
I N S T I T U T E

Missionaries, Mechanisms, and 
Democracy

Kevin Angell
Je�rey J. Harden 

Users Working Paper 
SERIES 2018:16

THE VARIETIES OF DEMOCRACY INSTITUTE 

August 2018



Varieties of Democracy (V-Dem) is a new approach to conceptualization and measurement of 
democracy. The headquarters – the V-Dem Institute – is based at the University of Gothenburg 
with 17 staff. The project includes a worldwide team with six Principal Investigators, 14 Project 
Managers, 30 Regional Managers, 170 Country Coordinators, Research Assistants, and 3,000 
Country Experts. The V-Dem project is one of the largest ever social science research-oriented 
data collection programs. 

 

 

 

 

 

Please address comments and/or queries for information to: 

V-Dem Institute 

Department of Political Science  

University of Gothenburg 

Sprängkullsgatan 19, PO Box 711 

SE 40530 Gothenburg 

Sweden 

E-mail: contact@v-dem.net 

 

 

 

 

 

V-Dem Users Working Papers are available in electronic format at www.v-dem.net.   

Copyright © 2018 by authors. All rights reserved. 

 

Disclaimer: V-Dem does not do quality control and therefore does not endorse the content of 
the papers, which is the responsibility of the authors only. 



Missionaries, Mechanisms, and Democracy∗

Kevin Angell† Jeffrey J. Harden‡

July 23, 2018

Abstract

What causal pathways link Protestant missionaries to the spread of liberal democracy? Wood-
berry’s (2012) theoretical explanation includes three central mechanisms: the development of
mass printing, the expansion of education and literacy, and the growth of civil society. How-
ever, his quantitative analyses of non-Western countries focus exclusively on the positive total
effect of conversionary Protestants (CPs) on democracy. Here, we conduct a direct empiri-
cal evaluation of the mechanisms he proposes using causal mediation methods. Our results
corroborate the positive total effect, but show limited support for its causal pathways. We
find minimal evidence to suggest that CPs’ impact operated via mass printing or civil society.
There is more support for education as a mediator, although at best it only accounted for a
minority share of the total effect. We conclude that further theorizing about causal processes is
necessary to strengthen the claim that Protestant missionaries contributed to democracy’s rise.
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1 Introduction
In 1799, missionaries from the London Missionary Society (LMS) arrived in what is now

Botswana to convert the native population to Christianity. They preached the gospel and encour-

aged the abolition of traditional practices such as polygamy, witchcraft, and rainmaking. However,

these missionaries did more than simply proselytize their faith. They built and supported schools

while greatly increasing access to books and other printed material. They also influenced politics

directly, facilitating the establishment of the Bechuanaland Protectorate in an attempt to keep the

country from the heavy-handed rule of the Boers. Eventually, democratic institutions strengthened

in Botswana. While standard theoretical accounts might identify secular forces of modernization

to explain the country’s path to democracy, an alternative narrative that incorporates the legacy

of conversionary Protestants (CPs)—such as those from the LMS—has recently emerged in the

scholarly discussion (Woodberry 2011, 2012). Specifically, this work asks: did missionaries play

a role in the rise of democracy? And if so, how did they exert such influence?

In a highly-cited, award-winning article, Woodberry (2012) develops a compelling theory to

answer these questions. Using a discussion of the historical record as well as novel data from a

sample of 142 non-Western countries, he asserts that CPs contributed to the spread of democracy

via several distinct causal pathways, the most prominent being the development of mass print-

ing, the expansion of education and literacy, and the growth of civil society. However, while he

presents a considerable amount of evidence supporting a positive total effect of CPs on democ-

racy, his quantitative analyses include no tests of these pathways. In this letter, we aim to build on

Woodberry’s work by conducting a direct empirical assessment of his proposed mechanisms.

Using causal mediation analysis, we recover the positive effect of CPs on democracy that

Woodberry reports. However, we also find limited empirical support for the theoretical frame-

work he proposes. Much of our evidence suggests that education mediated a noteworthy portion

of the total effect, but this estimate exhibits sensitivity to specification choices. Additionally, we

demonstrate little to no support for the theorized roles of mass printing or civil society. These re-

sults lead us to ultimately conclude that, despite the general robustness of the total effect, support
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for the claim that Protestant missionaries facilitated the rise of democracy could still be further

strengthened. It is unlikely that a design-based identification strategy will ever be available to so-

lidify the case for causality in this important research agenda. Thus, we contend that investigating

evidence for proposed mechanisms is just as critical for understanding CPs’ political legacy as the

total effect itself. Our work here indicates that, if CPs did, in fact, contribute to the development

of democracy in the non-Western world, many of the pathways by which they did so must still be

established empirically.

2 Background
Woodberry (2012) advances the thesis that CPs contributed to democratic development along-

side the more common scholarly explanations, such as secular rationality and economic develop-

ment (244). His theoretical contention is that CPs “fostered greater separation between church

and state, dispersed power, and helped create conditions under which stable democratic transitions

were more likely to occur” (Woodberry 2012, 249). He proposes a comprehensive set of causal

pathways to animate this theory. The most prominent of these are (1) the promotion of mass ac-

cess to printed materials, (2) the spread of mass education and literacy beyond the elite classes of

society, and (3) the encouragement of organizational structures as vehicles of protest, which laid

the groundwork for the development of civil society. We briefly review these mechanisms here;

see Woodberry (2012, 249–256) for complete details.

First, Woodberry argues that CPs greatly accelerated the growth of mass printing. CPs believed

that books must be accessible to everyone so that they could easily read “God’s word.” Addition-

ally, they used Protestant literature as a means of conversion, which forced other religious groups to

adopt similar practices. Protestant missionaries worked to provide printed materials to the masses,

which contrasted with the thinking of existing elites—that the general population was not qualified

to read and interpret printed word. Woodberry notes that CPs’ role in this pathway was as an ini-

tial spark. Ultimately, as printing became more widespread, market forces took control and news

media that was independent of the state emerged. In short, mass printing linked CPs to democracy

by paving the way for the fourth estate.
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To read and understand the Bible, people needed education and literacy. Woodberry (2012)

also argues that CPs catalyzed the rise of mass education around the world for this purpose (252).

Specifically, he contends that CPs focused on the education of non-elite segments of society—

groups that previously had little to no opportunity to attend school or learn to read. Reducing

inequality in access to education subsequently expanded the group of people who were able to

participate in a country’s democratic development. Furthermore, he argues that economic compe-

tition ensured that this process even occurred in predominantly Catholic countries. CPs’ presence

spurred Catholics to provide their own mass education system, continuing the extension of school-

ing and literacy to non-elites (Woodberry 2012, 252).

Finally, Woodberry (2012) presents the development of civil society as a third major path-

way of CPs’ impact on democracy. Missionaries contributed to the dispersal of political power

by facilitating the organization of opposition. They provided start-up mobilization efforts such

as signature gathering for petitions and generally assisted anticolonial activists with nonviolent

protest. Some of CPs’ most notable legacies include publicizing colonial abuses, lobbying for pol-

icy change, and advocating for social reform in the colonies and back home.1 These efforts helped

increase individual participation in public life, even leading to the creation of political parties in

some cases. Woodberry (2012) contends that this increase in political participation eventually led

to the formation and success of democratic government.

Despite the richness of the theoretical framework, Woodberry’s (2012) empirical analyses nar-

row in focus to estimation of the total effect of CPs on democracy. He employs a suite of regres-

sion analyses on a sample of 142 non-Western countries to accomplish this objective. Specifically,

he models the liberal democracy measure developed by Bollen (2009), averaged over the period

1950–1994, as a function of several covariates. These include controls for alternative theories of

the spread of democracy, exogenous and precolonial conditions, other factors that influenced colo-

nizers and missionaries, and endogenous or intervening variables (see Woodberry 2012, 257–258).

1Woodberry (2012) separates civil society and “colonial transformation” as distinct mechanisms in his theory. We
focus on civil society here as a means of simplifying our empirical analyses, but our operationalization of the concept
relates to both forms (see below).
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Most important, however, are the “mission variables,” which represent cross-sectional country-

level variation in CPs: Protestant missionaries per 10,000 population in 1923, years exposure to

Protestant missions until 1960, and percent evangelized by 1900. These three “treatments” re-

peatedly yield regression coefficients that indicate strong positive association between CPs and

democracy.

Woodberry (2012) ultimately concludes that his theory holds empirical support; by way of

his proposed mechanisms, Protestant missionaries produced conditions that “laid a foundation for

democracy” (268). However, this claim centers on the array of positive regression coefficients gen-

erated by the mission variables. He references some past literature that connects CPs to the various

mechanisms, but never demonstrates empirically that those mechanisms do, in fact, mediate the

effect of CPs on democracy. Indeed, he states that his statistical models “attempt to demonstrate a

causal association between Protestant missions and democracy, but do not test which mechanism

is most important” (256). In what follows we pick up the analysis at this point. We conduct a more

comprehensive test of Woodberry’s theory—one that involves estimation of the total effect of CPs

on democracy and the mediating effects that he claims connects those two factors.

3 Research Design
We conduct an empirical test of Woodberry’s (2012) three primary mechanisms with the method-

ology for causal mediation analysis developed by Imai, Keele, Tingley, and Yamamoto (2011).2

This approach, which we discuss in more detail in the appendix, quantifies a causal mechanism

with a series of two regression models: one that regresses a mediator—a quantitative measure of

the mechanism—on a treatment variable and covariates, then a second that regresses the outcome

on the treatment, mediator, and covariates. The algorithm generates predicted values of the media-

tor by manipulating treatment status in the mediator model. Those two values are then entered into

the mediator variable in the second model to produce potential outcome predictions.

The difference in the predictions from the outcome model represents a key quantity of interest:

2Mediation analysis has existed in many forms for decades. We employ Imai et al.’s (2011) implementation
because it rigorously connects the role of mechanisms to the potential outcomes framework of causal inference.
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the average causal mediation effect (ACME), which provides an empirical estimate of the (aver-

age) strength of the mechanism. A typical approach to quantifying the uncertainty of this estimate,

which we follow here, is to bootstrap the entire process (Imai et al. 2011). Another relevant quan-

tity is the average direct effect (ADE), or the portion of the total effect that does not operate through

that particular mechanism. The total effect is represented by the sum of the ACME and ADE. Thus,

a useful means of substantively evaluating an ACME estimate is to consider the proportion of the

total effect mediated by the mechanism of interest, computed by dividing the estimated ACME by

the estimated total effect.

3.1 Model Specification

To employ this methodology, we must select a model specification. Woodberry (2012) presents

more than 30 distinct regressions in the main text of his article and dozens more in the supplemen-

tary materials. Thus, our own analyses carry high risk for the problems associated with “researcher

degrees of freedom,” such as emphasizing only those specifications that conform to a preconceived

set of expectations (explicitly stated or not). To reduce this risk, we deposited a preanalysis plan

for this research at the Political Science Registered Studies Dataverse in June 2018, prior to ob-

serving any mediation analysis results (see the appendix for the complete text). In that document

we selected Woodberry’s (2012) Model 4 from Table 3 (262) as our main model specification due

to its comprehensive coverage of the theoretical framework. We also preregistered several alterna-

tive specifications that we thought merited consideration; we present some of those results below

and the remainder in the appendix.

We replicated Woodberry’s (2012) robust regression estimates exactly, then implemented me-

diation analysis using Protestant missionaries in 1923 as our treatment variable. We justified this

choice over the other two mission variables in our preanalysis plan. Briefly, the years exposure

variable measures the timing of missionaries, not the more conceptually-accurate missionary lev-

els. Additionally, the percent evangelized measure is problematic because it includes both Protes-

tant and Catholic conversions (Woodberry 2012, 257).3

3See the appendix for results with each of the other two mission variables as treatment.
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3.2 Measuring Mechanisms

A key feature of our analysis is the addition of measures of the mechanisms to the regression

models. We employ indicators from Woodberry’s (2012) own data as well as from additional

sources. Our data collection efforts yielded multiple candidate measures. We report results with

all of them, but in choosing a set on which to focus we considered the following characteristics,

in order of importance: (1) conceptual match with Woodberry’s theoretical framework, (2) data

originating in Woodberry’s replication materials, and (3) amount of missing data. Regarding this

third point, all of the measures have some missingness. Thus, we employed multiple imputation

with the Amelia II software (Honaker, King, and Blackwell 2011) to maintain the original sample.4

We measure mass printing with Woodberry’s (2012) data on average daily newspaper circu-

lation per 1,000 population. This indicator aligns with his contention that CPs’ use of printed

material gave rise to a robust news media. For mass education, we use a Gini coefficient mea-

sure of education inequality from the Varieties of Democracy Project (V-Dem, see Coppedge et

al. 2018a). This variable closely matches Woodberry’s theoretical discussion of CPs’ influence on

education among non-elites (see above). Finally, we employ V-Dem’s civil society participation

index for the third mediator. This index measures societal involvement in civil society organiza-

tions (CSOs), whether major CSOs are consulted by policymakers and thus involved in governance,

whether women participate in CSO, and whether nominations of candidates within political parties

are decentralized.

