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Cluster Randomized Trials  -- overview



Clusters #1 

Examples:                 #2
Hospitals
ICUs                       #3
ORs
Providers              #4

Individual RCT Cluster RCT
-- Parallel --

Cluster Randomized Trials  -- CRXO  



Cluster-randomized crossover (CRXO) design

Combines features of: 

1) Parallel cluster randomized trial
 -- clusters are randomized to an arm (not patients as in IRCT)

-- treat cluster as random effect; adjust for ICC in sample size calcs

2) Individual patient crossover trial, and stepped wedge 

-- gain power with multiple measurements (on same or new units)
-- randomize clusters to sequence (test tx-by-sequence interaction)
-- adjust for period effect (test  tx-by-period interaction… differential carryover)
-- treat  period within cluster  (or cluster x period interaction) as random effect



CRXO Design:  when appropriate?

When intervention can be turned on and off:  Not an irreversible systemic change  
-- if intervention cannot easily be turned off, stepped wedge may be good option

When patient outcome can be measured before start of next period (short-term outcomes)

Common CRXO designs:

1)  Cross-sectional design [new units each period]
2)  Cohort design [repeated measurements on same units across periods]
3)  Combination



CRXO Design: How to randomize clusters? 

Do not simply randomize clusters in first period, then alternate interventions each period.
Instead, randomize each cluster to a sequence. 
Optimal scheme:   e.g., every 4 periods, randomize each cluster to 1 of these patterns:  

ABBA
BAAB
AABB
BBAA



CRXO Design: How to randomize? 

Do not simply randomize clusters in first period, then ‘alternate’ interventions each period.

Use optimal scheme:   e.g., every 4 periods,  randomize each cluster to 1 of these sequences:  

ABBA
BAAB
AABB
BBAA

References: Grantham et al (2019). How many times should a cluster randomized crossover trial cross over? Stat Med 38 (25).

1.                          Reed (2012). Four Period Crossover Designs. Journal of Modern Applied Statistical Methods 11(1).

This design is:

1) uniform within sequence: each treatment appears same number of times within each sequence
2) uniform within period: each treatment appears same number of times within each period 
3) strongly balanced with respect to first-order carryover effects because each treatment 

precedes every other treatment, including itself, the same number of times.
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Analysis methods for CRXO design

Typically, a generalized linear mixed effects model.

Fixed effects:  treatment, period, sequence.

Random effects:  cluster, period (cluster), patient [e.g, if cohort design]



Sample Size Calcs for CRXO 

A CRXO Sample Size Calculation Depends on two intracluster correlations: 

within-cluster within-period correlation: WPC (or ρ)    and 
within-cluster between-period correlation: BPC (or η).



Sample Size Calcs for CRXO 

A CRXO Sample Size Calculation Depends on two intracluster correlations: 

within-cluster within-period correlation: WPC (or ρ)    and 
within-cluster between-period correlation: BPC (or η).

The ratio of BPC/WPC, called the Cluster-Autocorrelation Coefficient  (CAC),
also has a strong effect on the sample size, as we’ll see.

Note:  Today we’ll consider the case where the BPC is a constant across periods.
Especially in studies with many crossovers, that may not be true –
i.e., the BPC, and thus the CAC, may decrease as distance between periods increases.

Hemming et al (IJE 2020)



Sample Size Calcs for CRXO 
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Sample size calculations – binary endpoint

Apply appropriate design effect  to the usual sample size for a chi-square test. 
We know that 1 + (m-1) ρ is design effect for parallel CRT, where m is cluster size and ρ = ICC

For CRXO, redefine m,  ρ = WPC;   add  𝜼 = BPC.

𝑵𝑪𝑹𝑿𝑶 = 𝟐(𝒛𝜶/𝟐 + 𝒛𝟏ି𝜷)𝟐
𝒑𝑨(𝟏 − 𝒑𝑨) + 𝒑𝑩(𝟏 − 𝒑𝑩)

(𝒑𝑨 − 𝒑𝑩)𝟐
(𝟏 + (𝒎 − 𝟏)𝝆 − 𝒎𝜼),                                              (𝟏)

              
where 𝒛𝜶/𝟐 and 𝒛𝜷 are the standard normal values for upper tail probabilities of 𝜶/𝟐 and 𝜷;

α is significance level; 1 − β is power to detect 𝒑𝑨 − 𝒑𝑩 ; 𝒑𝑨, 𝒑𝑩  proportions with outcome in each arm; 

m is the number of participants per cluster-period
ρ is the within-cluster  within-period correlation  (WPC)
η is the within-cluster  between-period correlation (BPC)

Total N  =  s * t * k * m  
[s= # arms, t= #periods,  k= #clusters,  m= cluster size/period] 



Sample size calculations – binary endpoint

Apply an appropriate design effect  to the usual sample size for a chi-square test. 
We know that   1 + (m-1) ρ is design effect for parallel CRT, where m is cluster size and ρ = ICC
For CRXO, redefine m,  ρ = WPC;   add  𝜼 = BPC.

