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Disclaimer
• The views expressed in this presentation are those of the speaker and do 


not necessarily reflect the position or policy of funding agencies or the U.S. 
government.
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Today’s Presentation
• Introduction
◦ Individually Randomized Group Treatment Trials


• Nesting and Membership Structures
• Complex Clustering Simulation Study
◦ Methods
◦ Results


• Conclusions
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Individually Randomized Trials
• Individuals are randomized to either control or intervention arms.


• Observations are independent before and after randomization.
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Group- or Cluster-Randomized Trial (GRT)
• Pre-existing groups are randomized to either control or intervention arms.


• Observations are correlated before and after randomization.
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Individually Randomized Group Treatment (IRGT) Trials
• Individuals are randomized to either control or intervention arms.


• Treatments delivered in groups or via shared agents
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Design and Analysis of IRGT Trials
• Connections between participants in the same group or sharing the same agent will 


create a positive intraclass correlation (ICC) that reflects extra variation attributable 
to a shared agent.
◦ Examples: therapist, social worker, case manager, group facilitator/leader


• Failing to account for ICC is well understood to inflate type I error rates in the 
context of group- or cluster-randomized trials.


• Similar type I error rate inflation may be observed with IRGT trials.
• The potential impact of correlation is acknowledged less frequently in the context of 


IRGT trials.
• Methods are available for addressing some of these complex features in IRGT 


trials.
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Questions about Complex Clustering in IRGT Trials
• The literature for IRGT trials has continued to assume:
◦ Intervention agents operate only within the intervention arm.
◦ Participants interact with a single agent.
◦ There are several agents implementing the intervention.


• Questions about departures from these assumptions:
◦ Does it matter if the multiple agents are nested within arm or if the same agents 


interact with participants in both arms?
◦ What happens when participants interact with multiple agents?
◦ If limited resources allow for only one agent to deliver treatments, what is the 


impact?
◦ What is the performance of simpler analytic models when applied to data with 


complex clustering?
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Fully Nested


Agents are present in both 
arms, each agent only 
interacts with participants 
in a single arm.


Nesting Structures
• Three data structures that are present in IRGT trials.
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Partially Nested


Agents are present in one 
arm only.


Crossed


Same agents interact with 
participants in both arms.


Intervention Agent Control Participant Intervention Participant







• Participants may interact with one or more agent.


• Single Membership: Each participant interacts with one agent.
• Corresponds to conventional methods for IRGT trials (and GRTs).


CrossedFully Nested Partially Nested


Membership Structures
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• Participants may interact with one or more agent.


• Single Agent: Each participant interacts with one agent, only one agent is 
present per arm (fully nested) or in the trial (partially nested and crossed).


CrossedFully Nested Partially Nested


Membership Structures
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• Participants may interact with one or more agent.


• Multiple Membership: A participant may interact with more than one 
intervention agent.


CrossedFully Nested Partially Nested


Membership Structures
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Statistical Models
• Intervention agents are traditionally represented with random effects in 


linear mixed models.
◦ Representing nested agents with fixed effects can result in inflated type I 


error rate (Zucker, 1990).
•  In Multiple Membership structures, random effects for agents are weighted.
◦ Reflects the proportion of treatment a participant receives from an agent.
◦ Agent weights are between 0 and 1, and for a given participant, all weights sum to 1.
◦ Exogenous Weights: Weights are specified using some external factor with strong 


theoretical justification.
◦ Empirical Weights: Weights are determined empirically by assessing several different 


possibilities and choosing the best set based on some criterion.
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Complex Clustering Simulation Study - Methods
• Five data generation mechanisms (DGMs):
◦ Fully Nested: Agents nested in both arms.
◦ Partially Nested: Agents nested in one arm.
◦ Crossed: The same agents working in both arms.
◦ Crossed-Interaction: Added an agent x arm random effect.
◦ Crossed-Imbalanced: Agents worked primarily with participants in one arm.


• Continuous outcome
• Two arms, post-test only
• Multiple agents: 2, 6, 10, or 20 agents per arm (Nested) or total (Crossed).
• Participants per agent: Nested DGMs - 5 or 20, Crossed DGMs - 10 or 40.
• ICCs were set to 0.05, 0.10 or 0.20.
• For power, the intervention effect was set to 0.20 sd units.
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Complex Clustering Simulation Study - Methods
• Multiple Membership Structure
◦ Agents per participant: 2, 3, 4, or 5
◦ Weight for the primary agent: 0.75, 0.85, or 0.95
◦ For 3 or more agents per participant, the remaining weight was randomly 


distributed among the secondary agents.
◦ We also examined a case in which the weights for the agents were equal.


