
Challenges & Solutions in the 
Analysis of Cluster Randomized Trials

Laura B. Balzer, PhD 
& the SEARCH Collaboration

Department of Biostatistics & Epidemiology
School of Public Health & Health Sciences

University of Massachusetts, Amherst

1



Cluster randomized trials (CRTs)
• Randomize groups of participants (e.g., communities or clinics) to the 

intervention or comparator conditions
• Implemented when

1. Intervention is naturally delivered at the cluster-level
2. Expect substantial dependence between participants within clusters
3. To learn the direct, indirect, and population-level effects

• Lots of exciting developments in CRTs
• 280-fold increase in use from 1995 to 2014, but only half of CRTs 

were analyzed appropriately (Murray, Prev Med, 2018)

@LauraBBalzer (lbalzer@umass.edu)
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Challenge 1: Missing outcomes
• CRTs randomize clusters & measure outcomes on individuals

• >90% of CRTs have missing participant outcomes (Fiero, Trials, 2016)

• Can result in bias & misleading inference 
• Exacerbated with post-baseline drivers of measurement 

• e.g. treatment increases care engagement, which improves 
participant outcomes and their chances of being measured

• Care engagement mediates the treatment-outcome relationship & 
confounds the measurement-outcome relationship

• Standard analytic approaches fail

@LauraBBalzer (lbalzer@umass.edu)
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Challenge 2: Few randomized units
• CRTs randomize limited numbers of clusters

• Median: 30 clusters (Selvaraj, JAMA Int Med, 2013) 
• Resulting in chance imbalances in baseline covariates of the outcome 

• Covariate adjustment can increase efficiency and statistical power       
(e.g. Gail, Stat Med, 1996; Moore, Stat Med, 2009; Rosenblum, IJB, 2010; Colantuni, Stat Med, 
2015; Turner, Am J Pub Health, 2017; Murray, Annu Rev Public Health, 2020)

• But how? 
• The analysis plan must be pre-specified 
• Often many more potential adjustment variables than clusters
• Unclear a priori which covariates to include to maximize precision, 

while controlling Type-I error

@LauraBBalzer (lbalzer@umass.edu)
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Proposed Solution: Two-Stage TMLE
• We propose & evaluate a novel Two-Stage TMLE (targeted minimum 

loss-based estimator) 
• To reduce bias due to missing outcomes and to improve efficiency when 

assessing the intervention effect
• Stage 1: in each cluster separately, estimate the cluster-specific endpoint

• Adjust for differential measurement at the participant-level
• Stage 2: using the cluster-specific endpoints from Stage 1, estimate and 

obtain inference the intervention effect at the cluster-level
• Adaptively adjust for cluster-level covariates to increase precision

@LauraBBalzer (lbalzer@umass.edu)
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Motivating example: SEARCH Study
• Approached HIV elimination with a broad community health framework
• Intervention: Universal HIV Test-and-Treat 

• Via a community-based, multi-disease, streamlined care approach
• Design: Pair-matched, cluster randomized trial of 32 communities in rural 

Uganda and Kenya
• www.searchendaids.com (NCT:01864603)

@LauraBBalzer (lbalzer@umass.edu)
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SEARCH Study: Arms
• Intervention:

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

*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)

@LauraBBalzer (lbalzer@umass.edu)
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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)
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Summary of findings
• 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%)

@LauraBBalzer (lbalzer@umass.edu)
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Outline: Two-Stage TMLE
• Stage 1: Individual-level TMLE to adjust for incomplete outcome 

ascertainment within each cluster separately
• Goal: Reduce bias due to missing individual-level outcomes

• Stage 2: Cluster-level TMLE to data-adaptively adjust for baseline 
covariates when estimating the intervention effect

• Goal: Improve precision and statistical power

• Illustrate with application to the data from the SEARCH Study

@LauraBBalzer (lbalzer@umass.edu)
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Key endpoint: UNAIDS 90-90-90 target for 
HIV programs for 2020

• 73% of all people living with HIV should be suppressing viral replication 
regardless of care status

• “Population-level HIV viral suppression”
• Seemingly simple conditional probability