𝑵𝑪𝑹𝑿𝑶 = 𝟐(𝒛𝜶/𝟐 + 𝒛𝟏ି𝜷)𝟐
𝒑𝑨(𝟏 − 𝒑𝑨) + 𝒑𝑩(𝟏 − 𝒑𝑩)

(𝒑𝑨 − 𝒑𝑩)𝟐
(𝟏 + (𝒎 − 𝟏)𝝆 − 𝒎𝜼),                                              (𝟏)
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α is significance level; 1 − β is power to detect 𝒑𝑨 − 𝒑𝑩 ; 𝒑𝑨, 𝒑𝑩  proportions with outcome in each arm; 

m is the number of participants per cluster-period
ρ is the within-cluster  within-period correlation  (WPC)
η is the within-cluster  between-period correlation (BPC)

NOTE: if BPC ( = 0,      design effect = ,       same as  CRT
if BPC = WPC,      design effect = ,                      so N is ≤  IRTC



Ex 1:   ORACLE CRXO – air filter trial 

The ORACLE Cluster-Randomized Multiple Crossover Trial   (Cleveland Clinic)

• Intervention: Operating Room Supplemental Air Filtration and Sterilization    versus    sham filter (off)
Outcome:      Binary composite of serious surgical site infections, complications, death within 30 days post-op

Clusters: 61    Operating rooms
Time periods:   36    1-month periods

Randomization scheme:  randomize ORs to 4-month sequences: AABB, BBAA, ABBA, or BAAB 

Assumptions:  WPC = .10   BPC = 0.08
P0 = .065,    P1 = .0585 (RR = 0.90)

Maximum Required Sample size:   109,487

Internal pilot study:  re-assess “nuisance parameters” of control group incidence, BPC, WPC

Interim analyses:  4 planned using group sequential design [gamma -4 efficacy, -2 futility]
-- trial crossed futility boundary at 3rd interim 



As BPC ->  WPC,    N decreases below that of IRCT (row 2)
As BPC ->  ZERO,    N increases to that of CRT  (row 7)

P0=.065  p1=.0585,  36 periods,  m=50 per cluster-period

CRXO SAMPLE SIZE 
AS FUNCTION OF 
CAC =BPC/WPC

N_clustersN_CRXON_CRTN_IRCTCAC=
BPC / WPC

BPCWPCRow

3357,62557,62657,625..00.01

2951,862339,98857,6251.0.10.102 

61109,487.80.08.103

93167,111.60.06.104

125224,735.40.04.105

157282,360.20.02.106

189339,984339,98857,625.00.00.107

CAC = Cluster Autocorrelation Cofficient = BPC / WPC
Has huge effect on sample size, independent of actual WPC



WPC = 0.10

WPC = 0.05

WPC = 0.01

WPC = 0.001 IRTC
BPC = WPC

CRT
BPC = 0



Ex 2. Video vs Direct Laryngoscopy for Endotracheal Intubation 
in Operating Room:  A Cluster Randomized Multiple Crossover Clinical Trial

•DOI: 10.1001/jama.2024.0762

Ruetzler et al, JAMA 2024
Cleveland Clinic

2 sets of 11 operating rooms
Randomized to 1 week periods

Almost 50% excluded
(non-eligible by protocol

+ staff refusals)



Adjust for confounding – as warranted

“direct” laryngoscopy  providers         
sometimes  insisted on 
crossing over to “video” group

-- during COVID the 
Video intervention thought safer

IPTW (stabilized) to attain balance.
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“direct” laryngoscopy  providers         
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IPTW (stabilized) to attain balance.



Conclusions for CRXO Designs

CRXO especially useful when: 
1) Intervention can be turned on and off, and fairly easily
2) Outcomes measurable short-term  (within the period)
3) Low potential for recruitment bias – post-randomization 

Efficient – Power Increases with:
1) Decreasing WPC (within-cluster within-period correlation), and 
2) Increasing Cluster Autocorrelation (BPC / WPC) 
3) More powerful than parallel CRT as long as BPC > 0 

Special Features   
* Reduced logistical complexity over IRCTs (waive consent if ethically appropriate)
* Finding similar clusters or matching clusters not necessary – making within-cluster comparisons
* Reduced cost vs IRCT
* Provider compliance can be an issue 

BPC = within-cluster between-period correlation
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CRXO :  compared to other designs

•
•

Stepped Wedge  (SW-CRT)CRXOCRTIndividual RCT (IRCT)Characteristic

Similar to CRXO, but 
interventions ratio not 
constant across periods

Crossover avoids issue
- w/in cluster comps
- no need to match

Needs many clusters,
matched/similar pairs 

Expected with 
randomization

Balance at
baseline?

Only 1 crossover/cluster so 
CRXO has more info in 
same time frame

IRCT < CRXO < CRTCRXO smaller if
BPC > 0 .

