore, because
social scientists do not intervene directly in the design or implementation of natural experimental
treatments, it may be difficult to isolate the effect of the cause that researchers
would—ideally—be most interested in studying, rather than the one “Nature” deigned to assign.
This appears to hinder scholars’ ability to extrapolate findings beyond specific empirical contexts
or isolate the causal contributions of distinct components of a bundled treatment.

In this chapter, we assess this case against cumulative learning through natural experiments.
We argue that, in fact, these barriers do not preclude the possibility of knowledge accumulation.
We identify three empirical strategies that can boost learning about causal effects across two
key dimensions—generalizability and mechanisms. By comparing studies in which (1) context
varies but treatments and outcomes are similar; (2) different treatments are employed in the
same context with the same outcome; and (3) similar treatments are carried out in the same
context on distinct, but related, outcomes, analysts can make substantial progress. Our survey
of existing examples suggests that this approach can be leveraged in a number of substantive
areas, providing opportunities to learn about the effects of different classes of a treatment on a
variety of related outcomes, across a range of cases. In sum, natural experiments often are
suitable for knowledge building. However, their capacity to foster cumulation does suffer from a

3 For a discussion of this concern in relation to RCTs, see Acemoglu (2010) and Banerjee et al. (2017).

2 These include, among others, Banerjee et al. (2015); the Metaketa Initiative of the EGAP network (see
Humphreys et al., this volume, Dunning et al. 2019a,b; Blair et al. 2021; and
https://egap.org/our-work-0/the-metaketa-initiative/), and related initiatives at J-PAL
(https://www.povertyactionlab.org/initiatives)  and CEGA (https://cega.berkeley.edu).

https://egap.org/our-work-0/the-metaketa-initiative/
https://www.povertyactionlab.org/initiatives
https://cega.berkeley.edu


3

range of factors, many of them not inherent to the designs but rather reflecting aspects of
research communities and the nature of knowledge production.

In the next section, we define knowledge accumulation, with a special focus on causal relations;
underscore the importance of assessing generalizability and mechanism; and outline three
empirical strategies that may generally aid in such assessment. We then turn to natural
experiments, highlighting the use of the three strategies across different substantive areas.
Finally, we discuss constraints on cumulative learning and suggest possibilities for more
effective knowledge accumulation through natural experiments.

THE ACCUMULATION OF KNOWLEDGE ABOUT CAUSATION

A central aim of the social sciences is knowledge accumulation.  By “knowledge,” we mean
valid, useful, or correct insights, e.g. about the working of the social and political world. By
“accumulation,” we mean that the insights from discrete studies or research findings build on
one another. Mahoney (2003: 133) similarly notes that “accumulation occurs when the
generation of new knowledge is dependent on previously obtained knowledge” (italics in
original).

Knowledge accumulation, which may also be called “cumulative learning” (Dunning et al.
2019a), thus goes beyond the existence of disparate studies on a particular topic: the designs or
findings of the studies must be linked in some way. Whether “accumulation” leads to more valid
or reliable knowledge—compared, say, to a set of studies that do not build on one another and
are thus non-cumulative—may best be left as a hypothesis, rather than made definitional to the
term. Yet the expectation is often that knowledge accumulation “implies progress in
understanding and learning” (Mahoney 2003: 132).

Accumulation has another aspect, which, while not strictly definitional, often appears important:
new knowledge generated by one researcher or set of researchers depends on the knowledge
previously obtained by other researchers. Thus, cumulative learning often occurs (or fails to
occur) as a function, for example, of the nature of the professional production of knowledge in
an academic discipline. The resulting nature of accumulation may reflect career incentives or
other motivations that researchers have for undertaking particular strands of research. In
addition, studies may consciously build on the findings of previous research. Yet this is also not
definitional: knowledge accumulation can occur when a third party or reviewer systematically or
holistically combines the results of disparate but related studies.

In this chapter, we are especially concerned with the accumulation of knowledge about causal
relationships. Cumulative learning can happen in many areas of social science, including in
research related to concept formation and to descriptive inference. Yet, a key aim of much social
science research is to assess causal relationships. The accumulation of knowledge about
causation may raise distinctive challenges, which we consider in this section.
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What dimensions of causal assessment are most relevant to knowledge accumulation?
Consider as a starting point a single study where a causal effect of treatment X on outcome Y is
estimated in a particular context or population Z. One dimension that can involve accumulation
concerns the accuracy of the causal finding. In natural experimental research, scholarly
exchanges sometimes focus on the validity of key causal assumptions; see e.g.  Kocher and
Monteiro (2016)’s critique of Ferwerda and Miller (2014). Such valuable interchanges allow
cumulative learning about the validity of a causal claim in a single study. However, they do not
readily allow assessment of causal claims that go beyond those made in the initial study. Here,
we largely set aside such concerns about internal validity---defined by Campbell and Stanley
(1963: 5) as “the basic minimum without which any experiment is uninterpretable: Did in fact the
experimental treatments make a difference in this specific experimental instance?”

