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Motivation

Analyses of CRTs require must account for clustering

However, different methods of doing so lead to different results



Example: the TRIGGER trial1

Method Odds ratioa

GEEs with independence correlation 3.69

GEEs with exchangeable correlation 3.83

Mixed-effects model 4.21

Cluster-level summaries 4.85

aFor outcome “overall adherence”

• Each method of analysis targets a different estimand

1Jairath V, Kahan BC, Gray A, et al. Restrictive versus liberal blood transfusion for acute upper gastrointestinal bleeding 
(TRIGGER): a pragmatic, open-label, cluster randomised feasibility trial. Lancet. 2015 Jul 11;386(9989):137-44.
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Estimands

They describe what happens to the same set of patients under different 

treatments1

Structured approach to describe treatment effect

Aim is to:

• Provide clarity around what’s being estimated2

• Allow investigators to align statistical analyses to their research question

1ICH E9 (R1) addendum on estimands and sensitivity analysis in clinical trials to the guideline on statistical principles for 
clinical trials
2Kahan BC, Cro S, Li F, et al. Eliminating ambiguous treatment effects using estimands. American Journal of Epidemiology
2023



Estimands for CRTs

These have additional considerations compared to individually randomised trials1, 2

• Marginal vs. cluster-specific effect

• Participant- vs. cluster-average effect

1Brennan C Kahan, Fan Li, Andrew J Copas, Michael O Harhay, Estimands in cluster-randomized trials: choosing analyses 
that answer the right question, International Journal of Epidemiology, 2023.
2Brennan C Kahan, Michael Harhay, Scott Halpern, et al. Demystifying estimands in cluster-randomised trials. ArXiv 2023 
https://arxiv.org/abs/2303.13960

https://arxiv.org/abs/2303.13960


Marginal vs. cluster-specific effects

Well studied; difference is in how summaries are applied

Marginal: summarise potential outcomes under each treatment condition 

and contrast

Intervention Control

Cluster 1 50/100 25/100

Cluster 2 75/100 60/100



Marginal vs. cluster-specific effects

Marginal: summarise potential outcomes under each treatment condition 

and contrast

Intervention Control

Cluster 1 50/100 25/100

Cluster 2 75/100 60/100

Intervention Control

Cluster 1 50/100 25/100

Cluster 2 75/100 60/100

Overall 0.625 0.425

0.625/(1 − 0.625)

0.425/(1 − 0.425)
= 𝟐. 𝟐𝟓



Marginal vs. cluster-specific effects

Cluster-specific: summarise and contrast potential outcomes within each 

cluster, then take an average across clusters

Intervention Control

Cluster 1 50/100 25/100

Cluster 2 75/100 60/100

Intervention Control OR

Cluster 1 50/100 25/100 3.0

Cluster 2 75/100 60/100 2.0

100 3.0 + 100 2.0

200
= 𝟐. 𝟓𝟎



Marginal vs. cluster-specific effects

Marginal = cluster-specific for collapsible summary measures (e.g. differences)

Marginal ≠ cluster-specific for non-collapsible measures (e.g. odds ratio)

(magnitude of difference depends on ICC)



Participant- vs. cluster-average effects

Less well studied; difference is in how data is weighted

Cluster 

size

Difference in POs 

(intervention vs. 

control)

Cluster 1 10 2

Cluster 2 10 2

Cluster 3 100 5

Cluster 4 100 5



Participant- vs. cluster-average effects

Participant-average: each participant is given equal weight

Cluster 

size

Difference in POs 

(intervention vs. 

control)

Cluster 1 10 2

Cluster 2 10 2

Cluster 3 100 5

Cluster 4 100 5

2 10 2 + 2 100 5

10 + 10 + 100 + 100
= 𝟒. 𝟕



Participant- vs. cluster-average effects

Cluster-average: each cluster is given equal weight

Cluster 

size

Difference in POs 

(intervention vs. 

control)

Cluster 1 10 2

Cluster 2 10 2

Cluster 3 100 5

Cluster 4 100 5

2 2 + 2 5

4
= 𝟑. 𝟓



Participant- vs. cluster-average effects

Participant-average = cluster-average when there is no informative cluster size

Informative cluster size (ICS)

• When outcome and/or treatment effect depends on size of cluster

• E.g. patients experience better outcomes when they present to larger hospitals 

as compared to smaller hospitals



Choice of estimand in CRTs

Need to define both marginal vs. cluster-specific and participant- vs. cluster-

average aspects

• E.g. marginal cluster-average effect

Choice depends on study objectives

• Pragmatic trial aiming to assess impact of intervention as used in practice -> 

marginal participant-average

• How much an intervention is likely to improve test scores in a typical school -> 

cluster-average
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Estimation

Each estimand requires different estimation methods

Informative cluster size poses a problem for standard estimators

• Mixed-effects models/GEEs with exchangeable correlation may be biased for 

both participant- and cluster-average effects1-3

• This is because they use inverse-variance weighting

Degree of bias increases with ICC

1Sullivan Pepe M, Anderson GL.. A cautionary note on inference for marginal regression models with longitudinal data and 
general correlated response data. Commun Stat Simul Comput 1994.
2Seaman S, Pavlou M, Copas A.. Review of methods for handling confounding by cluster and informative cluster size in clustered 
data. Stat Med 2014.
3Williamson JM, Datta S, Satten GA.. Marginal analyses of clustered data when cluster size is informative. Biometrics 2003.
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Example of bias1

Simulated example based on:

• 30 clusters with N=100 

(treatment effect = 1)

• 30 with N=10 (treatment 

effect = 5)

Bias is for participant-average 

effect

1Brennan C Kahan, Fan Li, Andrew J Copas, Michael O Harhay, 
Estimands in cluster-randomized trials: choosing analyses that 
answer the right question, International Journal of Epidemiology, 
2023.



Unbiased alternatives1,2

Independence estimating equations (IEEs)

• Uses working independence correlation structure in conjunction with cluster-

robust SEs

Analysis of cluster-level summaries

• Calculate mean in each cluster and apply regression model to cluster-level 

summaries

1Brennan C Kahan, Fan Li, Andrew J Copas, Michael O Harhay, Estimands in cluster-randomized trials: choosing analyses 
that answer the right question, International Journal of Epidemiology, 2023.
2Brennan C Kahan, Michael Harhay, Scott Halpern, et al. Demystifying estimands in cluster-randomised trials. ArXiv 2023 
https://arxiv.org/abs/2303.13960

https://arxiv.org/abs/2303.13960


What do they estimate?

IEEs estimate marginal effects1

• Can be used to estimate either participant- or cluster-average effects

• Depends on how data is weighted

Cluster-level summaries can estimate either marginal or cluster-specific effects

• And either participant- or cluster-average effects

• Depends on implementation1

2Brennan C Kahan, Michael Harhay, Scott Halpern, et al. Demystifying estimands in cluster-randomised trials. ArXiv 2023 
https://arxiv.org/abs/2303.13960

https://arxiv.org/abs/2303.13960


Revisiting TRIGGER
Estimand Estimator Odds ratio (95% CI)

Marginal participant-average 

IEEs (unweighted) 3.69 (1.83 to 7.43)

Cluster-level summaries (weighted) 3.69 (1.83 to 7.43)

Cluster-specific participant-

average 

Cluster-level summaries (weighted) 4.28 (1.11 to 16.48)

Marginal cluster-average 

IEEs (weighted) 3.92 (1.59 to 9.64)

Cluster-level summaries (unweighted) 3.92 (1.51 to 10.19)

Cluster-specific cluster-

average 

Cluster-level summaries (unweighted) 4.85 (0.85 to 27.53)



Summary

Start with estimand -> estimator

If ICS is possible, standard estimators may be biased 

Can use simple alternatives

• IEEs or cluster-level summaries
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Missing data happen! 
• >90% of CRTs have missing participant outcomes (Fiero, Trials, 2016)

• Ignoring missingness can result in bias & misleading inference 
• e.g., through a complete-case analysis

• Exacerbated with post-baseline causes of missingness 
• e.g., suppose the intervention increases care engagement, which 

improves participant outcomes and their chances of being measured
• Care status mediates the treatment-outcome relationship & confounds the 

measurement-outcome relationship
• Standard analytic approaches fail

(laura.balzer@berkeley.edu)