CRXO larger if
BPC/WPC < 1

Sample size

Strong if heterogeneity 
across clusters

Strong if heterogeneity 
across clusters

Assumes  tx, control 
clusters similar

If multicenter, very 
strong

Generalizability

Faster due to crossover.
Slower than CRXO if long 
subject observation time

Fast due to crossover Slow since no crossoverSlow since no crossoverEnrollment 
time

Easier: One-by-one ramp up 
for clusters

Make sure measuring 
provider compliance
since many switches

Challenging – clusters 
ramp up same time

Need to consent each 
patient

Feasibility/
logistics
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Cluster Randomized Trial and ICC
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Cluster Randomized Trial

Cluster Randomized Trial (CRT) randomize groups such as clinicians, families, medical
practices, schools and communities rather than individuals.

• In a simple randomized trial, an individual is the unit of randomization, but in a
CRT, a group is the unit of randomization

Advantages:

• Clustering is often used for practical reasons

• Used to avoid contamination

• Less costly

Disadvantages:

• Need to recruit more study participants

• Sample size calculation and analyses are more complicated

4 / 32



Cluster-Randomized Trial

Simple Randomized Trial
Cluster-Randomized Trial
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Difficulties of Sample Size Calculation for CRT

Two major difficulties arise in a sample size calculation for clustered studies.

• The number of units in each cluster, called cluster size, tends to vary with a certain
distribution

• The observations within each cluster are correlated

It is well known that the application of standard sample size approaches to cluster
randomization designs may lead to

• Seriously under-powered studies

• Spurious statistical significance

6 / 32



Intra-cluster Correlation Coefficient (ICC)

The ICC, ρ(0 ≤ ρ ≤ 1), is a measure of the relatedness of clustered data. It accounts for
the relatedness of clustered data by comparing the variance within clusters with the
variance between clusters.

• ρ = 1, all responses within a cluster are identical

• ρ = 0, no correlation of responses within a cluster

The intra-cluster correlation coefficient (ICC) ρ can be interpreted as the proportion of
total variance in the data that is due to clusters.

7 / 32



Hierarchical Composite Outcome –
Rank-based methods
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Hierarchical Composite Outcome (HCO)

Hierarchical Composite Outcomes

Hierarchical composite outcome (HCO) is a combination of multiple endpoints as a single
measure. This is done by pre-eliciting a hierarchy of outcomes based on their clinical
importance to account for patients’ disease experience.

• At least two outcome components measured from the same patients

• An ordering (usually decreasing order of clinical significance) of the possible outcome
combinations

• Advantages: Improves study power by increasing expected number of events

• Challenges: Hard to interpret – the treatment’s actual benefit may not be evident
among individual components
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Generalized pairwise comparison (Rank-based
methods)

• Finkelstein-Schoenfeld

• Win Ratio (Unmatched/Matched)

• Net benefit (Proportion in Favor of Treatment)

• Worst Rank Score

10 / 32



Example: HiLo Trial
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Hilo Trial
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Example: HiLo Trial
Kidney failure patients receive dialysis to filter their blood. High phosphate levels
(hyperphosphatemia) lead to poor clinical outcomes, so we’d like to evaluate the
effectiveness of phosphate restriction and medication in maintaining patient health.

Study Overview

• Cohort: 4,400 patients undergoing hemodialysis from 80-120 dialysis facilities
• Intervention: prescriptions and dietary recommendations to achieve either

• “Hi” phosphate target (≥ 6.5 mg/dL)
• “Lo” phosphate target (≤ 5.5 mg/dL)

• Outcomes:
1. time to all-cause mortality
2. total hospitalization events divided by total follow-up time

Edmonston DL, Isakova T, Dember LM, Brunelli S, Young A, Brosch R, Beddhu S, Chakraborty H, Wolf
M (2021). Design and Rationale of HiLo: A Pragmatic, Randomized Trial of Phosphate Management for
Patients Receiving Maintenance Hemodialysis. American Journal of Kidney Diseases, 77(6): 920-930.e1
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Potential Problems in HiLo Trial
How do we evaluate both hospitalization rate and time-to-death?

• Hospitalization alone with death as a censoring event ignores that death is a
competing risk (some patients die without prior hospitalizations)

• Evaluating a time-to-event hospitalization-death composite would weight even minor
hospitalizations equal to death

• Evaluating multiple outcomes components separately would mean adjusting our
Type-I error rate (e.g. with Bonferonni correction) and therefore needing to increase
the overall sample size or reduce power

Composite Outcomes

Taking into account both events jointly, assigning them ordinal importance (death more
clinically significant than hospitalization) and condensing into a single aggregate measure
prevents the above problems.

14 / 32



Rank-based Methods : Cluster Trial
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Finkelstein-Schoenfeld Method

One of the earliest composite outcome methods (1999).

We compare all possible pairs of patients regardless of treatment/control status.

In the above graph, there are
(10
2

)
= 45 pairs of patients.

