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Supplementary Appendix: Overview of methods for transportability

Methods for transportability cover three key areas: (1) the identification and measurement of
transportability; (2) methods to correct for a lack of transportability; and (3) sensitivity analysis to assess
residual biases. Methods in each category have been detailed elsewhere [1, 2] and so are summarised below.

We focus on cases where IPD is available for the study sample and where either IPD or summary data is
available from a target sample. Methods applicable where only summary data is available for both the study
and target samples, such as meta-analytic techniques, are highlighted elsewhere [2].

Identification and measurement of transportability

The available approach to identification and measurement is dependent on whether outcome data is
available in the target sample.

Outcome data not available in the target sample

Where outcome data is not available in the target sample, the requirements for the validity of the conditional
mean difference exchangeability of study selection assumption are tested sequentially in two steps by: (1)
assessing differences in the distributions of characteristics between study and target populations; and (2)
identifying whether characteristics driving these differences are effect modifiers (i.e. explain heterogeneity
in treatment effects) [3].

Where only summary data is available, simple methods for assessing similarity between characteristics of
study and target samples must be used. These include qualitative comparisons of average characteristics [4,
5], and a generalisation score which takes an average of characteristic-specific ratios of average values [6].
However, they do not account for differences in dispersion and for the joint distribution of covariates. If
variances are also reported in summary data, dispersion can in part be accounted for by calculating
standardised mean differences (SMDs), with values above 0.1 indicative of extrapolation and reliance on
correct model specification to correct for a lack of transportability [7]. With variance data, univariate tests of
average differences can be conducted, with appropriate adjustment for multiple hypothesis testing [8].

With IPD from the target sample, multiple hypothesis testing can be avoided whilst also accounting for the
joint distribution of covariates, by comparing distributions of propensity scores, generated as predicted
probabilities of study sample membership from a logistic regression of study sample membership on baseline
characteristics. SMDs of propensity scores greater than 0.1 can again be used to identify a lack of
transportability [9].

To identify potential violations of the positivity of selection assumption (i.e. a lack of overlap), the proportion
of target sample individuals with scores outside of the 5th and 95th percentiles can be calculated [7].
Comparisons of the distributions and cumulative densities of propensity scores can also be conducted using
distance metrics such as Q-Q plots and the Levy distance and also the generalizability index, with an index
score based proportion of study and target sample individuals in propensity score strata of <0.5 (on a scale
of 0 to 1) being indicative of poor transportability [10].

Specifically for RCTs, the proportion of the target sample who meet the inclusion and exclusion criteria of the
trial can also be examined [11-13], and bias scores can be created based on whether high risk individuals are
included/excluded [14].



Multiple methods are available to test for effect modification. The most common test examines the statistical
significance of interaction-terms between treatment assignment and potential effect modifiers. This requires
assumptions regarding the functional form of effect modification e.g., whether effect modification is linear
and additive [15, 16]. However, in small samples and when multiple effect modifiers are being tested
concurrently, these tests may have limited power, although power issues may be less problematic if an RWD
source is used as the study sample since sample sizes are often larger [17]. Solutions to power issues include
the use of sequential tests for treatment-covariate interactions [18], and/or use of thresholds for clinical
significance rather than statistical significance [19]. Where potential effect modifiers and the functional form
of effect modification are unknown, machine learning approaches such as Bayesian additive regression trees
(BART) and other classification and regression tree (CART) variants, as well as flexible parametric models (e.g.
spline-based approaches), may be useful [20-26].

It must be noted that this approach will only be able to examine whether a lack of transportability is being
driven by observed characteristics, and the absence of differences in characteristics between target and
study samples and/or identifying no predictors of treatment effect heterogeneity will not rule out
unobserved effect modification.

Outcome data available in the target sample

Where outcome data on patients receiving the treatments examined in the study sample are available in the
target sample, unobserved effect modification can be identified by observing outcome differences between
study and target samples after propensity scores are used to weight samples to ensure similarity in observed
effect modifiers [9]. Formal equivalence test for this are available in a generalizability setting [27]. Outcome
regressions can also be used, with outcomes of study and target sample individuals receiving the same
treatment compared after conditioning on measured effect modifiers [2]. Alternatively, differences between
study and target regression coefficients or between baseline hazards in a Cox regression can be assessed
[28].

We note that in many cases where transportability methods will be applied, outcomes for only the
comparator treatment would be available in the target sample, meaning these outcome-based tests cannot
confirm a lack of unobserved effect modification for the experimental treatment.