We provide detailed discussions of our measurement choices in the preanalysis plan and ap-

pendix. However, one point that is important to note before proceeding is the issue of timing.

Woodberry’s (2012) models are cross-sectional in nature. The treatment variable represents the

state of CPs in 1923 and the outcome is an average democracy score over the period 1950–1994.

We also average over several years’ worth of data with our mediators, which leads to the question

of which timeframe to choose. In our main analyses below, the newspaper circulation variable is

4See the appendix for details on combining multiple imputation with mediation analysis, diagnostic reports on the
quality of the imputations, and results from addressing missing data with listwise deletion.
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averaged over the earliest years available in Woodberry’s data (1975, 1980, 1985, and 1990) and

the V-Dem measures are averaged over 1924–1994. Thus, these measures occur contemporane-

ously with the outcome. This approach is somewhat at odds with the concept of a mediator, which

should come between treatment and outcome in the causal sequence (Imai et al. 2011).

Accordingly, we also consider versions of the V-Dem measures, as well as a new mass printing

measure, averaged over 1924–1949.5 Syncing the temporal sequence is conceptually helpful, but

also places more burden on the imputation procedure because larger proportions of the mediation

measures are missing for earlier years. Admittedly, we did not take a firm stand in our preanalysis

plan on which strategy to present in the main analyses here. We ultimately decided (post-hoc)

to choose the versions measured partially concurrent with the outcome for the sake of using less

imputed data, but we report results with the other approach in the appendix.

4 Results
We begin by estimating the mediation effects of newspaper circulation, education inequality,

and the civil society participation index using the main model specification discussed above. Figure

1 presents the ACMEs, ADEs, and total effects for each of these mediators. We generate these es-

timates for each mediator sequentially—ignoring the other two variables at each iteration—which

produces slight variation in the reported total effects due to bootstrapping error. The more impor-

tant point to note is that our analysis recovers (within bootstrapping error) the same total effect that

Woodberry (2012) reports: an estimate of 4.43 with a 95% confidence interval of (1.28, 7.59). Sub-

stantively, a standard deviation increase in the treatment variable corresponds with a 0.26 standard

deviation increase in the outcome.

[Insert Figure 1 here]

Moving to the mediation results, the graph shows that none of the ACMEs or ADEs are statisti-

cally significantly different from one another. This lack of certainty is due, in part, to the relatively

small sample of data as well as our use of multiple imputation. There are limits to what we can
5Specifically, we switch the newspaper circulation measure with Fink-Jensen’s (2015) measure of book titles

published per capita.
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learn from 142 countries with some missing data. Nonetheless, with appropriate caution we con-

tend that assessing point estimate magnitude as well as testing for individual null effects can still

be useful and informative.

The ACME of 0.57 for our mass printing mediator is fairly small, although not completely

negligible. It comprises about 13% of the total effect. The civil society ACME is essentially zero

(0.06), mediating just 1% of the total effect. Moreover, neither of these estimates are statistically

significant at the 0.05 level. In contrast, the education estimates in Figure 1 clearly demonstrate

a mediation effect. The ACME is 1.53, which represents 35% of the total effect. Although this

estimate is not statistically distinguishable from the other ACMEs, its 95% confidence interval is

bounded away from zero. In short, a model specification that we chose a priori for its promi-

nence in Woodberry’s (2012) analysis demonstrates favorable evidence for just one of three causal

mechanisms.

4.1 Alternative Specifications

While the main model is comprehensive and theoretically-informed, it is only one of many

models that could be used to test the theory. Thus, we also must consider the robustness of our

results in Figure 1 to other reasonable specifications.6 As with our choice of the main model, we

discussed several plausible alternatives in our preanalysis plan, then executed them. We briefly

outline these alternatives here; see the preanalysis plan and appendix for details.

First, we add controls for settler mortality and gross domestic product (GDP) per capita to

the main specification. Past work points to these variables as important alternate explanations

of the rise and spread of democracy (e.g., Acemoglu, Johnson, and Robinson 2001; Woodberry

2012, 263). Our second alternative specification uses the main model with different measurement

strategies for the mass printing and mass education mediators: book titles per capita (Fink-Jensen

6We also estimated the main model specification with multiple mediation analysis. This approach relaxes a key
assumption of standard mediation analysis: no association between mediators (see the appendix). However, it requires
that we use a binary version of the treatment variable (Imai and Yamamoto 2013). Thus, this approach cannot provide
much insight into the question of the mediators’ absolute roles as causal mechanisms because the treatment variable
is considerably different. It is helpful in checking the robustness of their relative magnitudes, and we find that our
conclusions are unaffected in this regard.
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2015) for the former and the literate proportion of the population for the latter (Coppedge et al.

2018a). Third, we estimate the effects using another specification that Woodberry (2012) fea-

tures prominently: Table 2, Model 3 (260). This model omits covariates related to the “process of

colonization.” Finally, we consider results with our own “preferred” model specification, which ad-

dresses several issues that we noted as we replicated Woodberry’s original results. Specifically, our

preferred model avoids posttreatment bias, streamlines the definition of treatment, and conserves

degrees of freedom.

We summarize the essential results of these alternative specifications here (see the appendix

for further details). Specifically, Table 1 reports, for each mediator and each alternative specifica-

tion, (1) the proportion of the total effect mediated and (2) whether the corresponding ACME is

statistically significantly different from zero.

[Insert Table 1 here]

Several patterns stand out in Table 1. First, all of the specifications yield the same relative

ordering with respect to proportion mediated. Mass education is the strongest mediator, followed

by mass printing, then civil society. The magnitudes of these values shows some heterogeneity; in

some cases education is clearly the strongest while in others its effect is essentially equivalent to

that of mass printing. But the weight of the evidence indicates that education is the most important

of the three mechanisms. The fact that mass education is the only mediator that reaches statistical

significance in any specification underscores this point. Indeed, even in cases in which the substan-

tive magnitude of the mass printing mediator increases to noteworthy levels (e.g., specifications #2

or #4), the uncertainty surrounding those estimates tempers the inferences we could draw. Finally,

Table 1 clearly indicates that there are other pathways that transmit the effect of CPs on democracy.

Summing the proportions mediated within each specification still leaves an average of 60% of the

total effect in the ADEs, which strongly suggests that additional mechanisms and/or a direct effect

characterize the total causal process.
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5 Conclusions
Understanding causal mechanisms is often considered a fundamental component of social sci-

ence (e.g., Deaton 2010; Imai et al. 2011, but see Holland 1988). Studying pathways and processes

draws the focus away from causality as a “black box” and emphasizes the theoretical heart of a

substantive research question (Hedström 2008; Imai et al. 2011). Woodberry’s (2012) study of the

impact of Protestant missionaries on democracy is a compelling example of this perspective. The

causal relationship he proposes may be unintuitive to many given that the scholarship on which he

builds largely ignores the role of activist religion in explaining democratic development (Wood-

berry 2012, 244). We contend that a crucial aspect of confronting such skepticism involves devel-

oping mechanisms in a theoretical framework, as Woodberry does, then testing those mechanisms

empirically.

We build on Woodberry’s (2012) important work by completing the second of those two tasks.

Using causal mediation analysis, we empirically assess the role of the three central causal pathways

that he proposes to explain the positive influence of CPs on the spread of democracy: the develop-

ment of mass printing, the expansion of education and literacy, and the growth of civil society. We

confirm the overall positive effect of CPs, but find limited support for the theory itself. The results

weakly suggest that mass printing may have mediated a small portion of the effect, demonstrate

virtually no support for civil society’s effect, and yield stronger, but not entirely robust, evidence

in favor of education as a mediator. Ultimately, we conclude that the nature of Protestant mis-

sionaries’ political legacy in the non-Western world remains open to some degree. Woodberry’s

(2012) theory is well developed, but empirically it explains only a minor share of the total effect.

In sum, more theoretical appraisal of the causal processes involved is necessary to determine how

spreading the Gospel helped spread democracy.
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Figure 1: The Mediation Effects of Mass Printing, Mass Education, and Civil Society
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Note: The graph presents the estimated ACME, ADE, and total effects for each mediator. Line
segments indicate 95% confidence intervals.
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Table 1: Summary of Mediation Results with Alternative Specifications

Specification Mediator % Mediated Significance

1
Original Results
(Figure 1)

Mass Printing 13 –
Mass Education 35 3

Civil Society 1 –

2
Control for Settler
Mortality and ln(GDP
per Capita)

Mass Printing 18 –
Mass Education 30 3

Civil Society 4 –

3
Alternative Printing
and Education
Measures

Mass Printing 13 –
Mass Education 14 –
Civil Societya – –

4
Table 2, Model 3
(Woodberry 2012,
260)

Mass Printing 22 –
Mass Education 23 3

Civil Society 6 –

5
Authors’ Preferred
Specification

Mass Printing 4 –
Mass Education 13 –
Civil Society 2 –

Note: Cell entries report the proportion of the total effect mediated and
whether the corresponding ACME is statistically significantly different from
zero (denoted by 3) or not (–). a Civil society results are not reported in
specification #3 because there is no alternative measure for that mediator.
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1 Summary
This appendix presents additional information intended to provide a complete picture of the

analyses we conducted to answer our research question: what causal pathways link Protestant mis-

sionaries to the spread of liberal democracy? In undertaking this project we were keenly aware

that a key challenge would be the availability of many potential researcher degrees of freedom.

Measurement, modeling strategy, subsetting, interpretation, and other aspects of the research pro-

cess provide many reasonable choices in most quantitative analyses, and this one is no exception.

Indeed, the supplementary information for Woodberry’s (2012) original article is 192 pages. As we

note in the main text, our primary strategy for addressing this issue was to document our choices

in a preanalysis plan. All of the analyses presented in the main text and this document were pre-

registered and justified prior to observing results. This approach does not eliminate the possibility

that our own biases influenced our analyses in some way, but it does reduce the threat.

In the main text, we conclude that there is “limited” empirical support for Woodberry’s (2012)

three key causal mechanisms. We base this claim on the combined assessment of the substantive

magnitude and uncertainty of the estimated ACMEs for mass printing, mass education, and civil

society. The mass printing ACME shows reasonable substantive magnitude in some specifications,

but its confidence interval is never bounded away from zero. The mass education ACME is more

promising; in several specifications it is substantively larger than the others and statistically signif-

icant. But in others—including our preferred specification—it yields a substantively smaller and

statistically nonsignificant mediation effect. Finally, civil society consistently produces ACMEs

that are substantively small (near zero) and statistically nonsignificant.

Broadly speaking, the analyses presented in this appendix reflect the results from the main text:

education almost always produces the strongest mediation effect, but also displays sensitivity to

several analytic choices. Additionally, while the other two effects sometimes increase in magnitude

compared to what we report in the main text, they are never statistically significant across all of

the analytic strategies we employed. Thus, we place the most confidence in the conclusions drawn

from the results in the main text. While the analyses we present in this appendix demonstrate
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some heterogeneity, we contend that the main text results represent the best of, admittedly, many

possible permutations of these analyses.

2 Causal Mediation Analysis
In this research, we employ causal mediation analysis to empirically assess the causal mech-

anisms proposed in Woodberry (2012). Here, we provide some details of the methodology, its

assumptions, and our implementation of it. This summary is intended to be a starting point for

readers unfamiliar with these methods. It is not a comprehensive discussion.

The core motivation for causal mediation analysis is that social scientists are not only interested

in whether one factor causes another or even by how much, but also why that relationship appears.

Methods for assessing mechanisms empirically have been used for several decades (e.g., Haavelmo

1943; Baron and Kenny 1986). More recently, Imai, Keele, Tingley, and Yamamoto (2011) have

updated and expanded mediation analysis to align with the potential outcomes framework of causal

inference (see also Imai, Keele, and Yamamoto 2010; Imai and Yamamoto 2013; Keele, Tingley,

and Yamamoto 2015). We use the R package mediation to implement this approach in our

analyses here (Tingley, Yamamoto, Hirose, Keele, and Imai 2014).

2.1 Assumptions

Under a set of assumptions, the Imai et al. (2011) methodology yields nonparametric identifi-

cation of the ACME for a proposed mediator. First, we assume sequential ignorability, which is

essentially two assumptions made in order (Imai et al. 2011, 770). We assume that treatment as-

signment is independent of potential outcomes and potential mediators, conditional on the pretreat-

ment covariates. Additionally, we assume that the mediator is independent of potential outcomes,

given treatment status and pretreatment covariates. These are potentially strong assumptions that

are not easily testable. However, Imai et al. (2011) provide an approach to sensitivity analysis that

allows the analyst to assess robustness of the estimated effects to possible violations of sequential

ignorability (see section 6 below).