- We collect K outcome components for each patient and choose a ranking for the K
components (from most to least important).
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Finkelstein-Schoenfeld Method: Notation
• There are N = n +m patients total (n treatment and m control patients)
• Xi and Yj (i , j = {1, . . . ,N}, i ̸= j) denote any two patients in the study group
• Suppose: Patient #1: Xi = (Xi1, . . . ,XiK ) and Patient #2: Yj = (Yj1, . . . ,YjK )
where, k ∈ {1, . . .K} indexes the ranked outcome components from most important
to least important

Favorable Operator

Xi ≻ Yj if the following two conditions hold:

• ∃l ∈ {1, . . .K} s.t. Xil is more favorable thanYjl

• ∀h < l the comparison between Xih and Yjh is not informative

Xi ≻ Yj ⇒ Xi is the “winner”
Xi ≺ Yj ⇒ Xi is the “loser”
Xi ▷◁ Yj ⇒ Xi and Yj are “tied”
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Finkelstein-Schoenfeld Method: Pair-wise Scores
We denote the winner quantitatively by assigning the pair of individuals (Xi ,Yj) a score.

If we’re interested in a score indicating whether Xi wins:

ϕ(Xi ,Yj) =


+1 if Xi wins (Xi ≻ Yj)

−1 if Xi loses (Xi ≺ Yj)

0 if Xi and Yj tie (Xi ▷◁ Yj)

For a tie to occur, either Xi or Yj is censored for all outcome components or all

components are equally favorable.? The summary score for a observation Xi given other
observations Yj for i = {1, . . .N} is:

Ui =
N∑
i ̸=j

ϕ(Xi ,Yj) where, E (Ui ) is the true score for the ith patient

Larger positive score means the patient Xi wins more, and larger negative score means Xi

loses more.
18 / 32



Finkelstein-Schoenfeld Method: Cluster Trial

Wilcoxon Rank Sum test for cluster data (Rosner et al. 2003) to test Ui and incorporate
clustering effect. Let Ui ,j ,m be the score for the j th individual in the i th clusters of size m,
where m = 2, . . . ,mmax , i = 1, . . . , km, j = 1, . . . ,m. Let km be the total number of
clusters of size m and k be the total number of all clusters.

Moreover, we can use a Mixed Model and include the effect of clustering. The form of
the model would be:

Uij = β0 + β1Xij + bi + eij

where Ui ,j ,m is the score for the j th patient in the i th clusters, and Xij is the treatment
received by the same patient. bi is the random effect of cluster i . β0 is the fixed
intercept, β1 is the fixed effect of the treatment, and eij is the error term.
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Win Ratio (Unmatched)
For each pair of patients, the results can be classified into five categories:
• (a) The patient in the treatment group died first
• (b) The patient in the control group died first
• (c) The patient in the treatment group had more hospitalizations
• (d) The patient in the control group had more hospitalizations
• (e) None of the above (tie)

Categories (a) (b) take priority over (c) (d).
Let Na, Nb, Nc , Nd , Ne denotes the numbers of matched pairs in categories (a) (b) (c)
(d) and (e), respectively.
Nb + Nd = Nw is the number of “wins” for the new treatment.

Na + Nc = NL is the number of “losses” in the new treatment.

The win ratio Rw is defined as

Rw =
Nw

NL
20 / 32



Win Ratio (Unmatched)

In this research, we used the R package BuyseTest (Ozenne 2019) to conduct the test for
the unmatched win ratio. The variance of Rw (denoted by V) was estimated by the
asymptotic U-statistic theory (Buyse 2010; Péron et al. 2018). V was inflated by the
design effect to incorporate the effect of clustering:

V (Rw )
′ = V (Rw )× [1 + (m − 1)× ρ ]

where m is the average cluster size (consider cluster variation). The factor
[1 + (m − 1) ρ] is the design effect to inflate variance for clustering. ρ is the intracluster
correlation coefficient (ICC).
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Win Ratio (Matched)
Let’s denote the proportion as:

pw =
Nw

Nw + NL

According to the two-sample t test of proportion, for clustered data, we have

V (pw ) =
pw (1− pw )

Nw + NL
[1 + (m − 1) ρ]

where m is the average cluster size (consider cluster variation). The factor
[1 + (m − 1) ρ] is the design effect to inflate variance for clustering. ρ is the intracluster
correlation coefficient (ICC).
Where the standard version:

z =
pw − 0.5√
V (pw )

yielding the required p-value in an approximate normal distribution. 22 / 32



Net benefit (Proportion in Favor of Treatment)

Using the same notation, with Nb + Nd = Nw the number of “wins” for the new
treatment and Na + Nc = NL the number of “losses” in the new treatment, the net
treatment benefit is equal to:

Dw =
Nw − NL

Nw + NL

Similarly to the unmatched win ratio, we used R package BuyseTest to conduct the test
for the win difference.
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Worst Rank Score

In the setting, we divide patients into 5 categories or buckets.