Two dimensions appear especially pertinent. One is generalizability, or the “external validity” of
findings: “to what populations, settings, treatment variables, and measurement [outcome]
variables can this effect be generalized” (Campbell and Stanley 1963: 5)?4 The recent formal
framework of Egami and Hartman (2022) similarly involves “four dimensions of external
validity…units, treatments, outcomes, and contexts/settings.” Questions such as the following
thus relate to generalizability: Does the effect travel to other contexts or populations than that of
the original study? Would related but different treatments have similar impacts? And, would a
given independent variable have distinct effects on different kinds of outcomes?

A second important dimension of causation concerns mechanisms: that is, why did the effect
arise? This concern is not unrelated to generalizability; as philosophers of science have pointed
out, understanding the mechanism in one context can shed light on whether a cause will have a
similar effect in a different setting, where the enabling mechanisms may or may not be
operative.5 However, understanding a mechanism is not identical to investigating
generalizability. We could assess whether an effect of X on Y in context Z also holds in context
W without having any understanding of the operative mechanism at work. Conversely,
understanding the mechanism has value beyond generalizability; for example, it can help inform
the design of interventions other than X that could conceivably produce a similar effect on Y.

Three empirical strategies for cumulative learning

How can researchers investigate these two key dimensions of causation? As we will argue, this
often involves—and may perhaps require—cumulative learning.

Assessing generalizability, for instance, may involve replication of a study in a new context or
population, or with a slightly varied treatment or outcome variable. For example, scholars may
assess effects in context W only after one in context Z has previously been found. The
subsequent investigation builds on or arises in reference to the prior one, often across studies
conducted by different researchers, and the findings may be juxtaposed to consider questions of

5 Cartwright and Hardie (2012); see also Deaton (2010).

4 We add “outcome” in brackets here, since we interpret Campbell and Stanley’s use of “measurement
variables” to refer to the measured outcome.
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external validity. Investigation of variation in effects across contexts, treatments, or outcomes
can thus provide a clear example of cumulative learning.

Assessing mechanisms may also involve, or even require, cumulative learning. Investigating
mechanisms raises well-known difficulties. In quantitative work, an important statistical literature
underscores the strong assumptions needed for path models and for formal mediation analysis,
which can both be seen as methods for learning about mechanisms.6 Yet learning about
mechanisms is far from impossible. Qualitative information on causal processes can lend
substantial insights.7 Understanding mechanisms is also often related to understanding the
“active” element in a bundled treatment. Within a single study, planned variation in treatments
can thus produce insights about mechanisms, using what Gerber and Green (2012) call “implicit
mediation analysis.” Gerber et al. (2008a), for example, devise varied experimental prompts to
distinguish between (a) a sense of civic duty, (b) Hawthorne (or “observer”) effects, and (c)
social pressure as the mechanisms that explain why a mobilization message may spark voter
turnout. This approach of leveraging variation in related treatments can also provide an
opportunity for cumulative learning across disparate sets of studies—often conducted by
different researchers. For this purpose, researchers might compare the effects of related or
slightly varying treatments—a strategy similar to those aimed at assessing generalizability but
that here has a different purpose. Such variation may help illuminate, for example, what
component of a bundled treatment X is active or operative (i.e., responsible for an effect) in an
original study.

A cumulative process may also be useful for addressing another key question for mechanisms:
the distinct effects of a given cause X on related outcomes. Finding an impact of a treatment on
some outcomes and not others can shed light on why the effect sometimes occurs. For
example, a given treatment might have an effect on behavioral but not attitudinal outcomes,
possibly suggesting that it changes incentives without changing perceptions or beliefs. While
such variation in effects may be present within a particular study, researchers may also leverage
findings from disparate research studies to assess mechanisms. We note that knowledge of
mechanism is often distinct from questions of the presence or absence of an effect; yet it is
often crucial for assessment of causal relations. Knowledge of mechanism often does build
cumulatively. Indeed, across different areas of scientific inquiry, an impact of X on Y may be well
established long before the mechanism is understood.8

Building on the discussion thus far, three empirical strategies appear broadly important for
assessing the generalizability of causal effects and/or the mechanisms that account for them:

(1) replicating the same study across different contexts or with different populations;
(2) varying a broader treatment while keeping the same outcome of interest; and
(3) maintaining the same treatments while examining different outcomes, or the same
outcome at different points over time.