Intervention

Care engagement

Measurement

Outcome



Few clusters! 
• By design, participants are dependent

• e.g., clustered or grouped within households, clinics, 
schools, communities…

• # of independent units <<< # participants
• Ignoring this dependence can result in bias & 

misleading inference 
• Median of 30 clusters randomized (Selvaraj, JAMA 

Int Med, 2013) 

4

Social network from Uganda-East with nodes as 
residents, edges as connections, & colors as 
village within the community. (Chen, Epi, 2021)

(laura.balzer@berkeley.edu)



Solution: Two-Stage TMLE
• Goal 1: Reduce bias due to missing outcomes 
• Goal 2: Improve efficiency when estimating effects with few units

• Proposed, evaluated, and applied Two-Stage TMLE (targeted minimum 
loss-based estimation)

• Separates control for differential missingness/censoring at the individual-level from 
evaluation of the intervention effect

• Stage 1: in each cluster separately, identify and estimate a cluster-level 
endpoint that appropriately accounts for missingness

• Stage 2: use the estimates from Stage 1 to evaluate the intervention 
effect with maximum precision

5
(Balzer, Biostats, 2021)



Stage 1: Identify & estimate in each cluster
• Identify: Causal parameter, corresponding to hypothetical interventions to 

ensure complete outcome measurement, to a statistical estimand
• By stratifying on each cluster, we move from a complex problem

• Involving multi-level data structure and the missing data equivalent of time-
dependent confounding 

6

Cluster & 
individual
baseline 
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Individual 
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outcome
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Cluster 
treatment

Individual 
underlying 
outcome

(laura.balzer@berkeley.edu)



Stage 1: Identify & estimate in each cluster
• To a simpler identification problem

• Since the cluster-level covariates and treatment are constant, we 
can effectively collapse the causal graph to

• Lets the missingess mechanism vary by cluster
• Applies to more complex settings, such as time-to-event outcomes

7

Individual baseline 
& time-varying 
covariates

Individual 
observed 
outcome

Individual 
measurement

Individual 
underlying 
outcome

(laura.balzer@berkeley.edu)



Stage 1: Identify & estimate in each cluster

• We could implement a parametric approach:
• G-computation (Robins, Mathematical modeling, 1986)

• Inverse probability weighting (Horvitz, JASA, 1952)

• But misspecification → bias and misleading inference

• We want to harness recent advances in machine learning
• e.g., Super Learner: an ensemble method to combine predictions 

from multiple algorithms (van der Laan, Stat App Gen, 2007)

• But simple application of machine learning results in the wrong 
bias-variance tradeoff + challenges for statistical inference

Like Brainy Smurf, parametric 
regressions pretend to know 

more than we actually do

8(laura.balzer@berkeley.edu)

By our algorithms 
combined…



Solution: Targeted Learning
• TMLE (Targeted minimum loss-based estimation): a 

general framework for the construction of doubly robust, 
semiparametric efficient, substitution estimators

• Updates of initial estimates of the expected outcome using 
information in treatment mechanism

• Focus estimation where it matters most for our question
• Accurate quantification of uncertainty

• Integrates machine learning with formal statistical theory

(van der Laan & Rubin, IJB, 2006; van der Laan & Rose, Targeted Learning, 2011)

Like Robin Hood, we target 
to hit the bullseye!

9
(laura.balzer@berkeley.edu)



Solution: Two-Stage TMLE
• Stage 1: within each cluster separately, identify and estimate an endpoint 

• Adjusting for differential missingness/censoring at the individual-level

• Stage 2: given those cluster-specific endpoint estimates, evaluate the 
intervention effect with maximum precision

• Observed data are cluster-level
• W: baseline covariates
• A:  indicator that randomized to the intervention
• Y:  cluster-specific endpoint, estimated from Stage 1

10
(laura.balzer@berkeley.edu)



Stage 2: Unadjusted effect estimator
• At cluster-level, no confounding and complete follow-up

• Identification is trivial
• Estimate the intervention effect by contrasting the average outcomes 

between treatment arms
• e.g., !𝔼 𝑌	 𝐴 = 1) − !𝔼 𝑌	 𝐴 = 0)	 or   !𝔼 𝑌	 𝐴 = 1) ÷ !𝔼 𝑌	 𝐴 = 0)	

• Unadjusted estimator
• Unbiased - assuming Stage 1 appropriately accounts for missingness 
• But inefficient
• Adjustment for baseline covariates increases precision in randomized trials 

(e.g., Gail, Stat Med, 1996; Hayes & Moulton, CRTs, 2009; Moore, Stat Med, 2009; Rosenblum, IJB, 2010; 
Turner, Am J Pub Health, 2017; Murray, Annu Rev Public Health, 2020; Benkeser, Biometrics, 2020)

(laura.balzer@berkeley.edu)



Stage 2 challenge: which covariates and 
what form?
• The analysis plan must be pre-specified
• Unclear a priori which covariates to include in the adjustment set W when

• Predicting the outcome: 𝔼 𝑌 𝐴,𝑊
• Estimating the treatment mechanism: ℙ(𝐴 = 1|𝑊)
• Also what form? 

• Breadth of adjustment is restricted by number of independent units
• Must improve precision without sacrificing Type-I error control

12
(laura.balzer@berkeley.edu)



Solution: Adaptive Pre-specification
• Procedure to data-adaptively select the adjustment approach to 

maximize precision, while preserving Type-I error 
• Pre-specify

1. Candidate estimators of the conditional mean outcome 𝔼 𝑌 𝐴,𝑊
• e.g., “working” GLMs (Rosenblum, IJB, 2010)

2. Candidate estimators of the treatment mechanism ℙ 𝐴 = 1 𝑊 = 0.5	
• Each candidate yields a different update to an initial estimator !𝔼(𝑌|𝐴,𝑊) 

3. Measure of performance
• Loss function: squared influence curve for the TMLE
• Risk: variance of the TMLE

4. Cross-validation (CV) scheme to select the candidate with the smallest 
CV-variance estimate

13
(Rubin, IJB, 2008; Balzer, StatMed, 2016)



Solution: Adaptive Pre-specification
• With these ingredients, we now have a fully pre-specified and 

automated procedure to data-adaptively select the adjustment 
approach that maximizes empirical efficiency

• Exciting side note: recently extended this procedure for larger 
randomized trials (N>40) with substantial gains in precision

14
(laura.balzer@berkeley.edu)

• Figure: 95% confidence intervals with 
• unadjusted estimator (purple)
• fixed adjustment (blue)
• small-trial adaptive pre-specification (green)
• large-trial implementation (red)

• Tech report: https://arxiv.org/abs/2210.17453 

https://arxiv.org/abs/2210.17453


Application to SEARCH
• Universal HIV Test-and-Treat Trial

• Test all for HIV and immediate treatment for persons with HIV
• SEARCH used a community-based, multi-disease, patient-centered 

care approach

• Design: Cluster randomized trial of >320,000 participants in 
32 communities in rural Uganda and Kenya

• www.searchendaids.com (NCT:01864603)

(laura.balzer@berkeley.edu)
15

http://www.searchendaids.com/


Application to SEARCH
• Stage 1 demonstration: impact of missing data on estimates of 

population-level HIV viral suppression in the intervention arm
• Proportion of persons with HIV who are suppressing viral replication (<500c/mL)

ℙ 𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑒𝑑 = 1	 𝐻𝐼𝑉 = 1)

16
(laura.balzer@berkeley.edu)

• Statistical analysis plan: https://arxiv.org/abs/1808.03231
• Code: https://github.com/LauraBalzer/SEARCH_Analysis_Adults
• Results:  Havlir, NEJM, 2019; Balzer, Epi, 2020

https://arxiv.org/abs/1808.03231
https://github.com/LauraBalzer/SEARCH_Analysis_Adults


Application to SEARCH
• High levels of testing achieved through community-

based, multi-disease health fairs with follow-up for non-
participants

• e.g., at baseline, 90% of 150,395 adults (15+yrs) tested for HIV
• Same mechanism to measure HIV RNA (viral loads) 