ℙ 𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑒𝑑 = 1 𝐻𝐼𝑉 = 1) =
ℙ(𝐻𝐼𝑉 = 1, 𝑆𝑢𝑝𝑝𝑟𝑒𝑠𝑠𝑒𝑑 = 1)

ℙ(𝐻𝐼𝑉 = 1)

@LauraBBalzer (lbalzer@umass.edu)
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Challenging to identify & estimate
• Number of persons with HIV in the population is unknown

• Those testing for HIV may not be representative
• Potential for bias if testing is related to HIV status

• e.g. health-seeking behavior

• Measurement of plasma HIV RNA levels (viral loads) is incomplete
• Potential for bias if measurement is related to viral suppression status
• e.g. if HIV+ persons not on treatment are less likely to have their viral 

load measured

@LauraBBalzer (lbalzer@umass.edu)
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Challenge: Missing data
• Want: true population-level measures

• Ideally, obtain an HIV test on everyone not known to be positive 
(i.e. previously HIV-negative or HIV-unknown)
• Ideally, obtain a viral load on all HIV-positive persons

• Have: incomplete data with possibly differential ascertainment

• MCAR (missing completely at random) is not likely (Rubin, Biometrika, 1976)
• Even in large CRTs with high measurement coverage, those who are 

measured may not be representative of those who are missed

@LauraBBalzer (lbalzer@umass.edu)
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Solution: Two-Stage TMLE
• Separate control for differential measurement from evaluation of the 

intervention effect
• Stage 1: within each cluster separately, identify and estimate a cluster-

specific endpoint corresponding to a hypothetical intervention to ensure 
complete measurement of individual-level outcomes

• Fully stratifying on cluster allows the missingness mechanism to vary by cluster
• Stage 2: given those cluster-specific endpoint estimates, evaluate the 

effect of the cluster-level intervention
• Coming soon!

@LauraBBalzer (lbalzer@umass.edu)
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Stage 1: Identification
• Moves us from a wished-for causal parameter corresponding 

to hypothetical interventions to prevent missing data
• To a statistical one

• With clearly stated & carefully evaluated assumptions
• Use adjustment to “level the playing field”
• Within values of adjustment covariates, assume persons 

with measured outcomes are representative of persons 
with missing outcomes

@LauraBBalzer (lbalzer@umass.edu)
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Ex: Identification of population-level viral 
HIV suppression 
• Denominator: HIV prevalence

• Assume: for those without a prior HIV diagnosis, 
• Within values of baseline covariates and testing history, HIV prevalence 

among those testing was representative of prevalence among those not

• Numerator: Proportion HIV+ and suppressed
• Assume: for HIV+ persons who have started treatment

• Within values of baseline covariates and care history, suppression 
among those with a measured viral load was representative of 
suppression among those with a missing viral load

@LauraBBalzer (lbalzer@umass.edu)
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Stage 1 challenge: how to estimate the 
corresponding statistical parameters?
• We could implement a non-parametric, stratification-based approach:

• Within each level of the adjustment variables, take the number with the 
outcome, divided by the number measured

• And then average the strata-specific estimates
• But this approach quickly breaks down due to empty/sparse cells

• e.g. age deciles = 1024 strata
• Many variables could impact measurement, HIV status, and suppression

• Baseline: age, sex, occupation, education, SES, mobility, . . .
• Post-baseline: past history of testing, care, suppression

@LauraBBalzer (lbalzer@umass.edu) 18



Stage 1 challenge: how to estimate the 
corresponding statistical parameters?
• We could implement a parametric approach:

• Parametric G-computation (Robins, Mathematical modeling, 1986)
• e.g. main terms regression to characterize the probability of suppression 

given the adjustment factors, among those measured
• Inverse probability weighting (Horvitz, JASA, 1952)

• e.g. main terms regression to characterize the probability of measurement 
given the adjustment factors

• But misspecification → bias and misleading inference
• Wrong answers and wrong conclusions
• Increasing sample size does not help

Like Brainy Smurf, parametric 
regressions pretend to know 
more than we actually do@LauraBBalzer (lbalzer@umass.edu) 19



Machine learning to the rescue
• Estimate complex relationships in data flexibly
• Avoid introducing unsubstantiated assumptions 

during estimation
• New challenge: which machine learning algorithm 

should I use?
• Lots of exciting new developments
• Which is best for my problem?