8 An analogy to the biological sciences may be useful; see e.g. Freedman (2009) on how knowledge that
infected waste and water causes cholera transmission preceded the theory of germs.

7 See Brady and Collier (2010); Mahoney (2010, 2012); Dunning (2012); or Seawright (2016).
6 See e.g. Freedman (2005), Gerber and Green (2012), or Imai, Keele, and Yamamoto (2010).
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Clearly, (1) is most central to the assessment of generalizability, while (depending on the aim),
(2) and (3) could be used to assess either generalizability or mechanism (or both).

A range of recent work has used these three strategies in the context of randomized control
trials (RCTs), where—at least in principle—researcher control of interventions makes these
approaches appear quite plausible. Specifically, the ability to design and implement a treatment
of interest in RCTs facilitates replication across contexts as well as exploration of the impacts of
different components of a broad treatment, as discussed for example by contributions to the
recent Metaketa Initiative of the Evidence in Governance and Politics (EGAP) group.9 Given
parallels between experimental and natural experimental research, the challenges and
possibilities for knowledge accumulation in RCTs are an important point of reference. We thus
briefly elaborate on the use of these three strategies in field experiments before turning to
natural experiments.

Empirical strategy (1) replicates studies across different places to examine the external validity
of a causal relationship. For example, Dunning et al. (2019a,b) implement RCTs across six
different countries to probe the effects of information about politicians’ performance on
individuals’ vote choice; see also Banerjee et al. (2015). In the first study, the researchers make
efforts to establish a standardized intervention and outcome measure in each RCT, allowing for
a direct comparison of the effect of information campaigns on voter behavior across studies.
More generally, employing similar interventions and outcomes allows researchers to explore the
role of contextual factors in shaping causal effects across different empirical cases. Studies that
follow this approach may thus maximize external validity, leading to directly comparable findings
about the same causal relationship in contexts that, more often than not, vary widely.

Strategy (2) varies components of a broader treatment while maintaining the same empirical
setting and outcome variables. This strategy may shed light on generalizability, the mechanisms
that drive a causal relationship, or both. For example, Bold et al. (2018) explore the effect of
hiring additional teachers on educational outcomes in Kenya. A previous experimental study in
Kenya, in which new teachers were hired outside of normal Ministry of Education civil-service
channels, found positive impacts on test scores (Duflo et al., 2015). Yet, does this stem from
organizational and structural features that are specific to NGOs?10 Bold et al. (2018) replicate
the Duflo et al. treatment of hiring contract teachers through an international NGO but also add
a second arm in which the central government hired teachers directly. While they find that the
NGO hiring does indeed boost educational outcomes, these positive effects do not hold when
teacher recruitment is carried out by the central government, perhaps due to the political
economy of teacher hiring and training (including possible patronage dynamics) under the
status quo. This reinforces the possibility that the mechanism explaining the finding in Duflo et
al. is not just the hiring of additional teachers but also the specific way in which they are hired. A
second example of strategy (2) comes from the United States, where Gerber and Green (2000,
2001, 2004) find that phone calls are generally ineffective in mobilizing voters. Subsequent

10 NGOs, for example, may attract a specific population of teachers that is especially qualified.
Alternatively, they may be uniquely well positioned to monitor the performance of newly hired teachers.

9 See footnote 2.
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research, however, has sought to probe whether this applied to all forms of phone banking, or
whether personalizing phone interactions could lead to a positive effect. For example, Nickerson
(2006) finds that phone banking by campaign volunteers, who tend to personalize phone calls,
in fact makes call recipients more likely to vote as compared to individuals who were not
contacted (see also Nickerson et al. 2007). In a second study, a professional call center
contacted potential voters using a script that was explicitly designed to ensure that interactions
with call recipients were personalized and engaging, once again leading to increases in voter
turnout (Nickerson 2007). By focusing explicitly on phone banking and varying the degree of
personalized calls that voters received, these studies help identify a key mechanism through
which this get-out-the-vote strategy can trigger increases in turnout.11