1. The patients who experience death.

2. The patients who do not experience death, and have more than 2 hospitalizations

3. The patients who do not experience death, and have less or equal to 2
hospitalizations

4. The patients without death and hospitalization, and loss to follow-up during study
period (censor)

5. The patients without death and hospitalization, and followed until study ends
(administrative censor)

Within each bucket, we can rank the patients based on their survival time, or time to the
first hospitalization, or time to loss to follow-up. Let Di denotes the survival time of
patient i , Hgi denotes the time to the first hospitalization of patient i
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Worst Rank Score
Let Di denotes the survival time of patient i , Hgi denotes the time to the first
hospitalization of patient i in bucket 2, Hli denotes the time to the first hospitalization of
patients i in bucket 3, Cci denotes the maximum follow-up time of patient i in bucket 4,
and Cai denotes the maximum follow-up time of patient i in bucket 5. Let
δ1i = 1, δ2i = 1, δ3i = 1, δ4i = 1, δ5i = 1 denote patient i falls in bucket 1, 2, 3, 4, 5,
respectively. Otherwise δbi = 0. To define the worst-rank endpoint, we define 8 constants:

ξ1 = min (Hgi )− 1, η1 = ξ1 −max(Di )

ξ2 = min (Hli )− 1, η2 = ξ2 −max (Hgi )

ξ3 = min (Cci )− 1, η3 = ξ3 −max(Hli )

ξ4 = min (Cai )− 1, η4 = ξ4 −max(Cci )
25 / 32



Worst Rank Score

Such that
Di + η1 + η2 + η3 + η4 < ξ1 + η2 + η3 + η4 < Hgi + η2 + η3 + η4 < ξ2 + η3 + η4 <
Hli + η3 + η4 < ξ3 + η4 < Cci + η4 < ξ4 < Cai

The worst-rank endpoint is defined as:

X̃i = δ1i (η1 + η2 + η3 + η4 + Di )+δ2i (η2 + η3 + η4 + Hgi )+δ3i (η3 + η4 + Hli )+δ4i (η4 + Cci )+δ5iCai

Patients who died receive the lowest rank compared to the survivors whereas those who
had a shorter time to first hospitalization perform worse. The worst-rank score can be
evaluated by the Wilcoxon Rank Sum test.

In this study, we used clustered Wilcoxon Rank Sum to adjust for clustering effect.
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Simulation and Results
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HiLo Power Simulations

4400 patients to reject the null hypothesis of no difference between treatment arms for
the hierarchical composite outcome.

Power for the Components of the hierarchical Composite Outcome:
• All-cause mortality: The sample of 4400 will provide ≥ 80% power to detect a HR of

0.85 on all-cause mortality
• ICC=0.001

• All-cause hospitalization rate: The sample of 4400 will provide > 80% power to
detect at least a 7% difference in hospitalization rates (Total number of
hospitalizations divided by total length of follow-up)

• ICC=0.003
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HiLo Power Simulations set-up: Cluster
Randomized Trial
The HiLo simulation set-up for power calculation.

1. Generate Monte Carlo correlated time to all-cause mortality and time to all-cause
hospitalization simulated data using Moran’s algorithm for 4400 adults using each
unique combination of number of clusters, cluster sizes, and cluster size variations

2. 4400 adults with end-stage renal disease from 120-150 facilities with a facility
(cluster) size of 20 and 60 with number of clusters of 220 and 74 and cluster size
variations of 10%, 25%, and 50%

• 35% of patients have no hospitalizations

3. ICC for all-cause mortality [0.001 and 0.01] and time to all-cause hospitalization
[0.001 and 0.01]

4. Create all 5 hierarchical composite scores and test the hypothesis
5. Repeat the above process 5,000 times for each combination
6. To estimate power, divide the number of iterations that had a significant result

(P < 0.05) by the total of 5000 29 / 32



Simulation results: Power for varying cluster sizes,
number of clusters, and ICC values
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Simulation results

• The Unmatched Win Ratio and Unmatched Net Treatment Benefit has the most
power in all scenarios

• Finkelstein-Schoenfeld method works better for large number of clusters with smaller
cluster sizes

• The power of the Worst Rank Score is less, especially when cluster variation becomes
larger

• We do not have enough power for the Matched Win Ratio

31 / 32



Thank You
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• Transcutaneous electrical nerve stimulation (TENS) is a 

nonpharmacological intervention that provides an electrical 

current through the skin to produce analgesia. 

• FM-TIPS is a cluster randomized pragmatic clinical trial where PT 

clinics were randomized to TENS or No TENS, stratified by 

healthcare system and clinic size (large vs small).

FM-TIPS: Fibromyalgia TENS in Physical Therapy Study



Methods

• Enroll patients with fibromyalgia from 6 healthcare systems across 

seven states in 28 physical therapy clinics.

• We hypothesized that adding TENS, compared to no-TENS, to 

standard physical therapy care for individuals with FM would reduce 

movement-evoked pain.  

• Primary Outcome: Change in Movement-Evoked Pain (Baseline to 60 

days). Pain was measured during the sit and stand test at home using 

0-10 Numeric Rating Scale, NRS.



• For this trial comparing TENS+PT vs. PT-alone, sample size was 

originally determined such that a statistical test at the 0.05 significance 

level would be able to detect a difference of at least 1.0 in mean change 

in pain (in numerical rating scale of 0 to 10), with an assumed standard 

deviation (SD) of 2, with 80% power. 

• PT clinics to be randomized to TENS vs No TENS. Thus, an estimate of the 

intra-cluster correlation (ICC) was needed for the sample size calculation.

• There was no estimate of the ICC value available at the time of study design. 