• Tempting to estimate population-level suppression with 
the raw proportion

#	𝑠𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑒𝑑	𝑣𝑖𝑟𝑎𝑙	𝑙𝑜𝑎𝑑
#	𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑	𝑣𝑖𝑟𝑎𝑙	𝑙𝑜𝑎𝑑

• Rely on the missing-completely-at-random assumption

(Chamie, Lancet HIV, 2016; Havlir, NEJM, 2019; Balzer, Epi, 2020)
17

(laura.balzer@berkeley.edu)



Results:

• Unadjusted: Raw 
proportion among those 
measured
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Results:

• Unadjusted (light blue)
• Baseline adjusted 

(medium blue): 
stratifying on sex, age-
group, & community
• Equivalent to saturated 

regressions in Gcomp. or 
inverse-weighting

• Stratification on baseline predictors yielded slightly lower estimates
• But not meaningfully different
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Results:

• Unadjusted (light blue)
• Baseline adjusted 

(medium blue)
• Fully adjusted (dark 

blue): control for 
baseline & time-varying 
covariates with TMLE + 
Super Learner

• Full adjustment yielded substantially & meaningfully lower estimates
• Sub-population with measured viral loads was enriched for persons with prior diagnoses, 

ART use, & suppressionà major drivers of current suppression 
20
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Application to SEARCH
• Stage 2 demonstration: impact of adjustment when estimating the 

intervention effect 
• Three-year cumulative incidence of HIV (primary study outcome)

• Assessed through longitudinal follow-up of a closed cohort
• Incidence of HIV-associated active tuberculosis (TB) or death to due illness

• Time-to-event outcome subject to right-censoring
• Population-level HIV viral suppression

• Assessed cross-sectionally

• Focus on efficiency gains when using TMLE with Adaptive Pre-specification 
in Stage 2 after adjusting for missingness/censoring in Stage 1

• Compare with an unadjusted effect estimator in Stage 2 
21

(laura.balzer@berkeley.edu)



*Precision gain: !"#$"%&'	)*	+%",-+./',
!"#$"%&'	)*	0123

22

Focusing on Stage 2 Effect 95%CI Efficiency*
Three-year cumulative HIV Incidence
Unadjusted 0.98 (0.66, 1.45) -
TMLE with Adaptive Prespec. 0.96 (0.80, 1.17) 4.6
Incidence of HIV-associated TB or death 
Unadjusted 0.79 (0.64, 0.98) -
TMLE with Adaptive Prespec. 0.80 (0.69, 0.91) 2.6
Population-level Viral Suppression
Unadjusted 1.15 (1.11, 1.20) -
TMLE with Adaptive Prespec. 1.15 (1.11, 1.20) 1.0

(laura.balzer@berkeley.edu)



Summary 
• Two-Stage TMLE simultaneously addresses bias due to missing individual-

level outcomes and imprecision due to few randomized units (i.e., clusters)
• Applicable to wide range of

• Measurement schemes (e.g., cross-sectional sampling, longitudinal follow-up) 
• Endpoint types (e.g., binary, continuous, rate, time-to-event outcomes)
• Causal parameters (e.g., population, conditional, sample effects)

• Simulations [not shown]: potential to overcome the shortcomings of existing 
methods, especially with post-baseline causes of missingness

• Application to SEARCH: real-life improvements

23
(laura.balzer@berkeley.edu)



Other ongoing work in CRTs
• Importance of specifying the research question

• Traditionally, analyses of CRTs have allowed the method to 
determine the effect estimated

• e.g., GEE with a logit-link yields odds ratios
• With TMLE, we can learn effects

• on any scale 
• at any level

• e.g., in the PTBi study, the intervention reduced the individual-level 
risk of preterm infant mortality by 35% and the cluster-level 
incidence of preterm infant mortality by only 19%

• Led by Alejandra Benitez

24

Effect Estimate (95%CI)

Individual-level 0.65 (0.43, 0.98)

Cluster-level 0.81 (0.59, 1.11)(Benitez, https://arxiv.org/abs/2110.09633, 2021)

https://arxiv.org/abs/2110.09633


Other ongoing work in CRTs
• More missingnesss

• Sub-sampling, on the baseline outcome status among 
those sampled, and final outcome among those at risk 

• Far fewer clusters
• Assumptions increase our effective sample size, but blur 

the lines between CRTs and observational studies
• Application to SEARCH-TB: 

• Under unrealistic assumptions: SEARCH increased 
incident TB infection by 18% 

• After accounting for the sampling scheme, missingness, 
and within community dependence: SEARCH decreased 
the incident TB infection by 27% 

• Led by Josh Nugent
(Nugent, https://arxiv.org/abs/2208.09508, 2022)

https://arxiv.org/abs/2208.09508
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SEARCH Study: Arms
• Intervention:

• Testing: Health fairs* at baseline and annually
• Treatment: Universal eligibility
• Care: Patient-centered, streamlined**

• Active control:
• Testing: Health fairs* at baseline
• Treatment: Country guidelines, changed over time
• Care: Country standard

*Multi-disease (HIV, hypertension, diabetes, malaria, . . . ) screening/linkage with follow-up for 
non-participants (Chamie, LancetHIV, 2016)
**Chronic care model, rapid ART start, welcoming environment, flexible clinic hours, mobile 
phone triage and reminders (Kwarisiimia, JIAS, 2017)

28
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SEARCH Study: Summary
• A community health approach with a patient-centered, multi-disease 

model rapidly increased population-level HIV viral suppression from 
42% to 79% (intervention) – compared to control (68%)

29
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Simulation study: Design
• N=30 clusters with ~150 participants/cluster
• Randomized the cluster-level intervention
• Included an individual-level mediator (i.e., post-baseline covariate) 
• Included differential outcome measurement by arm 

30

Cluster & 
individual
baseline 
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Individual 
mediator

Individual 
observed 
outcome

Individual 
measurement 
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Simulation study: Estimators compared 
1. Student’s t-test, the only unadjusted estimator
2. Covariate adjusted residuals estimator (CARE) (Hayes & Moulton, CRTs, 2009) 

3. Mixed models (a.k.a., random effects models)
4. Generalized estimating equations (GEE) 
5. DR-GEE, an extension of GEE to incorporate weights to adjust for 

baseline drivers of missingness (Prague, Biometrics, 2016)

6. Two-Stage TMLE (Balzer, Biostats, 2021)

• Comparators selected, because they are most commonly implemented in CRTs 
(Turner, AJPH, 2017; Murray, Prev Med, 2018)

31
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Simulation study: Results for the risk 
difference (RD = -9.2%)

32

!𝑝𝑡: average point estimate (%)
bias: average deviation between estimates and effect (%) 
𝜎: standard deviation of the point estimates
%𝜎: average standard error estimate 
coverage: proportion of 95% confidence intervals containing the true effect (%)

!𝑝𝑡 bias 𝜎 %𝜎 coverage

t-test -32.0 -22.9 0.048 0.050 0.8

CARE -21.8 -12.7 0.037 0.037 7.8

Two-Stage TMLE -9.8 -0.7 0.038 0.046 98.8

(laura.balzer@berkeley.edu)



Simulation study: Results for the risk 
ratio (RR = 0.88)

33

!𝑝𝑡: average point estimate
bias: average deviation between estimates and effect 
𝜎: standard deviation of the point estimates (on log-scale)
%𝜎: average standard error estimate (on log-scale)
coverage: proportion of 95% confidence intervals containing the true effect (%)

!𝑝𝑡 bias 𝜎 %𝜎 coverage

Mixed models 0.72 -0.16 0.049 0.069 7.0

GEE 0.72 -0.16 0.049 0.056 4.8

DR-GEE 0.68 -0.20 0.049 0.054 0.2

Two-Stage TMLE 0.88 -0.01 0.051 0.062 98.4

(laura.balzer@berkeley.edu)



Stage 1: TMLE for missing 
individual-level outcomes
1. Among those measured, use Super Learner to flexibly model 

the relationship between the outcome and adjustment factors
2. Use the output from #1 to predict the outcome for all 

observations
3. Target these machine learning-based predictions with 

information in the propensity score (i.e., the probability of 
measurement, given the adjustment set)
• Also fit with Super Learner

4. Average the targeted predictions

(laura.balzer@berkeley.edu)