Finally, strategy (3) analyzes the effect of a treatment on distinct outcomes in the same context
to explore both causal mechanisms and generalizability. These outcomes may consist of the
same variable measured at different points in time, or clusters of variables that are expected to
be causally related. For example, although a large literature in development economics
suggests that investments in the poor can improve living standards and economic outcomes,
recent work has also explored the effect of these investments on recipients’ political behavior. In
Uganda, Blattman et al. (2014) find that providing the poor with microfinance grants led to
increases in their future earnings and the likelihood that they were employed. Blattman et al.
(2018) go on to probe the political ramifications of the intervention. They find that these grants
did not lead to greater support for the incumbent political party, suggesting that programmatic
government programs targeting the poor may lead to income gains that break clientelistic
linkages with poor voters. By exploring the effect of the same treatment on related outcomes,
this study sheds light on how government programs can shape individuals’ political behavior
through increases in economic welfare. In a parallel vein, researchers can also examine
outcomes over the medium and long term to explore the persistence of causal effects.12

In sum, researcher control over the implementation of a treatment in RCTs can facilitate
cumulative learning using strategies (1), (2), and (3). It is important to underscore, however, that
unplanned proliferation of experimental studies may not in fact lead to cumulative learning.13

Substantial recent attention has therefore focused on how experimental research can be better
planned and coordinated across research teams to produce cumulative learning—and, ideally,
more valid and useful aggregate knowledge.  This has been the goal, for example, of the
Metaketa Initiative mentioned above. Despite many challenges, coordination in this vein may
bring researchers closer to the broader goal of making confident empirical generalizations
beyond a specific context or study population and also increasing our knowledge of
mechanisms in relations of cause and effect.

13 For an example from the literature on community monitoring, see e.g. Dunning (2019a, Chapter 2).
12 For a review of some noteworthy examples of these efforts, see Bouguen et al. (2019).

11 An additional example is the alternative treatment arm in the Metaketa Initiative, which allows
researchers to embed related, but distinct treatments within otherwise standardized field experiments.
See, e.g., Adida et al. (2019); Arias et al. (2019); Platas and Raffler (2019); Buntaine et al. (2019); Lierl
and Holmlund (2019); Boas et al. (2019); and Sircar and Chauchard (2019).
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KNOWLEDGE ACCUMULATION THROUGH NATURAL EXPERIMENTS

Can replication or extension of natural experiments contribute to the dimensions of knowledge
accumulation defined in the previous section? This section highlights several paths through
which natural experiments can contribute—and have contributed—to cumulative learning.
Paralleling the discussion of RCTs in the previous section, Table 1 highlights sets of natural
experiments that allow us effectively to leverage empirical strategies (1), (2) or (3) to build
knowledge of generalizability and/or mechanisms. For each dimension of knowledge
accumulation (first column) and the corresponding empirical strategy (second column), we
identify areas of substantive focus (third column) and examples of studies (fourth column) that
collectively provide examples of the empirical strategy.

To study similar treatments and outcomes in different empirical settings using strategy (1), for
example—and thus make progress on assessing one facet of generalizability—scholars can
leverage the diffusion of similar political institutions and social policies across contexts. Though
some natural experiments rely on unique features of specific cases to make possible causal
identification, others are less idiosyncratic. Indeed, studies often take advantage of institutions
that are widely in use across the world. Studies of incumbency advantage that employ close
race regression discontinuity (RD) designs provide one prominent example. The spread of
democratic elections for both national and local office in recent decades has expanded the
potential applicability of close race RDs, permitting studies of incumbency on future vote share
and other outcomes in a variety of cases. One notable cluster of recent studies, for example,
probes the effect of partisan incumbency in legislative bodies on future electoral outcomes.
While research from the Americas14 and Western Europe15 finds that incumbents enjoy an
advantage in future elections, evidence from other regions16 suggests that incumbency may at
times prove disadvantageous to political parties and their candidates. In Table 1, we note a set
of studies that collectively allow assessment of the generalizability (and direction) of
incumbency effects across the world.

Other political institutions offer similar opportunities for replication across contexts. Table 1 gives
examples of studies that allow comprehensive assessment of the impact of similar treatments
on similar outcomes in varied contexts, across disparate substantive areas: the effect of gender
quotas on women’s political participation; the impact of party incumbency on re-election in the
legislature; personal (as distinct from partisan) incumbency advantage in cities; and the impact
of military conscription on voting behavior and on crime.17 The use of similar electoral rules or

17 Here we refer to "similar" treatments and outcomes for the same reason that work in the Metaketa
Initiative refers to “harmonization” of treatment and outcomes (Dunning et al. 2019a,b): exact equivalence
across contexts may not be possible, either theoretically or practically. Yet, climbing Sartori’s (1970)
ladder of abstraction, we can see different operationalizations across contexts as instantiations of the
same concept.