Second, “standard” mediation analysis assumes that the mediator is independent of alternative
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mediators. Imai and Yamamoto (2013) propose a methodology for relaxing this assumption, which

we also employ here. In mediation analysis with multiple mediators, we need only assume that the

main mediator of interest is independent of potential outcomes after conditioning on an alternative

mediator, the treatment, and pretreatment covariates. This approach is useful here because we have

three mediators of substantive interest. However, it is limiting in that we can only control for one

alternative at a time. Additionally, the current implementation is only derived for binary treatment

variables (Imai and Yamamoto 2013).

Finally, when conducting mediation analysis with multiple mediators we assume no interaction

between the treatment and mediator (Imai and Yamamoto 2013, 157). This assumption is also quite

strong, and so we use Imai and Yamamoto’s (2013) methodology for testing for interactions as well

as for conducting sensitivity analyses to potential violations (see section 6 below).

2.2 Estimation

Estimation is done in several steps (see Imai et al. 2011, 773–774). First, the analyst models

the mediator as a function of the treatment variable and pretreatment covariates. Second, he or

she models the outcome variable as a function of the mediator, treatment, and the same covariates.

Next, the estimated mediator model is used to predict two values of the mediator: one under

control and one under treatment. These values are then entered into the outcome model to generate

outcome predictions, and the difference in those predictions is the ACME estimate. To obtain

measures of uncertainty, this entire process can be repeated in a bootstrapping procedure.

In our implementation of the method we estimate the ACMEs with the process described above

and compute 95% confidence intervals for our estimates using the 2.5 and 97.5 percentiles of the

ACME distributions. Additionally, because we must impute some missing data, we repeat the en-

tire process for each estimate 10 times using 10 imputed datasets. We bootstrap 100 replicates with

each dataset, then combine them to form 1,000 replicates in a single bootstrap distribution. This

approach accounts for the added uncertainty that comes from imputing data (Blackwell, Honaker,

and King 2017, 309).
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3 Mediator Data
Here, we fully describe our choice of data to measure the mechanisms of interest. Recall that

our priorities in selecting data were (1) conceptual match with Woodberry’s theoretical framework,

(2) data originating in Woodberry’s replication materials, and (3) amount of missing data.

Beginning with mass printing, we considered two sources: data from Woodberry (2012) on

newspaper circulation and data from Fink-Jensen (2015) on the number of books titles published

per capita. Woodberry’s (2012) data include the average daily newspaper circulation per 1,000

population in 1975, 1980, 1985, and 1990.1 We compute the means across these four years to

construct a mass printing mediator variable. The measure itself is internally valid—it aligns with

the contention that CPs’ use of printed material gave rise to a robust news media. However, the

timing is not ideal. Measurement does occur posttreatment (i.e., after 1923), but it also falls af-

ter the measurement of the outcome begins (1950). Fink-Jensen’s (2015) number of book titles

per capita measure allows us to obtain data that is both posttreatment and premeasurement of our

outcome (1924-1949).2 However, this source have a much larger amount of missingness for Wood-

berry’s sample of countries than the newspaper data. Thus, to avoid the extremely large volume of

imputation needed to use book titles per capita, we rely on Woodberry’s (2012) newspaper data.

The next mediator is education. Woodberry’s data also contain a candidate measure, which

he uses in some robustness checks (Woodberry 2012, Table 5, 265). Specifically, his data include

the mean enrollment in secondary education from 1960–1985 (Barro and Lee 1994). However,

this variable does not cover all of the countries in his full sample and is also partially concurrent

with the democracy outcome. Additionally, mean enrollment in secondary education does not

completely capture the impact of CPs via education as proposed in Woodberry (2012). He argues

that CPs spread literacy and education to non-elites, neither of which would necessarily appear as

an increase in secondary school enrollment because the development of literacy occurs in primary

school and the expansion of education could reflect the spread of primary schooling. As an alterna-

1These variables come from the United Nations (UN) Data (see http://data.un.org/).
2This measure is available at https://www.clio-infra.eu/Indicators/BookTitlesperCapita.html.
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tive, we gathered education data from the Varieties of Democracy Project (V-Dem, see Coppedge

et al. 2018a). V-Dem provides data on the percentage of a country that is literate (from Vanhanen

2003), the average years of education for citizens older than 15, and the Gini measure of education

inequality that we argue best captures Woodberry’s theoretical claim. Each of these variables are

available at least as early as 1924.

Finally, civil society is the third causal mechanism we consider. Although the development and

spread of voluntary organizations, nonviolent protest, and other political movements is a key ele-

ment of Woodberry’s (2012) theoretical framework (e.g., 252–253), he does not include any such

measure in his analyses or replication data. To obtain one, we again turn to V-Dem (Coppedge et

al. 2018a). V-Dem provides a civil society participation index that captures the extent to which

citizens are involved in CSOs, how much CSOs are consulted by policy makers, whether women

participate in CSOs, and whether political candidate nomination is decentralized (Coppedge et al.

2018a). This variable is highly suitable to serve as a mediator because it provides a robust mea-

surement of the civil society concept that Woodberry claims connects CPs with the development of

democracy. It also covers the vast majority of the countries in his estimation sample (Woodberry

2012, 252–253).

For each of these sources of data, a key issue that we must address is missing data. Our objec-

tive is to use Woodberry’s full sample of data in our mediation analyses, including some countries

that are not covered in our data on mediators. In his analysis, Woodberry’s (2012) measurement

strategy involves computing several variables by averaging over a span of years; for instance, his

outcome variable is a mean level of democracy over the period 1950–1994. We adopt this ap-

proach in constructing our mediators, which helps reduce the impact of missing data. However,

the historical nature of the data means that some countries did not exist or were known by different

names when our various mediators were measured.3 Consequently, we consider two options when

constructing mediators: compute the averages from (1) 1924–1949 or (2) 1924–1994. The for-

mer approach best matches the temporal nature of a mediator because it occurs between treatment

3See Woodberry (2012, 257) for a discussion of how he addresses this issue in measuring the outcome variable.
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(1923) and outcome (1950). However, it yields more missing data. In contrast, the second strat-

egy overlaps measurement of the outcome, but allows for more data to be collected. We conduct

our analyses using both measurement strategies to assess the robustness of our results. Table A1

summarizes our mediator data collection efforts.

For those data values we cannot fill in, we use multiple imputation with the Amelia II software

available in R (Honaker, King, and Blackwell 2011). Amelia begins with the assumption that

the complete data are distributed multivariate normal, then employs the expectation-maximization

(EM) algorithm to impute the missing values. It repeats this process m times (we set m to 10),

then analysis continues as usual with those m complete datasets. An adjustment to measures of

uncertainty is also necessary (see section 2.2). We use the complete data from Woodberry’s sample

to impute the missing values in our mediators.4

[Insert Table A1 here]

4 Alternative Model Specification Results
Here we fully describe the results from the alternative specifications of standard mediation

analysis that we report in the main text (Table 1). Recall that we first outlined these alternatives

in our preanalysis plan to guard against the problems associated with researcher degrees of free-

dom. The graphs in Figure A1 report the same information as Figure 1 of the main text using

four specifications: (1) the main model specification with controls for settler mortality and gross

domestic product (GDP) per capita, (2) the main model with alternative measurement strategies

for the mass printing and mass education mediators, (3) a simpler specification from Woodberry’s

results, and (4) our own “preferred” model specification, which addresses several issues that we

noted while replicating the original results. See Table A4 in section 7.1 for complete lists of the

variables appearing in each specification.

[Insert Figure A1 here]

4We also impute missing values in two additional covariates: settler mortality and GDP (see section 9).
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We begin by adding two important covariates from Woodberry’s data to the main model. The

results in the top panel of Figure A1 come from a specification that includes controls for European

settler mortality (Acemoglu, Johnson, and Robinson 2001) and economic development, measured

as the natural log of GDP per capita (averaged over 1960–1994). Woodberry (2012) controls

for both of these variables in some specifications, but not the main model. We include them

here because they represent theoretically-informed alternate explanations for the rise and spread of

democracy (for summaries, see Woodberry 2012, 263).5

Empirically, including settler mortality and GDP yields fairly minor changes to our results.

The total effect weakens slightly, as does the ACME for education, but both of those estimates

remain statistically significant. Substantively, this specification indicates that education inequality

mediates about 30% of CPs’ effect on democracy. In contrast, the ACMEs for the other mediators

increase in magnitude. Newspaper circulation mediates 18% of the effect and the civil society

participation index mediates 4%. However, the 95% confidence intervals for these latter two effects

both include zero.

Our next analysis returns to the main model specification, but alters the measurement strategy

for mass printing and mass education. We measure the former using book titles per capita (Fink-

Jensen 2015) and the latter as V-Dem’s indicator for the literate percentage of the population. We

average both variables over the period 1924–1994. The book titles measure is conceptually similar

to Woodberry’s newspaper circulation variable, but much of the data are missing (79%). Literacy

rate is somewhat different from the education inequality measure, although it captures a different

aspect of the original theory. Instead of focusing on the proposed pathway in which CPs facilitated

education for the non-elite masses, literacy taps into CPs’ objective of giving everyone the ability

to read the Bible. Note that the civil society measure is unchanged here, so its specification is

identical to our main model (although the estimates are slightly different due to bootstrapping

error).

The top right panel of Figure A1 indicates that these changes are consequential for results. The

5Both settler mortality and GDP per capita require multiple imputation of missing data. See section 9 for details.
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book titles measure produces essentially the same ACME point estimate as in Figure 1 of the main

text (13% mediated). However, its confidence interval is quite large due to the fact that so much

of the variable must be imputed. Measuring mass education as percent literate produces a notable

drop in the magnitude of that mediator, down to 14% of the total effect. Furthermore, the education

ACME is not statistically significant in this specification.

In the bottom left panel of Figure A1 we return to our original mediators and estimate the effects

with a simpler model specification that Woodberry (2012) reports: Table 2, Model 3 (260). The

critical difference between this specification and our main model is that the former does not include

covariates representing the “process of colonization,” including ease of access and perceived value

of each country as a colony (Woodberry 2012, 262–263). The graph indicates that this change

yields somewhat different results from Figure 1 of the main text. The total effect weakens to

about 3.75, though it remains statistically significant. Additionally, the ACMEs for mass printing

(22% mediated) and mass education (23% mediated) are essentially the same, although only the

confidence intervals of the latter are bounded away from zero. Civil society again produces a small,

nonsignificant mediation effect (6%).

Finally, we consider our own preferred model. As our preanalysis plan describes, this specifica-

tion is intended to address several issues that arose as we replicated the original results. First, we re-

moved all of the covariates that are measured after 1923 to avoid posttreatment bias (Montgomery,

Nyhan, and Torres 2018).6 We include settler mortality—which is measured pretreatment—due to

its theoretical relevance. We also include indicator variables for five regions of the world, as de-

fined by Woodberry.7 We also reduce down to a single treatment variable for the sake of definition

clarity: Protestant missionaries per 10,000 population in 1923. We omit percent evangelized by

1900 because it includes Catholic and Protestant evangelization and years exposure to Protestant

missions because it is partially posttreatment. Finally, we simplify the model by removing several

6These include percent European and percent Muslim, as well as the additional covariate of GDP per capita.
7These regions are Sub-Saharan Africa, Asia, Latin America and the Caribbean, the Middle East/North Africa,

and Oceania (the reference category). Our original plan was to interact these region indicators with the treatment
variable to assess variation in the treatment effect by region. However, upon executing that plan we discovered that
the data were not up to the task (see section 8.4).
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variables associated with the perceived value of a country. While Woodberry (2012) provides the-

ory for these variables, only one—an indicator for whether a Protestant colonizer took a colony

from a Catholic colonizer—yields a substantively and statistically significant coefficient estimate.

Thus, to save degrees of freedom, we only retain that variable in our preferred specification.

Results from our preferred specification appear in the bottom right panel of Figure A1. We note

that the confidence intervals are somewhat smaller in that graph, suggesting that our specification

choices may have improved efficiency. The total effect is slightly weaker than what we show in

Figure 1 of the main text, but remains statistically significant. The mediation effects, however, all

move toward zero compared to the previous results. The proportions of the total effect mediated

are 4% (mass printing), 13% (mass education), and 2% (civil society). All of these estimates are

statistically nonsignificant. In other words, the relative ordering of the mediation effects remains

the same, but in absolute terms this specification suggests that the three mechanisms explain very

little of the CPs’ impact on democracy.

5 Controlling for Association Between Mediators
The analyses we present in the main text assume that there is no association between mediators.

This assumption could be problematic, and thus a potentially better approach would be to relax

that assumption and control for the alternative mediators. We do so here using the methodology

proposed by Imai and Yamamoto (2013).

5.1 Empirical Assessment

First, we empirically assess the association between mediators. Imai and Yamamoto (2013)

recommend conducting this assessment by regressing one mediator on alternative mediators, treat-

ment, and the covariates (167). We report these as least squares regressions for each media-

tor/alternative combination in Table A2. We use the main model specification, although we only

present the alternative mediator coefficients and standard errors to conserve space (see the replica-

tion materials for full results).