@LauraBBalzer (lbalzer@umass.edu)
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Potential solution: Super Learner
• Super Learner uses sample-splitting to build the best weighted 

combination of predictions from a set of algorithms
• Ensemble or stacking method
• e.g., parametric regressions, stepwise regression, lasso, 

neural nets, adaptive splines…
• Obtain the weighted combination by “regressing” the observed 

outcomes on the cross-validated predictions from each 
candidate algorithm

Best “team” wins

By our algorithms 
combined…

(Wolpert, Neural Networks, 1992;
Breiman, Machine Learning, 1996;
van der Laan, Stat App Gen, 2007)@LauraBBalzer (lbalzer@umass.edu)



Challenge: prediction vs. causal inference
• Why not use Super Learner in the place of parametric regressions 

in G-computation or inverse-weighting?
• The goal of machine learning is prediction

• Fundamentally, different goal than causal effect estimation*
• Wrong bias-variance tradeoff

• Also no reliable way to obtain statistical inference
• i.e. create 95% confidence intervals

*Challenges also apply when considering 
missing data as a causal inference problem@LauraBBalzer (lbalzer@umass.edu)
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Solution: Targeted Learning
• Targeted minimum loss-based estimation (TMLE): general 

framework for the construction of double robust, 
semiparametric, efficient, substitution estimators

• Updates of initial predictions from machine learning
• Focus estimation where it matters most for our question

• Accurate quantification of uncertainty
• Integrates machine learning with formal statistical theory

(van der Laan & Rose, Targeted Learning, 2011)

Like Robin Hood, we 
target to hit the bullseye!

@LauraBBalzer (lbalzer@umass.edu)
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Note: TMLE for missing data on the 
outcome
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., probability of 
measurement, given the adjustment set)
• Also fit with Super Learner

4. Average the targeted predictions

@LauraBBalzer (lbalzer@umass.edu)



Application to the SEARCH Study
• Estimate population-level HIV viral suppression (<500 copies/mL) within 

each cluster separately and aggregate to obtain arm-specific estimates
• Focus on intervention arm (for now) 

• Cross-sectional snapshots among residents (≥15 years) over study years
• Including those who age-in and move-in; excluding deaths and out-migrants

• Statistical analysis plan: https://arxiv.org/abs/1808.03231
• Code: https://github.com/LauraBalzer/SEARCH_Analysis_Adults
• Results: Havlir, NEJM, 2019@LauraBBalzer (lbalzer@umass.edu)
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Application to the SEARCH Study
• High levels of testing achieved through multi-disease 

health fairs with follow-up for non-participants
• e.g., at baseline, 90% of 150,395 adults tested for HIV
• Same mechanism to measure viral loads 

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

• Number with a suppressed viral load, divided by 
number who have their viral load measured

• Rely on the MCAR assumption

(Chamie, Lancet HIV, 2016; Havlir, NEJM, 2019)@LauraBBalzer (lbalzer@umass.edu)
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Results:

• Unadjusted: Raw 
proportion among those 
measured
• Number with a 

suppressed viral load, 
divided by number with 
viral load measured

• Suggests the UNAIDS target (73%) achieved within one year
@LauraBBalzer (lbalzer@umass.edu)
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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

@LauraBBalzer (lbalzer@umass.edu)
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Results:

• Unadjusted (light blue)
• Baseline adjusted 

(medium blue)
• Fully adjusted (dark 

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

• Full adjustment yielded substantially & meaningfully lower estimates
• Caution when relying on MCAR or only baseline adjustment
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Results: Intervention vs. control (adjusted)

• At the end of the study (Year 3), 
population-level suppression was 
11% higher in intervention vs. control

• What is the effect of the SEARCH 
intervention as compared to the 
active control?