Stage: TMLE for the intervention effect in 
(without adaptive pre-specification)
1. Regress the outcome Y on the treatment A & adjustment variables W: 

&𝔼(𝑌|𝐴,𝑊) 
• e.g., working logistic regression of estimated viral suppression on the intervention 

assignment and baseline HIV prevalence

2. Use the coefficients from #1 to predict the outcome under the 
intervention &𝔼(𝑌|𝐴 = 1,𝑊) and under the control &𝔼(𝑌|𝐴 = 0,𝑊) 

3. Target these predictions with information in the estimated treatment 
mechanism: &ℙ 𝐴 = 1 𝑊
• Second opportunity to adjust for predictive covariates

4.  Average the targeted predictions and contrast

35
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A note on statistical inference
• Two-Stage TMLE is an asymptotically linear estimator

&𝜓 − 𝜓 =
1
𝑁
,
!"#

$

𝐼𝐶! + 𝑅$

where !𝜓 is the estimator, 𝜓 the estimand, 𝐼𝐶! the influence curve for cluster i, 
and 𝑅" = 𝑜# 𝑁$!"  the remainder term, going to zero in probability

36
(Balzer, Biostatistics, 2021)

• Implies, by the Central Limit Theorem, normally distributed in the limit
• Construction of 95% confidence intervals & hypothesis testing

• Briefly, requires a consistent estimator of the cluster-level endpoint in Stage 1
• Missingness matters! 

• Having sufficiently sized clusters is important
• Biased estimators of cluster-specific endpoints → biased estimates and misleading 

inference for the intervention effect



Summary
• Remaining challenge: Stage 1 adjustment for missingness/censoring occurs 

within each cluster separately
• Limits breadth and flexibility of adjustment when the outcome is rare or the 

cluster-specific sample size is small 

• Future work: 
• Address above challenge through a single stage approach 

• Extend Hierarchical TMLE for missing individual-level outcomes (Balzer, SMMR, 2019)

• Extend to observational studies, where clustering is also common
• Stage 2: Adjustment for the purposes of confounding control (instead of efficiency gains) 
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Motivating example: PPACT

Cognitive behavioral therapy

for chronic pain

1:1 to 106 doctors

Linear mixed models (LMM) & 

Generalized estimating equations (GEE)

Model-based inference:

Interpret 𝛽𝐴 as “treatment effect” 

3



Model-based inference

o GEE and LMM were used by 68% of CRTs. (Fiero et al. 2015, Trials)

o Issue 1: The marginal estimand is unclear.

o Issue 2: Model misspecification.

Goal 1: robust inference with GEE or LMM

o robust : valid inference in large samples when models are arbitrarily wrong.

Our contribution 1: We adapted GEE and LMM to achieve robust inference for 

cluster- and individual-average estimands.

NAME OF INITIATIVE 4



Model-based inference

Issue 3: Parametric models are too restrictive to fully capture the power gain from 

covariate adjustment.

Goal 2: efficient inference

o efficient: theoretically maximized power in large samples.

Our contribution 2: We proposed efficient estimators using machine learning.

o We extended Balzer (2019), Benitez (2021) to handle cluster size variation dependent on 

treatment and covariates.

o Omitted from this talk.

NAME OF INITIATIVE 5



Outline

6

2. Robust inference with GEE and LMM

3. Data application

1. Setup



Estimands

NAME OF INITIATIVE 7

o The cluster-average estimand answers

“What is the expected change in outcome associated with treatment for a 

typical cluster?”

o The individual-average estimand answers

“What is the expected change in outcome associated with treatment for a 

typical patient?”

o We focus on the difference, ratio, and other scales of treatment effect.



Setup

o Each cluster 𝑖 = 1,… ,𝑚 has 

o population size 𝑁𝑖,

o observed cluster size 𝑀𝑖 ≤ 𝑁𝑖,

o a random treatment 𝐴𝑖.

o Each individual 𝑗 = 1,… , 𝑁𝑖 has 

o an outcome 𝑌𝑖𝑗,

o covariates 𝑋𝑖𝑗.

NAME OF INITIATIVE 8

Assumptions

o Inter-cluster independence

o Arbitrary intra-cluster correlation

o (For simplicity) Independent 

observed cluster size with random 

sampling.



Outline
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2. Robust inference with GEE and LMM

3. Data application

1. Setup



GEE for CRTs

NAME OF INITIATIVE 10

o Mean model:

𝐸 𝑌𝑖𝑗 𝐴𝑖 , 𝐿𝑖𝑗 = 𝑔−1 𝛽0 + 𝛽𝐴𝐴𝑖 + 𝛽𝐿𝐿𝑖𝑗

o Estimation :

σ𝑖=1
𝑚 D𝑖

𝑇V𝑖
−1 𝑌𝑖

𝑜 − 𝜇𝑖
𝑜 = 0. 

o መ𝛽𝐴 targets neither estimand.

Canonical link User-specified covariates

Commonly use exchangeable correlation 



Weighted g-computation estimator

11

o Step 1: estimate marginal means: 𝑎 = 0,1

Ƹ𝜇𝐺𝐸𝐸(𝑎) =
1

𝑚
෍

𝑖=1

𝑚
1

𝑀𝑖
෍

𝑗

𝑔−1( መ𝛽0 + መ𝛽𝐴𝑎 + መ𝛽𝐿𝐿𝑖𝑗)

g-computation

o Step 2: estimator ෡Δ𝐺𝐸𝐸 = Ƹ𝜇𝐺𝐸𝐸 1 − Ƹ𝜇𝐺𝐸𝐸(0) for estimand Δ.

o Step 3: Sandwich variance estimator ෠𝑉𝐺𝐸𝐸.

weighting



Results for GEE
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Theorem 1

෠𝑉𝐺𝐸𝐸
−1/2 ෡Δ𝐺𝐸𝐸 − Δ ՜

𝑑
N 0,1

if GEE uses

(a) a correct mean model,

or (b) Gaussian working model,

or (c) an independence working correlation,

or (d) no individual-level covariate.



Implications
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o Many linear-adjusted estimators in the literature are special cases of GEE.    

(Imai et al, 2009, Stat Sci; Su and Ding 2021, JRSSB; Bugni et al. 2022, arXiv)

o Okay to not estimate within-cluster correlation.

o For non-independent cluster size, Theorem 1 still holds with independence 

working correlation and cluster weights 1/𝑀𝑖.



𝑌𝑖𝑗 = 𝛼0 + 𝛼𝐴𝐴𝑖 + 𝛼𝐿𝐿𝑖𝑗 + 𝛾𝑖 + 𝜖𝑖𝑗

o LMM is a special case of GEE.

o Like GEE, we construct the weighted g-computation estimator ෡Δ𝐿𝑀𝑀 with 

sandwich variance estimator ෠𝑉𝐿𝑀𝑀.

LMM for CRTs 

14

random effect residual error



Results for LMM
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Theorem 2

෠𝑉𝐿𝑀𝑀
−1/2 ෡Δ𝐿𝑀𝑀 − Δ ՜

𝑑
N 0,1 .

Special case

Given 1:1 randomization, model-based inference based on ො𝛼𝐴 is valid for Δ. 



Outline
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2. Robust inference with GEE and LMM

3. Data application

1. Setup



Results of data analyses with GEE
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Study
Number of 

clusters

Cluster 

sizes
Estimates for 𝚫 RE

PPACT 106 1-10 -0.53 (-0.83, -0.22) 2.50

Work, Family, and Health 

Study
56 3-50 0.21 ( 0.11,  0.31) 2.86

Improving rational use of 

artemisinin
32 39-129 0.07 (-0.01,  0.15) 1.10

RE: relative efficiency compared to unadjusted analyses

We highly recommend using robust covariate adjustment in analyses 

of CRTs.