• Single Membership Structure
◦ Weight for the primary agent: 1


• Single Agent Structure
◦ A single agent per arm (Nested) or in total (Crossed).
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Complex Clustering Simulation Study - Methods
• Several analytic models were used.
• Multiple Membership data:
◦ Multiple Membership model with random effects for agents


• Agent weights were assumed to be known (i.e. exogenous)
◦ Single Membership model using a random effect for the primary agent
◦ Naive Model ignoring agent effects altogether


• Single Membership data:
◦ Single Membership model with a random effect for the agent


• Equivalent to GRT analysis for Fully Nested and to IRGT analysis for Partially Nested
◦ Naive Model ignoring agent effects altogether


• Single Agent data:
◦ Naive Model ignoring agent effects altogether


• It is not possible to estimate agent effects
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Complex Clustering Simulation Study - Methods
• Additional analytic models:
◦ For Crossed data, we examined models that represented agents as fixed effects.
◦ For Multiple Membership data, we pursued two variations


• The data were unchanged, but in the analysis, we permuted the agent weights so that 
we used incorrect weights – “Permute”


• Generated the data based only on the most influential agent but analyzed using all 
agents – “Max”


• Data were generated in R version 4.2.3.
• Analytic software
◦ SAS PROC MIXED for Single Membership models, KR2 df
◦ SAS PROC GLIMMIX 9.4 for Multiple Membership models, KR2 df
◦ R package lme4’s lmer function modified to fit Multiple Membership was used for 


the Crossed with interaction models, KR df
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Results
• Type 1 error rate
◦ Multiple Membership
◦ Alternative Analyses
◦ Single Agent


• Power
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Multiple 
Membership –
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Analyses
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Type I Error Rate – Single Agent
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Power – weak effect size







Conclusions
• Crossed designs protect the type 1 error rate, allow flexibility in analytic 


models, and provide good power with sufficient sample size.
◦ The risk is contamination, so consider that carefully.


• For Nested designs, the analytic model should be matched to the expected 
structure of the data (Multiple Membership vs. Single Membership) and 
Naive Models should not be used.


• Power in small studies is quite poor; a power analysis with realistic and 
data-based estimates is essential.


• Limitations:
◦ Binary and count outcomes
◦ Variation in the number of participants per agent
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Multiple Membership Software and Resources
• SAS
◦ PROC GLIMMIX EFFECT statement (Vazquez Arreola, 2017)


• R
◦ lme4: https://bbolker.github.io/mixedmodels-misc/notes/multimember.html
◦ lmerMultiMember: https://jvparidon.github.io/lmerMultiMember
◦ brms: Bayesian Regression Models using Stan


• MLwiN
• Stata
◦ mixed with _all in random effects equation


• University of Bristol Centre for Multilevel Modeling
◦ LEMMA: Learning Environment for Multilevel Methods and Applications (Leckie, 2013).


• Vazquez Arreola E. Analyzing multiple membership hierarchical data using PROC GLIMMIX. In: Western Users of SAS 
Software Educational Forum; Conference; 2017.


• Leckie G. Multiple membership multilevel models. Published online 2013. 
http://www.bristol.ac.uk/cmm/learning/course.html
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NIH Resources
• Pragmatic and Group-Randomized Trials in Public Health and Medicine
◦ https://prevention.nih.gov/grt
◦ 7-part online course on GRTs and IRGTs


• Mind the Gap Webinars
◦ https://prevention.nih.gov/education-training/methods-mind-gap


• An Introduction to Cross-classified, Multiple Membership, and Dynamic Group 
Multilevel Models (Donald Hedeker, October 20, 2022)


• Design and Analytic Methods for Group-Based Interventions. (David Murray, June 29, 
2021)


• Design and Analysis of IRGTs in Public Health (Sherri Pals, April 24, 2018)
• Research Methods Resources Website
◦ https://researchmethodsresources.nih.gov/
◦ Background material, key references, and a sample size calculator for IRGs.
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Questions?
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Statistical Models: Nested


• 𝑌𝑌𝑖𝑖𝑖𝑖: Continuous outcome for participant 𝑖𝑖 of arm 𝑘𝑘.
• 𝑋𝑋𝑘𝑘: Intervention group indicator.
• 𝛽𝛽0, 𝛽𝛽1: Fixed effects for y-intercept and intervention effect.
• 𝐽𝐽𝑘𝑘: number of agents in arm 𝑘𝑘, with 𝑘𝑘 = 1 defined as the control arm.
• 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖: weight for agent 𝑗𝑗 interacting with participant 𝑖𝑖 of arm 𝑘𝑘, ∑𝑗𝑗=1


𝐽𝐽𝑘𝑘 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 = 1.
• 𝑓𝑓𝑗𝑗𝑗𝑗 ∼ 𝑁𝑁(0,𝜎𝜎𝑓𝑓,𝑘𝑘


2 ) and 𝑒𝑒𝑖𝑖𝑖𝑖 ∼ 𝑁𝑁(0,𝜎𝜎𝑒𝑒,𝑘𝑘
2 )


• Multiple Membership: at least two 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 > 0 and 𝐽𝐽𝑘𝑘 > 1. 
• Single Membership: one 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 = 1 and 𝐽𝐽𝑘𝑘 > 1.
• Single Agent: one 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 = 1 and 𝐽𝐽𝑘𝑘 = 1.
• Partially Nested: agent random effects in control arm, 𝑓𝑓𝑗𝑗1, are omitted.
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Statistical Models: Crossed-Interaction


• 𝐽𝐽 : number of agents in the study.
• 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 : proportion of treatment participant 𝑖𝑖 of arm 𝑘𝑘 receives from agent 𝑗𝑗, ∑𝑗𝑗=1


𝐽𝐽 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 = 1.


