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The Reality of External Validity

External validity is both everywhere and nowhere, with a WEIRD
bias...

Figure: Scholarly Patterns in Making External Validity Inferences or References

(a) Inference/Reference Root Words (b) Inferences/References by Field
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The End Goal: Accurate Inference (EV Q-Q Plot)
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Social Science’s Dominant Paradigm: All Else Equal

Modern (social) science: X causes Y all
else being equal

▶ useful for internal validity and
representing sample estimands (e.g.,
SATE, SATT, S-LATE)

But social science is really interested in
population estimands:

▶ PATE, PATT, P-LATE

Our PATE bias decomposition:

▶ assignment selection bias (IV)

▶ treatment effect heterogeneity (IV)

▶ sample selection bias (EV)

▶ variable selection bias (EV/CV)
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Information and Accountability: Metaketa I

Voter information ⇒ political accountability?

EGAP Metaketa I

▶ EV Logic: Coordinating a common treatment
arm and outcomes across different should
reveal the extent to which a causal effect is
externally valid

▶ Result: Little evidence that information affects
accountability
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What Is External Validity? (Our Projectivist View)

External validity captures the extent to which inferences from a given
study’s sample(s) apply to a broader population or other target
populations.
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M-STOUT: The Dimensions of External Validity
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M-STOUT: Positivity & Different Levels of Abstraction
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M-STOUT: Positivity & Different Levels of Abstraction
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What Is External Validity? (The Cross-Sectional Take)

External validity is (an inductive) property of a collection of a cross-section
of studies without an empirical destination (Slough & Tyson 2023)
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Evaluative Criteria for Improving External Validity

Scope Plausibility

Model Utility

Specification Credibility
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Evaluative Criteria: Model Utility

Components Strategies

Research Goal/
Query

Mechanism:
Causal Structure

Mechanism
Representation

A useful model refers to one with a feasible research query that
can recognize heterogeneity, invoke mechanisms (including their support
factors & constraints), and represent them with a clear estimand.

Research Goal/
Query

Define a feasible research goal with a specific query about a desired
quantity of interest and for which populationsDefine a feasible research goal with a specific query about a desired
quantity of interest and for which populations

- Feasible research question

- Dunning et al (2019, 6-7):
“Do info. campaigns...in the
lead-up to elections influence
voter behavior...and, if so, un-
der what conditions?”

- Heterogeneity is everywhere,
so (mostly) middle-range theory
and partial equilibrium

Research Goal/
Query

Mechanism:
Causal Structure

Make external validity inferences primarily about mechanisms with a
clear articulation of their support factors, constraints, and how they
encode STOUT differences.

Make external validity inferences primarily about mechanisms with a
clear articulation of their support factors, constraints, and how they
encode STOUT differences.

- Key: STOUT support factors
⇒ Assumptions

- P(Y | X ,M):
⇒ Access to credible info sources;
⇒ Salient performance info (pub-
licly) disseminated;
⇒ Ability to express political pref-
erences;
⇒ Literate people to process info;
⇒ Free from poverty/clientelism;

Research Goal/
Query

Mechanism:
Causal Structure

Mechanism
Representation

A useful model representation captures the theoretical estimand and
how it encodes mechanism support factors and form

Theoretical Estimand:

τ =
1

n

n∑
i=u1,u2...uN |S=s,T=t

(
Y (Info,M)− Y (No Info,M)

)

Components Strategies

Research Goal/
Query

Mechanism:
Causal Structure

Mechanism
Representation

A useful model representation captures the theoretical estimand and
how it encodes mechanism support factors and form

“A mechanism seldom operates
on its own. We sometimes pre-
tend they do when trying to de-
scribe their ‘natural’ outcomes.
But that makes no sense. Mech-
anisms don’t operate in some
kind of Platonic heaven ‘all by
themselves’. They operate in
real settings. And in real settings
other real things have influence as
well.” - Cartwright (2020)
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Evaluative Criteria: Scope Plausibility

Components Strategies

Target Population

Planned Sample

Actual Sample &
Empirical Estimand

Design a feasible scope based on the model and positivity of the target
population, planned sample, actual sample, taking into account
the chosen estimand.