16 Studies that find an incumbency disadvantage include Lee (2020) on India and Ariga et al (2016) on
Japan.

15 Studies include those on Germany (Hainmueller and Lutz Kern 2008); Ireland (Redmond and Regan
2015); and the United Kingdom (Eggers and Spirling 2017).

14 See, e.g., Lee (2008) on the United States, Kendall and Rekkas (2012) on Canada, and Avelino et al.
(2022) and Meireles (2019) on Brazil.
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other institutions across different contexts allows researchers to build similar natural
experimental designs. This then provides opportunities for knowledge accumulation by allowing
researchers to generalize about the effects of causes in different settings, despite lacking
control over treatment implementation.

Scholars can also leverage the exogenous variation that arises from natural experiments in
pursuit of strategy (2)—the study of effects of different classes of a treatment on the same
outcome in a single context. As discussed above, this strategy can shed light on both
generalizability and mechanism. For example, Dunning and Nilekani (2013) examine the effect
of caste- and tribe-based electoral quotas through a design similar to a standard discontinuity
design, in which they leverage a rotating system of reservations for village council presidents
based on population thresholds.18 They find that caste-based quotas have little effect on the
provision of benefits to these minority groups. In related research, Gulzar et al. (2020), using the
same outcome measures as Dunning and Nilekani (2013), employ a geographic discontinuity
design to analyze the presence of permanent electoral quotas for Scheduled Tribes at the local
level.19 In contrast to Dunning and Nilekani, they report positive effects on the targeting of
benefits to marginalized groups when reservations are in effect. These findings suggest that
ethnic quotas may have different effects depending on whether they are permanent or
temporary (Gulzar et al. 2020). Thus, variations in related treatments across studies with similar
outcome measures may shed explanatory light on the mechanisms that lie behind the variation
in effects. In addition to this research, Table 1 highlights a second example of this strategy
based on work that allows comparison of the effect of partisan and personal incumbency in the
US Congress.

Finally, natural experiments can also allow assessment of generalizability and mechanism using
empirical strategy (3), i.e. the effects of a similar treatment implemented in a particular context
on different outcomes, or on the same outcome at different points of time. Consider, for
example, studies that leverage the military draft lottery in the United States during the Vietnam
War to explore the causal impact of military service. Studying the effects of the United States’
military draft on political attitudes,  Erikson and Stoker (2011) find that men with low lottery
numbers—who were thus more likely to be drafted into military service—were, on average,
more likely to support the Democratic Party, be antiwar, and espouse liberal policy positions.
While any number of factors could be driving these results, evidence from Angrist (1990) that
draft eligibility caused lower later earnings suggest that Erikson and Stoker’s findings may be, at
least partially, due to the economic disruptions associated with the risk of conscription (Angrist
1990).20 Table 1 documents studies in other substantive areas in which natural experiments with
similar treatments and varied outcomes can be leveraged to assess generalizability and

20 Erikson and Stoker emphasize the risk of conscription associated with a low draft lottery number as
their key treatment, whereas Angrist (1990) seeks to pinpoint the impact of military service itself, using
draft lottery number as an instrumental variable. Notably, both the economic effects and political effects of
the Vietnam draft lottery fade over time (Erikson and Stoker 2001 and Angrist et al. 2011).

19 Specifically, both studies use data on the distribution of benefits from the MGNREGA program, along
with other outcome measures.

18 Many other scholars explore the effect of caste-based electoral quotas in India, though not all using
natural experiments (e.g. Besley et al. 2004, Besley, et al. 2008, Bardhan et al. 2010).
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mechanism, including research about the effects of gender quotas in India on re-election of
female candidates, distribution, and attitudes; the effects of caste quotas on distribution and
caste-based violence; and the effects of incumbency on re-election as compared to other
(perhaps intermediate) outcomes, such as campaign contributions.