More about this paper
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Full paper

https://arxiv.org/abs/2210.07324

Personal webpage

https://bingkaiwang.com/

Co-authors
Chan Park, Department of Statistics and Data Science, University of Pennsylvania

Dylan Small, Department of Statistics and Data Science, University of Pennsylvania

Fan Li, Department of Biostatistics and Center for Methods in Implementation and Prevention 

Science, Yale University

Thank you!
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Stepped wedge cluster randomized trials

▶ Stepped wedge cluster randomized trials (SW-CRTs) sequentially
transition experiment units (clusters) from control to the intervention
conditions

seq 4

seq 3

seq 2

seq 1

cal period 1 → cal period 2 → cal period 3 → cal period 4 → cal period 5

▶ each sequence (seq) can include multiple clusters
▶ calendar period (cal period) often defined evenly

▶ SW-CRTs are increasingly popular in pragmatic trials

▶ ensure full roll-out of an intervention during the study period
▶ feasible to allocate finite resources at multiple calendar periods

2 / 19



Elements for causal inference

▶ Estimands in SW-CRTs

▶ informative cluster size or cluster-period size
▶ two time scales: calendar time and exposure time

▶ Baseline covariate adjustment are common1

▶ covariate adjustment methods that preserve the target estimand under
misspecification

▶ A clear conceptual framework is necessary

▶ Goal: discuss the set of nonparametric model space for which these
developments can be supported

1Nevins, Pascale, et al. A Scoping Review described diversity in methods of randomization
and reporting of baseline balance in Stepped-Wedge Cluster Randomized Trials. JCE (2023).
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Elements for causal inference

▶ Estimands in SW-CRTs

▶ informative cluster size or cluster-period size (×)
▶ two time scales: calendar time and exposure time (✓)

▶ Baseline covariate adjustment are common2

▶ covariate adjustment methods that preserve the target estimand under
misspecification (✓)

▶ A clear conceptual framework is necessary

▶ Goal: clarify the set of nonparametric model space for which these
developments can be supported

1Nevins, Pascale, et al. A Scoping Review described diversity in methods of randomization
and reporting of baseline balance in Stepped-Wedge Cluster Randomized Trials. JCE (2023).

3 / 19



Notation

▶ 𝐼: total number of clusters

▶ 𝑀𝑖: finite, source population size in cluster 𝑖 = 1, . . . , 𝐼

▶ 𝐽 + 2: total number of periods, indexed by 𝑗 = 0, . . . , 𝐽 + 1

▶ in period 0, all clusters are in the control condition

▶ as time proceeds, each cluster will start receiving treatment in a period
randomly chosen among {1, . . . , 𝐽 + 1}

▶ in period 𝐽 + 1, all clusters are in the treatment condition

▶ 𝑌𝑖 𝑗𝑘 : observed outcome of individual 𝑘 in cluster 𝑖 in period 𝑗

▶ 𝑿𝑖𝑘 : baseline covariates for individual 𝑘 in cluster 𝑖 (time invariant)

▶ 𝑆𝑖 𝑗𝑘 : binary sampling indicator

▶ 𝑁𝑖 𝑗 =
∑𝑀𝑖

𝑘=1 𝑆𝑖 𝑗𝑘 : number of observed individuals in period 𝑗 in cluster 𝑖
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Conceptualization - cross-sectional sampling

Figure 1: An illustrative example of the sampling for a cluster (𝑖 = 1) in a SW-CRT
with 𝐽 = 3.
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Notation - cont’d

▶ 𝑍𝑖 = 𝑗 : if cluster 𝑖 starts receiving treatment in the beginning of period
𝑗 , 𝑗 ∈ {1, . . . , 𝐽 + 1}

▶ Observed data for each cluster:
𝑶𝑖 = {𝑌𝑖 𝑗𝑘 , 𝑿𝑖𝑘 , 𝑍𝑖 : 𝑆𝑖 𝑗𝑘 = 1, 𝑗 = 0, 1, . . . , 𝐽 + 1, 𝑘 = 1, . . . , 𝑀𝑖}

▶ Pursue the potential outcomes framework

▶ 𝑌𝑖 𝑗𝑘 (𝑑): potential outcome of individual 𝑘 in cluster 𝑖 at period 𝑗 if the
cluster has been treated for exactly 𝑑 periods, i.e., 𝑍𝑖 = 𝑗 − 𝑑 + 1

▶ a version of Stable Unit Treatment Value Assumption

𝑌𝑖 𝑗𝑘 =

𝑗∑︁
𝑑=1

𝐼{𝑍𝑖 = 𝑗 − 𝑑 + 1}𝑌𝑖 𝑗𝑘 (𝑑) + 𝐼{𝑍𝑖 > 𝑗}𝑌𝑖 𝑗𝑘 (0).

▶ complete, but not fully observed, data vector for each cluster 𝑖:
𝑾𝑖 = {(𝑌𝑖 𝑗𝑘 (𝑑), 𝑆𝑖 𝑗𝑘 , 𝑿𝑖𝑘 , 𝑍𝑖 , 𝑀𝑖) : 𝑘 = 1, . . . , 𝑀𝑖 , 1 ≤ 𝑑 ≤ 𝑗 ≤ 𝐽}

▶ omit data from period 0 and 𝐽 + 1 for now (positivity/overlap)
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Nonparametric assumptions

Formalize a super-population framework to enable causal inference

Assumption 1 (Super-population): 𝑾𝑖 for 𝑖 = 1, . . . , 𝐼 are i.i.d. samples
from an unknown distribution with finite second moments

Assumption 2 (Staggered randomization): 𝑍𝑖 ⊥ 𝑾𝑖 . In addition,
𝑃(𝑍𝑖 = 𝑗) = 𝜋 𝑗 > 0 for 𝑗 = 1, . . . , 𝐽 + 1 so that

∑𝐽+1
𝑗=1 𝜋 𝑗 = 1

Assumption 3 (Non-informative cluster size): Within each cluster 𝑖, the
vectors {𝑌𝑖1𝑘 (0), . . . , 𝑌𝑖𝐽𝑘 (𝐽), 𝑿𝑖𝑘} for 𝑘 = 1, . . . , 𝑀𝑖 are identically
distributed given 𝑀𝑖

Assumption 4 (Non-informative enrollment):
{𝑆𝑖 𝑗𝑘 : 𝑗 = 1, . . . , 𝐽, 𝑘 = 1, . . . , 𝑀𝑖} is independent of the other random
variables in 𝑾𝑖 given 𝑀𝑖 , and {𝑁𝑖1, . . . , 𝑁𝑖𝐽 } ⊥ 𝑀𝑖
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Estimands

▶ Interested in inferring the class of average treatment effect estimands

Δ 𝑗 (𝑑) = 𝐸{𝑌𝑖 𝑗𝑘 (𝑑)} − 𝐸{𝑌𝑖 𝑗𝑘 (0)}, for 1 ≤ 𝑑 ≤ 𝑗 ≤ 𝐽.

▶ model-free definition!

▶ 𝐽 (𝐽 + 1)/2 estimands in total

▶ as a starting point, we do not consider estimands defined for the last period
𝑗 = 𝐽 + 1 (partially because 𝑌𝑖,𝐽+1,𝑘 (0) is not well-defined, or truncated
by design)

▶ likewise, 𝑌𝑖1𝑘 (𝑑) for 𝑑 ≥ 1 is also truncated by design

▶ a few examples to follow
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Example 1: Constant treatment effect Δ

▶ Assume Δ 𝑗 (𝑑) is constant for all 𝑗 and 𝑑, i.e., Δ 𝑗 (𝑑) ≡ Δ

Δ Δ Δ

Δ Δ

Δ

seq 4

seq 3

seq 2

seq 1

cal period 1 → cal period 2 → cal period 3 → cal period 4 → cal period 5

▶ The majority of the existing literature is built on this assumption (Hussey
and Hughes, 2007)
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Example 2: Duration-specific treatment effect 𝚫𝐷

= (Δ(1), . . . ,Δ(𝐽))⊤

▶ Consider Δ 𝑗 (𝑑) to be constant across 𝑗 , but vary by 𝑑, i.e.,
Δ 𝑗 (𝑑) = Δ(𝑑)

Δ(1) Δ(2) Δ(3)

Δ(1) Δ(2)

Δ(1)

seq 4

seq 3

seq 2

seq 1

cal period 1 → cal period 2 → cal period 3 → cal period 4 → cal period 5

▶ ignoring duration effects (exposure-time heterogeneity) can lead to
erroneous conclusions (Kenny et al, 2022; Mayeleff et al. 2022)