•
𝑓𝑓𝑗𝑗
𝑔𝑔𝑗𝑗𝑗𝑗


∼ 𝑁𝑁 0
0 ,


𝜎𝜎𝑓𝑓2 𝜎𝜎𝑓𝑓𝑓𝑓
𝜎𝜎𝑓𝑓𝑓𝑓 𝜎𝜎𝑔𝑔2


 and 𝑒𝑒𝑖𝑖 ∼ 𝑁𝑁(0,𝜎𝜎𝑒𝑒2).


• Multiple Membership: at least two 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 > 0 and 𝐽𝐽 > 1. 
• Single Membership: one 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 = 1 and 𝐽𝐽 > 1.
• Single Agent: one 𝑤𝑤𝑖𝑖𝑖𝑖𝑖𝑖 = 1 and 𝐽𝐽 = 1.
• No interaction model: remove 𝑔𝑔𝑗𝑗𝑗𝑗
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Introduction


Individually randomized group treatment (IRGT) trials
Randomization level: individual
Post-randomization clustering in one or both conditions


treatment being group-based
(e.g. a group-based psychological treatment)
treatment delivered to multiple participants by the same individual
(e.g. surgeon)


Differential clustering in different trial arms


Different from individually randomized controlled trials (RCTs)
outcomes of individuals assumed independent


Different from cluster randomized trials (CRTs)
randomization level: a pre-existing cluster of individuals
usually same clustering of outcomes in both arm
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Introduction


Longitudinal IRGT trials
Repeated outcome measurements for each individual
Additional level of nesting in each arm


Motivating example
Sauti ya Vijana (SYV, The Voice of Youth) trial
Randomization level: individual
Comparison


treatment: a series of group-based mental health sessions
control: routine care as usual delivered individually


Outcome: log viral load assessed at 3 follow-up time points
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Introduction


Figure 1: An illustration of the SYV trial, a longitudinal IRGT trial with 9 individuals per arm, 3
individuals per group in the treatment arm, no treatment-induced clustering of individuals in the
control arm, and 3 follow-up time points per individual. A motivating design question is to
determine the number of individuals in a given setting.
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Statistical Model


Notation
Yijk : continuous or binary outcome for individual k = 1, . . . ,Ki in
cluster (i.e. group) i = 1, . . . , It , It + 1, . . . , It + Ic at follow-up time
point j = 1, . . . ,T


i = 1, . . . , It : treatment arm
Ki = Kt : cluster size in the treatment arm
Nt = It × Kt : total number of individuals in the treatment arm
i = It + 1, . . . , It + Ic : control arm
Ki = Kc : cluster size in the control arm
Nc = Ic × Kc : total number of individuals in the control arm


I = It + Ic : total number of clusters
N = Nt + Nc : total number of individuals
πc = Nc/N : proportion of individuals in the control arm
qc = Ic/I : proportion of clusters in the control arm
N = I × {qcKc + (1 − qc)Kt}
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Statistical Model


Generalized linear model
Xijk = (Xijk1, . . . ,Xijkp)


′: p covariates
Xi : binary treatment indicator


µijk = E(Yijk |Xijk): marginal mean outcome given Xijk , specified by


g(µijk) = X ′
ijkβ (1)


g : link function
β: p × 1 vector of regression parameters


Var(Yijk |Xijk) = ϕiνijk : marginal variance function
ϕi = ϕt for i in the treatment arm
ϕi = ϕc for i in the control arm
νijk : variance function
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Statistical Model


Three-parameter correlation model for each arm
Simplified example


(i) Within-time correlation for two different individuals
treatment arm: corr (Yijk ,Yijk′) = α0 for k ̸= k ′


control arm: corr (Yijk ,Yijk′) = ρ0 for k ̸= k ′
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Statistical Model


Three-parameter correlation model for each arm
Simplified example


(ii) Between-time correlation for two different individuals
treatment arm: corr (Yijk ,Yij′k′) = α1 for j ̸= j ′ and k ̸= k ′


control arm: corr (Yijk ,Yij′k′) = ρ1 for j ̸= j ′ and k ̸= k ′
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Statistical Model


Three-parameter correlation model for each arm
Simplified example


(iii) Within-individual correlation over time
treatment arm: corr (Yijk ,Yij′k) = α2 for j ̸= j ′


control arm: corr (Yijk ,Yij′k) = ρ2 for j ̸= j ′
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Statistical Model


Three-parameter correlation model for each arm
Simplified example


Intraclass correlation coefficient (ICC) vector
treatment arm: α = (α0, α1, α2)


′


control arm: ρ = (ρ0, ρ1, ρ2)
′
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Statistical Model
Block exchangeable correlation structure (Li et al., 2018) for the
treatment arm