[Insert Table A2 here]
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The results in Table A2 indicate that there is statistically significant association between mass

printing (newspaper circulation) and mass education (education inequality) as well as mass printing

and civil society (participation index). The association between education and civil society is not

statistically significant. In short, relaxing the assumption of independent mediators is worthwhile

for most of our mediation estimates.

5.2 Estimation and Results

To estimate the mediation effects controlling for alternative mediators we must make an ad-

justment to our treatment variable. The methodology proposed by Imai and Yamamoto (2013) is

only derived for binary treatment variables, and thus we must recode our treatment accordingly.

Our objective in recoding was to generate a binary treatment that produced a total effect similar

to the main model’s original estimate with respect to magnitude and statistical significance. We

made this decision in an attempt to maintain as much comparability with the results presented in

the main text as possible.

We ultimately chose the 75th percentile of the original treatment variable as the cutoff: cases

above this threshold were coded as treated and all others were coded as untreated. This decision

yields a total effect estimate of 14.37 with a 95% confidence interval of (4.63, 24.11). Thus, the

total effect retains statistical significance in this analysis, but the magnitude is larger. Other logical

thresholds, such as the median, produced nonsignificant total effect estimates near zero. This result

suggests that much of the total effect reported in Woodberry (2012) is driven by cases with very

large values of the treatment variable (i.e., countries with large numbers of CPs relative to the

population size).

Additionally, the multiple mediator estimation routine allows for one main mediator and one

alternative mediator. Because we have three mediators in total, we conduct the analysis twice for

each mediator to estimate the effects after controlling for each of the other two. We present the

results in Figure A2.

[Insert Figure A2 here]
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The top left panel of Figure A2 shows the mediation effects using our binary treatment measure

with standard mediation analysis (i.e., assuming independence between mediators). We show

these results to confirm that our recoding to a binary treatment recovers the same relative ordering

of mediation effects as in the analyses with the original treatment variable. Of course, the scale

has also changed because the total effect is larger. However, the ACMEs are even somewhat larger

in proportion to the total effect compared to what we report in the main text: 2.87 (21% mediated)

for newspaper circulation, 5.72 (41%) for education inequality, and 2.07 (15%) for civil society.

However, as in our main results the three ACMEs are not statistically significantly different from

one another and the education ACME is the only one that is significantly different from zero.

We present the mediation effects of education inequality and civil society controlling for news-

paper circulation in the top right panel. The graph shows very little change to the estimates. The

lower confidence bound on the ACME for education inequality just crosses zero after controlling

for newspaper circulation. But the magnitude of the estimate remains similar to what we report

here and in the main text (36% mediated). The ACME for the civil society participation index is

essentially unchanged compared to its estimate in the top left graph.

Next, the bottom left panel of Figure A2 gives the results for newspaper circulation and civil

society participation index controlling for education inequality. The ACME estimate for the former

shows no change from the analogous estimate in the top left panel. The civil society estimate

increases in magnitude to 25% mediated, although it remains statistically nonsignificant. Finally,

the bottom right panel presents the estimates for newspaper circulation and education inequality

after controlling for civil society. Both ACMEs remain similar to their previous values from the top

left panel. The education inequality estimate changes the most, increasing in magnitude to 45% of

the total effect.

Overall, the broad trend of this analysis conforms to what we report in the main text. Relaxing

the assumption of independence between mediators does not produce dramatic shifts in our sub-

stantive conclusions regarding the relative importance of the mediators. The scale of the effects

increases in magnitude in these results. However, the top left panel of Figure A2 suggests that
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those increases are mostly a product of incorporating a binary version of the treatment variable,

not controlling for alternative mediators. This pattern is important to note because the ACMEs

for mass printing and civil society move away from zero in these analyses, which contrasts with

the results presented in the main text. However, we regard these changes largely as statistical arti-

facts of a suboptimal, but necessary, choice. Moreover, consistent with our main analyses neither

of those estimates ever reaches statistical significance and the relative ordering of the mediators’

effects remain consistent with what we report elsewhere in this research.

6 Sensitivity Analyses
A key advantage of Imai et al.’s (2011) framework for causal mediation is the availability of

sensitivity analyses to various assumptions. Here we assess the sensitivity of our results to con-

founding from an omitted pretreatment covariate as well as the possibility of treatment-mediator

interactions.

6.1 Sensitivity to Pretreatment Covariates

We begin by assessing the sensitivity of the standard mediation estimates reported in Figures

1 of the main text and Figure A1 to hidden confounding from pretreatment covariates. Imai et al.

(2011) note that the hypothetical confounding influence of an omitted variable can be parameter-

ized as correlation between the error terms of the mediator and outcome models, which they denote

ρ (see also Tingley et al. 2014, 13–16). The graphs in Figures A3–A7 plot ρ on the x-axes against

the ACME and ADE estimates (and shaded 95% confidence intervals) on the y-axes for each me-

diator. The dashed lines mark the original estimates, in which ρ is assumed to be zero (i.e., no

omitted variable).8 The ideal results would be a nearly flat line, indicating little movement in the

estimated effect, even in the presence of confounding. In practice, such a finding does not always

appear, in which case it is important to consider at what values of ρ the estimate changes sign or

becomes statistically nonsignificant.

We begin with Figure A3, which shows sensitivity results for the main analyses presented in

8The dashed lines do not fall exactly on the estimated effects reported in the main text due to random bootstrapping
error.
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Figure 1 of the main text.9 Those graphs suggest that there is little sensitivity in the effects for mass

printing and civil society. However, the ACME and ADE estimates for mass education display

more sensitivity. If an omitted variable produces a negative correlation of just −0.15 between the

two error terms exists, the ACME becomes negative.

[Insert Figure A3 here]

Next, Figure A4 shows sensitivity results for the analyses that include controls for settler mor-

tality and GDP. The graphs again suggest that there is little sensitivity in the effects for mass

printing and civil society. The ACME and ADE estimates display less sensitivity compared to the

main model results. In this case, the ACME does not become negative until ρ reaches −0.35.

[Insert Figure A4 here]

Figure A5 shows sensitivity results for the analyses with the alternative printing and education

measures. The estimates for mass printing show more sensitivity with the book titles measure; at ρ

= 0.30 the ACME becomes negative. The mass education ACME becomes negative at ρ =−0.30.

[Insert Figure A5 here]

Figure A6 shows sensitivity results for the analyses with Woodberry’s (2012) Table 2, Model 3.

The estimates for mass printing show some sensitivity. The ACME again becomes negative when

ρ reaches 0.30. The mass education ACME becomes negative at ρ =−0.30.

[Insert Figure A6 here]

Finally, A7 shows sensitivity results for the model using our preferred specification. Not sur-

prisingly, given that we reduced the number of covariates, it shows sensitivity more similar to the

results in Figure A3. The mass printing and civil society estimates do not show much sensitivity,

but the mass education estimates display some. Specifically, the mass education ACME becomes

negative at ρ =−0.15.
9The graphs for the civil society mediator in Figures A3–A6 report Woodberry’s (2012) Table 2, Model 3 specifi-

cation. We could not estimate the models with ρ 6= 0 for that mediator using the main model due to singularity issues
(see the replication materials).
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[Insert Figure A7 here]

Overall, these results show sensitivity levels similar to other social science examples (see Imai

et al. 2011; Imai and Yamamoto 2013). The estimates for the mass printing and civil society

mediators, which are typically near zero, show the least amount of sensitivity. The estimates for

mass education, in contrast, show a bit more. However, it is important to note that these analyses

are not tests for the presence or absence of hidden confounders; they simply display sensitivity

of the estimated mediation effects under varying strength of a hypothetical confounder. In this

particular case, there is a wide variety of covariates included. Nonetheless, the results should be

interpreted with appropriate caution.

6.2 Sensitivity to Treatment-Mediator Interaction

Our results that relax the assumption about association between mediators presented in Fig-

ure A2 require the assumption of no treatment-mediator interaction (Imai and Yamamoto 2013).

Table A3 indicates that this assumption is reasonable. The table reports results from significance

tests for treatment-mediator interactions, averaged across the 10 imputed datasets using the main

model specification. Specifically, the first column reports the mean difference in ACME estimates

under baseline differences in treatment status. The second column reports the minimum p-value

associated with these differences and the third and fourth columns present the mean 95% confi-

dence intervals. The differences are substantively small and statistically nonsignificant, lending

credibility to the no interaction assumption.

[Insert Table A3 here]

Despite the results in Table A3, the no interaction assumption is technically applied to every

observation (Imai and Yamamoto 2013, 157), so even if no interaction appears on average, the

assumption could be violated for individual cases. Thus, we also report sensitivity analyses for

that assumption in Figure A8. The graphs parameterize the hypothetical strength of treatment-

mediator interaction with Imai and Yamamoto’s (2013) R̃2 term on the x-axes. That is, the x-axes

plot the amount of variance that would be explained in the outcome if we could account for this
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heterogeneity. The solid lines on the y-axes indicate lower and upper bounds on the true ACME

and shading indicates 95% confidence intervals. The dashed lines represent the estimated ACME

under the no treatment-mediator interaction assumption.

[Insert Figure A8 here]

The top two graphs of Figure A8 indicate a high degree of sensitivity for the estimated mass

printing ACMEs. The lower bounds reach zero with only a small amount of variance explained

by a treatment-mediator interaction: R̃2 = 0.02 when the alternative mediator is mass education

and R̃2 = 0.01 when it is civil society. The mass education estimates are more robust. When

the alternative mediator is mass printing (civil society), the lower bound is zero at R̃2 = 0.10

(R̃2 = 0.15). For civil society, the values are R̃2 = 0.02 (alternative: mass printing) and R̃2 = 0.07

(alternative: mass education).

7 Mediator and Outcome Model Details
In this section we provide details on the models used to generate our mediation estimates.

7.1 Specifications

Table A4 reports the variables included in the models used to generate the estimates reported

in the main text.

[Insert Table A4 here]

7.2 Results

Tables A5–A9 report output from the mediator and outcome models reported in Figure 1 of the

main text and Figure A1. Consistent with Woodberry (2012), all coefficient estimates and standard

errors come from robust regression (Street, Carroll, and Ruppert 1988).

[Insert Table A5 here]

[Insert Table A6 here]
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[Insert Table A7 here]

[Insert Table A8 here]

[Insert Table A9 here]

8 Preregistered Robustness Checks
In this section we present results from several robustness checks described in our preanalysis

plan.

8.1 Alternative Treatment Variables

To this point we have reported mediation results with Protestant missionaries per 10,000 pop-

ulation in 1923 as the treatment variable. In our preanalysis plan we recorded our intention to

“repeat our main analyses with Woodberry’s other primary variables of interest—percent evan-

gelized by 1900 and years exposure to Protestant missionaries—as the treatment variable” (10).

Figure A9 presents the results of those analyses. In each case we use the main model, but specify

one of the other variables as the treatment.

[Insert Figure A9 here]

The top panel of Figure A9 presents results with percent evangelized by 1900. It indicates some

similarities and some differences with the results shown in Figure 1 of the main text. The scale of

this treatment variable is much different than the original treatment variable; it ranges from 0 to

100 with a mean of 41.32 and a standard deviation of 39.84. The original treatment measure ranges

from 0 to 9.91 with a mean of 0.98 and a standard deviation of 1.67. As a result, the scale of the x-

axis in this graph differs from Figure 1 in the main text. However, the magnitude of the total effect

is comparable to our main results. An increase of one standard deviation in percent evangelized by

1900 corresponds with an expected increase of 7.6 on the democracy outcome measure. A standard

deviation increase in the main treatment variable corresponds with a total effect of about 7.3.

Moving to the mediation effects, we see a relative pattern that is broadly similar to, but some-

what different from, our main results. The confidence intervals are sufficiently large such that
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none of the ACMEs are statistically significantly different from one another. However, the point

estimates show important substantive variation. The education inequality variable again stands out

as the strongest mediator; it produces a substantively large and statistically significant ACME es-

timate of 0.11, which is about 58% of the total effect. The civil society participation index is the

second strongest, with an ACME of 0.04 (20% mediated). Newspaper circulation is the weakest

of the three; the ACME estimate is 0.02, which corresponds to 9% mediated. Additionally, these

latter two mediators’ ACME estimates are not statistically significant at the 95% level.

The bottom panel of Figure A9, which gives results with years exposure to Protestant mission-

aries as the treatment, indicates a much different pattern from our main results. The total effect is

a bit weaker and falls on the border of statistical significance at the 95% level. A one standard de-

viation increase in years exposure to Protestant missionaries (58.62) corresponds with an expected

increase in democracy of 5.27. None of the ACME estimates reach statistical significance. The

strongest of the three is the civil society participation index (0.029, 31% mediated). The ACME

for newspaper circulation is negative and the estimate for education inequality is essentially zero.