▶ dynamic causal effects in the difference-in-differences literature (e.g. Sun
and Abraham, 2021)
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Example 3: Period-specific treatment effect 𝚫𝑃

= (Δ1, . . . ,Δ𝐽)⊤

▶ Allow the treatment effect to vary by the period of measurement, but
not the duration of treatment, i.e.,Δ 𝑗 (𝑑) = Δ 𝑗

Δ1 Δ2 Δ3

Δ2 Δ3

Δ3

seq 4

seq 3

seq 2

seq 1

cal period 1 → cal period 2 → cal period 3 → cal period 4 → cal period 5

▶ account for unmeasured, exogenous time-varying factors (such as external
shock) that contribute to variations of potential outcomes

▶ not sufficiently explored in prior literature
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Example 4: Saturated treatment effect 𝚫𝑆

= (Δ1(1),Δ2(1),Δ2(2), . . . ,Δ𝐽 (𝐽))⊤

▶ The most granular set of estimands with fine resolution

Δ1 (1) Δ2 (2) Δ3 (3)

Δ2 (1) Δ3 (2)

Δ3 (1)

seq 4

seq 3

seq 2

seq 1

cal period 1 → cal period 2 → cal period 3 → cal period 4 → cal period 5

▶ make the least assumptions but include the most parameters to estimate
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Mixed-model analysis of covariance (ANCOVA)

▶ Consider the following working linear mixed model

𝑌𝑖 𝑗𝑘 = 𝛽0 𝑗 + 𝑇𝐸𝑖 𝑗 + 𝜷⊤
𝑿𝑿𝑖𝑘 + 𝑅𝐸𝑖 𝑗 + 𝜀𝑖 𝑗𝑘 , (1)

▶ 𝛽0 𝑗 : intercept parameter for period 𝑗

▶ 𝑇𝐸𝑖 𝑗 : term encoding treatment effects

▶ 𝜷𝑿 : coefficient for baseline variables

▶ 𝑅𝐸𝑖 𝑗 : term for random effects to account for intracluster correlation

▶ 𝜀𝑖 𝑗𝑘 ∼ 𝑁 (0, 𝜎2): residual random error

▶ 𝜷𝑿 can be replaced by 𝜷𝑿 𝑗 to reflect a period-varying correlation, and all
of our asymptotic results will still hold under this setting

▶ mixed ANCOVA 1 model (Wang et al., 2021+)
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Parameterization of treatment effect

▶ Specification of the treatment effect term 𝑇𝐸𝑖 𝑗

▶ constant treatment effect Δ:

𝑇𝐸𝑖 𝑗 = 𝛽𝑍 𝐼{𝑍𝑖 ≤ 𝑗} with a scalar treatment effect coefficient 𝛽𝑍

▶ duration-specific treatment effect 𝚫𝐷 :

𝑇𝐸𝑖 𝑗 =
∑ 𝑗

𝑑=1 𝛽𝑍𝑑 𝐼{𝑍𝑖 = 𝑗 − 𝑑 + 1}, where 𝛽𝑍𝑑 targets the treatment
effect for duration 𝑑

▶ period-specific treatment effect 𝚫𝑃 :

𝑇𝐸𝑖 𝑗 = 𝛽 𝑗𝑍 𝐼{𝑍𝑖 ≤ 𝑗}, where 𝛽 𝑗𝑍 targets the treatment effect in period 𝑗

▶ saturated treatment effect 𝚫𝑆 :

𝑇𝐸𝑖 𝑗 =
∑ 𝑗

𝑑=1 𝛽 𝑗𝑍𝑑 𝐼{𝑍𝑖 = 𝑗 − 𝑑 + 1} with coefficient 𝛽 𝑗𝑍𝑑 targeting
Δ 𝑗 (𝑑)
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Random effects specification

▶ Specification of the random effect term 𝑅𝐸𝑖 𝑗 (Li et al, 2021, SMMR)

▶ 𝑅𝐸𝑖 𝑗 = 0: an independence working correlation structure

▶ 𝑅𝐸𝑖 𝑗 = 𝛼𝑖 with 𝛼𝑖 ∼ 𝑁 (0, 𝜏2): an exchangeable working correlation
structure

▶ 𝑅𝐸𝑖 𝑗 = 𝛼𝑖 + 𝛾𝑖 𝑗 with 𝛼𝑖 ∼ 𝑁 (0, 𝜏2) and 𝛾𝑖 𝑗 ∼ 𝑁 (0, 𝜅2): a nested
exchangeable working correlation structure

▶ only a working assumption!

▶ These specifications allow us to analytically investigate
model-robustness of the average treatment effect estimators
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Model-robustness

▶ Main Result. Under Assumptions 1–4,
(a) assuming a constant treatment effect,
𝑉−1/2 (𝛽𝑍 − Δ) 𝑑−→ 𝑁 (0, 1);
(b) assuming duration-specific treatment effects,(
V̂𝐷

)−1/2 (
𝜷𝐷
𝑍
− 𝚫𝐷

)
𝑑−→ 𝑁 (0, I𝐽 );

(c) assuming period-specific treatment effects,(
V̂𝑃

)−1/2 (
𝜷𝑃
𝑍
− 𝚫𝑃

)
𝑑−→ 𝑁 (0, I𝐽 );

(d) assuming saturated treatment effects,(
V̂𝑆

)−1/2 (
𝜷𝑆
𝑍
− 𝚫𝑆

)
𝑑−→ 𝑁 (0, I𝐽 (𝐽+1)/2),

where I𝑞 is the 𝑞 × 𝑞 identity matrix for a positive integer 𝑞.

▶ Punchline: mixed ANCOVA offers consistent causal estimates (a) as
long as the treatment effect structure (w.r.t. 2 time scales) is correct; (b)
even if all other aspects of the working model are incorrect
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Generalization to other effect measures

▶ When the outcome is binary, treatment effects on a ratio, odds ratio may
be of interest

▶ Define the saturated model-free estimands

Φ 𝑗 (𝑑) = 𝑓

[
𝐸{𝑌𝑖 𝑗𝑘 (𝑑)}, 𝐸{𝑌𝑖 𝑗𝑘 (0)}

]
for a user-defined function 𝑓 and 1 ≤ 𝑑 ≤ 𝑗 ≤ 𝐽.

▶ 𝑓 (𝑥, 𝑦) = 𝑥/𝑦 for treatment effects on the ratio scale

▶ 𝑓 (𝑥, 𝑦) = log{𝑥/(1 − 𝑥)} − log{𝑦/(1 − 𝑦)} for treatment effects on the
log-odds-ratio scale

▶ vector of estimands: 𝚽𝑆 = (Φ1 (1), . . . ,Φ𝐽 (𝐽))

▶ Solution: linear mixed ANCOVA working model + g-computation
formula ⇒ Main results on model-robustness still hold
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Discussion

▶ Mixed-effects models dominate applications to cluster trials

▶ This is another attempt to demystify the question: when can linear
mixed model provide robust causal inference in cluster trials?

▶ this work is sequel to [Wang, B., Harhay, M. O., Small, D. S., Morris, T.
P., Li, F. (2021). On the mixed-model analysis of covariance in
cluster-randomized trials. arXiv e-prints, arXiv-2112.]

▶ Work in progress not mentioned here

▶ initial simulation results

▶ parallel set of results for GEE (working model can be based on canonical
link but with other constraints on working correlation)

▶ Do not address complications due to informative cluster size (ICS) &
informative enrollment (Kahan et al, 2022; Wang et al. 2022; Wang et al. 2022+)

▶ extensions to meet such new challenges is an immediate next step
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• How much does this matter in practice? 

• Large case study (remember TRIGGER has only 6 clusters)

• Bias vs decision making? 

• Evidence of informative cluster sizes more generally?

• How do we translate this information? 

• How well can statisticians and clinical academics understand 
this?

• Evidence from a qualitative study on the interactions between 
statisticians and investigators when planning CRTs 

Objectives

2



EMOTIVE CRT: Bundle of evidence-based interventions 

Gallos I, Devall A, Martin J et al. Randomized Trial of Early Detection and Treatment of Postpartum Hemorrhage. N Engl J 
Med. 2023 May 9. doi: 10.1056/NEJMoa2303966. Epub ahead of print. PMID: 37158447. 