Target Population

Select target populations that maximize coverage of the theoretical
populations and make empirical investigation of causal and sampling
heterogeneity possible.

Select target populations that maximize coverage of the theoretical
populations and make empirical investigation of causal and sampling
heterogeneity possible.

- Select sampling frame re-
flecting theoretical population
and mechanisms
⇒ Eligibility criteria
⇒ Avoid unrealistic targets

- Ensure sampling frame has
representation of key sub-
groups/strata
⇒ Causal heterogeneity
⇒ Sampling heterogeneity

Target Population

Planned Sample

Select planned STOUT samples with a precise mapping to the target
population, carefully distinguishing causal and sampling heterogeneity,
while paying attention to construct validity

Select planned STOUT samples with a precise mapping to the target
population, carefully distinguishing causal and sampling heterogeneity,
while paying attention to construct validity

- Sufficiently-powered sample
that captures mechanism-specific
strata
⇒ (Plausibly) stratified random
sampling as a benchmark

- Construct validity:
⇒ Abstraction and shielding

Target Population

Planned Sample

Actual Sample &
Empirical Estimand

Characterize the actual samples and empirical estimand that remain
given the chosen method, samples, and inferential challenges.
Characterize the actual samples and empirical estimand that remain
given the chosen method, samples, and inferential challenges.

- Actual samples may not cor-
respond to the target popula-
tion due to:
⇒ Attrition/missingness
⇒ Noncompliance
⇒ Spillover

- Empirical estimand may dif-
fer from theoretical estimand:
⇒ Solution: Empirical ID
Tests
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Evaluative Criteria: Specification Credibility

Components Strategies

Estimating the PATE/TATE

Assessing Mechanisms

Addressing Uncertainty

Estimating the PATE/TATE

Use covariate- and model-based adjustment for units, relevant non-unit
adjustment, and account for generalizability vs transportability
to make falsiable inferences

Use covariate- and model-based adjustment for units, relevant
non-unit adjustment, and account generalizability and transportability
to make falsiable inferences

- Covariate-based adjustment
⇒ Weighting
⇒ Matching
⇒ Subclassification

- Model-based adjustment
⇒ Outcome regression
⇒ Doubly-robust approaches

Estimating the PATE/TATE

Assessing Mechanisms

Isolate mechanisms in the study samples, develop discriminant criteria,
evaluate mechanisms in the population, and assess mechanism regularity.
Isolate mechanisms in the study samples, develop discriminant criteria,
evaluate mechanisms in the population, and assess mechanism regularity.

- Establish mechanisms in the
sample and population
⇒ Moderation/mediation

⇒ Intermediate outcomes?

⇒ Pathway analysis

⇒ Process tracing

Estimating the PATE/TATE

Assessing Mechanisms

Addressing Uncertainty

Employ alternative estimands, conduct robustness tests, and synthesize
within- and across-study evidence
Employ alternative estimands, conduct robustness tests, and synthesize
within- and across-study evidence

- Alternative estimands:
⇒ Different estimators
⇒ Bounding/interval/sensitivity
analysis

- Robustness tests:
⇒ STOUT positivity
⇒ Counterfactual analyses

- Synthesis methods
⇒ Meta analysis
⇒ Replication
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Evaluative Criteria (Summarized)

Model
Utility

1 Research
Goal/Query

2 Mechanisms:
Causal Structure

3 Mechanism
Representation

Scope
Plausibility

1 Target
Population

2 Planned Sample

3 Actual Sample &
Empirical
Estimand

Specification
Credibility

1 Estimating the
PATE/TATE

2 Assessing
Mechanisms

3 Addressing
Uncertainty
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Methodological Applications of Evaluative Criteria

Part 1: Fundamentals

1 Introduction

2 Scope, Populations, and
Samples

3 Inference Objectives

Part 2: Evaluative Criteria

4 Model Utility

5 Scope Plausibility

6 Specification Credibility

Part 3: Methodological
Applications

7 Experiments

8 Natural Experiments

9 Quantitative Observational

10 Qualitative Methods

11 Research Synthesis

Part 4: Progress

12 Reporting & Conclusion
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Summing Up/The Way Forward

Every study should report on external validity as a matter of course:

▶ Avoid false positives and false negatives!