In sum, the mediation analysis results display some sensitivity to the choice of treatment vari-

able. However, as we described in our preanalysis plan, we chose Protestant missionaries per

10,000 population in 1923 because it is, in our view, the strongest measure of CP presence in a

country. The percent evangelized measure includes converts to Catholicism in it (Woodberry 2012,

257) and years exposure measures the earliest time at which CPs were present in a country rather

than levels of CPs in that country (Woodberry 2012, 263).10 Accordingly, we place the most trust

in the estimates using the Protestant missionaries per 10,000 population in 1923 variable.

8.2 Additional Covariates

In Figure A1 we show results after including two additional covariates: settler mortality (Ace-

moglu, Johnson, and Robinson 2001) and GDP per capita. Here we present results with each of

those variables included on its own. The top panel of Figure A10 presents the mediation estimates

10Specifically, Woodberry (2012) measures this variable as 1960 − yc, where yc is the first year in which CPs
arrived in country c (263).
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after adding settler mortality to the main model. The middle panel presents the same specification,

but with GDP per capita included. Finally, the bottom panel reproduces the results from Figure A1

with both variables included.

[Insert Figure A10 here]

Substantive results largely remain the same after controlling for settler mortality. The total

effect and ADE estimates are generally similar to those in Figure 1 of the main text, although

the ADE estimated with education inequality weakens in magnitude and is no longer statistically

significant at the 95% level. The ACME for education demonstrates a corresponding increase in

magnitude—up to 42% of the total effect. The newspaper circulation and civil society participation

mediators produce smaller ACMEs—14% and 7% of the total effect, respectively—and do not

reach statistical significance.

In contrast to the results with settler mortality included, the results with only GDP added lead

to a weakening of all three mediation effects. The middle panel of Figure A10 shows a reduction in

magnitude for all three ACMEs. Additionally, none of them are statistically significant. Education

still produces the strongest point estimate—about 24% of the total effect. Newspaper circulation

mediates approximately 13% of the effect and the proportion mediated for civil society participa-

tion is 1%. However, we must interpret these results with caution because the GDP variable is

measured posttreatment. Specifically, Woodberry (2012) computed it from World Bank data as the

mean GDP per capita in each country beginning in 1960 (258).

8.3 Alternative Mediator Measures

In our own data collection efforts we gathered multiple indicators of each mediator with the

intention of assessing robustness of our findings to the different measures (see section 3). We

present results from some of these alternative measures in the main text and Figure A1. Here we

report several more. Specifically, we present results from the main model specification for several

additional combinations of mediator measures in Figure A11. As we show in Table A1, all of these

indicators require multiple imputation to varying degrees. See section 9 for additional information.
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Unless otherwise noted, the source of these indicators is V-Dem (Coppedge et al. 2018a).

[Insert Figure A11 here]

Beginning with the top row, the left graph shows results after replacing our education inequal-

ity and civil society participation measures with versions in which we compute the means over the

period 1924–1949, which better matches the temporal sequencing of a mediator—after treatment

(1923), but before measuring the outcome (1950). However, the main drawback to this strategy is

that there are more missing data to impute. With our original versions (averaging from 1924–1994),

29% and 12% of the education and civil society mediators are missing, respectively. Those num-

bers increase to 54% and 19% with the 1924–1949 measures. The change is not consequential for

the civil society participation index—its ACME is still close to zero and nonsignificant. Education

inequality’s ACME increases slightly in magnitude from the main text results (37%). However,

the added uncertainty that stems from more missing data renders that estimate not significant at the

95% level.

The middle panel uses our book titles measure of mass printing, averaged over the period

1924–1949. To maintain consistency within the graph, we also use the versions of education

inequality and the participation index measured over that period. The estimated ACME for book

titles is similar to the 1924–1994 version reported in the main text: substantively fairly small and

statistically not significant. The right panel reports results using the literacy measure averaged over

1924–1949 for education. The ACME estimate is slightly larger than the estimate using 1924–1994

data (main text and Figure A1), but the estimate is statistically nonsignificant.

Next, we replace the education mediator with Woodberry’s (2012) education measure: sec-

ondary school enrollment, averaged over 1960–1985 (bottom left panel). Importantly, this variable

reflects another conceptual change in measurement. The inequality measure captures Woodberry’s

(2012) theoretical discussion about whether access to education is reserved for elites or widely

available (e.g., 246). The secondary school measure focuses more on average levels of education.

This choice is fairly consequential for the results. The education ACME drops considerably in
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magnitude compared to the inequality measure (18% of the total effect) and is no longer statisti-

cally significant.

The bottom middle and left panels show results with education measured as mean years of

education (averaged 1924–1994 and 1924–1949). This measure is conceptually similar to the

secondary school enrollment measure, although we are able to average it over longer periods of

time. The estimated ACME in the middle graph (1924–1994) is similar to what we report in the

main text with respect to substantive magnitude and statistical significance. However, the estimate

drops in magnitude and loses significance when the variable is measured over 1924–1949. Overall,

these results reinforce the point that substantive results are somewhat contingent on the mediator

measure chosen.

8.4 Subsetting by Region

In our preanalysis plan we declared our intent to “repeat our main analyses in several regions

of the world discussed by Woodberry” (11). Unfortunately, we were not successful in doing so due

to relatively small sample sizes in the subsets. Subsetting to the various regions yielded samples

of 40–50 countries, which frequently produced singularities and other estimation issues. Even af-

ter removing problematic variables from the model specifications, results were nonsensical and/or

noninformative. Most frequently, the bootstrapping procedure produced extremely large confi-

dence intervals. We also experienced this problem when we tried to include region × treatment

interaction terms in the models as part of our preferred specification. For the sake of completeness,

we include the code for these analyses in the replication materials. However, our assessment is that

estimating Woodberry’s model on regional subsets is asking too much of these data.

8.5 Subsetting by Colonizer

Our preanalysis plan also mentions subsetting by colonizing country. We had more success

with these subsets because they are slightly larger. Specifically, we repeated our main analyses

separately for British colonies (N = 50), countries colonized by Protestant countries (N = 57),

countries colonized by countries that are not predominantly Protestant (N = 75), and countries
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colonized by Catholic countries (N = 58).11 Figure A12 reports results for these subsets using the

main model specification.12

[Insert Figure A12 here]

One obvious feature of these graphs is the increase in confidence interval size due to the smaller

subsets. None of the reported estimates are statistically significantly different from each other, so

we must interpret them with some caution. Nonetheless, it is still instructive to consider the mag-

nitudes and signs of the point estimates. Beginning with British colonies in the top left panel, note

that the total effect is positive, but reduced to about 40% of its value in our main results. The

ACMEs suggest that mass printing and mass education are roughly equal in their mediation effects

(both about 24% of the total effect). The civil society ACME is very close to zero. The result

changes when we consider Protestant colonies (top right panel). There the ACME for education

inequality emerges as the largest (52% mediated) and newspaper circulation declines (11%). Ad-

ditionally, the civil society participation index estimate moves away from zero, mediating 28% of

the total effect.

The picture changes more drastically in the bottom two panels of Figure A12. Moving outside

of Protestant colonies to countries that were colonized by any non-Protestant country (bottom left)

or Catholic countries specifically (bottom right) renders the total effect negative and nonsignificant.

The relative ordering of the mediation effects remains the same, but these results show that the

relationship between CPs and democracy itself is in question in these subsets of countries.

8.6 Omitting Multiple Imputation

Missing data in our mediator variables necessitate that we use multiple imputation to produce

complete data and avoid the potential for bias from listwise deletion (e.g., Blackwell, Honaker,

and King 2017). However, we also repeated our main analyses using listwise deletion to assess

dependence on imputation. The results, which appear in Figure A13, are generally similar to our
11This list represents the set of feasible colonizer subsets. It is slightly different from the list we planned to use in

our preanalysis plan (11).
12These subsets required us to remove some variables, such as the indicator for British colonies, from the model

specification. See the replication materials for more details.
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results with imputed data, but with some key differences that support our decision to impute miss-

ing data. The three total effect estimates display more heterogeneity due to the fact that they are

estimated on different samples depending on which data are observed for each mediator. None of

the three samples recover Woodberry’s (2012) original estimate of 4.43 (as our multiple imputation

analysis does), although the mass education sample comes close (4.25). However, there is enough

uncertainty in the estimates such that two of the three samples (mass printing and mass education)

produce a statistically nonsignificant total effect. Thus, without multiple imputation we are not

providing a comparable replication and extension of the original results.

The relative ordering of the ACMEs remains the same as in our main results, although the

magnitudes of each are larger with listwise deletion. According to these results, the three medi-

ators account for 23% (newspaper circulation), 59% (education inequality), and 7% (civil society

participation) of the estimated total effects. As in our main text results, only the mass education

estimate is statistically significantly different from zero. Overall, these results tell a fairly similar

story to what we report using imputation. But we place less trust in these estimates (and more

in our results using imputed data) given the problems that arise with listwise deletion (Blackwell,

Honaker, and King 2017).

[Insert Figure A13 here]

9 Multiple Imputation Diagnostics
We used multiple imputation with the Amelia II software available in R (Honaker, King, and

Blackwell 2011) to fill in missing data values. Amelia begins with the assumption that the com-

plete data are distributed multivariate normal, then employs the expectation-maximization (EM)

algorithm to impute the missing values. It repeats this process m times, then analysis continues as

usual with those m complete datasets. In our preanalysis plan (8) we indicated the intention to use

the default value of m = 5. However, the imputed datasets evidenced fairly substantial heterogene-

ity, especially when imputing variables with larger proportions of missingness. In response to this

issue, we increased m to 10 for all of the results presented in this research. We set bounds on each
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imputed variable to eliminate impossible values. Additionally, we set weakly informative normal

priors on imputed variables. For each one we set the prior mean to the mean of the observed values

and the prior standard deviation to five times the standard deviation of the observed values.13

An adjustment to measures of uncertainty is necessary when imputing data (see Blackwell,

Honaker, and King 2017, 309). We accounted for the additional variance that stems from imputa-

tion by following the steps discussed in Blackwell, Honaker, and King (2017, 309, see also Imai,

King, and Lau 2008). First, we simulated our quantities of interest (ACMEs, ADEs, and total

effects) from the mediation models 100 times from each of the m = 10 datasets via bootstrapping.

Then we combined the 100× 10 = 1,000 replicates as if they came from the same model. The

results presented in this research come from summarizing the distributions of each quantity of

interest over the 1,000 bootstrap replicates.

Amelia II provides two key diagnostic tools for evaluating the quality of imputations: overim-

putation and density plots. The former conducts imputation of the observed data, then compares

the imputed to the actual values of those data. The latter involves graphing the distributions of

observed and imputed values of each variable. We report these diagnostics for the variables we

imputed below, beginning with the mediators.

9.1 Main Mediator Measures

Figure A14 presents overimputation results for our three main mediator measures. In each

graph, the observed values of the non-missing data points are plotted on the x-axes and imputed

values (averaged over the 10 datasets) of those data are plotted on the y-axes. The vertical line seg-

ments indicate 95% confidence intervals for the imputations and the solid line serves as a reference

point for “perfect” imputation. In an ideal scenario the points would fall along the reference line.

More realistically, favorable evidence for the imputation procedure would exist if (approximately)

95% of the confidence intervals include the reference line. The colors classify each point based

on this criterion: blue indicates points for which the confidence interval includes the reference line

13The use of these priors improved imputation quality (as measured by overimputation—see below), but does not
affect substantive conclusions from the mediation results.

23



and red indicates points that do not.

[Insert Figure A14 here]

The graphs in Figure A14 show good, though not perfect, coverage of the reference line. The

clouds of points trend upward with the line, and most of the points are blue. The actual coverage

rates are slightly less than, but close to the target: 92% (newspaper circulation), 90% (education

inequality), and 92% (civil society participation). Thus, the imputation results fall short of ideal,

but are nonetheless reasonable. Additionally, it is important to keep in mind that the use of multiple

imputation is not wildly consequential for our substantive conclusions (see Figure A13).

Figure A15 presents density plots of the observed (blue) and imputed (red) values (averaged

across the 10 datasets) of each mediator variable. These graphs indicate considerable overlap

between the two groups. Thus, there is evidence that the imputation procedure produced reasonable

values for the missing data.

[Insert Figure A15 here]

9.2 Alternative Mediator Measures

Table A10 reports the percent missing and overimputation coverage rates for each of the al-

ternative mediator measures. These rates are computed using 95% confidence intervals, so as in

the graphs discussed above, the favorability of the imputation procedure increases as the rate gets

closer to 95%. Overall, these rates are close to 95%, suggesting that multiple imputation worked

well for these data.

[Insert Table A10 here]

9.3 Additional Covariates

Figures A16 and A17 present overimputation results and density plots for the two covariates we

imputed: settler mortality and GDP. Both show similar patterns to the graphs of the mediator mea-

sures. Figure A16 indicates that most of the overimputations follow the reference line (the actual
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coverage rates are 97% for settler mortality and 89% for GDP). Figure A17 shows considerable

overlap between the observed and average imputed values.