Cluster (unit of 
randomization)

Health facility (n=80) 

Intervention 
Bundle (treatments, 

blood collection 
drape)

Primary outcome 
PPH (binary) 
(n=~200,000)

Implementation 
outcome

Bundle compliance 

3



Key findings 

*Estimated using marginal standardisation, following mixed effects logistic regression (additionally included baseline period)
ICC for PPH: 0.01; ICC for Compliance: 0.15 
Very limited missing outcome data; 80 clusters and so small sample corrections probably not necessary; 
adjusted for variables used in restricted randomisation 

Outcome  Intervention Control RR (95% CI)

PPH (C=39, N=49,101) (C=39, N=50,558)

794 (1.6%) 2,139 (4.3%) 0.40 (0.32 to 0.50)

Bundle Compliance (C=39, N=4,158) (C=39, N=8,351)

3,791 (91.2%) 1,623 (19.4%) 4.94 (3.88 to 6.28)
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Sensitivity analyses using Independent Estimating 

Equations (IEE)

*IEE: Estimated using GEE log link robust standard errors and working independent correlation structure 

5

Outcome  Intervention Control RR (95% CI)

PPH (C=39, N=49,101) (C=39, N=50,558)

794 (1.6%) 2,139 (4.3%) 0.40 (0.32 to 0.50)

IEE: 0.39 (0.30 to 0.50)

Bundle Compliance (C=39, N=4,158) (C=39, N=8,351)

3,791 (91.2%) 1,623 (19.4%) 4.94 (3.88 to 6.28)

IEE: 4.69 (3.11 to 7.07)



Sensitivity analyses using Independent Estimating 

Equations (IEE)

*IEE: Estimated using GEE log link robust standard errors and working independent correlation structure 
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Outcome  Intervention Control RR (95% CI)

PPH (C=39, N=49,101) (C=39, N=50,558)

794 (1.6%) 2,139 (4.3%) 0.40 (0.32 to 0.50)

IEE:0.39 (0.30 to 0.50)

Bundle Compliance (C=39, N=4,158) (C=39, N=8,351)

3,791 (91.2%) 1,623 (19.4%) 4.94 (3.88 to 6.28)

IEE: 4.69 (3.11 to 7.07) 



Evidence of informative cluster size?

Bundle Compliance Intervention 
(C=39, N=4,158)

Control 
(C=39, N=8,351)

RR (95% CI)

All clusters 3,791 (91.2) 1,623 (19.4) 4.94 (3.88 to 6.28)

Sub-group 

Small clusters 1,578 (89.8%) 619 (22.1%) 4.78 (3.61 to 6.33)

Large clusters 2,213 (92.2%) 1,004 (18.1%) 5.16 (3.73 to 7.14)

Ratio of Ratios 1.08 (0.75 to 1.54)

7

Kahan BC, Li F, Copas AJ, Harhay MO. Estimands in cluster-randomized trials: choosing analyses that answer the right 
question. Int J Epidemiol. 2023 Feb 8;52(1):107-118. doi: 10.1093/ije/dyac131. PMID: 35834775; PMCID: PMC9908044.



Evidence of informative cluster size?

Bundle Compliance Intervention 
(C=39, N=4,158)

Control 
(C=39, N=8,351)

RR (95% CI)

All clusters 3,791 (91.2) 1,623 (19.4) 4.94 (3.88 to 6.28)

Sub-group 

Small clusters 1,578 (89.8%) 619 (22.1%) 4.78 (3.61 to 6.33)

Large clusters 2,213 (92.2%) 1,004 (18.1%) 5.16 (3.73 to 7.14)

Ratio of Ratios 1.08 (0.75 to 1.54)
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No evidence of “informative cluster sizes”
Whilst there are some apparent differences in the point estimates 

these are of insignificant magnitude to be important in 
interpretation 

Correlation between cluster size and compliance was -0.47 (treatment arm only)



Evidence of informative cluster sizes more generally?

• Recall: Informative cluster sizes exists when impact varies by cluster size 
(~treatment by sub-group interaction) or prevalence varies by size

• Patient randomized trials:

1. Sub-group claims common  

2. Mostly do not stand up to scrutiny   

• Cluster randomized trials: 

1. Behavior change type interventions 

2. Perhaps more grounds to hypothesize interactions

3. More heterogenous populations – prevalence might vary  

Unclear?

9

Impact of most 
interventions 
relatively stable 
across sub-groups?

Sun X, Briel M, Busse JW, You JJ, Akl EA, Mejza F, Bala MM, Bassler D, Mertz D, Diaz-Granados N, Vandvik PO, Malaga G, 
Srinathan SK, Dahm P, Johnston BC, Alonso-Coello P, Hassouneh B, Walter SD, Heels-Ansdell D, Bhatnagar N, Altman DG, Guyatt
GH. Credibility of claims of subgroup effects in randomised controlled trials: systematic review. BMJ. 2012 Mar 



Sensitivity analyses: cluster-average effect

*CA: Unweighted cluster-average using cluter-level proportions, linear regression of logit p
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Outcome  Intervention Control RR (95% CI)

PPH (C=39, N=49,101) (C=39, N=50,558)

794 (1.6%) 2,139 (4.3%) 0.40 (0.32 to 0.50)

CA: 0.35 (0.25 to 0.49)

Bundle Compliance (C=39, N=4,158) (C=39, N=8,351)

3,791 (91.2%) 1,623 (19.4%) 4.94 (3.88 to 6.28)

CA: 5.81 (3.89 to 8.74)



Sensitivity analyses: cluster-average effect

*CA: Unweighted cluster-average using cluter-level proportions, linear regression of logit p
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Outcome  Intervention Control RR (95% CI)

PPH (C=39, N=49,101) (C=39, N=50,558)

794 (1.6%) 2,139 (4.3%) 0.40 (0.32 to 0.50)

CA: 0.35 (0.25 to 0.49):

Bundle Compliance (C=39, N=4,158) (C=39, N=8,351)

3,791 (91.2%) 1,623 (19.4%) 4.94 (3.88 to 6.28)

CA: 5.81 (3.89 to 8.74)



• Clinical outcome PPH: 

• Broad agreement that interest is in effect on average individual 

• Thus, weight by cluster size

• Implementation outcome (Bundle compliance): 

• Clinicians adamant interest is in effect on average individual 
• In my opinion they were interested in effect on average cluster

(I found it hard to communicate the difference)  

What was target of inference in EMOTIVE?

Impact on typical cluster or typical individual?
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• Sample representativeness: 

• All individuals in a given cluster included – thus representative of 
individuals 

• Clusters unlikely to be totally representative of wider community 

• Question of interest: 

• Question of interest around whether the intervention works at the 
population level (i.e., is it cost effective)

• Treatment by sub-group effects:

• Possible that cluster-level covariates that will impact on how well 
intervention is delivered (i.e., treatment by covariate interactions)

What was target of inference in EMOTIVE?

Marginal or cluster-specific effect?
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• Sample representativeness: 

• All individuals in a given cluster included – thus representative of 
individuals 

• Clusters unlikely to be totally representative of wider community 

• Question of interest: 

• Question of interest around whether the intervention works at the 
population level (i.e., is it cost effective)

• Treatment by sub-group effects:

• Possible that cluster-level covariates that will impact on how well 
intervention is delivered (i.e., treatment by covariate interactions)

What was target of inference in EMOTIVE?

Marginal or cluster-specific effect?

14

Is the interest in the marginal or cluster-specific effect?



• Applied statisticians: 

• Understanding of what matters and when 

• Communication key 

• Acknowledge uncertainty 

• Academic partners: 

• Guidance that hinges on tangible concepts, e.g.:
• How representative the sample is?

• Is the intent to inform policy decisions?

How do we communicate this?

15



• Qualitative interview study with 25 statisticians / investigators / 
trialists who work in CRTs: 

• Understand how they interact 

• How they communicate 

• How decisions are made 

How do statisticians and investigators work 

together when planning a CRT? 

16

Easter C, Kristunas C, Hemming K, Greenfield S. Risk of Bias in Cluster Randomised Controlled Trials of Individual-Level 
Interventions: Protocol for a Semi-Structured Interview Study. International Journal of Qualitative Methods. 2022 Jun 
30;21:16094069221113112.