Methods to correct for transportability bias to estimate target population average
treatment effects

To mitigate transportability bias, methods aim to correct for differences in the distribution of effect modifiers
between study and target samples. Available approaches are dependent on the availability of individual
patient data (IPD) or aggregate data on the target sample.

All approaches are based on the assumption on no unmeasured effect modification.

IPD available on the target sample

Where IPD is available on the target sample, methods typically fall into one of three classes: (1) outcome
modelling and standardisation, (2) study sample participation modelling with weighting; and (3) doubly-
robust (DR) methods which combine matching/weighting with outcome modelling.

Dahabreh et al. review methods to correct for transportability of the effects of time-fixed treatments from
RCTs where IPD on outcomes and baseline covariates is available from the study sample, but only IPD on
baseline covariates is available from the target sample [29].



Outcome-model-based methods

Outcome-model based methods use outcome regressions fit using data for individuals in the study sample
to estimate expectations of the outcome (using G-estimation) and then standardize (average) the model
predictions with respect to the distribution of characteristics of the target sample. Differences in conditional
means for potential outcomes of the treatment and comparator groups are then used to estimate the PATE.
To account for all possible interaction between the treatment and covariates, separate outcome models are
typically estimated for each treatment group of the study sample. A range of parametric models can be used
depending on the nature of the outcomes. Machine learning methods, for example tree-based methods such
as BART, have also been used. Assuming the outcome model is correctly specified, these methods produce a
consistent estimate of the PATE.

Weighting-based methods

Weighting-based approaches are commonly based on a model for the probability of study sample
participation. After appending data from the study and target samples, a parametric model (typically logistic
regression) is used to generate predicted probabilities of participation based on individual characteristics.
For transportability, these predictions are used to derive inverse odds (I0) of participation weights, with
treatment effects in the study sample re-estimated after applying the weights to estimate the PATE [30].
When the probability of participation model is correctly specified and there is sufficient overlap in study and
target sample characteristics, the 10 weighting estimator provides consistent estimates of the PATE.

A limitation of weighting approaches is that they produce unstable results and estimates with a large variance
in the presence of extreme weights [31]. Plotting of the distribution of the estimated probabilities of study
sample participation and subsequent |0 weights should be conducted to visually inspect spread and identify
extreme values. This can be combined with diagnostics for positivity violations [32], including a check that
sample averages of |0 weights multiplied by the study sample participation indicator, divided by the
proportion of individuals of the combined sample being in the target sample should be approximately equal
to one. Values different from one suggest positivity violations or model misspecification. Note that these
checks are recommended even when using the outcome model-based estimators, because estimated
probabilities of study sample participation near zero indicate possible positivity violations [1].

The choice of characteristics to include in participation models should be guided by a trade-off between
adding covariates that may provide bias reduction but, if unnecessary, can decrease precision and increase
the chance of extreme weights [33]. The former is typically of greater concern [1, 34]. Trimming of patients
with extreme weights can be used, but that changes the population of interest. An alternative estimator
generates 10 weights which are normalised to sum to the number of individuals in the target population. This
estimator ensures estimated outcomes lie within the support of the outcome variable, and has better finite
performance when weights are highly variable [1].

With all weighting methods, balance checking should be conducted to ensure characteristics of study and
target samples are similar post-weighting, with an SMD<0.1 conventionally used as a threshold [34].

Propensity score stratification

Propensity score stratification can also be used, where a combined study and target sample is created and
split into strata based on the predicted probability of study sample participation. Treatment effects are then
estimated in each strata using the study sample data, before the PATE is estimated by weighting stratum-
specific treatment effects using the proportion of the target population in each stratum [35]. Stratification
can be more stable that |0 weighting estimators but involve a trade-off with the choice of the number of
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strata: too few strata risks residual unobserved effect modification, whilst too many strata can lead to small
numbers in each strata and therefore unstable estimates [7, 34].

Doubly-robust methods

Dahabreh et al. present three doubly-robust estimators that are easily implemented in statistical software
[29]. Doubly-robust methods provide consistent estimates of the PATE if either the outcome-model or
propensity score model is correctly specified. Augmented inverse probability of participation weighting (A-
IPPW) involves estimating the PATE by combining predictions from both a model for conditional expectations
of the outcome, and a model for the probability of study sample membership. A-IPPW using normalised 10
weights described above can be used to ensure bounded outcome estimates. A final A-IPPW model involves
fitting a model for the outcome conditional on covariates among trial participants using a weighted
regression with weights derived from propensity score models, and then averaging the predicted values from
this regression over the covariate distribution of the target population.