Let’s not ditch the credibility revolution BUT EXTEND IT...

▶ Pay closer attention to mechanisms, assumptions, and estimands

We have proposed new Evaluative Criteria to improve external validity

▶ Model Utility
▶ Scope Plausibility
▶ Specification Credibility
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Decomposition of External Validity Bias

Terms
PATE = Population Average Treatment Effect (Generalizability)
TATE = Target Average Treatment Effect (Transportability)

Estimate = PATE (TATE ) + Bias + Noise

Bias = Internal validity biases + External validity biases

= assignment selection bias︸ ︷︷ ︸
Internal Validity

+ treatment effect heterogeneity︸ ︷︷ ︸
Internal Validity

+ sample selection bias︸ ︷︷ ︸
External Validity

+ variable selection bias︸ ︷︷ ︸
External Validity
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Appendix Slides

Appendix Slides
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Specification pathologies undermine EV integrity

Table: Pathologies Mitigating All Else Equal and Specification Credibility in
Empirics

ALL EMPIRICAL METHODS
- Causal structure bias, construct validity bias, publication bias, WEIRD sample bias
Experiments
Field Experiments
- Attrition, noncompliance, site/case selection bias, spillover, weak treatments
Lab Experiments
- Attitude crystallization, ecological validity, experimental realism, Hawthorne effects, John Henry
effects, mundane realism, noncompliance, social desirability bias, spillover, student samples
Survey Experiments
- Attrition, demand effects, ecological validity, experimental realism, Hawthorne effects, mundane
realism, noncompliance, overly WEIRD samples, social desirability bias, spillover
Natural Experiments
Standard Natural Experiments
- Case-specific (sui generis)
Instrumental Variables
- Case-specific, compliers undefined (sometimes), exclusion restriction untestable
Regression Discontinuity
- Case-specific, confounding, estimand challenges (in RD variants), weighting techniques
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The Metaketa Initiative 27

TABLE 2.1 The Metaketa Initiative: Extant challenges and pillars

Extant challenges Pillars of the Metaketa Initiative

1. Confounding in observational
research

1. Randomized controlled trials

2. Limited external validity of
single RCTs

2. Multiple studies in diverse contexts

3. Heterogeneous, scattered
findings

3. Meta-analysis with overall finding

4. Diversity of interventions 4. “Common arm” intervention
5. Noncomparable measures,

impeding aggregation
5. Harmonized measurement of

inputs, outcomes, and controls
6. Researcher incentives for

innovation over replication
6. “Alternative arm” intervention

7. Private data 7. Open data and replication code
8. Errors in data or code 8. Third-party data analysis
9. Fishing (data mining,

specification searching, multiple
hypotheses)

9. Pre-analysis plans with limited
number of specified hypotheses

10. Publication bias 10. Publication of all registered
analyses

next section, we further discuss the rationale for these elements of our
approach as well as the steps involved in implementing them.36

First, all Metaketa studies employ randomized interventions to iden-
tify causal effects (point 1 in Table 2.1). We thus seek a strong basis for
causal inference within each study. This, in turn, provides the founda-
tion for valid inferences about overall effects, when aggregating across
studies.

Next, and critically, we seek to consolidate evidence on major ques-
tions of scholarly and policy relevance – with an emphasis on cumulative
learning, rather than primarily on innovation (points 2–6 in Table 2.1).
In doing so, we seek to address several related barriers to the accumula-
tion of knowledge in the social sciences, especially the problems of study
scarcity and study heterogeneity discussed previously.

Thus, because any single RCT may have limited external validity, we
support multiple studies on a single topic across diverse contexts (point 2

36 See also our pre-analysis plan for the meta-analysis in the Appendix, as well as
each study’s project-specific pre-analysis plan (see http://egap.org/metaketa/metaketa
-information-and-accountability).
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68 Thad Dunning et al.