Matrix notation


Rt =(1 − α0 + α1 − α2) ITKt + (α2 − α1) JT ⊗ IKt


+ (α0 − α1) IT ⊗ JKt + α1JTKt


⊗: Kronecker product
Is : s × s identity matrix
Js : s × s matrix of ones


Four distinct eigenvalues:


λt1 = 1 − α0 + α1 − α2


λt2 = 1 − α0 − (T − 1) (α1 − α2)


λt3 = 1 + (Kt − 1) (α0 − α1)− α2


λt4 = 1 + (Kt − 1)α0 + (T − 1) (Kt − 1)α1 + (T − 1)α2
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Statistical Model
Block exchangeable correlation structure (Li et al., 2018) for the control
arm


Matrix notation


Rc =(1 − ρ0 + ρ1 − ρ2) ITKc + (ρ2 − ρ1) JT ⊗ IKc


+ (ρ0 − ρ1) IT ⊗ JKc + ρ1JTKc


⊗: Kronecker product
Is : s × s identity matrix
Js : s × s matrix of ones


Four distinct eigenvalues:
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λc2 = 1 − ρ0 − (T − 1) (ρ1 − ρ2)


λc3 = 1 + (Kc − 1) (ρ0 − ρ1)− ρ2
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Statistical Model


Notes for ICCs
Allow for differential clustering in the two arms


example: treatment leads to greater consistency of outcomes within
an individual over time


Special case: ρ0 = ρ1 = 0
treatment-induced clustering only in the treatment arm but none in
the control arm
longitudinal generalization of the partially nested design


Value choice for α (similarly for ρ)
pilot study
α0 often reported in parallel-arm CRTs
α1 = α0/2
α2 > α0 > α1
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Statistical Model
Generalized estimating equations (GEE) approach (Liang and Zeger,
1986)


Mean model: estimating equations
Two variance (of estimated mean) estimation approaches


model-based variance
robust sandwich variance


Finite-sample adjustments: consider 2 approaches
KC bias correction (Kauermann and Carroll, 2001)
MD bias correction (Mancl and DeRouen, 2001)


GEE/MAEE (Preisser et al., 2008)
Correlation estimation via matrix-adjusted estimating equations
(MAEE)
GEE/MAEE with robust preferred


ICC estimates can inform future trial designs (Preisser et al., 2008)
good practice per the CONSORT extension (Campbell et al., 2012)
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Power and Sample Size Considerations


Power and sample size considerations
Test for the global treatment effect


under t-test for a single parameter
under F -test for multiple parameters


Assume the true correlation matrix is block exchangeable for each
arm (with different correlation parameters)
Survey five mean models
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Power and Sample Size Considerations


Five mean models
Model 1: No-time constant treatment effect (NT-CTE)


g(µijk) = β1 + β2Xi


H0 : β2 = 0, with df = I − 2


simplified example of model parameters


β1 β1 β1


β2 β2 β2


Secular trend
Treatment effect


Time point 1 → Time point 2 → Time point 3
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Power and Sample Size Considerations


Five mean models
Model 2: Linear-time constant treatment effect (LT-CTE)


g(µijk) = β1 + β2tj + β3Xi


H0 : β3 = 0 with df = I − 3


simplified example of model parameters


β1 + β2 β1 + 2β2 β1 + 3β2


β3 β3 β3


Secular trend
Treatment effect


Time point 1 → Time point 2 → Time point 3
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Power and Sample Size Considerations


Five mean models
Model 3: Categorical-time constant treatment effect (CT-CTE)


g(µijk) = βj + βT+1Xi


H0 : βT+1 = 0 with df = I − 2


simplified example of model parameters


β1 β2 β3


β4 β4 β4


Secular trend
Treatment effect


Time point 1 → Time point 2 → Time point 3
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Power and Sample Size Considerations


Five mean models
Model 4: Linear time by treatment interaction (LT-TI)


g(µijk) = β1 + β2tj + β3Xi + β4tjXi


H0 : βsub = h0, where βsub = (β3, β4)
′ and h0 = (0, 0)′


simplified example of model parameters


β1 + β2 β1 + 2β2 β1 + 3β2


β3 + β4 β3 + 2β4 β3 + 3β4


Secular trend
Treatment effect


Time point 1 → Time point 2 → Time point 3
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Power and Sample Size Considerations


Five mean models
Model 5: Categorical time by treatment interaction (CT-TI)


g(µijk) = β1j + β2jXi


H0 : βsub = h0, where βsub = (β21, . . . , β2T )
′ and h0 = (0, . . . , 0)′


simplified example of model parameters


β11 β12 β13


β21 β22 β23


Secular trend
Treatment effect


Time point 1 → Time point 2 → Time point 3
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Power and Sample Size Considerations


Sample size calculations
Closed-form sample size expressions for a continuous outcome,
through two methods


model-based variance with the true working correlation
robust variance with an independence working correlation


Numerical sample size procedures for a binary outcome
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Power and Sample Size Considerations


Table 1: A brief summary of variance estimators under different models for longitudinal IRGT trials
with a continuous outcome.