[Insert Figure A16 here]

[Insert Figure A17 here]
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Table A2: Regression Models Testing Associations Between Mediators

Outcome Newspaper Circulation Education Inequality Participation Index

Newspaper Circulation −0.12∗ 0.001∗

(0.02) (0.000)
Education Inequality −2.03∗ −0.001

(0.44) (0.001)
Participation Index 116.90∗ −5.52

(39.12) (10.83)
Treatment −3.21 −2.89∗ −0.001

(6.87) (1.27) (0.01)

N 142 142 142
Adjusted R2 0.59 0.78 0.37
Note: Cell entries report ordinary least squares (OLS) coefficient estimates with standard errors
in parentheses from models in which one mediator is regressed on the alternative mediators,
treatment, and the covariates (using the main model specification). Results reflect combination
of the 10 imputed datasets. ∗ p < 0.05.
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Table A3: Significance Tests for Treatment-Mediator Interactions

Mediator Mean Difference Minimum p-value 95% Confidence Interval

Lower Upper
Mass Printing −0.048 0.360 −0.389 0.175
Mass Education 0.146 0.200 −0.256 0.687
Civil Society 0.003 0.400 −0.422 0.316

Note: Cell entries report results of significance tests for treatment-mediator interaction
for each mediator, averaged across the imputed datasets. The first column reports the
mean difference in ACME estimates under baseline differences in treatment status.
The second column reports the minimum p-value associated with these differences
and the third and fourth columns present the mean 95% confidence intervals.
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Table A4: Model Specifications Reported in the Main Text

Main Model: Table 3,
Model 4 (Woodberry 2012,
262)

Additional Covariates: Set-
tler Mortality and GDP

Alternative Printing and Ed-
ucation Measures

Table 2, Model 3 (Wood-
berry 2012, 260)

Authors’ Preferred Specifi-
cation

• British Colony
• Other Religious Liberty

Colony
• Dutch Colony
• Never Colonized Signifi-

cantly
• Latitude
• Island Nation
• Landlocked Nation
• Percent European in

1980
• Percent Muslim in 1970
• Major Oil Producer
• Literate Culture Before

Missionary Contact
• Years Exposure to

Protestant Missions
• Protestant Missionaries

per 10,000 population in
1923 (Treatment)

• Percent Evangelized by
1900

• Years Exposure to
Catholic Missions

• Foreign Catholic Priests
per 10,000 population in
1923

• Year of 1st Democracy
Data

• Post-1976 Democracy
Data Only

• Date 1st Sighted by Eu-
ropeans after 1444

• Gap between Sighted
and 1st Missionaries

• Mission Gap × Literacy
• Mission Gap × Latitude
• Gap between Sighted

and Colonized
• Colonial Gap × Literacy
• Colonial Gap × Latitude
• Number of Times Terri-

tory Switched Coloniz-
ers

• Protestant Colonizer
Took Colony from
Catholics

• Average Newspaper Cir-
culation

• Education Inequality
• Civil Society Participa-

tion Index

• British Colony
• Other Religious Liberty

Colony
• Dutch Colony
• Never Colonized Signifi-

cantly
• Latitude
• Island Nation
• Landlocked Nation
• Percent European in

1980
• Percent Muslim in 1970
• Major Oil Producer
• Literate Culture Before

Missionary Contact
• Years Exposure to

Protestant Missions
• Protestant Missionaries

per 10,000 population in
1923 (Treatment)

• Percent Evangelized by
1900

• Years Exposure to
Catholic Missions

• Foreign Catholic Priests
per 10,000 population in
1923

• Year of 1st Democracy
Data

• Post-1976 Democracy
Data Only

• Date 1st Sighted by Eu-
ropeans after 1444

• Gap between Sighted
and 1st Missionaries

• Mission Gap × Literacy
• Mission Gap × Latitude
• Gap between Sighted

and Colonized
• Colonial Gap × Literacy
• Colonial Gap × Latitude
• Number of Times Terri-

tory Switched Coloniz-
ers

• Protestant Colonizer
Took Colony from
Catholics

• Settler Mortality
• ln(GDP per Capita)
• Average Newspaper Cir-

culation
• Education Inequality
• Civil Society Participa-

tion Index

• British Colony
• Other Religious Liberty

Colony
• Dutch Colony
• Never Colonized Signifi-

cantly
• Latitude
• Island Nation
• Landlocked Nation
• Percent European in

1980
• Percent Muslim in 1970
• Major Oil Producer
• Literate Culture Before

Missionary Contact
• Years Exposure to

Protestant Missions
• Protestant Missionaries

per 10,000 population in
1923 (Treatment)

• Percent Evangelized by
1900

• Years Exposure to
Catholic Missions

• Foreign Catholic Priests
per 10,000 population in
1923

• Year of 1st Democracy
Data

• Post-1976 Democracy
Data Only

• Date 1st Sighted by Eu-
ropeans after 1444

• Gap between Sighted
and 1st Missionaries

• Mission Gap × Literacy
• Mission Gap × Latitude
• Gap between Sighted

and Colonized
• Colonial Gap × Literacy
• Colonial Gap × Latitude
• Number of Times Terri-

tory Switched Coloniz-
ers

• Protestant Colonizer
Took Colony from
Catholics

• Book Titles per Capita
• Percent Literate
• Civil Society Participa-

tion Index

• British Colony
• Other Religious Liberty

Colony
• Dutch Colony
• Never Colonized Signifi-

cantly
• Latitude
• Island Nation
• Landlocked Nation
• Percent European in

1980
• Percent Muslim in 1970
• Major Oil Producer
• Literate Culture Before

Missionary Contact
• Years Exposure to

Protestant Missions
• Protestant Missionaries

per 10,000 population in
1923 (Treatment)

• Percent Evangelized by
1900

• Years Exposure to
Catholic Missions

• Foreign Catholic Priests
per 10,000 population in
1923

• Year of 1st Democracy
Data

• Post-1976 Democracy
Data Only

• Average Newspaper Cir-
culation

• Education Inequality
• Civil Society Participa-

tion Index

• British Colony
• Other Religious Liberty

Colony
• Dutch Colony
• Never Colonized Signifi-

cantly
• Latitude
• Island Nation
• Landlocked Nation
• Major Oil Producer
• Literate Culture Before

Missionary Contact
• Protestant Missionaries

per 10,000 population in
1923 (Treatment)

• Years Exposure to
Catholic Missions

• Foreign Catholic Priests
per 10,000 population in
1923

• Year of 1st Democracy
Data

• Post-1976 Democracy
Data Only

• Protestant Colonizer
Took Colony from
Catholics

• Settler Mortality
• Region Indicator Vari-

ables (Sub-Saharan
Africa, Asia, Latin
America and the
Caribbean, the Mid-
dle East/North Africa,
and Oceania)

• Average Newspaper Cir-
culation

• Education Inequality
• Civil Society Participa-

tion Index

Note: Cell entries report the covariates included in the models used to generate the estimates reported in
the main text. Mediators are listed in italics. The outcome variable is the average democracy score dur-
ing 1950–1994 from the Cross-national Indicators of Liberal Democracy series (see Paxton 2002; Bollen
2009).The main model refers to Table 3, Model 4 in Woodberry (2012, 262). Region indicators × Treat-
ment interaction terms were intended to be included in the preferred specification, but were ultimately
dropped due to estimation problems (see section 8.4).
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Table A5: Mediator and Outcome Model Output with the Main Model

Variable Mass Printing Mass Education Civil Society

Mediator Outcome Mediator Outcome Mediator Outcome

Newspaper Circulation 0.12
(0.03)

Education Inequality −0.43
(0.13)

Participation Index 48.27
(11.98)

Treatment 4.63 3.89 −3.34 2.99 0.00 4.26
(6.13) (1.39) (1.28) (1.38) (0.01) (1.32)

N 142 142 142 142 142 142
Adjusted R2 0.40 0.64 0.73 0.64 0.31 0.65
Note: Cell entries report robust regression coefficient estimates with standard errors in paren-
theses for the models reported in Figure 1 of the main text. Results reflect combination of the
10 imputed datasets.
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Table A6: Mediator and Outcome Model Output with the Additional Covariates

Variable Mass Printing Mass Education Civil Society

Mediator Outcome Mediator Outcome Mediator Outcome

Newspaper Circulation 0.11
(0.03)

Education Inequality −0.42
(0.13)

Participation Index 52.13
(12.88)

Treatment 7.16 3.58 −3.25 3.05 0.01 4.08
(7.57) (1.54) (1.57) (1.47) (0.01) (1.43)

N 142 142 142 142 142 142
Adjusted R2 0.38 0.64 0.72 0.64 0.38 0.66
Note: Cell entries report robust regression coefficient estimates with standard errors in paren-
theses for the models reported in the top left panel of Figure 2 of the main text. Results reflect
combination of the 10 imputed datasets.
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Table A7: Mediator and Outcome Model Output with the Alternative Mediator Measures

Variable Mass Printing Mass Education Civil Society

Mediator Outcome Mediator Outcome Mediator Outcome

Book Titles per Capita 0.01
(0.01)

Percent Literate 0.34
(0.14)

Participation Index 47.90
(12.32)

Treatment 21.19 3.91 1.55 3.90 0.01 4.11
(12.70) (12.20) (1.47) (1.33) (0.01) (1.27)

N 142 142 142 142 142 142
Adjusted R2 0.82 0.61 0.70 0.63 0.30 0.65
Note: Cell entries report robust regression coefficient estimates with standard errors in paren-
theses for the models reported in the top right panel of Figure 2 of the main text. Results
reflect combination of the 10 imputed datasets. The results for Civil Society are slightly dif-
ferent from those reported in Table A5 because the data reflect a new iteration of imputation
with the alternative mediator measures for mass printing and mass education.
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Table A8: Mediator and Outcome Model Output with Woodberry’s (2012) Table 2, Model 3 Spec-
ification

Variable Mass Printing Mass Education Civil Society

Mediator Outcome Mediator Outcome Mediator Outcome

Newspaper Circulation 0.09
(0.03)

Education Inequality −0.36
(0.14)

Participation Index 52.18
(12.49)

Treatment 8.69 2.95 −2.46 2.90 0.01 3.41
(6.79) (1.41) (1.23) (1.32) (0.01) (1.27)

N 142 142 142 142 142 142
Adjusted R2 0.36 0.58 0.68 0.59 0.33 0.61
Note: Cell entries report robust regression coefficient estimates with standard errors in paren-
theses for the models reported in the bottom left panel of Figure 2 of the main text. Results
reflect combination of the 10 imputed datasets.
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Table A9: Mediator and Outcome Model Output with the Authors’ Preferred Specification

Variable Mass Printing Mass Education Civil Society

Mediator Outcome Mediator Outcome Mediator Outcome

Newspaper Circulation 0.03
(0.03)

Education Inequality −0.13
(0.10)

Participation Index 29.86
(10.78)

Treatment 4.85 4.14 −3.68 3.80 0.00 4.17
(6.23) (1.12) (1.59) (1.15) (0.01) (1.10)

N 142 142 142 142 142 142
Adjusted R2 0.35 0.71 0.67 0.71 0.37 0.72
Note: Cell entries report robust regression coefficient estimates with standard errors in paren-
theses for the models reported in the bottom right panel of Figure 2 of the main text. Results
reflect combination of the 10 imputed datasets.
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Table A10: Overimputation Coverage Rates for the Alternative Mediator Measures

Mediator Variable Percent Missing Coverage

Mass Printing
Book Titles per Capita (1924–1994) 79% 97%
Book Titles per Capita (1924–1949) 91% 100%

Mass Education

Education Inequality (1924–1949) 54% 92%
Percent Literate (1924–1994) 23% 92%
Percent Literate (1924–1949) 68% 91%
Secondary School Enrollment (1960–1985) 40% 95%
Mean Years of Education (1924–1994) 30% 91%
Mean Years of Education (1924–1949) 54% 92%

Civil Society Participation Index (1924–1949) 19% 89%
Note: Cell entries report percent missing and overimputation coverage rates (using 95% con-
fidence intervals) for each of the alternative mediator measures.
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Figure A3: Sensitivity Analysis of Confounding by Pretreatment Covariates in the Main Model

Civil Society, ACME Civil Society, ADE

Mass Education, ACME Mass Education, ADE

Mass Printing, ACME Mass Printing, ADE
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Note: The graphs present, for each mechanism, the sensitivity of the estimated ACMEs and ADEs
to hidden confounding from an omitted pretreatment covariate. The dashed lines indicate the
estimates assuming no hidden confounder.



Figure A4: Sensitivity Analysis of Confounding by Pretreatment Covariates After Controlling for
Settler Mortality and GDP

Civil Society, ACME Civil Society, ADE

Mass Education, ACME Mass Education, ADE

Mass Printing, ACME Mass Printing, ADE
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Note: The graphs present, for each mechanism, the sensitivity of the estimated ACMEs and ADEs
to hidden confounding from an omitted pretreatment covariate. The dashed lines indicate the
estimates assuming no hidden confounder.



