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External Validity
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Implementation science demands
external validity
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External Validity:

Using results of a study conducted in one population to make inferences about
another population.

Until recently, external validity has lacked the methodological rigor of internal
validity.

Transportability provides a formal framework for assessing
external validity and extending the results of a study to a target

population.
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Definitions

Study Population:
The population in which the study was conducted.

Target Population:
The population of interest.
Your city/community/country etc.
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Definitions

Generalizability:
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Definitions

Transportability:
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What makes a study externally valid?

Among other things,

Population Composition.

Does the study population resemble the target population?
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Intuition

An intervention may be more or less effective given certain
characteristics

15



Intuition

The distribution of these characteristics may vary across
populations
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Intuition
To transport an effect from a study population to a target population,
we need to adjust for the differences in the distribution of effect
modifiers between the two populations. Population Exchangeability
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Intuition

• However, there is overlap of
characteristics in individuals in
a population!

• And interaction between
characteristics often affects
the outcome

• So we need to know about the
joint distribution in both
populations

• Which characteristics matter?!
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Directed Acyclic Graphs:

Components:

• Nodes: variables of interest

• Edges: Causal associations

• Directed: Direction of causes

• Conditioning on a variable

Tx HIV

CC
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DAGs and Causality

There are 3 structural sources of statistical correlation between two given
variables:

A Y

C

MM
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Effect Heterogeneity in DAGs

A Y

Z

If 2 variables are associated with an outcome, we are guaranteed to observe
effect heterogeneity on at least one scale.
(Rothman et al, 2008)
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Selection Diagrams

1. Draw DAG representing study
population. Include all possible
effect modifiers.
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Selection Diagrams

2. Add selection nodes directed
at any characteristics that differ
between the study population and
target population
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Selection Diagrams

3. Adjust for effect modifiers such
that all selection nodes are
independent of the outcome
(d-separated)
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Selection Diagrams

3. Adjust for effect modifiers such
that all selection nodes are
independent of the outcome
(d-separated)

To adjust for the selected effect modifiers, we must have individual-level measurements
of them in both the study and target populations!
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Examples
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Examples

No need to adjust!
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Estimation

There are several approaches to estimation:

• Model-based standardization (G-estimation)
(Lesko et. al., 2017)

• Inverse weighting
(Cole et al., 2010 and Westreich et. al., 2017)

• Targeted Maximum Likelihood Estimation
(Rudolph et. al., 2014)
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Big Picture

• Transportability provides a formal framework and graphical approach for extending
results of studies to populations of interest

• MUST DEFINE TARGET POPULATION

• Individual-level data from the target population is critical.

• The approach is flexible and can be applied to a wide range of scenarios
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Background

Motivating problem and setting: Challenges attending regular clinic
visits can lead to less viral suppression of HIV, particularly in rural
settings.

Intervention: Community Adherence Groups- home or village-based
adherence groups to facilitate HIV medication adherence.

Outcome: HIV RNA Viral Load

When rolled out into other communities, CAGs are not always
successful
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Populations

Study population: Study conducted in clinics
in a small community that is part of a an HIV
research network; 30% of HIV patients live far
from a clinic.

Target Population: Larger but more rural
region that has been less involved in prior HIV
research studies.

CONTEXT!
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Selection Diagram
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Results
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Conclusions
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Conclusions

• Causal graphs are a useful and powerful tool for external validity

• Many of the major issues facing implementation science can be characterized in
terms of transportability–allowing for rigorous and quantitative assessment of context
and adaptability. But we need good data in our target populations!
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