Model H0 Variance


1. NT-CTE β2 = 0


σ2
β =


1
T


{
ϕcλc4


qcKc
+


ϕtλt4


(1 − qc)Kt


}
2. LT-CTE β3 = 0


3. CT-CTE βT+1 = 0


4. LT-TI (β3, β4)
′ = (0, 0)′


Vsub =
1
T


{ϕcλc3


qcKc
+


ϕtλt3


(1 − qc)Kt


}
12


T 2 − 1


(T + 1)2


4
−T + 1


2
−T + 1


2
1


+


{
ϕcλc4


qcKc
+


ϕtλt4


(1 − qc)Kt


}(
1 0
0 0


)]


5. CT-TI (β21, . . . , β2T )
′ = (0, . . . , 0)′ Vsub =


{
ϕcλc3


qcKc
+


ϕtλt3


(1 − qc)Kt


}
IT +


1
T


{
ϕc(λc4 − λc3)


qcKc
+


ϕt(λt4 − λt3)


(1 − qc)Kt


}
JT
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Power and Sample Size Considerations


Analytical insights for a continuous outcome
Same variance formula1 under Models 1-3


σ2
β = 1


T


{
ϕcλc4
qcKc


+ ϕtλt4
(1−qc )Kt


}
no interaction between treatment and time
possible minor difference in sample size due to change in df
more efficient than the model for a singe time point


1
λc4 = 1+(Kc − 1) ρ0+(T−1) (Kc − 1) ρ1+(T−1)ρ2, λt4 = 1+(Kt − 1)α0+(T−1) (Kt − 1)α1+(T−1)α2 .
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Power and Sample Size Considerations


Theorem 1


Consider a longitudinal IRGT trial where the true correlation structure is
block exchangeable with arm-specific correlation parameters. We further
allow for arm-specific group sizes (Kt , Kc ) and dispersion parameters (ϕt ,
ϕc ). For a continuous outcome, using the sandwich variance expression
under working independence results in the same value for σ2


β or Vsub in
each model (Models 1-5) as we obtain using the model-based variance
expression in Table 1.
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Power and Sample Size Considerations


Mean model choice
Depend on the context of the trial and research objective
Underlying time effects or secular trend


duration of the trial
Plausibility of time-dependent treatment effect


immediate and constant effect
delayed effect or learning effect over time


Based on content knowledge or pilot data


Designing longitudinal IRGT trials 27 / 39







Section


1 Introduction


2 Statistical Model


3 Power and Sample Size Considerations


4 Simulation Study


5 Application to the SYV Trial


6 Summary


Designing longitudinal IRGT trials 28 / 39







Simulation Study


Simulation study
For both continuous and binary outcomes
Longitudinal IRGT trial with equal allocation πc = 1/2
ρ0 = ρ1 = 0 and ρ2 = α2


control arm only has a within-individual correlation
same within-individual correlation in the two arms
mimic the SYV trial in practice


Kt = 10, Kc = 1, qc = 10/11


6 scenarios with different parameters for each of the 5 models
calculate the smallest sample size for predicted power ≥ 85%
It ranges from 8 to 23
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Simulation Study


Simulation study
1000 data replications for each scenario
Two GEE analyses with bias-corrected sandwich variance
estimators


GEE/MAEE with the true working correlation
GEE with an independence working correlation


Four variance estimators
Model-based variance estimator (MB)
Uncorrected robust sandwich variance estimator (ROB)
KC-bias corrected sandwich variance estimator (KC)
MD-bias corrected sandwich variance estimator (MD)
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Simulation Study


Model 1. NT−CTE Model 2. LT−CTE Model 3. CT−CTE Model 4. LT−TI Model 5. CT−TI
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(b) GEE with working independence


Figure 2: Empirical type I error rates of analyses for continuous outcomes using (a) GEE/MAEE with the true working correlation
structures and (b) GEE with an independence working correlation structure, based on different variance estimators. NT-CTE:
No-time constant treatment effect; LT-CTE: Linear-time constant treatment effect; CT-CTE: Categorical-time constant treatment
effect; LT-TI: Linear time by treatment interaction; CT-TI: Categorical time by treatment interaction.
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(b) GEE with working independence


Figure 3: Differences between the empirical power and the predicted power of analyses for continuous outcomes using (a)
GEE/MAEE with the true working correlation structures and (b) GEE with an independence working correlation structure, based on
different variance estimators. NT-CTE: No-time constant treatment effect; LT-CTE: Linear-time constant treatment effect; CT-CTE:
Categorical-time constant treatment effect; LT-TI: Linear time by treatment interaction; CT-TI: Categorical time by treatment
interaction.
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Application to the SYV Trial


SYV trial
Longitudinal IRGT trial
Randomization level: individual
Equal allocation to the two arms
Comparison


treatment: a series of group-based mental health sessions
control: routine care as usual delivered individually


8 individuals per treatment group
Outcome: log viral load assessed at 3 follow-up time points
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Application to the SYV Trial