From all appearances, knowledge accumulation through natural experiments is not only
possible; it is occurring already. Yet this route to cumulative learning is not without challenges. In
the following section, we discuss important limitations on knowledge accumulation through
natural experiments and propose several approaches that may further enhance cumulative
learning.
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Table 1: Select Examples of Knowledge Accumulation Through Natural Experiments

Dimension of
Knowledge
Accumulation

Empirical Strategy Substantive Focus Example studies

Generalizability
(effects in varied
populations and
contexts)

(1) Similar treatment,
similar outcome,
variation in context

Gender quotas for
local executive office
and women’s political
participation

Clayton 2015; Bagues and
Campa 2021; Beath et al.
2013

Partisan incumbency
advantage in the
legislature

Lee 2008; Eggers and
Spirling 2017; Kendall and
Rekkas 2012; Hainmueller
and Lutz Kern 2008;
Redmond and Regan 2015;
Ariga et al. 2016; Avelino et
al. 2022; Meireles 2019;
Golden and Picci 2015;
Schiumerini 2015

Personal incumbency
advantage in cities

Trounstine 2011; de
Benedictis-Kessner 2018; de
Magalhaes 2015; Hyytinen et
al. 2018; Weaver 2021.

Military Drafts and
Voting Behavior

Erikson and Stoker 2011;
Fize Louis-Sidois 2020;
Cáceres-Delpiano et al. 2021

Military drafts and
Crime

Galiani et al. 2011; Lindo and
Stoecker 2013; Siminski et al.
2016; Albæk et al. 2017;
Lyk-Jensen 2018; Wang and
Flores-Lagunes 2020

Generalizability
(effects of related
treatments);

Mechanisms
(disaggregating
components of
treatment)

(2) Different treatment,
similar outcome, same
context

Targeted benefits in
India: Rotating vs.
permanent ethnic
quotas in villages

Dunning and Nilekani 2013;
Gulzar, et al. 2020

Election in US
legislature: Effect of
partisan vs. personal
incumbency

Lee 2008; Eggers et al. 2015;
Fowler and Hall 2014

Generalizability
(effects on related
outcomes);

Mechanisms
(assessing active

(3) Similar treatment,
different outcome (or
outcomes measured at
different periods of
time), same context

Local gender quotas in
India: reelection vs.
distribution vs.
attitudes

Bhavnani 2009; Beaman et
al. 2009; Beaman et al. 2012;
Deininger et al. 2015;
Chattopadhyay and Duflo
2004; Brulé 2020; Deininger
et al. 2020; Iyer et al. 2012;
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element of
treatment by
comparing effects
on different
outcomes)

Caste quotas in India –
distribution vs.
attitudes vs. limiting
violence

Parthasarathy et al. 2019;
Turnbull 2019

Dunning and Nilekani 2013;
Chauchard 2014; Soni 2018;

Military service;
earnings vs. political
participation of
Vietnam Era Veterans
in the US

Angrist 1990; Angrist et al.
2011;  Erikson and Stoker
2011

Incumbency advantage
in Brazilian cities: vote
share in different levels
of government and
party building

Incumbency advantage
in the US: reelection
vs. campaign
contributions

Novaes 2018; Avelino et al.
2012; Klašnja and Titiunik
2017; Sells 2020; Feierherd
2020

Lee 2008; Eggers et al. 2015;
Fouirnaies and Hall 2014;

LIMITATIONS AND POSSIBILITIES FOR KNOWLEDGE ACCUMULATION IN NATURAL
EXPERIMENTS

Table 1 documents the possibility of successful knowledge accumulation using natural
experiments. Yet many areas of research have not seen this type of learning. Why not? There
exist a number of limitations to knowledge accumulation using natural experiments, some of
which are familiar from both RCTs and observational research.

One set of limitations does indeed stem, to some extent, from the serendipitous nature of
natural experiments, as well as the sometimes limited contexts in which researchers can draw
on them. Despite our survey in the previous section, which suggests that similar natural
experiments may be leveraged across a variety of countries and contexts, it remains the case
that studies employing these designs are constrained to those cases where naturally occuring
random—or as-if random—variation in treatment assignment is present. This shapes the
settings from which researchers can draw inferences about causal effects. For example, though
countries across Latin America adopted gender quotas as early as 1991, natural experimental
evidence about the effects of these electoral institutions is concentrated in India, where gender
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quotas have been randomly assigned to single-member electoral districts in some states.21