Figure A5: Sensitivity Analysis of Confounding by Pretreatment Covariates with Alternative Print-
ing and Education Mediator Measures

Civil Society, ACME Civil Society, ADE

Mass Education, ACME Mass Education, ADE

Mass Printing, ACME Mass Printing, ADE

−1.0 −0.8 −0.6 −0.4 −0.2 0.0 0.2 0.4 0.6 0.8 1.0 −1.0 −0.8 −0.6 −0.4 −0.2 0.0 0.2 0.4 0.6 0.8 1.0

−1.0 −0.8 −0.6 −0.4 −0.2 0.0 0.2 0.4 0.6 0.8 1.0 −1.0 −0.8 −0.6 −0.4 −0.2 0.0 0.2 0.4 0.6 0.8 1.0

−1.0 −0.8 −0.6 −0.4 −0.2 0.0 0.2 0.4 0.6 0.8 1.0 −1.0 −0.8 −0.6 −0.4 −0.2 0.0 0.2 0.4 0.6 0.8 1.0
−16

−12

−8

−4

0

4

8

12

16

20

−16

−12

−8

−4

0

4

8

12

16

20

−16

−12

−8

−4

0

4

8

12

16

20

−16

−12

−8

−4

0

4

8

12

16

20

−16

−12

−8

−4

0

4

8

12

16

20

−16

−12

−8

−4

0

4

8

12

16

20

Sensitivity Parameter:  ρ

A
ve

ra
ge

 E
ffe

ct

Note: The graphs present, for each mechanism, the sensitivity of the estimated ACMEs and ADEs
to hidden confounding from an omitted pretreatment covariate. The dashed lines indicate the
estimates assuming no hidden confounder.



Figure A6: Sensitivity Analysis of Confounding by Pretreatment Covariates with Woodberry’s
(2012) Table 2, Model 3 Specification

Civil Society, ACME Civil Society, ADE
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Note: The graphs present, for each mechanism, the sensitivity of the estimated ACMEs and ADEs
to hidden confounding from an omitted pretreatment covariate. The dashed lines indicate the
estimates assuming no hidden confounder.



Figure A7: Sensitivity Analysis of Confounding by Pretreatment Covariates with Authors’ Pre-
ferred Specification
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Figure A8: ACME Sensitivity Analysis of the No Treatment-Mediator Interaction Assumption
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Figure A9: Mediation Results with Alternative Treatment Variables
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Figure A10: Mediation Results with Additional Covariates
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Figure A13: Mediation Results without Using Multiple Imputation
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Note: The graph presents the estimated ACME, ADE, and total effects for each mediator. Line
segments indicate 95% confidence intervals.
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Figure A14: Overimputation Results for the Main Mediator Measures
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Note: The graphs present observed values of each mediator on the x-axes against mean imputations
of those values on the y-axes. Line segments indicate 95% confidence intervals. The solid line
serves as a reference point for perfect imputation.



Figure A15: Observed and Imputed Densities for the Main Mediator Measures
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Figure A16: Overimputation Results for Settler Mortality and GDP
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Note: The graphs present observed values of each variable on the x-axes against mean imputations
of those values on the y-axes. Line segments indicate 95% confidence intervals. The solid line
serves as a reference point for perfect imputation.



Figure A17: Observed and Imputed Densities for Settler Mortality and GDP
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1 Introduction
This document outlines a research plan for studying the causal mechanisms that characterize

the effect of Conversionary Protestants (CPs) on the spread of liberal democracy. In an award-

winning article published in the American Political Science Review, Woodberry (2012) demon-

strates that CPs exerted a positive effect on democracy in the non-Western world. His identification
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strategy centers on two components: (1) an in-depth examination of the historical record with a

focus on ruling out alternative explanations and (2) a quantitative analysis of data on 142 coun-

tries, which includes a comprehensive suite of regression specifications showing that the positive

association between CPs and democracy is quite robust. Importantly, Woodberry (2012) provides

a great deal of discussion about the causal mechanisms underlying this relationship. However, he

notes that his empirical analyses “demonstrate a causal association between Protestant missions

and democracy, but do not test which mechanism is most important” (256).

In this research, we plan to pick up where Woodberry (2012) left off. We will build on his work

by assessing the three central causal mechanism that he posits in his discussion of the historical

record: (1) mass printing, (2) mass education, and (3) civil society. Specifically, we will use causal

mediation analysis (Imai, Keele, Tingley, and Yamamoto 2011; Imai and Yamamoto 2013) to

evaluate the relative importance of each factor, as defined by their estimated mediation effects and

proportions of the causal effect that flow through each one. These three mechanisms represent the

core of Woodberry’s (2012) theoretical contribution. Thus, examining their relative importance is

a critical component of a comprehensive test of his theory. Below we provide details on the causal

model we plan to evaluate and a research design we intend to execute. We also discuss a plan of

action for incorporating additional analyses that we do not yet foresee into our work.

2 Causal Model
Woodberry (2012, 256) summarizes the causal process between CPs and democracy in a styl-

ized causal graph, which we reproduce as Figure 1. The graph depicts an intricate system that in-

cludes pretreatment covariates, the treatment itself, several mediating variables (i.e., mechanisms),

and ultimately the outcome. The large number of causal arrows indicates a complex set of de-

pendencies between the relevant factors, which is not surprising given the complexity of the topic.

Indeed, in his review of the literature Woodberry (2012) discusses an enormous volume of research

addressing the spread of liberal democracy. However, there is an inherent tradeoff between the the-

oretical process depicted in that graph and what is feasible with the empirical evidence. Thus, the

causal process as represented by Woodberry’s (2012) statistical models is somewhat simpler.
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[Insert Figure 1 here]

We intend to analyze a simpler version of this model in our mediation analysis as well. While

we plan to use the same set of pretreatment covariates as Woodberry uses (see below), we will

focus our attention on the three causal mechanisms to which he emphasizes the most and devotes

the most attention to in his discussion of the historical record: mass printing, mass education, and

civil society (Woodberry 2012, 249–253). These are not the only mediating variables in Figure

1. However, they stand out as the most theoretically-motivated mechanisms among the various

factors he considers. In fact, Woodberry largely discusses the other mediating variables drawn in

Figure 1 within the context of these main three mechanisms. Thus, while the mediation process

may actually be more complex, mass printing, mass education, and civil society represent a useful

group of variables on which to focus as we seek to design a feasible study of causal mechanisms.

Figure 2 presents two causal graphs of the mediation process we intend to test. First consider

panel (a). The treatment is Conversionary Protestants and the outcome is Democracy. Woodberry’s

(2012) data are observational, and so it is necessary to include pretreatment covariates to miti-

gate confounding. These covariates may affect the treatment, the mediators, and/or the outcome

directly without threatening identification of mediation effects (Keele, Tingley, and Yamamoto

2015). The three mediating variables—mass printing, mass education, and civil society—fall be-

tween the treatment and outcome. Additionally, we draw an arrow between the treatment and the

outcome to allow for the possibility of a direct effect.

[Insert Figure 2 here]

Figure 2, panel (a) represents a causal process in which we assume no association between the

three mechanisms. This choice makes estimation more straightforward. However, that assumption

may not always be realistic (Imai and Yamamoto 2013). One possible violation in this case might

be that increased access to printed materials among the mass public in a given country caused an

increase in mass education. Woodberry (2012, 251) actually makes the point that such an associa-

tion does not exist in the historical record, so our simpler model in panel (a) may be appropriate.
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Nonetheless, we also plan to consider a more complicated process—shown in panel (b)—in which

we relax the assumption of no association between printing and education. Throughout our anal-

yses we maintain that civil society is distinct from the other mechanisms, and thus we assume its

independence, conditional on the covariates.1

3 Research Design
Here we describe our empirical strategy for testing the causal models presented in Figure 2.

In brief, our plan is to start with Woodberry’s (2012) original regression analyses, then add the

mediation analysis. We will use the same variables, coding decisions, estimation methods, and

other choices as described in Woodberry (2012).2 We adopt this approach because the primary

goal of this research is to build on Woodberry’s work. Moreover, we want our results to be as

comparable as possible to Woodberry’s results. Thus, we define the set of choices Woodberry

made as the status quo.

As of the original deposit date of this document (June 7, 2018), we have acquired Woodberry’s

(2012) replication data and successfully replicated the exact results he presents in the article. We

have also collected additional data and made choices about the new analyses we plan to conduct,

which we discuss below. We have not yet conducted any mediation analyses. Thus, our plan for

conducting this research is results-blind.

3.1 Data

Woodberry’s (2012) outcome variable is a country’s mean democracy score during the pe-

riod 1950–1994, scaled from 0–100 (with higher scores indicating higher levels of democracy).

The data come from the Cross-national Indicators of Liberal Democracy series (see Paxton 2002;

Bollen 2009). Woodberry (2012) selects this measure because it includes a broader range of coun-

tries than alternatives and minimizes rater bias (Woodberry 2012, 257).

1We will empirically assess the between-mediator associations for all three mechanisms and the consequences of
those associations for our mediation estimates. See our discussion of robustness checks below.

2We will report any deviations from this approach in our final manuscript and/or in updates to this document.
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3.1.1 Pretreatment Covariates and Treatment

Woodberry (2012) collects several pretreatment covariates to include in his regression models.3

Briefly, these covariates account for alternative theories of the spread of democracy, exogenous and

precolonial conditions, other factors that influenced colonizers and missionaries, and endogenous

or intervening variables (see Woodberry 2012, 257–258). Finally, he includes a set of “mission

variables.” Some of these variables are covariates, such as foreign Catholic priests per 10,000

population in 1923 and years exposure to Catholic missions. The remaining measures in this

group relate to Protestant missions and comprise the set of variables of primary theoretical interest:

percent Evangelized by 1900, years exposure to Protestant missions, and Protestant missionaries

per 10,000 population in 1923.

While we include all of the mission variables in our analyses, we use this latter variable, Protes-

tant missionaries per 10,000 population in 1923, as our treatment. It is preferable to the other two

candidates (percent Evangelized and years exposure) because it is the most direct measure of the

presence of CPs in a country. The percent Evangelized measure includes converts to Catholicism

in it (Woodberry 2012, 257) and years exposure measures the earliest time at which CPs were

present in a country rather than levels of CPs in that country (Woodberry 2012, 263).4

3.1.2 Mediators

Our mediator variables are designed to test the three causal mechanisms discussed above. We

rely on a combination of data collected by Woodberry and our own data collection for these vari-

ables. These efforts yielded multiple candidates for each mechanism. We plan to complete analyses

with all of them, as we describe here.

The first mediator is mass printing, which Woodberry (2012) primarily discusses as enhance-

ment to the public sphere via the expansion of newspapers (249). Although he does not employ it
3Some of the covariates are not actually pretreatment as defined by measurement. For example, the treatment

variable we select (see below) reflects measurement in 1923, but percent European is measured in 1980 and percent
Muslim in 1970. While posttreatment bias is a serious one (Montgomery, Nyhan, and Torres 2018), we choose to
bracket this issue entirely because the inclusion of these variables was a choice made by Woodberry. We place a very
high premium on avoiding any deviations from the original specifications except for the addition of our mediation
analysis.

4Specifically, Woodberry (2012) measures this variable as 1960 − yc, where yc is the first year in which CPs
arrived in country c (263).
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in his main analyses, Woodberry’s data include a measure of this conceptualization: an indicator

of average daily newspaper circulation per 1,000 population in 1975, 1980,1985, and 1990.5 We

compute the means across these four years to construct a mass printing mediator variable. The

measure itself is internally valid; however, the timing is not ideal. Measurement does occur post-

treatment (i.e., after 1923), but it also falls after the measurement of the outcome begins (1950).

Accordingly, we also plan to consider an indicator that can be measured earlier: the number of

book titles per capita (Fink-Jensen 2015).6 This variable is useful in that it can be measured in

the 1924–1949 period that separates treatment and outcome. However, the data have a much larger

amount of missingness for Woodberry’s sample of countries than Woodberry’s newspaper data (see

Table 1 and discussion below).

Next, we consider mass education as a mediating variable. Woodberry’s data also contain a

candidate measure, which he uses in some robustness checks (Woodberry 2012, Table 5, 265).

Specifically, his data include the mean enrollment in secondary education from 1960–1985 (Barro

and Lee 1994). However, this variable does not cover all of the countries in his full sample and is

also partially concurrent with the democracy outcome. As an alternative, we gathered education

data from the Varieties of Democracy Project (V-Dem, see Coppedge et al. 2018). V-Dem provides

data on the percentage of a country that is literate (from Vanhanen 2003), the average years of

education for citizens older than 15, and a Gini-type measure of educational inequality. Each of

these variables are available at least as early as 1924.

We consider the percentage literate variable to be a particularly promising mediator variable

for both theoretical and empirical reasons. Theoretically, it matches Woodberry’s (2012) argument

that CPs sought to provide education to spread literacy so that individuals could read the Bible

themselves (246, 249). This literacy, in turn, promoted democracy (Woodberry 2012, 251). Em-

pirically, the literacy data cover more countries than Woodberry’s secondary education enrollment

data. The average years of education variable allows a more detailed measurement of education

levels compared to Woodberry’s measure, particularly for countries with relatively few individuals

5These variables come from the United Nations (UN) Data (see http://data.un.org/).
6This measure is available at https://www.clio-infra.eu/Indicators/BookTitlesperCapita.html.