Sample size calculation
No assumed treatment-by-time interactions
Correlation assumption1


ρ0 = ρ1 = 0
ρ2 = α2
α = (α0, α1, α2) = (0.04, 0.03, 0.8)


Assumed standardized effect size = 0.3
Target a minimum of 85% power


The proposed sample size formula suggested that the required
number of individuals is 400 with power of 85.4%


25 groups for a total of 200 individuals in the treatment arm
200 individuals in the control arm


1
α0 = within-time correlation for two different individuals in the same treatment group, α1 = between-time correlation for


two different individuals in the same treatment group, α2 = within-individual correlation in both arms.
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200 individuals in the control arm


1
α0 = within-time correlation for two different individuals in the same treatment group, α1 = between-time correlation for


two different individuals in the same treatment group, α2 = within-individual correlation in both arms.
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Application to the SYV Trial


Sensitivity analysis
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Figure 4: Predicted power contours as a function of α1/α0 and α2 at α0 = {0.03, 0.04, 0.05},
with N = 400, I = 225,Kt = 8,Kc = 1,T = 3, b = 0.3


√
ϕ for the SYV trial1.


1
α0 = within-time correlation for two different individuals in the same treatment group, α1 = between-time correlation for


two different individuals in the same treatment group, α2 = within-individual correlation in both arms.
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Summary


Summary
Developed sample size methodology for longitudinal IRGT trials


block exchangeable correlation structures with different correlation
parameters for the two arms
survey 5 marginal mean models
closed-form sample size expressions for a continuous outcome
numerical sample size procedures for a binary outcome


Demonstrated proposed methods work well for as few as 8 groups
formed in the treatment arm


GEE analysis with a bias-corrected sandwich variance estimator
Simulation code openly available in GitHub at
https://github.com/XueqiWang/Longitudinal_IRGT
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Summary


Paper published
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Thank You
Any questions?
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Two types of trials with correlated outcomes
(CRT: cluster randomized trial; IRGT: individually randomized group treatment trial)
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Individually randomized group treatment trial (IRGT trial)


▶ IRGT: A type of trial design where individual participants are
randomized to treatment conditions, but shared agents are needed
during the treatment delivery
▶ Each clinician may treat multiple patients
▶ Therapy is delivered in a group setting


▶ Special case: IRGT design is also known as partially clustered
design where active group-based treatment is compared with
ungrouped standard care


▶ Clustering induced by treatment delivery has often been
overlooked at both the design and analytical stages


▶ Ignoring the clustering may have led to over-optimistic findings
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Design IRGTs to test the intervention effect


▶ Established literature on sample size consideration for testing the
intervention effect (Roberts and Roberts 2005)


▶ based on a linear mixed model with a treatment variable and a
random cluster effect that allows between-arm heterogeneity


▶ denote cluster sizes as 𝑚1 and 𝑚0 in treatment and control; ICC of
the outcome as 𝜌1 and 𝜌0 ⇒ variance inflation factor (VIF or
design effect) due to cluster is VIF = 1 + (𝑚𝑥 − 1)𝜌𝑥 , where
𝑥 = 0, 1


▶ larger ICC leads to smaller power and larger required sample size


▶ optimal allocation due to unequal design parameters between
arms
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Multi-center IRGT design
(Tong et al., 2024, Biometrical Journal)


▶ Because of limited treatment resources or participants at one
location, an IRGT trial can be carried out across multiple centers.
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Multi-center IRGT design


▶ In multi-center individually randomized trials, adjusting for the
center effects in the analysis can improve the study power,
especially when the between-center heterogeneity is substantial
(Kahan and Morris, 2013)


▶ Appropriate methods that account for the within-center
correlation structure are needed to help design multi-center IRGT
trials and to elucidate the impact of ignoring the center effect in
such studies
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Linear mixed model with additional center effects


▶ A linear mixed model with additional sources of variability
induced by centers (𝑖: center; 𝑗 : cluster; 𝑘: individual)


𝑌𝑖 𝑗𝑘 =𝛽0 + 𝛽1𝑋𝑖 𝑗𝑘 + 𝜆𝑖 + 𝑋𝑖 𝑗𝑘𝜃𝑖 𝑗1 + (1 − 𝑋𝑖 𝑗𝑘)𝜃𝑖 𝑗2+
𝑋𝑖 𝑗𝑘𝜖𝑖 𝑗𝑘1 + (1 − 𝑋𝑖 𝑗𝑘)𝜖𝑖 𝑗𝑘2


▶ center-effect: 𝜆𝑖 ∼ N(0, 𝜎2
𝜆
)


▶ arm-specific random effects: 𝜃𝑖 𝑗1 ∼ N(0, 𝜎2
𝜃1
) and


𝜃𝑖 𝑗2 ∼ N(0, 𝜎2
𝜃2
)


▶ arm-specific residual: 𝜖𝑖 𝑗𝑘1 ∼ N(0, 𝜎2
𝜖1 ) and 𝜖𝑖 𝑗𝑘2 ∼ N(0, 𝜎2


𝜖2 )