Sample Size



• In a pilot study examining a non-pharmacological intervention for 

pain by our group, we have shown an ICC of 0.01.

• DeBar and colleagues used an ICC of 0.002 for sample size 

calculation for a chronic pain population.

• Adams et al. showed widely varying ICCs between data sets, but the 

majority of patient-reported outcomes were below 0.095. 

Intraclass Correlation Coefficient (ICC) 



Intraclass Correlation Coefficient (ICC) 

ICC

ICC values by clinics (C), per treatment arm; 
subjects per clinic (total subjects) 

C=9 C=10 C=11 C=12
0.050 11 (99) 9 (90) 8 (88) 7 (84)
0.100 23 (207) 16 (160) 13 (143) 11 (132)
0.110 30 (270) 20 (200) 15 (165) 12 (144)
0.120 -- 25 (250) 17 (187) 14 (168)
0.125 -- 28 (280) 19 (209) 14 (168)
0.130 -- -- 21 (231) 16 (192)
0.135 -- -- 24 (264) 17 (204)
0.140 -- -- 27 (297) 19 (228)
0.145 -- -- -- 21 (252)
0.150 -- -- -- 23 (276)

Complete 6-month data from 456 participants in 9 to 12 clinics per arm would 

allow for a conservative ICC estimate of 0.12 to 0.14, reaching 80% power for the 

primary analyses. 



• A conservative estimate of ICC value of 0.14 was assumed 

with an equal number of participants per clinic. 

• To account for up to a 24% drop-out rate, we aimed to 

enroll a total of 600 participants (300 per arm).

Intraclass Correlation Coefficient (ICC) 



Interim Assessment of ICC
• We planned to conduct an interim assessment of the ICC value after 

enrolling the first 200 participants. 

• An interim assessment after half of the patients report their day 60 outcome 

would be ideal, but not feasible to allow enough time for necessary approvals 

from the study’s sponsor for a potential sample size reduction.

• The interim assessment would allow us to account for the study design (such 

as # of clinics, # of patients per clinic), but would not assess the effect of 

treatment on the primary outcome measure.



Interim Assessment of ICC
• An interim reassessment of the mean and SD of the primary outcome could 

have been considered. 

• We did not take this approach because the minimal clinically important 

difference in the outcome was available in the existing literature and from 

previous studies. 

• Since there were limited preliminary data available at the time of the interim 

reassessment, we relied on the original estimate of the mean and SD and 

focused on re-estimating the ICC to support a reassessment of the sample 

size. 



Observed Numbers
• The number of participants per clinic was assumed to be the same in the 

original sample size calculation. 

• Due to variable enrollment per clinic, at the time of the interim assessment, 

we decided to account for variation by including the coefficient of variation 

(CV = SD/mean) of subjects per clinic in the sample size calculation.



Enrollment Projections
At the time of interim assessment, there were 28 (14/grp) active clinics with 26 

clinics (13/ grp) having ≥1 participant completing day 60. 

We calculated enrollment projections under different scenarios. 

1. Enroll with the same trajectory, no cap on each clinic’s enrollment number.

2. Enroll with the same trajectory, cap the enrollment number at 20 participants 

per clinic.

3. Enroll with the same trajectory, cap the enrollment number at 25 participants 

per clinic.



Enrollment Projections, By the End of Dec 2024

No Cap Cap 20 Cap 25

Mean ± SD 22 ± 13 16 ± 5.5 18 ± 7.4

CV 0.60 0.35 0.41

Projected Enrollment 

Total  

571 414 467

Total (N/grp) Enrollment 

After Drop-Out

448 (224) 324 (162) 366 (183)

Based on 13 clinics per group.



Interim ICC Calculation
• We re-estimated the ICC using a modeling approach aimed at evaluating the 

relative contributions of different sites to the variance, in comparison with other 

study characteristics. 

• Used generalized linear mixed model with type I sums of squares to estimate 

ICC. 

• To maintain blinding to treatment effect in the interim reassessment, we did not 

include the main effect of the treatment. 

• We included the interaction between clinic size and treatment in the model.



Interim ICC Calculation
• Any sample size reassessment should account for uncertainty in the new ICC 

estimate. 

• The jackknife method allows for the estimation of the SE of the ICC without 

making parametric assumptions about the data. 

• Using the jackknife, we perform calculations based on a leave-one-out 

resampling of the data wherein resampling of clusters, rather than individuals, 

is used to account for cluster randomization. 

• In FM-TIPS, this corresponded to calculating the ICC while leaving one clinic 

out at a time and assessing the influence of each clinic.

• These ICC estimates were then used to calculate the jackknife-based SE. 



Enrollment Projections
• When the interim ICC recalculation was conducted to determine the current 

ICC value based on the adjusted model, consistent with the SAP (228 enrolled 

subjects, 183 mITT, 144 with day 60), the ICC value was 0.05, with the 

jackknife estimate of the SE of ICC being 0.07. 

• We recalculated the sample size, assuming a conservative estimate of the CV 

of 0.60.



