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Disclaimers

The views, findings and conclusions expressed in this presentation are solely those of the presenter, 
who is responsible for the contents of the presentation

The views, findings and conclusions in this presentation are not necessarily those of Novo Nordisk A/S 

No statement in this presentation should be construed as an official position of Novo Nordisk A/S
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Agenda

Topic

Part 1: Health technology assessment and indirect treatment comparisons 15 min

Part 2: Link to external control arms 15 min

Part 3: Link to transportability with example 15 min

Part 4: Moving forward 5 min

Discussion, Q&A audience 10 min
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Health technology assessment
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Health technology assessment (HTA)

What is health technology assessment? 

• A health technology is an intervention used to promote health, e.g., a pharmaceutical 
product or a medical device 

• An assessment is required to inform policy decision-making 

• The assessment is multidisciplinary, involving clinical, social, economic, organizational 
and ethical aspects
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Regulatory versus HTA statistics

REGULATORY HTA

Focus on safety, clinical efficacy, quality, benefit-
risk

Focus on hypothesis testing

Estimands

Time-horizon is the trial follow-up; does not 
typically require extrapolation

Relies mostly on “pivotal” Phase III clinical trial 
data as the primary source of evidence

Relies on a direct comparison to placebo or 
standard of care in a head-to-head trial

Focus on the “fourth hurdle”: clinical effectiveness 
(value) and cost-effectiveness (value-for-money)

Focus on estimation

PICOs

Long-term or “lifetime” horizon; may require 
extrapolation beyond the trial follow-up period

Requires use of secondary data sources beyond the 
“pivotal” clinical trial(s)

Comparators are all treatment options in clinical 
practice; indirect comparisons are required
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The PICO framework

• In HTA, the PICO framework is used to 
translate local policy questions into 
research questions

• Relevant PICO question(s) are specified 
in the HTA scoping process 

• Health technology developers submit 
an evidence dossier to HTA agencies 
addressing the PICO question(s) in the 
scope 

EU Joint Clinical Assessment “Guidance on the scoping process”
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The new EU HTA Regulation (2025)
EU Joint Clinical Assessment “Guidance on the scoping process”

• The EU HTA Regulation (coming into place 2025-
30) introduces a centralized framework for the 
Joint Clinical Assessment (JCA) of new medicines

• The JCA scoping process is inclusive and aims to 
meet the diverse evidence needs (PICOs) of all 27 
EU member states simultaneously

• There is often limited consensus on comparators 
and (sub) populations across states, due to 
variation in clinical practice and reimbursement

• A multitude of PICOs is anticipated
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A multitude of PICOs

van Engen, A., Krüger, R., Parnaby, A., Rotaru, M., Ryan, J., Samaha, D. and Tzelis, D., 2024. The impact 
of additive population (s), intervention, comparator (s), and outcomes in a European joint clinical 
health technology assessment. Value in Health, 27(12), pp.1722-1731.

• van Engen et al (2024) follow draft EU JCA 
guidance to determine the number of PICOs for 
two hypothetical products in two common 
oncology indications

• There are many target (sub) populations

• There is high variability in PICOs

• A substantial number of PICOs require indirect 
treatment comparisons due to unavailable 
head-to-head comparisons, some relying on 
small sample sizes and sparse networks
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Indirect treatment comparisons
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HTA requires comparisons versus all treatment options in routine clinical practice 

• The scope of assessments depends on the policy question and is not always driven by the available data

• RCTs cannot have all desired treatment arms, given the number of jurisdictions and variations in clinical practice

• Some therapeutic areas evolve rapidly, with a changing comparator landscape and no single accepted standard-of-care

Indirect treatment comparisons are required

11

Indirect treatment comparisons (ITCs)
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ITCs can be anchored or unanchored

ANCHORED COMPARISON UNANCHORED COMPARISON

Indirect treatment comparisons

Anchored comparison:
• ”Anchors” the ITC via a common comparator arm: comparison of treatment effects across trials
• Subject to bias where treatment effects are heterogeneous over effect modifiers that vary in 

distribution across trials 
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ITCs can be anchored or unanchored

ANCHORED COMPARISON UNANCHORED COMPARISON

Indirect treatment comparisons

Unanchored comparison:
• No compatible comparator for ”anchoring”: comparison of mean absolute outcomes across trials
• Subject to bias where there are cross-trial differences in factors that are prognostic of treatment 

outcomes 
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The need for covariate adjustment