6 / 23







Five ICCs in the design of a multi-center IRGT trial
(Tong et al., 2024, Biometrical Journal)
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Implied constraints on the ICCs and variance parameters
(Tong et al., 2024, Biometrical Journal)


▶ 𝛼1/𝜌1 and 𝛼2/𝜌2 are bounded between 0 and 1
▶ The between-therapist between-arm ICC is then induced as


𝜅 =
√
𝛼1𝛼2


▶ If we define the total variance of the treatment arm and the
control arm as 𝜎2


1 = 𝜎2
𝜆
+ 𝜎2


𝜃1
+ 𝜎2


𝜖1 , and 𝜎2
2 = 𝜎2


𝜆
+ 𝜎2


𝜃2
+ 𝜎2


𝜖2 ,
then we have the constraint of 𝛼2𝜎


2
2 = 𝛼1𝜎


2
1


▶ In partially nested multi-center IRGT, we have 𝜌2 = 𝛼2
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Doubly nested exchangeable correlation structure


▶ All individual-level outcomes at each center follow the following
correlation structure


𝑺𝑖 =


(
𝑹1 𝜅𝑱𝑇1𝑁1×𝑇2𝑁2


𝜅𝑱𝑇2𝑁2×𝑇1𝑁1 𝑹2


)
▶ The correlation matrices for each arm are


𝑹1 = (1 − 𝜌1)𝑰𝑇1𝑁1 + (𝜌1 − 𝛼1)𝑰𝑇1 ⊗ 𝑱𝑁1 + 𝛼1𝑱𝑇1𝑁1 ,


𝑹2 = (1 − 𝜌2)𝑰𝑇2𝑁2 + (𝜌2 − 𝛼2)𝑰𝑇2 ⊗ 𝑱𝑁2 + 𝛼2𝑱𝑇2𝑁2 .


▶ Each arm has a nested exchangeable correlation structure (Li et al.
2019)


▶ 𝑇1, 𝑇2 are the number of therapists (clusters) in each arm; 𝑁1, 𝑁2


are the cluster sizes


▶ The variance of 𝛽1 can be derived under generalized least squares
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Variance formula of the intervention effect


▶ Variance formula expressed in variance


var(𝛽1) =
𝑁1𝜎


2
𝜃1
+ 𝜎2


𝜖1


𝐼𝑇1𝑁1
+
𝑁2𝜎


2
𝜃2
+ 𝜎2


𝜖2


𝐼𝑇2𝑁2


▶ Variance formula expressed in ICCs


var(𝛽1) =
𝜎2


1 {1 + (𝑁1 − 1)𝜌1 + 𝑁1(𝑇1 − 1)𝛼1}
𝐼𝑇1𝑁1


+


𝜎2
2 {1 + (𝑁2 − 1)𝜌2 + 𝑁2(𝑇2 − 1)𝛼2}


𝐼𝑇2𝑁2
−


2𝜎1𝜎2
√
𝛼1𝛼2


𝐼


▶ 𝜌1 and 𝜌2 are the within-therapist ICCs
▶ 𝛼1 and 𝛼2 are the between-therapist, within-arm ICCs


▶ The sample size and power formula can then be derived under a
two-sided 𝑧-test
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The impact of 𝜎2
𝜆


on power when using variance in design
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The impact of ICCs on variance reduction
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Optimal allocation and partially nested design


▶ Optimal allocation ratio on therapists to reach the maximized
power is


𝑅𝑜𝑝𝑡 =
𝑇
𝑜𝑝𝑡


1


𝑇
𝑜𝑝𝑡


2
=
𝜎1


√︁
𝑁2{1 + (𝑁1 − 1)𝜌1 − 𝑁1𝛼1}


𝜎2
√︁
𝑁1{1 + (𝑁2 − 1)𝜌2 − 𝑁2𝛼2}


▶ To ensure this optimal allocation ratio is valid, we need to have
1 + (𝑁1 − 1)𝜌1 − 𝑁1𝛼1 > 0 and 1 + (𝑁2 − 1)𝜌2 − 𝑁2𝛼2 > 0


▶ For partially nested IRGT design, the optimal allocation ratio can
be obtained by setting the cluster size of the arm with no
clustering to 1
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Optimal allocation accounting for cost


▶ Assume 𝐶0 is the overhead cost of the trial; 𝐵 is the cost of each
center; 𝑐1 and 𝑐2 are the cost per therapist in each arm; 𝑠1 and 𝑠2


are the cost per participant per therapist in each arm. The total
cost or grand budget of a multi-center IRGT trial is then


𝐶 = 𝐶0 + 𝐼 (𝐵 + 𝑇1(𝑐1 + 𝑁1𝑠1) + 𝑇2(𝑐2 + 𝑁2𝑠2))


▶ Optimal allocation ratio can be obtained, and then the number of
therapists per center for the treatment arm can be derived as