TABLE 3.1 Metaketa experiments: Common and alternative intervention
arms

Study Focus of Common
Informational Treatment

Focus of Alternative
Treatment Arm(s)

Benin
(Chapter 4)

Legislative performance
(relative to department
and national averages;
high-dosage)

Civics lesson on importance
of legislative performance;
public provision of info.;
low or high dosage

Brazil
(Chapter 9)

Accounting irregularities
(acceptance or rejection of
municipal accounts by
auditors)

Municipal education
outcomes (ranking of
municipalities)

Burkina Faso
(Chapter 8)

Quality of municipal services
provided by previous
incumbent party (relative to
other municipalities)

Invitation to participate in
municipal government
meetings

India
(Chapter 10)

Criminal backgrounds of
politicians (info. provided by
survey enumerators)

Criminal backgrounds of
politicians (info. provided
by local intermediaries)

Mexico
(Chapter 5)

Unauthorized/misallocated
spending (relative to
opposition municipalities in
the same state)

Unauthorized/
misallocated spending,
publicly provided via
loudspeakers; or not
benchmarked

Uganda 1
(Chapter 6)

Voter-candidate policy
alignment and candidate
characteristics (via videos, in
general elections)

Public provision of
common-arm information
(via videos); in primary and
general elections

Uganda 2
(Chapter 7)

Budget irregularities
(provided over SMS; high and
low density)

Quality of service provision
(provided over SMS; high
and low density)

The common informational treatments provided information on politician performance
privately to individual voters in the month prior to an election; the information was dis-
seminated by flyer, text message, or video, depending on the study. These interventions
echo both previous experimental treatments in the research literature and those promoted
by donor organizations that advocate for transparency.

In addition to the common intervention arm, and following the
Metaketa model described in Chapter 2, each study has at least one
complementary, alternative treatment arm, in which distinct informa-
tion is provided, or core information is provided in a different way
(also summarized in Table 3.1). For example, three studies assessed
the impact of providing information publicly in group settings, as
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sets of specifications that are not plausible, such as choosing to re-
code a variable in a particular study when that study is excluded from 
the analysis.) Each vertical dash in the body of the plot denotes a 
point estimate for a single model. We darken those estimates that 
are nominally statistically significant at the 0.05 level. The first row of 
each plot shows the collection of estimates from all specifications and, 
thus, depicts the overall proportion of estimates that are nominally 
significant.

We find that the null results are highly robust for the overall effect 
of the common information arm across the six completed studies. 
For vote choice, significant effects of good news about politician per-
formance materialize only in 0.3% of specifications; for bad news, 
the treatment effect estimate is significant in 0.6% of specifications. 
For turnout, we find significant effects in a larger proportion (10.3%) 
of bad news specifications, but in no cases do we find evidence of an 
overall effect of good news. It bears emphasis that these specifica-
tions are not a random draw from a set of all possible specifications; 
rather, they reflect ex post decisions that may move in the direction 
of estimating significant effects. The analysis also allows us to un-
derstand which specific decisions are necessary to obtain significant 
results in our meta-analysis. For example, specifications in the bad 
news/vote choice analysis are significant only in the presence of 
specific choices related to the Uganda 2 study [excluding candidates 
who switched parties and including Local Council V (LCV) coun-
cilors] and when we exclude Burkina Faso from the meta-analysis. 
The significant specifications in the bad news/turnout case occur over a 
wider range of choices, with no particular choice decisively needed to 

obtain significance. See section S2.3 for discussion. In the online ma-
terials, we also present a flexible interface (an R-based Shiny app) that 
allows users to vary specification choices themselves and assess the im-
pact for overall and study- specific results (see http://egap.org/content/
metaketa-i-shiny-app).

In addition, we conduct a sensitivity analysis, in which we ask how 
big (in absolute value) the estimated effect in the uncompleted India 
study would have needed to be to produce a non-null estimated effect 
in a seven-study meta-analysis. In the good news case, we would have 
required an estimated effect of at least 17.2 percentage points, an 
extremely large effect, much bigger than anything we see in other 
studies (section S2.4). Unreliability of self-reported voting data also 
does not likely explain our null effects: Any reporting biases might lead 
voters in the treatment group to overreport vote choice for incumbents, 
at least in the good news group, leading us to falsely reject true null 
hypotheses—rather than fail to reject false nulls.