@LauraBBalzer (lbalzer@umass.edu)
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Outline: Two-Stage TMLE
• Stage 1: Individual-level TMLE to adjust for incomplete outcome 

ascertainment within each cluster separately
• Goal: Reduce bias due to missing individual-level outcomes

• Stage 2: Cluster-level TMLE to data-adaptively adjust for baseline 
covariates when estimating the intervention effect

• Goal: Improve precision and statistical power

• Illustrate with application to the data from the SEARCH Study

@LauraBBalzer (lbalzer@umass.edu)
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Two-Stage TMLE for cluster (group) 
randomized trials
• Stage 1: in each cluster separately, estimate the outcome

• Adjust for differential measurement/censoring at the individual-level
• As previously demonstrated for population-level HIV viral suppression 

• Stage 2: estimate the intervention effect
• Observed data are cluster-level

• W: baseline covariates
• A: indicator that randomized to the intervention
• 𝑌: outcome (estimated from Stage 1)

@LauraBBalzer (lbalzer@umass.edu)
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Stage 2: Unadjusted estimator of 
intervention effect
• At cluster-level, no confounding and complete follow-up
• Estimate the intervention effect by contrasting the average outcomes 

between treatment arms
• Absolute scale: 2𝔼 𝑌 𝐴 = 1) − 2𝔼 𝑌 𝐴 = 0)
• Relative scale: !𝔼 𝑌 𝐴 = 1) ÷ !𝔼 𝑌 𝐴 = 0)

• Unbiased (assuming Stage 1 appropriately accounts for missingness) 
• Simple
• But inefficient

@LauraBBalzer (lbalzer@umass.edu)
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Adjustment for baseline covariates 
increases precision in randomized trials
• Help control for chance imbalances on pre-intervention determinants of 

the outcome between arms
• Adjust for measured baseline covariates, unavailable during matching

• e.g., baseline HIV prevalence in SEARCH
• Increase study power without bias even in small trials

• e.g., Gail, Stat Med, 1996; Moore, Stat Med, 2009; Rosenblum, IJB, 2010; 
Colantuni, Stat Med, 2015; Turner, Am J Pub Health, 2017; Murray, Annu Rev 
Public Health, 2020

@LauraBBalzer (lbalzer@umass.edu)
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Potential solution: TMLE for the 
intervention effect in Stage 2
1. Regress the outcome Y on given the intervention assignment A and 

adjustment variables W: 2𝔼(𝑌|𝐴,𝑊)
• e.g., logistic regression of estimated viral suppression on the intervention 

assignment, baseline HIV prevalence, and region

@LauraBBalzer (lbalzer@umass.edu)
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Potential solution: TMLE for the 
intervention effect in Stage 2
1. Regress the outcome Y on given the intervention assignment A and 

adjustment variables W: 2𝔼(𝑌|𝐴,𝑊)
• e.g., logistic regression of estimated viral suppression on the intervention 

assignment, baseline HIV prevalence, and region
2. Use the coefficients from #1 to predict the outcome under the 

intervention 2𝔼(𝑌|𝐴 = 1,𝑊) and under the control 2𝔼(𝑌|𝐴 = 0,𝑊)
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Potential solution: TMLE for the 
intervention effect in Stage 2
1. Regress the outcome Y on given the intervention assignment A and 

adjustment variables W: 2𝔼(𝑌|𝐴,𝑊)
• e.g., logistic regression of estimated viral suppression on the intervention 

assignment, baseline HIV prevalence, and region
2. Use the coefficients from #1 to predict the outcome under the 

intervention 2𝔼(𝑌|𝐴 = 1,𝑊) and under the control 2𝔼(𝑌|𝐴 = 0,𝑊)
3. Target these predictions with information in the estimated treatment 

mechanism: 2ℙ 𝐴 = 1 𝑊
• Second opportunity to adjust for predictive covariates

@LauraBBalzer (lbalzer@umass.edu)
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Potential solution: TMLE for the 
intervention effect in Stage 2
1. Regress the outcome Y on given the intervention assignment A and 

adjustment variables W: 2𝔼(𝑌|𝐴,𝑊)
• e.g., logistic regression of estimated viral suppression on the intervention 

assignment, baseline HIV prevalence, and region
2. Use the coefficients from #1 to predict the outcome under the 

intervention 2𝔼(𝑌|𝐴 = 1,𝑊) and under the control 2𝔼(𝑌|𝐴 = 0,𝑊)
3. Target these predictions with information in the estimated treatment 

mechanism: 2ℙ 𝐴 = 1 𝑊
• Second opportunity to adjust for predictive covariates

4. Average the targeted predictions and contrast

@LauraBBalzer (lbalzer@umass.edu)
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Stage 2 challenge: which covariates?
• 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)