6

http://data.un.org/
https://www.clio-infra.eu/Indicators/BookTitlesperCapita.html


who receive secondary education. However, this variable suffers from a large amount of missing

data for Woodberry’s sample of countries when compared to the literacy variable. Finally, the

educational inequality variable allows us to examine a slightly different aspect of mass education

that Woodberry proposes. He argues that CPs spread education to non-elites, reducing educational

inequality (Woodberry 2012, 251). However, this variable also suffers from more missing data

than the literacy data.

Finally, civil society is the third causal mechanism we consider. Although the development

and spread of voluntary organizations, nonviolent protest, and other political movements is a key

element of Woodberry’s (2012) theoretical framework (e.g., 252–253), he does not include any

such measure in his analyses or replication data. To obtain one, we again turn to V-Dem (Coppedge

et al. 2018). V-Dem provides a civil society participation index that captures the extent to which

citizens are involved in CSOs, how much CSOs are consulted by policy makers, whether women

participate in CSOs, and whether political candidate nomination is decentralized (Coppedge et

al. 2018). This variable is highly suitable to serve as a mediator because it provides a robust

measurement of the civil society that Woodberry claims connects CPs with the development of

democracy and covers the vast majority of the countries in the estimation sample (Woodberry

2012, 252–253).

As our discussion above makes clear, the key issue that we must address with all of these pos-

sible measures of causal mechanisms is missing data. Our objective is to use Woodberry’s full

sample of data in our mediation analyses. His measurement strategy involves computing several

variables by averaging over a span of years; for instance, his outcome variable is a mean over the

period 1950–1994. We adopt this approach in constructing our mediators. However, the historical

nature of the data means that some countries did not exist or were known by different names when

our various mediators were measured.7 Consequently, we consider two options when constructing

mediators: compute the averages from (1) 1924–1949 or (2) 1924–1994. The former approach

best matches the temporal nature of a mediator because it occurs between treatment (1923) and

7See Woodberry (2012, 257) for a discussion of how he addresses this issue in measuring the outcome variable.
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outcome (1950). However, it yields more missing data. In contrast, the second strategy over-

laps measurement of the outcome, but allows for more data to be collected. We plan to conduct

our analyses using both measurement strategies to assess the robustness of our results. Table 1

summarizes our mediator data collection efforts.

[Insert Table 1 here]

For those data values we cannot fill in, we plan to use multiple imputation with the Amelia

II software available in R (Honaker, King, and Blackwell 2011). Amelia begins with the as-

sumption that the complete data are distributed multivariate normal, then employs the expectation-

maximization (EM) algorithm to impute the missing values. It repeats this process m times (we

plan to use the default of m = 5), then analysis continues as usual with those m complete datasets.

An adjustment to measures of uncertainty is also necessary (see Blackwell, Honaker, and King

2017, 309).8 We will use the complete data from Woodberry’s sample to impute the missing values

in our mediators.9 Amelia also includes diagnostic functions for checking the imputation results.

We plan to use these tools to ensure the validity of our imputed mediators before proceeding to our

main analyses.

3.2 Specification Selection

Woodberry’s (2012) empirical analysis is comprised of 32 reported regression models, with

many more in the replication files. For purposes of feasibility, we must simplify before proceeding

to the mediation analysis. Based on its comprehensive nature and Woodberry’s (2012) discussion

of the empirical results, we regard his Model 4 from Table 3 (262) as the “Canonical Model.”10

8We will perform this adjustment according to the following steps, as discussed by Blackwell, Honaker, and King
(2017, 309). First, we will simulate our quantities of interest from the mediation models with each of the m datasets via
bootstrapping and/or quasi-Bayesian replicates (see Tingley, Yamamoto, Hirose, Keele, and Imai 2014). Second, we
will combine the simulation replicates as if they came from the same model. Finally we will summarize the combined
vectors of simulated replicates to report the results (see also King, Tomz, and Wittenberg 2000; Imai, King, and Lau
2008).

9We do not need to impute any data from the covariates that Woodberry (2012) includes in his regressions. We
only need to impute data in the mediators.

10Another candidate model is Table 2, Model 3 (Woodberry 2012, 260). We favor Table 3, Model 4 because it
includes covariates measuring the process of colonization (Woodberry 2012, 262–263). However, we plan to assess
the robustness of our results using Table 2, Model 3 (see below).
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This model is estimated on his full sample of 142 countries and includes several groups of covari-

ates (though not every single covariate available). Moreover, among the models he reports that are

estimated on the full sample, this model produces the second-largest adjusted-R2 value.11 Thus, it

is a good representation of the statistical and substantive results that Woodberry communicates in

his research. We focus our analyses on this model.

The Canonical Model reports a positive and statistically significant treatment effect of 4.43

(confidence interval: [1.28, 7.59]). Recall that the outcome variable is scaled from 0–100. The

estimate indicates that, all else equal, a standard deviation increase in Protestant missionaries is

associated with a 0.26 standard deviation increase in a country’s average democracy score. Wood-

berry highlights the substantive significance of this result throughout his discussion. In brief, while

there are many factors that affected the spread of democracy, the effect of CPs is strong enough

that it deserves serious scholarly attention.

3.3 Estimation

Woodberry (2012) employs various linear regression estimators in his analyses, including or-

dinary least squares (OLS), robust regression (RR), and instrumental variables (IV). He estimates

the Canonical Model with RR due to concerns with skewness and outliers in some of the covari-

ates (Woodberry 2012, 259). This estimator uses iteratively reweighted least squares (IRLS) to

weight observations based on their outlyingness (e.g., Street, Carroll, and Ruppert 1988). We plan

to use Stata’s implementation of the estimator as Woodberry (2012) did to maintain comparability

to the original results. We plan to conduct the mediation analysis using the mediation package in

R (Tingley et al. 2014).12

11The adjusted-R2 reported in Table 3, Model 5 is somewhat larger (0.496 versus 0.467). However, Model 5
is incorrectly specified because it omits some constituent terms of interaction effects (Brambor, Clark, and Golder
2006).

12We can use Stata’s implementation of RR in R by estimating the model in Stata and saving the weights generated
by the estimator, then using those weights in a standard OLS estimation in R. This approach reproduces the coefficients
from Stata exactly, although the standard errors are off. We plan to employ bootstrapping and/or robust standard errors
in the mediation analysis to correct this issue.
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3.3.1 Main Analyses

We plan to focus on two main analyses. First, we will estimate the causal mediation effect of

each mediator separately. This approach is consistent with the causal graph in Figure 2, panel (a),

in which we assume no association between the mediators. Our key quantities of interest in this

analysis will be the average causal mediation effect (ACME), which is the effect that flows through

the mediator, and the proportion mediated (PM), which indicates the relative size of the ACME to

the total effect (Tingley et al. 2014). We plan to (1) compare PM values for each mediator and (2)

formally test the null hypothesis that the three ACMEs are equal to each other using the α = 0.05

threshold for statistical significance.

Second, we will repeat the first analysis, but allow for the possibility of association between

mass printing and mass education. This association is reflected in the causal graph depicted in

Figure 2, panel (b). To complete this analysis we will use the sensitivity analysis approach recom-

mended by Imai and Yamamoto (2013). The key quantities of interest will remain the same as in

the first analysis.

3.3.2 Additional Robustness Checks

In addition to our main analyses, we also plan to conduct the following robustness checks

and alternative specifications. We will most likely report these results in an appendix to our final

manuscript.

• Second model specification. We will repeat our main analyses using the specification in

Woodberry’s (2012) Table 2, Model 3 (260).

• Alternative treatment variables. We will repeat our main analyses with Woodberry’s other

primary variables of interest—percent Evangelized by 1900 and years exposure to Protestant

missions—as the treatment variable.

• Additional covariates. We will repeat our main analyses after including two covariates that

Woodberry includes in other specifications, but does not include in the Canonical Model:

economic development (operationalized as logged gross domestic product [GDP] per capita)

and settler mortality (Acemoglu, Johnson, and Robinson 2001).

10



• Additional mediator measures. We will repeat our main analyses with all of the measures

of each mediator described above.

• Subsetting by region. We will repeat our main analyses in several regions of the world

discussed by Woodberry (Africa, Latin America, Asia, and Oceania).

• Subsetting by colonizer. We will repeat our main analyses after grouping countries by

colonizer according to Woodberry’s definitions (British, Catholic, other religious liberty

colonies, Dutch, not colonized).

• Omitting multiple imputation. We will reduce the sample to only the cases for which we

have mediator data without using multiple imputation and repeat the main analyses.

• Sensitivity to covariates. We will conduct sensitivity analyses on the possibility of an un-

measured confounding pretreatment covariate (Imai et al. 2011).

• Sequential ignorability. We will conduct sensitivity analyses that allow each mediator to

be associated with the other mediators (Imai and Yamamoto 2013).

4 Updates
The original version of this plan was deposited on June 7, 2018. We plan to update it as

needed over the course of the project. If we make any changes to our analysis after depositing this

document, we will explain and justify those changes here.

4.1 June 28, 2018: Preferred Model Specification

In working with the data, we have identified potential specification issues in the Canonical

Model that we would like to address. Accordingly, we plan to conduct a supplemental mediation

analysis on our own “preferred specification” rather than any particular model reported in Wood-

berry (2012). Our preferred specification begins with the Canonical Model and addresses several

key issues: posttreatment bias, treatment effect heterogeneity, treatment definition, and degrees of

freedom.

First, we remove all of the covariates that are measured after 1923 to avoid posttreatment bias

(Montgomery, Nyhan, and Torres 2018). These include percent European and percent Muslim, as

well as the additional covariate of GDP per capita (logged), which is not in the Canonical Model

11



but is included in one of our preregistered robustness checks. All of these variables are measured

in the latter half of the 20th Century. We also include settler mortality (and impute its missing

values) due to its theoretical relevance (Woodberry 2012, 263). This variable was measured in the

mid-1800s (see Acemoglu, Johnson, and Robinson 2001, 1382).

Next, we include indicator variables for five regions of the world: Sub-Saharan Africa, Asia,

Latin America and the Caribbean, the Middle East/North Africa, and Oceania (the reference cate-

gory). We plan to interact these region indicators with the treatment variable to assess variation in

the treatment effect by region.

We also reduce down to a single treatment variable for the sake of definition clarity: Protestant

missionaries per 10,000 population in 1923. Consistent with the discussion from above about

the three variables Woodberry (2012) employs, we omit percent Evangelized by 1900 and years

exposure to Protestant missions. We retain foreign Catholic priests per 10,000 population in 1923

and years exposure to Catholic missions as covariates.

Finally, we simplify the model by removing several variables associated with the perceived

value of a country. While Woodberry (2012) provides theory for these variables, only one—an

indicator for whether a Protestant Colonizer took a colony from a Catholic Colonizer—yields a

substantively and statistically significant coefficient estimate. Thus, to save degrees of freedom,

we only retain that variable in our preferred specification.

The variables included in our preferred model specification are listed below as follows. Co-

variates in bold are included in our preferred model and the Canonical Model. Covariates in plain

type are only included in the Canonical Model (i.e., dropped in our preferred specification). Fi-

nally, italics represents variables that are not included in the Canonical Model, but included in our

preferred specification.

• British Colony

• Other Religious Liberty Colony

• Dutch Colony

• Never Colonized Significantly

12



• Latitude

• Island Nation

• Landlocked Nation

• Percent European in 1980

• Percent Muslim in 1970

• Major Oil Producer

• Literate Culture Before Missionary Contact

• Years Exposure to Protestant Missions

• Protestant Missionaries per 10,000 population in 1923 (Treatment)

• Percent Evangelized by 1900

• Years Exposure to Catholic Missions

• Foreign Catholic Priests per 10,000 population in 1923

• Year of 1st Democracy Data

• Post-1976 Democracy Data Only

• Date 1st Sighted by Europeans after 1444

• Gap between Sighted and 1st Missionaries

• Mission Gap × Literacy

• Mission Gap × Latitude

• Gap between Sighted and Colonized

• Colonial Gap × Literacy

• Colonial Gap × Latitude

• Number of Times Territory Switched Colonizers

• Protestant Colonizer Took Colony from Catholics

• Settler Mortality

• Region Indicator Variables (Sub-Saharan Africa, Asia, Latin America and the Caribbean,

the Middle East/North Africa, and Oceania)

• Region Indicators × Treatment

We plan to conduct moderated mediation analysis with this specification to assess whether the

mediation effects vary by region.
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Figure 1: Stylized Causal Graph of the Effect of Conversionary Protestants on the Spread of Liberal
Democracy (Woodberry 2012, Figure 1, 256)
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Figure 2: Proposed Causal Graph for Empirical Evaluation of the Mechanisms
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