Even in settings where a natural experiment is present, additional obstacles—such as a small
number of observations—may further circumscribe the feasibility of analysis. It is therefore
perhaps no coincidence that many of the close race RD designs referenced in Table 1 were
carried out in countries with a large number of districts, such as India, Brazil, and the United
States. These challenges limit assessments of generalizability and potentially preclude entirely
the natural experimental study of social and political phenomena that do not naturally vary
exogenously or do so in quantitatively important ways. We note that these limitations are not
exclusive to natural experiments. Field experimental research also focuses disproportionately
on contexts where RCTs are more feasible.22 The availability of data or of variation in treatment
status can also sharply limit the “effective sample” in conventional quantitative observational
studies, such as those using cross-national or panel fixed-effect regressions (Aronow and Samii
2016). Qualitative research based on techniques such as interviews or shadowing politicians
can be constrained by subject willingness (Bussell 2020), and some political contexts (like
violent war) may make fieldwork difficult or impossible. However, it may be that natural
experiments are especially prone to these limitations.

A further challenge to generalizability, specific to strategy (1), pertains to the comparison of
findings from natural experiments in different contexts. Consider two, hypothetical studies of
partisan incumbency, one in a context with extensive political patronage and another in a
country where parties rely on merit to select political officeholders. What does partisan
incumbency mean in these two cases? Do voters associate incumbency with corruption and
cronyism, or efficacy and experience? Absent understanding of these aspects of incumbency in
each setting, comparisons of observed effects may not be meaningful. Moreover, differences in
the design and/or institutional setting in which natural experimental treatments are embedded
may lead scholars to use different measurement and coding schema, as well as distinct
statistical analyses to draw causal inferences. This can make it difficult to compare findings
across different studies, despite causes and effects that are conceptually broadly similar.

There also exist limitations to the accumulation of knowledge through natural experiments using
strategy (2), which assesses the effect of different classes of a treatment on the same outcome
within a single context. Consider studies that examine the economic effects of military
conscription using the draft lottery in the United States during the Vietnam War. We might
wonder whether the effects are driven by conscription generally, or depend specifically on
conscription during military conflict. However, because the draft lottery was only in place during
the Vietnam War (from 1969 to 1973), and thus does not provide exogenous variation in
peacetime conscription, we cannot evaluate this hypothesis with the same natural experimental
design. In this respect, strategy (2) may be constrained by the absence of different
subpopulations from which to test components of a treatment (in the example here, if

22 On this point, see e.g., Humphreys and Weinstein (2009); Blair et al. (2013); Allcott (2015); and
Corduneanu-Huci et al. (2021).

21 The first gender quota in Latin America was adopted in 1991, two years before similar quotas were
mandated in India (see Htun 2016 and Chattopadhyay and Duflo 2004).



14

conscription had continued after the war, one could have analyzed those conscripted during the
war versus those conscripted during peacetime).

Finally, the accumulation of knowledge through strategy (3) must also contend with challenges
to inference that arise from analyzing the effects of a treatment on more than one outcome of
interest, particularly when the same natural experimental design is used across multiple studies.
First, there is no guarantee in a given substantive area that as-if random variation will occur in
the presence of clusters of outcomes of scholarly interest. Second, even if it does, estimating
the effects of a single treatment on a battery of outcome variables risks observing statistically
significant effects that stem from chance variation, rather than representing valid estimates of
true causal effects.23 This risk is of particular concern across studies that leverage the same
natural experiment to examine different outcome variables. As the number of outcomes
explored across these studies increases, so too does the likelihood of observing statistically
significant results due to chance. Moreover, because the submission of pre-analysis plans is not
standard among studies using natural experiments and null findings often go unreported, the
universe of tests performed in other research is generally unknown. This complicates efforts to
employ formal, statistical tools to adjust results to account for multiple statistical comparisons.24

Encompassing all three empirical strategies, and building on the final point in the previous
paragraph, are challenges that stem from the nature of the academic production of knowledge.
As we noted in our definition of knowledge accumulation, the nature of cumulative learning may
reflect career incentives or other motivations that researchers have for undertaking particular
strands of research. Natural experiments are no exception. One prominent obstacle is
publication bias. As is well documented elsewhere, research journals and other academic
outlets are more likely to publish apparent evidence of causal effects.25 This may prevent the
dissemination of studies—natural experimental, observational, and experimental—with null
findings.26 Similarly, even in the presence of significant results, it may be difficult to publish
studies that assess generalizability and/or causal mechanisms if the findings are consistent with
those of existing research. The prioritization of originality and new findings—while
understandable and laudable in some ways—can therefore also undercut cumulative learning.
These forms of publication bias risk limiting cumulative learning across all three strategies
described in Table 1.