Unadjusted ITCs...
• Rely on a very strong assumption: unconditional exchangeability across trials
• Produce bias with cross-trial imbalances in effect modifiers and/or prognostic variables
• Do not explain heterogeneity or explicitly produce estimates in any specific target population
• Ignore uncertainty due to cross-trial differences in baseline covariates

Covariate-adjusted ITCs...
• Relax the exchangeability assumption by conditioning on baseline covariates
• Can reduce bias due to cross-trial imbalances in effect modifiers and/or prognostic variables
• Explicitly produce estimates in specific target samples or populations
• Can account for uncertainty due to differences in baseline covariates across trials

Covariate adjustment is desirable for ITCs



Novo Nordisk®15

Currently available methodologies

Odds-weighting (entropy balancing)
• Denoted matching-adjusted indirect 

comparison (MAIC)

Outcome modelling
• Denoted simulated treatment comparison 

(STC)

Limitations
• Both approaches are singly robust (in most cases) and based on parametric modelling, relying on 

the correct specification of a single parametric model 
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Weighting versus outcome modelling

16

ODDS-WEIGHTING (MAIC)

• Does not extrapolate; more “honest” uncertainty 
quantification

• MAIC is more “bias-robust” than than the standard 
“inverse weighting”  modelling approaches

• Bias easier to diagnose, MAIC (entropy balancing) directly 
enforces balance in covariate moments

• Extreme weights explicitly manifest high uncertainty

• Feasible weighting solutions may not exist where there is 
limited covariate overlap

OUTCOME MODELLING (STC)

• Relies on model-based extrapolation to improve precision 
and efficiency

• Susceptible to bias when extrapolating a mis-specified 
outcome model

• Bias difficult to detect; outcome model that seems correct 
in the observed covariate space may extrapolate poorly

• Extrapolation uncertainty not typically accounted for

• Can produce the treatment effect estimates that are 
required for HTA where there is limited overlap

Outcome modelling is more precise and efficient than weighting when assumptions hold, but there are caveats...
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External control arms
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Conducting RCTs might not be possible:   

• Where recruitment to RCTs is unfeasible due to small populations, e.g., rare diseases with orphan designation

• For life-threatening conditions with high unmet need and no standard of care, e.g., last-line of therapy in solid tumour oncology

• Where enrolling patients to placebo is unethical, e.g., paediatric trials for treatments with proven efficacy in adults

Regulators recognize that externally controlled SATs might be required in special circumstances

Regulatory submissions featuring externally controlled SATs are rising, mainly through accelerated approval pathways

18

Single-arm trials (SATs)
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Unanchored ITCs are externally controlled SATs with two “special” characteristics: 

• The external control is a competitor-sponsored historical trial

• There may be limited access to subject-level data for the external control, only aggregate-level data from publications

But: “In any situation with non-randomized data, such as observational evidence and single-arm trials, (…) complete access to 
the individual patient data is required” (Methodological Guideline for Quantitative Evidence Synthesis, EU HTA Coordination 
Group, 2024)

 

19

A common framework

Different estimands (or summary measures or causal contrasts) can be targeted:

• Average treatment effect (ATE) among the combined SAT and external control…somewhat ambiguous here

• Average treatment effect in the treated (ATT) among those participating in the SAT

• Average treatment effect in the control (ATC) among those in the external control group
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Difference between the summary measures is driven by them targeting different (sub) populations or “analysis sets”

Average treatment effect in the treated (ATT)

Attractive for the regulatory context…

• Consistent with the emulation of a randomized comparison in the registrational SAT

• The external control would aim to “mimic” the internal control arm of  “pivotal” clinical trial 

• Compatible with the mean absolute outcome targeted by the SAT, preserving the original SAT results

• Typically, the primary estimand for externally controlled SATs seeking drug approval in the regulatory environment

Nevertheless…

• Potentially unappealing where generalizability to routine clinical practice is a priority

• SAT populations are often highly selected and may lack representativeness with respect to “real-world” populations

20

ATT or ATC?
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Average treatment effect in the control (ATC)

Typically, the target estimand in HTA…due to necessity as subject-level data have often been unavailable for the external control 

Potentially more desirable for external validity…

• External controls based on RWD or natural history studies: broad inclusion criteria targeting heterogeneous populations

…but not necessarily so…

• Historical controls from past clinical trials may not reflect the current standard of care