DISCUSSION
What explains the weak overall effect on voter behavior of these 
common, potentially scalable informational interventions? There are 
many necessary steps in a causal chain linking information to voters’ 
decision-making process and, ultimately, to greater political account-
ability (13, 24). In our studies, information existed and was dissemi-
nated. The extent to which voters understood the information varied 
markedly across studies, with nonresults in some studies suggesting 
real difficulties of disseminating information effectively, a feature that 

Treatment effect of good news on vote choice

Effect sizes (95% confidence)

p = 0.67

p = 0.15

p = 0.4

p = 1

p = 0.62

p = 0.97

p = 0.7

−0.15 −0.10 −0.05 0.00 0.05 0.10 0.15

Uganda 2

Uganda 1

Mexico

Burkina Faso

Brazil

Benin

Overall

Treatment effect of bad news on vote choice

Effect sizes (95% confidence)

p = 0.64

p = 0.92

p = 0.61

p = 0.12

p = 0.91

p = 0.99

p = 0.86

−0.15 −0.10 −0.05 0.00 0.05 0.10 0.15

Uganda 2

Uganda 1

Mexico

Burkina Faso

Brazil

Benin

Overall

Fig. 2. Meta-analysis: Country-specific effects on vote choice. Estimated change in the proportion of voters who support an incumbent after receiving good news 
(left) or bad news (right) about the politician, compared to receiving no information. Unadjusted estimates. For estimating the average of the study-specific effects (top row), 
each study is weighted by the inverse of its size. Horizontal lines show 95% CIs for the estimated change. Entries under each estimate show p-values calculated by random-
ization inference. In all cases, the differences are close to zero and statistically insignificant.
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In our case, the consistency of the null estimated effects—despite 
heterogeneity in the substance of the information and across the con-
texts in which the experiments were fielded—therefore reinforces 
confidence in the overall finding.

This mode of out-of-sample testing illustrates a general source of 
leverage in the Metaketa approach, which may prove helpful in cases 
where results are more varied across studies than they were in ours. 
Suppose, for instance, that we had found positive effects in some 
studies but negative or null effects in others. This would have raised 
an explanatory challenge, since contexts vary in many ways. It would 
be difficult or impossible to identify which source of study-level 
variation accounts for the different estimated effects. However, the 
Metaketa approach allows for principled ex ante commitment to test-
ing how different dimensions of heterogeneity condition treatment 

effects, not at the study level but by combining within-study and cross- 
study information, as in the analysis of our moderating effect of co-
ethnicity. This strategy can substantially ameliorate the “degrees of 
freedom” problem and could prove important in the analysis of 
four additional Metaketa clusters that are currently underway. See 
https://egap.org/metaketa for information on the other Metaketa 
clusters.

In our Metaketa cluster, the core findings provide an important 
cautionary note on the limits of using blanket informational inter-
ventions to improve democratic accountability. Focusing on our pre-
specified estimation strategies but also exploring several deviations 
from these plans, we find no evidence of overall impact of standard, 
nonpartisan voter information campaigns targeted to individual 
voters. Exploratory and subgroup analyses, as well as evidence from 

Leave out: Include all
Leave out: Benin
Leave out: Brazil

Leave out: Burkina Faso
Leave out: Uganda 1

Leave out: Mexico
Leave out: Uganda 2

Burkina: M1=0 when M3=0
Burkina: M1 not recoded

Uganda 1: News=0 when P=Q
Uganda 1: News!=0 when P=Q

Mexico: News coded using posterior−prior
Mexico: News coded using Q

Uganda 2: Exclude uncontested seats
Uganda 2: Include uncontested seats

Uganda 2: Exclude LCV councilors
Uganda 2: Include LCV councilors

Uganda 2: Exclude redistricted councilors
Uganda 2: Include redistricted councilors