𝑇
𝑜𝑝𝑡


1 =
(𝐶 − 𝐶∗)/𝐼√︁


𝑐∗1𝑐
∗
2 ×


𝑁1𝜎
2
2 {1 + (𝑁2 − 1)𝜌2 − 𝑁2𝛼2}


𝑁2𝜎
2
1 {1 + (𝑁1 − 1)𝜌1 − 𝑁1𝛼1}


+ 𝑐∗1


,


where 𝑐∗1 = 𝑐1 + 𝑁1𝑠1, 𝑐∗2 = 𝑐2 + 𝑁2𝑠2, and 𝐶∗ = 𝐶0 + 𝐼𝐵
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Simulation design


▶ Simulation parameters for multi-center IRGT (240 scenarios)
▶ Total variance of the treatment arm as 𝜎2


1 = 1
▶ Within-therapist ICCs are 𝜌1, 𝜌2 ∈ {0.01, 0.05, 0.10, 0.20}
▶ Between-therapist ICCs as fractions of within-therapist ICCs,


𝛼1 = 𝛾𝜌1 and 𝛼2 = 𝛾′𝜌2, where 𝛾, 𝛾′ ∈ {0, 0.2, 0.5, 0.8, 1.0}
▶ Number of therapists per center for each arm as


(𝑇1, 𝑇2) ∈ {(2, 4), (4, 6), (5, 10)}
▶ The corresponding number of patients per therapist for each arm


as (𝑁1, 𝑁2) ∈ {(30, 15), (15, 10), (12, 6)}
▶ Simulation parameters for multi-center partially nested design


(32 scenarios)
▶ Within-therapist ICC 𝜌1 ∈ {0.02, 0.04, 0.08, 0.20}
▶ 𝛼1 = 0.25𝜌1, and 𝜌2 = 0.5𝜌1 or 𝜌2 = 0.75𝜌1
▶ Number of therapists per center as 𝑇1 ∈ {2, 4, 6, 10}
▶ Number of patients per therapist as 𝑁1 ∈ {30, 15, 10, 6}
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Simulation design


▶ All sets of simulations follow four steps
▶ Estimate the required sample size based on the variance formula.


Here, the number of centers is rounded up to the closest integer
▶ Simulate outcomes from the linear mixed model under the null


(𝛽1 = 0) or the alternative (𝛽1 = 0.2) separately
▶ Fit linear mixed models by using the "lme" function from the


"nlme" package in R with doubly nested exchangeable correlation
structure and restricted maximum likelihood


▶ Obtain the 𝑝 value associated with testing the treatment effect, 𝛽1,
based on the two-sided 𝑧-test.


▶ Each scenario repeats the above steps for 𝑩 = 5000 times
▶ Type I error rate and power are average over results obtained in 𝑩


times
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Simulation results
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Data example 1: Schema Therapy for Personality Disorders
(STPD) trial
(Bamelis et al., 2014)


▶ 323 personality disorders patients from 12 Dutch mental health
institutes, and participants were individually randomized to one
of the three arms, schema therapy (sample size is 147) or
treat-as-usual (sample size is 135), and clarification-oriented
psychotherapy (sample size is 41)


▶ The schema therapy arm has 66 therapists with an average cluster
size of 2.2, whereas the treat-as-usual arm has 79 therapists with
an average cluster size of 1.7


▶ A key secondary outcome-the global assessment of functioning
(GAF) scale score (0-100) measured at the 36 month, a scale of 0
to 100 with a standard deviation usually around 13
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Data example 2: Comparison of Outcomes of Antibiotic
Drugs and Appendectomy (CODA) trial
(CODA-Collaborative, 2020)


▶ CODA compared antibiotic therapy to surgery as an alternative
treatment (1:1 ratio) for appendicitis with a total of 1552 adults
recruited from 25 centers in the United States


▶ Surgical treatments were delivered by a total of 48 surgeons
across centers, whereas the antibiotic treatment was ungrouped.
The average cluster size is 16


▶ The primary outcome is quality of life (measured by the EuroQol
at 4 week), a continuous score ranging from 0 to 1, with the
standard deviation estimated as 0.13


▶ The original sample size calculation expected an effect size of
0.008
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Key considerations for multi-center IRGT design


▶ If the variance components of therapist-level random effects are
considered as input parameters in the design stage, accounting
for the additional center-level variance component has no impact
on the sample size estimation


▶ If the ICC parameters are considered, accounting for the
additional center-level correlation can lead to sample size
reduction, and the magnitude of reduction depends on the
amount of between-therapist correlation


▶ Optimal allocation (with options to accommodate costs) is
recommended to get a more efficient design
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Key considerations for multi-center IRGT design


▶ One needs to be aware of the constraints on the ICC and variance
parameters at the design
▶ If at least one of the arms has high therapist ICC (𝜌1, 𝜌2), it is


potentially important to consider the center effect
▶ If the total variance of the two arms is drastically different, then it


is potentially important to consider the center effect


▶ When the number of centers is small (e.g., 7 or below), the
sample size result using our method can be slightly under power


▶ Please find more content in, Tong G., Tong J., Li F. (2024).
Designing multi-center individually randomized group treatment
trials. Biometrical Journal, 66(1), 1-19.
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