• Size of the adjustment set is restricted by number of independent units
• e.g. in the SEARCH Study, 16 matched pairs and many potential 

adjustment variables
• Including region, baseline HIV prevalence, baseline viral suppression, …

@LauraBBalzer (lbalzer@umass.edu)
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Solution: Adaptive pre-specification
• Modification to the previous TMLE to data-adaptively select the 

candidate TMLE that maximizes precision 
• Empirical efficiency maximization (Rubin, IJB, 2008)

• Incorporate collaborative estimation of the known treatment mechanism 
ℙ 𝐴 = 1 𝑊 = 0.5 for further gains in precision

• Only estimate the treatment mechanism if it further improves 
efficiency; otherwise, treat as known

@LauraBBalzer (lbalzer@umass.edu)
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Solution: Adaptive pre-specification
• Pre-specify candidate estimators of the outcome regression: 𝔼 𝑌 𝐴,𝑊

• e.g., “working” regression models with an intercept and main terms for the 
treatment and one baseline, cluster-level covariate (Rosenblum, IJB, 2010)

• Pre-specify candidate estimators of the known treatment mechanism
ℙ 𝐴 = 1 𝑊 = 0.5

• e.g., “working” regression models with an intercept and a main term for one 
baseline, cluster-level covariate

• Each candidate would yield a different update to an initial estimator 
!𝔼(𝑌|𝐴,𝑊)

@LauraBBalzer (lbalzer@umass.edu)
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Solution: Adaptive pre-specification
• Pre-specify a measure of performance

• Loss function: squared influence curve for the TMLE
• Risk: variance of the TMLE

• Pre-specify a cross-validation scheme to select the candidate estimator
• V-fold cross-validation to select the candidate TMLE with the lowest 

CV-risk estimate (i.e., smallest CV-variance estimate)
• Small trials: leave-one-out or leave-one-pair-out

• With these ingredients, now have a fully pre-specified procedure to data-
adaptively select the adjustment variables (and thus TMLE) which 
maximizes empirical efficiency

@LauraBBalzer (lbalzer@umass.edu)
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A note on statistical inference
• Under the following conditions, Two-Stage TMLE is asymptotically linear 

estimator:
!𝜓 − 𝜓 =

1
𝑁
'
!"#

$

𝐼𝐶! + 𝑅$

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

1. Usual regularity conditions on Stage 2 estimators (e.g., Moore, Stat Med, 2009)
• Guaranteed when using Adaptive Pre-specification to choose among GLMs

2. Estimation of cluster-level endpoint 𝑌 in Stage 1 provides negligible 
contribution to the remainder term 𝑅!

43
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A note on statistical inference
2. Estimation of cluster-level endpoint 𝑌 in Stage 1 provides negligible

contribution to the remainder term 𝑅!
a. Stage 1 estimators of the expected outcome and missingness mechanism are 

in a Donsker class and to converge to their targets at fast enough rates 
b. Within cluster dependence is weak enough that the CLT applies in cluster-size 
c. The cluster-size is large relative to the total number of clusters

• 2.a: Need a consistent estimator of the cluster-level endpoint 
• Missingness matters!