• RWD-derived external controls based on a single country are not necessarily transferable across jurisdictions 

Statistical considerations (effective sample size, precision) may also play a role in the estimand choice, e.g., when weighting

We shall assume ATC is the target estimand for exposition (see back-up slides for ATT as the target estimand)

21

ATT or ATC?
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Four critical assumptions (Zhou et al 2025)

1. No direct effect of trial participation

• Trial participation does not affect the outcome except through treatment assignment itself (no Hawthorne effects)

2. Stable unit treatment value (SUTVA)

• No interference between subjects and treatment variation irrelevance (one well-defined version of each treatment)

3. Conditional ignorability of data source assignment
• ATT: Conditional on covariates, potential outcomes under the control are independent of the data source

• ATC: Conditional on covariates, potential outcomes under the active intervention are independent of the data source

4. Overlap or positivity
• ATT: Support of the covariates in the SAT is contained within that of the external control                                   ,

• ATC: Support of the covariates in the external control is contained within that of the SAT                                   ,

These assumptions are unverifiable and potentially unreasonable in many practical scenarios…proceed with care (Senn 2025)

STRONG
IGNORABILITY 
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Contextual differences

23

EXTERNALLY CONTROLLED SATs (REGULATORY) UNANCHORED ITCS (HTA)

• Modelling-based approach to odds weighting

• Outcome modelling: G-computation

• Doubly robust (DR) methods are well established: 

augmented approaches, TMLE, etc. 

• Use of data-adaptive (machine learning) estimators has been 

explored within a DR framework

• Methodologies assume full access to subject-level data

• Target is typically the ATT

• MAIC: entropy balancing-based approach to odds-weighting

• Outcome modelling: Simulated treatment comparison

• Doubly robust augmented approaches, TMLE, yet to be 

leveraged

• Reliance on the correct specification of a single parametric 

model

• Methods developed with limited access to subject-level data

• Target is typically the ATC
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Weighting: modelling versus balancing

 

MODELING ENTROPY BALANCING

• Explicitly models the propensity score as a function of     
baseline covariates

• Propensity scores are estimated by maximizing the fit of a 
logistic regression

• Estimated weights do not produce adequate balance if 
the propensity score model is mis-specified

• Even a correctly specified propensity score model does 
not guarantee balance in finite samples

• Propensity score predictions that are close to zero 
produce extreme weights, which lead to imprecision

• Limited applicability with unavailable subject-level 
covariates for the external control

• Does not explicitly model the propensity score, but 
implicitly assumes a logistic propensity score model

• Covariate balance viewed as a convex optimization 
problem 

• Less susceptible to bias by directly enforcing covariate 
balance

• Weights constrained to be positive and sample-bounded 
(interpolation as opposed to extrapolation)

• Minimally dispersed weights, which translates into 
larger effective sample sizes and precision

• Applicable where aggregate-level covariate moments 
are available for the external control
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Modelling approach to weighting

 

 

Inverse-odds weights (IOW) defined as:                                                              with   

Weights are inverse conditional odds of SAT participation (conditional odds of external control participation) 

A logistic regression is fitted to the concatenated SAT and external control subject-level data, typically using maximum-
likelihood estimation, to estimate model-based propensity scores

Propensity score predictions are plugged into the weight equation to derive weight estimates

The weighted average of observed outcomes under the active intervention is contrasted with the unweighted average of 
observed outcomes for the external control 

weights normalized to sum to one to improve finite sample properties and provide more stable and precise estimation 
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Entropy balancing approach to weighting

 

 

Propensity score is not explicitly modelled, but logistic model for ”data source assignment” is assumed

Weights proportional to the inverse conditional odds of SAT participation

”Method of moments” to estimate the model while enforcing covariate balance constraint

Solve by minimizing objective function using convex optimization algorithm

Weights for SAT estimated as 

ATC estimated as
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Bias-robustness considerations

 

Modelling approach is consistent if…

• The propensity score model for data source assignment is correctly specified

• That is, the logit of the propensity score (conditional probability of SAT participation) varies linearly with the covariate balance 
functions

Entropy balancing is consistent if…

• The logit of the conditional probability of external control participation (or SAT participation) OR the conditional outcome 
expectation under the active intervention varies linearly with the covariate balance functions

• For instance, mean-balancing ensures consistency if                                                       OR

• Mean- and variance-balancing ensure consistency if                                                        OR

Entropy balancing is linear doubly robust:

• “Doubly robust with respect to linear outcome regression and logistic propensity score regression” (Zhao and Percival, 2017)

Entropy balancing claimed more bias-robust as it is consistent under a greater number of distinct data-generating mechanisms
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Is entropy balancing doubly robust?