Existing reviews [2] discuss other doubly-robust methods, including targeted maximum likelihood estimation
(TMLE), and augmented calibration weighting methods with sampling weights derived through other
approaches that are not based on propensity scores [36, 37]. Josey et al use entropy balancing which is a
convex optimization technique that derives weights that automatically satisfy a set of balance constraints
[37]. Unlike propensity score methods, this means weighting ensures exact balance on characteristics
between study and target samples.

For methods of all types, confidence intervals for transported treatment effects can be obtained using the
“sandwich" approach or using bootstrap methods [1].

Performance of methods

Simulation studies comparing the performance of these methods have identified that outcome-based
approaches are particularly useful when the outcome is common but when selection into the study is rare,
and can yield better precision than weighting-based methods because they can adjust both for confounders,
effect-modifiers, and factors only predictive of the outcome, thus decreasing variance in the estimate [2]. A
further benefit of these methods is that predictions in the target sample can be made even in cases of non-
overlap in the characteristics of study and target samples, although the predictions rely solely on
extrapolation in these cases [38, 39] and often adjustments in the variance are not made to reflect this
additional uncertainty [2].

Weighting approaches may be preferable to outcome-based approaches in the case of multiple outcomes,
as one set of weights can be used to estimate treatment effects for all outcomes.

Doubly-robust estimators typically produce estimates that are more precise than those of weighting
estimators and nearly as precise as those of the outcome model-based estimator while giving investigators
two opportunities for valid inference. However, in some cases, when misspecification of the outcome model
is combined with highly variable weights, doubly robust estimators can perform worse than other estimators
that use the same misspecified outcome model [40, 41]. The diagnostic checks relating to weights described
above should therefore also be conducted when using doubly-robust methods [1].



Use of transportability methods alongside RWD

Many of the methods described above have been developed for transporting treatment effects from RCTs,
but many will be applicable to RWD studies. Prior to the application of methods to identify and correct for
transportability, study sample data can be pre-processed using weighting or matching to ensure balance on
observed confounders [42]. New methods are available that generate a single set of weights to
simultaneously correct for confounding and sample selection. For example, Josey et al. [43] extend their
previous entropy balancing approach [37] for this purpose. Each treatment group in the study sample could
also be matched or weighted separately to the target sample [44], although this risks generating imbalance
in characteristics between treatment arms [42].

Only aggregate data available on the target sample

Where only summary-level (aggregate) data is available on characteristics of the target population, a
restricted set of methods are available. Direct standardisation is an identical approach to propensity score
stratification, but where strata are instead defined by all combinations of values of the effect modifiers. This
becomes infeasible with many effect modifiers and where effect modifiers are continuous, as empty strata
become common. Continuous effect modifiers can be aggregated to reduce this issue but this increases the
risk of unobserved effect modification. For higher dimensional settings or with continuous covariates, more
flexible nonparametric approaches can be applied, such as maximum entropy weighting can be used [27].

If joint covariate distributions are available from the target population, then an adjusted version of the 10
weighting method can be applied [33]. Where only univariate moments are available, methods typically used
to conduct population-adjusted indirect comparisons of treatments that haven’t been directly compared in
a trial but have each been compared to a common comparator in other trials. The methods were designed
for cases where IPD is available from one trial, but where only aggregate data is available from another.
Matching adjusted indirect comparison (MAIC) and simulated treatment comparison (STC) are commonly-
used methods. MAIC is derived from |0 weighting but, given a lack of IPD in the target sample, weights are
estimated using the method of moments [45]. STC is a modification of the outcome-based models above, but
where mean covariate values are substituted into the outcome model fitted in the study sample [46].
Phillippo et al. describe these methods in more detail and discuss when each method is most appropriate
[47].

Sensitivity analyses

A key assumption of all methods is no unmeasured effect modification. If unmeasured effect modification is
suspected, sensitivity analysis can be performed to assess the extent to which it is likely to impact results [42,
48].

A simple approach to calculating bias-adjusted treatment effects is available in cases when a single effect
modifier is observed in the study sample but not in the target population [42]. Bias in the PATE is formalised
as the product of the coefficient of the treatment-effect modifier interaction and the average value of the
effect modifier in the target population (the “sensitivity parameter”). After estimating the treatment-effect
modifier interaction coefficient using data in the study sample, the sensitivity parameter is varied to explore
the impact on treatment effects. This approach is applicable with outcome-based models or doubly-robust
methods and supports outcome models including linear models for additive effects, and models with log or
logit link for multiplicative effects. A more general approach which uses bias functions to directly parametrise
unobserved effect modification and can be used in cases where there are numerous effect modifiers that are
unmeasured in both the study and target sample [49].
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