Uganda 2: Exclude party switches
Uganda 2: Include party switches

P dropped when missing
P recoded when missing

Cluster: Politician
Cluster: Level of assignment

Weight studies equally
Weight individuals equally

Unadjusted
Adjusted

N
ij
 not included as covariate
N
ij
 included as covariate

All specifications

−0.02 0.00 0.02

Treatment effect of information on vote for incumbent (meta-analysis)
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Fig. 4. Robustness of findings across specifications: Vote for incumbent. Estimates across all specifications of the overall treatment effect of the common informa-
tional intervention on vote for incumbent. The vertical axis lists all considered specification choices. The top row shows the collection of estimates across all specifications. 
Each subsequent row holds fixed a given specification choice and shows the distribution of treatment effect estimates, varying all other choices. Darkened vertical lines 
show estimates for which p < 0.05. The dashed vertical line indicates the estimated average treatment effect reported in table S5.
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Brazil Sub-national (Misc)

0
20

40
60

80

0 2000 4000 6000
_rank_pov_rate

poverty_rate

65
70

75
80

0 2000 4000 6000
_rank_life_exp

life expectancy

0
20

40
60

0 2000 4000 6000
_rank_illiteracy

percent of people over 25 who are illiterate

.4
.5

.6
.7

.8
.9

0 2000 4000 6000
_rank_hdi

human_development_index

.3
.4

.5
.6

.7
.8

0 2000 4000 6000
_rank_gini

gini

0
20

40
60

80
0 2000 4000 6000

_rank_ext_poverty

extreme_poverty_rate

Brazil Metaketa

53/66



Burkina Faso Sub-national (Misc)
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India Sub-national (Misc)
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Mexico Sub-national (Electoral)
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Mexico Sub-national (Misc)

15 15 15 15 15 15 15 15 11 15 15 15 11 11 24 11 24 15 11 11 1
1 24 11 24

0
20

40
60

80

0 500 1000 1500 2000 2500
_rank_literacy

(mean) literacy

15 15 15 15 15 1
5 11 15 15 15 15 15 11 11 11 11 11

15 11

11

24 24
24 2

4

0
20

40
60

80
10

0

0 500 1000 1500 2000 2500
_rank_electricty

(mean) electricty

24 24 11 24 24 11 15 11 15 11 11 11 1
1 15 1
1 15 1
5 15 1

5 15 15
15

15
15

0
50

00
001

00
00

0015
00

00
020
00

00
0

0 500 1000 1500 2000 2500
_rank_Poblacióntotal1995

(sum) Poblacióntotal1995

15 15 1
5 15 1
5 15 1

5
15 1

5 15 1
5 15 11 11

24

11

11 11 11 11 11 24 24 24

0
20

40
60

80
10

0

0 500 1000 1500 2000 2500
_rank_farmer_share

(mean) farmer_share

57/66



Uganda 1 Sub-national (Misc)
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Uganda 1 Sub-national (Matching)
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Uganda 1 Sub-national (PCA)
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Metaketa I Country Level (Old)
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Policing Metaketa Country Descriptives Table

Armyalso threatens the government. The group
was present in some rural areas of Sorsogon,
which were excluded from our study area.
Community policing principles have long
been discussed in the Philippines but have
not been deeply implemented (52, 53). A more
systematic implementation began in 2012
(54) but was limited in scale in our study pro-
vince. Our intervention builds on a further
expansion of community policing practices
in the province, labeled the “One Sorsogon”
campaign. Officers across the entire force con-
ducted scheduled visits in communities and
held informal town hall meetings and one-on-
one discussions.
Finally, we partnered with the national po-

lice in rural Uganda. As in many authoritarian
contexts, the Uganda Police Force serves dual
roles: preventing and responding to crime and
maintaining the power of the ruling National
Resistance Movement party. As a result, levels
of trust are low. Crime rates were higher in the
rural areas, where we conducted our study,
than in Ugandan cities. The police introduced
community policing to Uganda in the capital,
Kampala, in 1989 and, on paper but not in
practice, across the country in 1993. The pro-
grams involved light training but little else. A
pilot study of more intensive community po-
licing practices in Kampala and four outlying

towns began in 2010. That study, which ended
in 2018, involved motorcycle and foot patrols,
citizen watch teams, and occasional town hall
meetings (55).
Our six study sites differ substantially from