How can these limitations best be mitigated? Some are inherent to natural experimental
designs, which are constrained by the presence and scope of naturally occurring, exogenous
variation. We cannot, after all, hope to leverage a natural experiment where none
exists—though enterprising researchers have greatly expanded the empirical scope of these
designs in recent years through their discovery of new possibilities for natural experiments.

26 For a discussion of this concern in experimental settings, see, e.g. Dunning (2016); Malhotra (2021).
25 See, e.g., Gerber et al. (2008b) and Gerber and Malhotra (2008).

24 Researchers can adjust p-values to account for multiple comparisons using Bonferroni corrections, the
false-discovery-rate correction of Benjamini & Hochberg (1995), among other alternatives.

23 For a review of the issue of multiple statistical comparisons, as well as its risks to knowledge
accumulation generally, see Sterling (1959), Humphreys et al. (2013), and Dunning (2016).
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Other limitations, stemming from a lack of consideration of and coordination with existing natural
experimental research, may be more tractable, however. While natural experiments are
unplanned, there is no need for studies using these designs to follow a similar approach to
learning. Indeed, some of the examples of the studies described in this chapter directly seek to
engage with and build on the designs, evidence, analysis, and findings of previous work (one
clear case is Gulzar et al. 2020’s discussion). Yet many engage less explicitly with previous
research, leaving it up to other scholars to draw ex-post conclusions about how their findings
relate to those of existing work. Promoting greater coordination and transparency across natural
experimental research can foster further knowledge accumulation by proactively encouraging
scholars to build on one another’s work.

Practices that promote transparency can also play an important role in encouraging knowledge
accumulation through natural experiments. One such practice is the registration of studies in
advance of data collection and analysis. Another is the submission of pre-analysis plans that
outline the measures and indices studies will employ and that specify the hypotheses and
statistical tests to be conducted. Preregistration and preanalysis plans can encourage
researchers to consider directly the ways in which their coding, measurement, and analysis
choices relate to those carried out in similar studies. They also make it more straightforward for
scholars to replicate the data collection and empirical analyses of prior research, as well as
address concerns about multiple statistical comparisons. They can thus facilitate knowledge
accumulation by furthering the comparability and replication of studies. While they remain most
common in field, survey, and lab experiments, scholars have increasingly advocated their
benefits in non-experimental studies.27

Proactive coordination of natural experimental research across studies can also foster greater
knowledge accumulation. As discussed above, professional incentives that reward originality
and new findings can undercut cumulative learning. One potential solution to this problem is to
alter these incentives, for example by providing financial support to encourage coordination
among clusters of natural experimental studies. There are, of course, unique challenges to this
approach, since it requires first the presence of a natural experiment. However, one could
imagine offering support to studies that have identified similar natural experiments across
empirical cases—for example close race RDs—or within the same case but focused on different
outcomes. This financial support could help structure clusters of natural experimental studies in
which scholars coordinate their data measurement and empirical analysis, as well as provide
spaces for dialogue across studies. It could also facilitate the acquisition of complimentary data,
such as from surveys and other qualitative and quantitative sources, to help elucidate causal
relationships within and across the coordinated studies. Donors may also view this support as
attractive; fostering coordinated natural experimental research furthers knowledge accumulation
about causes that are difficult to manipulate experimentally, but that may be especially important
for understanding social and political effects and the causes of human welfare. Moreover,
supporting these studies may be more cost effective, since researchers are not responsible for

27 See, e.g., Burlig (2018); Jacobs (2020); and Ofosu and Posner (2021). For a discussion of the benefits
of preregistration and preanalysis plans in experimental settings, see Dunning (2016).
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treatment implementation in natural experiments. Supporting knowledge accumulation on this
domain may thus appeal to both scholars and donors alike.

Overall, we find that the case against cumulative learning through natural experiments should
not be overstated. In this chapter, we have documented how natural experimental designs can
foster and already have fostered knowledge accumulation, even as we have underscored
limitations and challenges in the approach. The three empirical strategies we described help
illuminate how natural experimental research may be used to contribute to two key dimensions
of cumulative learning—the assessment of generalizability and mechanisms. Natural
experiments can boost cumulative learning with respect to social and political phenomena that
are not easily manipulated in experimental research, while avoiding some of the challenges for
causal inference that beset many conventional observational studies. They can therefore play a
critical role in advancing our understanding of social and political phenomena, in tandem with
other research designs and methods. Knowledge accumulation through natural experiments
should therefore be further facilitated, including through the possibilities and new practices we
have outlined here.
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