It is rarely plausible that outcomes vary linearly with the covariates

Standard balancing strategies do not allow conjecturing an implicit outcome model flexible enough for double robustness

One could consider balancing other non-linear covariate transformations and interactions, but this is rarely feasible:

• Increasing balancing constraints → more likely that covariate moments fall outside the convex hull of the observed covariate space

• Namely, feasible weighting solutions to the convex optimization problem do not exist (no set of positive weights can enforce balance)

• Increasing balancing constraints → further reductions in effective sample size and precision

• Aggregate data beyond means and variances (e.g., higher-order moments and means of transformed covariates) rarely reported

This motivates the explicit augmentation of the weighting estimators, allowing for a less restrictive outcome model 
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Augmented entropy balancing

Postulate a model for the conditional outcome expectation under the active intervention and fit it to the SAT

Predict potential outcomes for the active intervention for all subjects in the SAT and the external control

The G-computation estimator is augmented with a weighted average of residuals, but using entropy balancing weights; 
the weighted average is the “one-step” correction term for the potential bias of G-computation

Estimator for the ATC: 

Campbell and Remiro-Azócar (2025)
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Weighted G-computation

Another augmented estimator often claimed to be doubly robust consists of G-computation based on the 
predictions of a weighted outcome model

Note: this is only doubly robust where the outcome model is a GLM with canonical link function! (Gabriel et al 2024)

Results suggest asymptotic equivalence and similar finite-sample performance to the augmented weighting 
estimator described in the previous slide for GLMs with canonical link functions (Gabriel et al 2024, Słoczyński et 
al 2025)
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Simulation study
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Data-generating mechanisms

KS1: propensity score and outcome model correctly specified KS2: only propensity score model correctly specified

KS3: only outcome model correctly specified KS4: propensity score and outcome model incorrectly specified

Target estimand will be the ATC
Variance estimation for all methods using non-parametric bootstrap
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KS1: both models 
correctly specified

• The naïve estimator is biased

• All covariate-adjusted estimators are 
virtually unbiased under n=1000

• Some small-sample bias, even for 
theoretically consistent estimators, under 
n=200

• G-computation exhibits the greatest 
precision, but augmented weighting 
estimators are almost as precise

33

DR: doubly robust; IOW: inverse-odds weighting: MAIC: matching-adjusted indirect comparison 
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KS2: PS model correctly 
specified

• G-computation exhibits bias

• Non-augmented and augmented weighting 
estimators are unbiased for n=1000 (weight 
normalization improves precision)

• Some small-sample bias, even for 
theoretically consistent weighting 
estimators, under n=200

• Outcome model misspecification does not 
induce a loss of precision for the augmented 
estimators compared to their non-
augmented counterparts

34

DR: doubly robust; IOW: inverse-odds weighting: MAIC: matching-adjusted indirect comparison 
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KS3: Outcome model 
correctly specified

• Non-augmented weighting estimators 
exhibit bias; including the MAIC (entropy 
balancing) approach

• MAIC (entropy balancing) is not doubly 
robust with a logistic outcome model

• Augmented weighting estimators are 
generally more precise than their non-
augmented weighting counterparts

• G-computation exhibits the greatest 
precision, but augmented weighting 
estimators are almost as precise

35

DR: doubly robust; IOW: inverse-odds weighting: MAIC: matching-adjusted indirect comparison 
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KS4: Dual model 
misspecification

• All approaches are biased

• Augmentation via an outcome model does 
not protect against the simultaneous 
misspecification of two models 

• There is no bias or variance amplification 
for the augmented estimators under dual 
model misspecification!