the Global North contexts where scholars
have tested community policing in prior re-
search. They are less democratic (indeed, two
are autocracies), less wealthy, andmost have a
recent history of armed conflict. In several con-
texts, police share law enforcement respon-
sibility with other formal authorities such as
auxiliary police or nonstate enforcers such as
vigilante groups. Moreover, in others, the police
compete with armed gangs in providing se-
curity. As a result of these differences, the im-
pact of community policing may differ from
past studies.
However, the six contexts are broadly rep-

resentative of countries in the Global South in
which police are adopting community policing
widely. Per capita incomes in our sites encom-
pass the range of low to upper-middle quan-
tiles of countries in the Global South; a fourth
of Global South countries share with several
of ours a recent history of armed conflict (56)
and, as in the rest of the Global South, our
sites exhibit wide variation in institutions,
from dictatorships to electoral democracies
(Table 2).

If community policing practices work in
some but not all of these environments, it may
be because of variations in institutional set-
tings and baseline conditions. If these prac-
tices yield little progress in all contexts, then
this may provide evidence that increasing the
strength of community policing practices does
not address the core challenges of crime and
insecurity in the Global South.

Compliance with treatment

The police compliedwith the planned commu-
nity policing practices, but unevenly, only on
some compliance measures, and differently
across sites. Our index measure of citizen
awareness of community meetings and police
patrol frequency increased in each site (Fig. 1).
In Liberia, there was a 1.662 SD increase (P <
0.001) in the compliance index; in the other
cases, increases were smaller, between 0.159
and 0.447 SD (all statistically distinguishable
from no effect at the 0.05 level, except in Brazil
as described below). However, ourmeasures of
compliance are imperfect. Several sites did not
aim to increase foot or vehicle patrol frequen-
cy (e.g., in Colombia, where frequent foot pa-
trols were already in place). Compliance in
several dimensions of treatment, including
problem-oriented policing work and watch
forums, is not measured. We estimate large

Blair et al., Science 374, eabd3446 (2021) 26 November 2021 4 of 14

Table 2. Descriptive statistics for study sites. Sources are provided in the supplementary materials, section A.7.

Brazil Colombia Liberia Pakistan Philippines Uganda

Political freedoms Partly free Partly free Partly free Partly free Partly free Not free
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Regime type Electoral democracy Electoral democracy Electoral democracy Electoral autocracy Electoral autocracy Electoral autocracy
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Corruption score 45/100 39 32 31 46 26
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Criminal justice score 34/100 34 31 35 31 31
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Income category Upper middle Upper middle Low Lower middle Lower middle Low
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Inequality (Gini coefficient) 54 50 35 33 44 42
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Study site Santa Catarina Medellín Monrovia Punjab Province Sorsogon Province –
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Type State Large city Large city Two districts Province Country
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Rate of crime victimization (%)
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Simple assault 1 5 6 5 3 6
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Burglary 4 15 17 16 2 19
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Armed robbery 0 6 3 10 0 2
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Murder 1 9 7 – 1 9
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Trust in police (%) 79 47 46 23 86 62
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Citizen cooperation (%) 1 5 - 2 1 5
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Police capacity indicators
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Vehicle ✓
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Motorbike ✓ ✓ ✓ ✓
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Gun ✓ ✓ ✓ ✓
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Radio ✓ ✓ ✓ ✓ ✓
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Computer ✓ ✓ ✓
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Printer ✓ ✓ ✓
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Camera ✓ ✓ ✓
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Officers per capita 1:473 1:333 1:950 1:560 1:991 1:910
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Budget per officer $56,000 $18,000 $3642 $3400 $18,000 -
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Citizens per station - 143,000 21,428 500,000 44,444 -
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .

Officer rotation rate - 15 months - 1 month 6 months 17 months
.. .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .
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Resource Management Metaketa Country Descriptives
Table

across research teams, comparability of interventions, compara-
bility of outcome measures, integrated case selection, preregis-
tered implementation and analysis plans, third-party analysis,
formal synthesis, and integrated publication. These principles are
elaborated in SI Appendix, section S2.