Sample Size Recalculation

Power N Per Grp
(Total)

N of Clinic 
/ Grp

N Per 
Clinic

ICC

0.92 169 (338) 13 13 0.05
0.94 182 (364) 14 13 0.05
0.81 169 (338) 13 13 0.10
0.84 182 (364) 14 13 0.10
0.78 169 (338) 13 13 0.12
0.81 182 (364) 14 13 0.12

Assuming CV = 0.6, a difference of 1.0 in mean change in pain, SD = 2, and α = 
0.05, using a t-test with the degrees of freedom based on the number of clusters.



Sample Size Recalculation
• Accounting for the variable sample size per clinic (CV = 0.6) and using 13 

clinics/group, the required sample size was estimated at 450 enrolled 

subjects to obtain a final number of 342 participants completing day 60 

based on a 24% drop-out rate. 

• This sample size provides 

o >90% power for ICC = 0.05,

o >80% power for ICC = 0.10 and 

o 78% power for ICC of 0.12 (ICC + 1SE = 0.05 + 0.07). 



Sample Size Recalculation
• Based on this interim ICC reassessment, the study sample was reduced from 

600 to 450, assuming an ICC value of 0.10. 

• The sample size recalculation was presented to and approved by the NIAMS 

and the DSMB.



Conclusions

• When a reliable estimate of the ICC is unavailable during the planning of a 

cluster randomized trial, calculating the ICC from interim trial data is a viable 

option. 

• In FM-TIPS, conducting an interim reassessment allowed us to estimate a 

new ICC based on actual trial data. 

• This approach not only provided a point estimate of the ICC but also yielded 

the CV of enrollment per clinic for use in the sample size recalculation. 



Conclusions

• The jackknife method is a very simple way to estimate the standard error (SE) 

of the ICC value to assess variability. 

• It estimates the SE without making any parametric assumptions about the 

data and performs calculations based on a leave-one-out resample of the 

data. 



Conclusions
• We not only had the point estimate (±jackknife SE) of the ICC, but also the CV 

of enrollment per site, which were used in the sample size recalculation 

during the interim assessment. 

• The choice of timing for the internal pilot is important as it could be too early 

(25%), at the midpoint (50%), or at a late point (75%). 

•  Van Schie and Moerbeek recommend calculating the ICC after enrolling 50% 

of the participants.

• We proposed the sample size re-estimation at the time of study design.  



Conclusions

• In addition to the timing of the interim assessment, it is also essential to 

preplan the interim reassessment and incorporate it into the SAP. 

• Interim reassessment of sample size may pose logistical challenges. The 

interim ICC estimate in FM-TIPS was smaller than the initial estimate, which 

enabled us to reduce the sample size. It is possible that a trial’s sample size 

may need to be increased if the interim ICC estimate is larger than expected. 

• In such situations, operational adaptations such as securing additional 

funding to enroll more patients may be necessary and should be considered 

in advance.
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Observed Final ICC in FM-TIPS

• The final observed ICC: 0.01

• The final coefficient of variation: 0.49

• The final Jackknife estimate of the SE of ICC: 0.02

• Number of clinics: 14 & 15 with mITT, 13 + 13 with any day 60 data 

• N per clinic: 13.5



FM-TIPS Timeline of Events

                       



Conclusions
• Larger clinics are not necessarily enrolling faster than smaller ones. 

• Conducting an internal pilot study for the ICC calculation, rather than 

determining variability at the design stage of the study, enabled us to assess 

ICC based on the actual data.



Intraclass Correlation Coefficient (ICC) 
• The dropout rate in the previous randomized clinical trial from our group, in the 

FAST study, was 12% at 30-day follow-up. 

• Follow-up is 60 days in the proposed study, a higher drop-out rate. 

• The drop-out rate includes those patients who complete the informed consent 

form but do not complete the baseline assessment as a part of day 1 home 

activities, as well as those patients who start the study and drop out prior to 

day 60. 

• To account for the up to 24% drop-out rate, the original sample size to enroll 

was inflated to a total of 600 participants (300 per arm). 
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A forgotten message in Section 1.5 of Donner and Klar
▶ Cluster randomized trials (CRTs) are increasingly popular

▶ While we spent considerable efforts in getting the “right” model and
right unit of analysis, we have rarely reflected upon the unit of
inference (Hemming and Taljaard, 2022, IJE)

▶ unit of analysis—level of data observation contributing to data analysis

▶ unit of inference—level of the statistical hypothesis

▶ they do not have to agree!