• These conditions apply to all Two-Stage estimators (e.g., t-test on cluster 
means)

44
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Outline: Two-Stage TMLE
• Stage 1: Individual-level TMLE to adjust for incomplete outcome 

ascertainment within each cluster separately
• Goal: Reduce bias due to missing individual-level outcomes

• Stage 2: Cluster-level TMLE to data-adaptively adjust for baseline 
covariates when estimating the intervention effect

• Goal: Improve precision and statistical power

• Illustrate with application to the data from the SEARCH Study
• But first a quick simulation study 

@LauraBBalzer (lbalzer@umass.edu)
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Simulation Study
• N=30 clusters; within each cluster, the number participants is sampled 

with equal probability from {100, 150, 200}
• Randomization within matched pairs of clusters
• Includes an individual-level mediator (i.e., post-baseline covariate) 
• Includes differential outcome measurement by arm 

46
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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 

missingness (Prague, Biometrics, 2016)
6. Two-stage TMLE, proposed here
• Focus on assessing the risk difference & risk ratio when “breaking” 

or keeping the matched pairs used for intervention randomization
47



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

@LauraBBalzer (lbalzer@umass.edu)
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!𝑝𝑡: average point estimate (%)
bias: average deviation between estimates and effect - additive scale (%) 
𝜎: standard deviation of the point estimates
%𝜎: average standard error estimate 
CI: proportion of 95% confidence intervals containing the true effect (%)
power: proportion of trials correctly rejecting the false null hypothesis (%)



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

@LauraBBalzer (lbalzer@umass.edu)
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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%)

@LauraBBalzer (lbalzer@umass.edu)
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SEARCH Study: Detailed Results
• Focus on 3 outcomes

• Three-year cumulative incidence if HIV (primary study outcome)
• Incidence of HIV-associated tuberculosis (TB) or death to due illness
• Population-level HIV viral suppression

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

• Compare with an unadjusted approach in Stage 2 
• Both “breaking” and keeping the matches

@LauraBBalzer (lbalzer@umass.edu)
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*Precision gain (relative variance reduction) over unadjusted when breaking the matches
@LauraBBalzer (lbalzer@umass.edu)
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Focusing Stage 2 estimation: Effect 95%CI Efficiency*
Three-year cumulative HIV Incidence
Unadjusted - Break match 0.98 (0.66, 1.45) -
Unadjusted - Keep match 0.98 (0.78. 1.24) 3.1
TMLE - Keep match 0.96 (0.80, 1.17) 4.6
Incidence of HIV-associated TB or death 
Unadjusted - Break match 0.79 (0.64, 0.98) -
Unadjusted - Keep match 0.79 (0.69, 0.92) 2.2
TMLE – Keep match 0.80 (0.69, 0.91) 2.6
Population-level Viral Suppression
Unadjusted - Break match 1.15 (1.11, 1.20) -
Unadjusted - Keep match 1.15 (1.11, 1.20) 1.0
TMLE – Keep match 1.15 (1.11, 1.20) 1.0



Conclusion
• Proposed & evaluated a novel estimator, Two-Stage TMLE, to 

simultaneously address 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., single cross-sectional sample, repeated cross-

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

• Simulations: potential to overcome shortcomings of existing methods, 
especially with post-baseline drivers of measurement

• Application to SEARCH Study: real-life improvements
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Conclusion
• Limitations: 

• Stage 1 adjustment for missingness occurs within each cluster 
separately, limiting the breadth of adjustment when the cluster-specific 
outcome is rare or the cluster-specific sample size is small 

• Stage 2 adjustment for precision gains is at cluster-level only 

• Future work will address these remaining challenges
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Thank you! Thank the organizers!
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HIV epidemic: Where are we?
• The combination of prevention efforts and antiretroviral therapy (ART) 

have dramatically reduced HIV incidence and related mortality over the 
last decade

• Early and sustained ART
• Improves and protects the health of persons living with HIV
• Prevents onward transmission
• “Treatment as prevention” 

• But 1.7 million new infections in 2018
• Every week, 6000 young women (15-24yrs) are infected
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Universal HIV test-and-treat trials 
• 4 cluster randomized trials to evaluate ‘treatment as prevention’ in real-

world settings and at a population-level
• Community randomized, pragmatic studies 

• Universal Test-and-Treat: 
• Test entire communities for HIV 
• Rapid ART start with patient-centered care for all HIV+ 
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SEARCH Study: Arms
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(Havlir, NEJM, 2019)



Rapid uptake of national ART 
guidelines in control clinics
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SEARCH Study: Open cohort
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