The six interventions monitor groundwater in arid regions of
Brazil and Costa Rica; surface water in urban China; and forests in
rural Liberia, Peru, and Uganda. The sites comprise a convenience
sample that was determined through competitive selection of
research proposals (SI Appendix, section S13). As documented in
Table 1, the CPRs face a variety of anthropogenic and natural threats,
including overuse by community members, extraction (or pollution)
by noncommunity members, and climactic conditions. In light of a
large literature on the factors that may influence community gover-
nance of CPRs, the diversity of the sites allows for consideration of

how the effects of monitoring vary in the presence of heterogeneous
natural and institutional settings.

Each site implemented an experimental intervention with the
aim of creating community monitoring practices in communities
where such practices had not previously emerged. In the absence
of the monitoring intervention, communities rely on patrols by
government officials or appointees in Brazil, Costa Rica, China, and
Uganda; patrols by landlords in Liberia; or patrols by the community
writ large in Peru. (See SI Appendix, section S6 for more detail.)
However, these forms of monitoring or oversight are believed to be
stymied by resource constraints, bureaucratic shirking, or collective
action problems. In practice, we show that existing forms of moni-
toring or patrols are, at best, infrequent across sites.

The monitoring programs were harmonized, to the extent
possible, across the six sites. Table 1, components of harmonized

Table 1. Features of the research contexts and experimental designs

Brazil China Costa Rica Liberia Peru Uganda

Contextual features
of CPR

Resource Groundwater Surface water Groundwater Forest Forest Forest
Community Rural villages Urban

microneighborhoods
Rural villages Villages Indigenous communities Villages

Primary threat
to resource

Drought,
overuse

Individual,
industrial pollution

Drought,
overuse

Overcutting by
residents

Extraction
by outsiders

Overcutting
by residents

Components of
harmonized interventions

Community workshops ✓ — ✓ ✓ ✓ ✓

Monitor selection, training,
incentives

✓ ✓ ✓ ✓ ✓ ✓

Monitoring of the resource ✓ ✓ ✓ ✓ ✓ ✓

Dissemination to citizens ✓ ✓ ✓ ✓ ✓ ✓

Dissemination to management
bodies

— (Alternate arm) ✓ ✓* ✓* ✓*

Experimental design

Alternate treatment arm Conservation
plan making

Dissemination to
government

— Negotiation
training

— SMS reminders

Experimental design Three-arm† 2×2 factorial Two-arm 2×2 factorial Two-arm Three-arm†

No. of monitoring communities
(NM)

80 80 81 60 39 60

No. of nonmonitoring
communities (N:M)

40 80 80 60 37 50

Common outcome
measurement

Duration of
implementation, mo

12 15 12 12 13 12

Primary compliance
measure

SMS reports
received

Dissemination
posters

Reports
submitted

Monitoring
walks

completed

Reports
submitted

Reports
submitted

Primary resource
outcome

Well
electricity
usage

Pollutant
concentration
in water

Well electricity
usage, water
quality

Deforestation Deforestation Deforestation,
forest quality

Endline citizen survey ✓ ✓ ✓ ✓ ✓ ✓

NM denotes the number of communities assigned to any treatment condition with community monitoring, andN:M denotes the number assigned to any treatment
condition without community monitoring.

*In the forest studies, the community constitutes at least one of the possibly overlapping management bodies.
†In both three-arm designs, communities assigned to the alternative treatment arm received both monitoring and the alternative treatment.

Slough et al. PNAS | 3 of 10
Adoption of community monitoring improves common pool resource management across contexts https://doi.org/10.1073/pnas.2015367118
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External Validity Errors (And Examples)

Null
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Null
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Null
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Type 1 EV Error:
-False positive

(No EV, but EV inferred)

Correct EV Inference
-True positive

Null
(Not Rejected)

Correct EV Inference
-True negative

Type 2 EV Error:
-False negative

(Is EV, but not inferred)

Type 1 EV Errors: XXXX examples

Type 2 EV Errors: XXXX examples
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Four Primary Approaches to External Validity

Study/Sample Type
Single Multiple

External Generalizability (G )
(Random) Same Target

Validity
Sampling Synthesis

Inference Transportability (T )
Principled Synthetic
Prediction Prediction

But...

1 (Random) sampling may neglect causal structure

2 Same Target Synthesis (e.g., meta-analysis) relies on
selected/available studies

3 Principled Prediction and Synthetic Prediction almost always occurs
post hoc
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