36

DR: doubly robust; IOW: inverse-odds weighting: MAIC: matching-adjusted indirect comparison 
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Simulation study: concluding remarks

• We hypothesized that entropy balancing weights can lead to more stable and precise ATC estimation than inverse-
odds modelling weights

• This is confirmed for the non-augmented estimators in the simulation study; entropy balancing exhibits greater 
precision than (normalized or non-normalized) modelling weighting approaches in all scenarios

• The precision gains have been inherited by the augmented approaches; estimators using entropy balancing weights 
generally display enhanced precision compared to those using modelling weights 

• The augmented “weighted G-computation” estimators are also doubly robust for the ATC, noting that the logistic 
outcome model has a canonical link function

• The augmented “weighting G-computation” estimators offer similar performance than our proposed doubly robust 
augmented estimator with entropy balancing weights (these are the least biased and most precise estimators)
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Transportability
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A transportability problem

Unanchored ITC:
• Relies on transporting 𝜇1 = 𝐸(𝑌1) from S=1 to S=0
• Conditional constancy/transportability of absolute outcomes
• Conditional on covariates, potential outcomes under T=1 are independent of data source S

Externally controlled trial, e.g., RCT with hybrid control:
• Relies on transporting 𝜇0 = 𝐸(𝑌0) from S=0 to S=1
• Conditional constancy/transportability of absolute outcomes
• Conditional on covariates, potential outcomes under T=0 are independent of data source S

Anchored ITC: 
• Relies on transporting the treatment effect of an active intervention versus a common comparator 
• Conditional constancy/transportability of treatment effects, considered easier to meet
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Anchored ITC

What is the target estimand/summary measure/causal contrast?

 
• Average treatment effect in the S=0 population?

Requires transporting ∆12 from S=1 to S=0 

• Average treatment effect in the S=1 population?

     Requires transporting ∆02 from S=0 to S=1 

• Average treatment effect in some external target population S=s?

     Requires transporting ∆12 from S=1 to S=s AND transporting ∆02 from S=0 to S=s

Note: ∆𝑡𝑡′
𝑆=𝑠= 𝑔(𝐸 𝑌𝑡 𝑆 = 𝑠])  −  𝑔(𝐸 𝑌𝑡′

𝑆 = 𝑠]) 
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Anchored ITC – typical setting

The following setting is common in HTA:
• The health technology developer has conducted an RCT (S=1) comparing its own novel intervention T=1 

versus placebo or standard-of-care T=2
• Another sponsor has conducted an RCT (S=0) comparing a “competing“ intervention T=0 versus T=2

• No head-to-head trials between T=1 and T=0
• Access to individual patient data (IPD) for S=1 but not for S=0 (only aggregate-level data from publications)

Issues:
• With no IPD for S=0, most covariate adjustment approaches restricted to contrast treatments in S=0!!!

• S=0 sample may not be representative of the original target population of eligible patients for the trial, and 
may not be representative of the target population of clinical practice in the decision-makers’ jurisdiction

• Implicit acknowledgement that the competitor’s S=0 population is more relevant to the decision than S=1
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External validity 

ITCs are used to inform HTA decisions, which are made for specific patient populations

We require treatment effects that are maximally relevant to policy decision-making and have high external 
validity with respect to the target population 

 

Remiro‐Azócar, A., 2022. Target 
estimands for population‐adjusted 
indirect comparisons. Statistics in 
Medicine, 41(28), pp.5558-5569.

“Index study”: S=1; “Comparator study”: S=0 

If we had full access to individual patient data, we could…

• Compare covariate-adjusted estimates that have been transported to the same external target population

• Perform network meta-regression followed by standardization over any desired target population
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Multilevel network meta-regression (ML-NMR)
Phillippo et al (2020), Phillippo et al (2021)

Bayesian network meta-regression approach adapted to the setting with limited individual patient data

 Define an individual-level regression 
model (IPD meta-regression) 

Average (integrate) over the target population 
to form the aggregate-level model

Parametrized on individual-level conditional effects; estimates a conditional effect

But a marginal (population-average) effect can be obtained via integration
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Multilevel network meta-regression (ML-NMR)
Phillippo et al (2020), Phillippo et al (2021)

In the anchored scenario, ML-NMR can produce treatment effects in any specified target population:

• In any of the trials in the evidence base

• In an external dataset generated from real-world data, registries or observational studies

 

Subject to two strong additional identifying assumptions!