What we found (statisticians): 

17

Easter C, Kristunas C, Hemming K, Greenfield S. Risk of Bias in Cluster Randomised Controlled Trials of Individual-Level 
Interventions: Protocol for a Semi-Structured Interview Study. International Journal of Qualitative Methods. 2022 Jun 
30;21:16094069221113112.

Confident statistician 

“Junior” statistician 

The “I’m not a people person”



What we found (clinicians): 

18

Easter C, Kristunas C, Hemming K, Greenfield S. Risk of Bias in Cluster Randomised Controlled Trials of Individual-Level 
Interventions: Protocol for a Semi-Structured Interview Study. International Journal of Qualitative Methods. 2022 Jun 
30;21:16094069221113112.

Enabler (“I’ll get advice”)

The misinformed

Dominant



• To date, we have largely been driven by choosing an analysis model 
that has best statistical properties 
• This needs to change 

• Estimands certainly helping with clarification: 

• But, it is also creating questions 

• Need for wide level understanding of what matters when 

• Academic partners: 

• Guidance that hinges on tangible concepts?

Summary

19



Thank you …
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Simple toy example (taken from Brennan Kahan)

Average Cluster ORs

21

Marginal OR

Intervention Control

Cluster 1 50/100 25/100

Cluster 2 75/100 60/100

Overall* 0.625 0.425

0.625/(1 − 0.625)

0.425/(1 − 0.425)
= 𝟐. 𝟐𝟓

Intervention Control OR

Cluster 1 50/100 25/100 3.0

Cluster 2 75/100 60/100 2.0

100 3.0 + 100 2.0

200
= 𝟐. 𝟓𝟎

*risk



Simple toy example (taken from Brennan Kahan)

Average Cluster ORs
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Marginal OR

Intervention Control

Cluster 1 50/100 25/100

Cluster 2 75/100 60/100

Overall 0.625 0.425

0.625/(1 − 0.625)

0.425/(1 − 0.425)
= 𝟐. 𝟐𝟓

Intervention Control OR

Cluster 1 50/100 25/100 3.0

Cluster 2 75/100 60/100 2.0

100 3.0 + 100 2.0

200
= 𝟐. 𝟓𝟎

Notice in CRTs treatment is crossed not nested with arm
Thus this example is slightly artificial 

But, same issues arise in patient RCTs with sub-groups



Simple toy example with unequal cluster sizes

Weighted average Cluster ORs

23

Marginal ORIntervention Control

Cluster 1 5/10 2/10

Cluster 2 75/100 60/100

Overall 0.727 0.564

0.727/(1 − 0.727)

0.564/(1 − 0.564)
= 𝟐. 𝟎𝟔

Intervention Control OR

Cluster 1 5/10 2/10 4.0

Cluster 2 75/100 60/100 2.0

10 4.0 + 100 2.0

110
= 𝟐. 𝟏𝟖

Intervention Control OR

Cluster 1 5/10 2/10 4.0

Cluster 2 75/100 60/100 2.0

Unweighted average Cluster ORs

4.0 + 2.0

2
= 𝟑. 𝟎0

Notice: marginal OR changes when change sample



Are there others?

24

Intervention
Odds

Control
Odds

Cluster 1 1=5/(10-5) 0.25=2/(10-2)

Cluster 2 3=75/(100-75) 1.5=60/(100-60)

Average 
(odds)

2=(1+3)/2 0.88=(0.25+1.5)/2

2

0.88
= 𝟐. 𝟐𝟗

Ratio of arm specific odds? 

Intervention
Odds

Control
Odds

Cluster 1 1=5/(10-5) 0.25=2/(10-2)

Cluster 2 3=75/(100-75) 1.5=60/(100-60)

Average 
(odds)

2.81=((10*1)+(100
*3))/110

1.39=((10*0.25)+(100
*1.5))/110

Weighted Ratio of arm specific odds? 

2.81

1.39
= 𝟐. 𝟎𝟑

Get 2.16 from logistic regression adjusted for cluster!!



How many different ways of constructing OR?

Weighted average Cluster ORs

25

Marginal ORIntervention Control

Cluster 1 5/10 2/10

Cluster 2 75/100 60/100

Overall 0.727 0.564

0.727/(1 − 0.727)

0.564/(1 − 0.564)
= 𝟐. 𝟎𝟔

Intervention Control OR

Cluster 1 5/10 2/10 4.0

Cluster 2 75/100 60/100 2.0
10 4.0 + 100 2.0

110
= 𝟐. 𝟏𝟖

Intervention Control OR

Cluster 1 5/10 2/10 4.0

Cluster 2 75/100 60/100 2.0

Unweighted average Cluster ORs

4.0 + 2.0

2
= 𝟑. 𝟎𝟎

Intervention Control

Cluster 1 1=5/(10-5) 0.25=2/(10-2)

Cluster 2 3=75/(100-75) 1.5=60/(100-60)

Average (odds) 2=(1+3)/2 0.88=(0.25+1.5)/2

Ratio of arm specific odds? 

2

0.88
= 𝟐. 𝟐𝟗

(Weighted): 2.03



Simple toy example RR (taken from Brennan Kahan)

Average Cluster RRs

26

Marginal RR

Intervention Control

Cluster 1 50/100 25/100

Cluster 2 75/100 60/100

Overall* 0.625 0.425

0.625

0.425
= 𝟏. 𝟒𝟕

Intervention Control RR

Cluster 1 50/100 25/100 2.0

Cluster 2 75/100 60/100 1.25

100 2.0 + 100 1.25

200
= 𝟏. 𝟔𝟑

*risk



Simple toy example with unequal cluster sizes RR

Weighted average Cluster RRs

27

Marginal RRIntervention Control

Cluster 1 5/10 2/10

Cluster 2 75/100 60/100

Overall 0.727 0.564

0.727

0.564
= 𝟏. 𝟐𝟗

Intervention Control RR

Cluster 1 5/10 2/10 2.5

Cluster 2 75/100 60/100 1.25

10 2.5 + 100 1.25

110
= 𝟏. 𝟑𝟔

Intervention Control RR

Cluster 1 5/10 2/10 2.5

Cluster 2 75/100 60/100 1.25

Unweighted average Cluster RRs

2.5 + 1.25

2
= 𝟏. 𝟖𝟖



Are there others (RR)?
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Intervention Control

Cluster 1 0.5=5/10 0.25=2/10

Cluster 2 0.75=75/100 0.6=60/100

Average 
(risk)

0.625=(0.5+0.75
)/2

0.40=(0.25+0.6)/2

0.625

0.40
= 𝟏. 𝟓𝟔

Ratio of arm specific risks? 

Intervention Control

Cluster 1 0.5=5/10 0.25=2/10

Cluster 2 0.75=75/100 0.6=60/100

Average (risk) 0.727=((10*0.5)+(1
00*0.75))/110

0.56=((10*0.25)+(100
*0.6))/110

Weighted Ratio of arm specific risks? 

0.727

0.56
= 𝟏. 𝟐𝟗

Get 1.29 from binomial regression adjusted for cluster



How many different ways of constructing RR?

Weighted average Cluster RRs

29

Marginal RRIntervention Control

Cluster 1 5/10 2/10

Cluster 2 75/100 60/100

Overall 0.727 0.564

0.727

0.564
= 𝟏. 𝟐𝟗

Intervention Control RR

Cluster 1 5/10 2/10 2.5

Cluster 2 75/100 60/100 1.25
10 2.5 + 100 1.25

110
= 𝟏. 𝟑𝟔

Intervention Control RR

Cluster 1 5/10 2/10 2.5

Cluster 2 75/100 60/100 1.25

Unweighted average Cluster RRs

2.5 + 1.25

2
= 𝟏. 𝟖𝟖

Ratio of arm specific risks? 

0.635

0.40
= 𝟏. 𝟓𝟔

(Weighted): 1.29

Intervention Control

Cluster 1 0.5=5/10 0.25=2/10

Cluster 2 0.75=75/100 0.6=60/100

Average (risk) 0.625=(0.5+0.75)/2 0.40=(0.25+0.6)/2
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