• Shared effect modifier assumption: same set of individual-level effect modifiers for the “aggregate-level data” 
treatments versus a common comparator, and treatment-covariate interactions are identical

 Can be relaxed, but this requires at least a moderate-to-large number of trials

 

• Correct specification of the target population (if IPD lacking): distributional assumptions about correlations, 
distributional forms…particularly for non-collapsible measures, which depend on joint distribution of prognostic 
variables
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Example
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Illustrative example: anchored case (ML-NMR)

No head-to-head data available comparing 
semaglutide 2.0 mg with dulaglutide 3.0 mg or 
4.5 mg in patients with Type 2 diabetes (T2D) 

An ITC on glycated hemoglobin (HbA1c) and 
body weight was performed

 

Lingvay et al (2022)
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Evidence base

Remiro-Azócar, A. et al.., 2025. Incorporating estimands into meta-analyses of clinical trials. arXiv preprint arXiv:2510.15762.
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Evidence base

Lingvay, I., Bauer, R., Baker-Knight, J., Lawson, J. and Pratley, R., 2022. An indirect treatment comparison of semaglutide 2.0 mg vs dulaglutide 
3.0 mg and 4.5 mg using multilevel network meta-regression. The Journal of Clinical Endocrinology & Metabolism, 107(5), pp.1461-1469.

There are some differences in 
the trials’ inclusion 
criteria…target patient 
populations are not identical

Ultimately leading to 
differences in the distribution 
of baseline characteristics 
between “analysis sets”

ML-NMR was performed to 
adjust for potential effect 
modifiers:

• Baseline HbA1c

• Baseline BMI

• Baseline T2D duration
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Results

Main analysis: ML-NMR with 
AWARD-11 target population

Sensitivity analysis 1: ML-NMR with 
SUSTAIN 7 target population

Sensitivity analysis 2: ML-NMR with 
SUSTAIN FORTE target population

Sensitivity analysis 3: unadjusted 
Bayesian network meta-analysis

Conclusion: No appreciable impact of the confirming no appreciable impact of effect modification and the target population 
on the results of the analysis for HbA1c

Limitation: shared effect modifier assumption required for all dose levels of dulaglutide versus semaglutide

HbA1c

Lingvay, I., Bauer, R., Baker-Knight, J., Lawson, J. and Pratley, R., 2022. An indirect treatment comparison of semaglutide 2.0 mg vs dulaglutide 
3.0 mg and 4.5 mg using multilevel network meta-regression. The Journal of Clinical Endocrinology & Metabolism, 107(5), pp.1461-1469.
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Results

Main analysis: ML-NMR with 
AWARD-11 target population

Sensitivity analysis 1: ML-NMR with 
SUSTAIN 7 target population

Sensitivity analysis 2: ML-NMR with 
SUSTAIN FORTE target population

Sensitivity analysis 3: unadjusted 
Bayesian network meta-analysis

Conclusion: No appreciable impact of the confirming no appreciable impact of effect modification and the target population 
on the results of the analysis for body weight

Limitation: shared effect modifier assumption required for all dose levels of dulaglutide versus semaglutide

Body weight

Lingvay, I., Bauer, R., Baker-Knight, J., Lawson, J. and Pratley, R., 2022. An indirect treatment comparison of semaglutide 2.0 mg vs dulaglutide 
3.0 mg and 4.5 mg using multilevel network meta-regression. The Journal of Clinical Endocrinology & Metabolism, 107(5), pp.1461-1469.
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Moving forward
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Current methodological approaches have limitations 

• Most covariate adjustment approaches used in the context of ITCs and HTA are singly robust

• Most approaches are based on parametric modelling, relying on the correct specification of a single 
parametric model

• Strong parametric assumptions are often unsubstantiated and fail to reflect the complexities of the real data

• If the parametric model is incorrectly specified, the singly robust estimator is subject to bias and this bias 
does not decrease with sample size, at any rate

• Doubly robust estimators should be less prone to model misspecification bias than singly robust estimators; 
they offer two opportunities for valid adjustment instead of one

• Nevertheless, they are still subject to bias where the two working models are parametric: both parametric 
models may be incorrect! 
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Need for more bias-robust methodologies

The use of more modern causal inference methods, involving data-adaptive estimation within a doubly robust 
framework, remains underexploited in ITCs and HTA, and could provide: 

• Fewer structural assumptions about data generating-mechanisms, reducing the risk of model misspecification 
bias

• Precision/efficiency...while avoiding unreasonable extrapolation in poor overlap situations

• Good finite-sample performance...by allowing for the use of slower-converging models

• Valid statistical inference and uncertainty quantification...by sample splitting (”cross-fitting”) to relax the Donsker 
condition, weaking the restrictions on the algorithms that can be used

It is worth considering these in combination with entropy balancing approaches to weighting, which have desirable 
properties regardless of IPD availability

Integration with larger networks of treatments and studies and limited IPD likely to be a challenge
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