▶ The level of statistical hypothesis (unit of inference) is written as early
as in 2000, on page 13 of Donner and Klar1

“The target of inference in such studies (CRTs) could be at either the
individual level or community level . . . These examples show the impor-
tance of investigators explicitly formulating and stating the hypothesis
under test in cluster randomization trials. . . ”

1Donner A, Klar N, Klar NS. Design and analysis of cluster randomization trials in health research.
London: Arnold; 2000 Sep.
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Estimands as a solution

▶ Increasing interest in defining model-free estimands at the outset

▶ Substantial progress has been made in individually randomized trials2

Estimand: A precise description of the treatment effect investigators
aim to estimate from a study. An estimand comprises five aspects: (i)
population; (ii) treatment conditions; (iii) endpoint; (iv) summary mea-
sure (e.g. difference in means, risk ratio, etc.); and (v) how intercurrent
events are to be handled.
(The Estimands Framework)

▶ Need to interpret (and refine) this framework in CRTs

▶ We will primarily focus on the “summary measure” concept in defining
& estimating average treatment effect (ATE) estimands for CRTs

2Kahan BC, Cro S, Li F, Harhay MO. Eliminating ambiguous treatment effects using estimands.
American Journal of Epidemiology. 2023 Jun;192(6):987-94.
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Averaging over what population?

Consider a hypothetical cluster randomized trial with

Cluster Cluster size 𝑁𝑖 True (constant) causal effect in cluster 𝑖
1 10 5
2 10 5
3 10 5
4 100 1
5 100 1
6 100 1

▶ treatment effect as an average across all individuals in the trial
(10) (5) + (10) (5) + (10) (5) + (100) (1) + (100) (1) + (100) (1)

10 + 10 + 10 + 100 + 100 + 100
= 1.4

▶ treatment effect as an average across clusters in the trial
5 + 5 + 5 + 1 + 1 + 1

6
= 3

▶ difference can be substantial depending on how treatment effect varies
according to cluster size variation3

3Kahan BC, Li F, Copas AJ, Harhay MO. Estimands in cluster-randomized trials: choosing analyses that
answer the right question. International Journal of Epidemiology. 2023 Feb 1;52(1):107-18.
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Formalizing the ATE estimands
▶ Pursue the potential (counterfactual) outcomes framework

▶ Individual 𝑗 in cluster 𝑖 has two potential outcomes {𝑌𝑖 𝑗 (1), 𝑌𝑖 𝑗 (0)},
and 𝑁𝑖 the number of individuals per cluster
▶ individual-average treatment effect (individual-ATE)

i-ATE =

∑𝑚
𝑖=1

∑𝑁𝑖
𝑗=1

{
𝑌𝑖 𝑗 (1) − 𝑌𝑖 𝑗 (0)

}∑𝑚
𝑖=1 𝑁𝑖

▶ cluster-average treatment effect (cluster-ATE)

c-ATE =
1
𝑚

𝑚∑︁
𝑖=1


∑𝑁𝑖

𝑗=1
{
𝑌𝑖 𝑗 (1) − 𝑌𝑖 𝑗 (0)

}
𝑁𝑖


▶ Literature: e.g. Imai et al. (2009, Stat Sci); Su and Ding (2021, JRSSB); Kahan et al.

(2022, IJE); Wang et al. (2022, Cont Clin Trials); Balzer et al. (2023, Biostatistics); Wang
et al. (2024, JASA)

▶ marginal estimands that are free of models

▶ we focus on difference scale (absolute scale) for simplicity, but can easily
extend to ratio scale
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Mathematical difference

▶ Mathematical difference under informative cluster size (ICS)

▶ ICS—𝑁𝑖 affects outcome or marginally correlated with the treatment
effect in each cluster

▶ cluster size is an effect modifier (example: odds ratio is 0.75 and 0.5 in
small and large clusters)

▶ can depend on scale of measure

▶ ICS can occur when factors that differ between small and large clusters
also affect the potential outcome or interact with the treatment group

▶ example: differences in staff experience or levels of care between larger
and smaller hospitals

▶ example: differences in socioeconomic status between larger urban
schools compared with smaller rural schools

▶ An inherit feature of estimands in CRTs that cannot be “adjusted away”4

4Kahan BC, Li F, Blette B, Jairath V, Copas A, Harhay M. Informative cluster size in cluster-randomised
trials: A case study from the TRIGGER trial. Clinical Trials. 2023 Dec;20(6):661-9.
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Conceptual difference
▶ Conceptual difference due to unit of inference (not unit of analysis)

▶ individual-ATE ⇒ the same estimand you would have estimated had this
been an individually-randomized trial

▶ cluster-ATE ⇒ a unique by-product of cluster randomization

▶ Some reflections:

▶ Rule of thumb 1: if this is a cluster-level intervention, then cluster-ATE
may be of interest

▶ Rule of thumb 2: an individual-level intervention but cluster
randomization is used, then individual-ATE is likely of interest

▶ Rule of thumb 3: more generally, if the intent is to mimic an
individually-randomized trial, then individual-ATE is likely of interest

▶ Rule of thumb 4: they both can be of interest, when estimated to be quite
different, prompts reflection on informative cluster size
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Estimand-aligned analysis
▶ Ensuring the right unit of inference, regardless of the unit of analysis

▶ Give equal weight to each individual or each cluster?

Estimand Example recipe (no covariates)
Individual-average
treatment effect

Cluster-level analysis ⇒ analyze cluster-level summaries using
a weighted regression model (weights equal to 𝑁𝑖);
Individual-level analysis ⇒ GEE with a working independence
correlation structure;

Cluster-average
treatment effect

Cluster-level analysis ⇒ Analyze cluster-level summaries using
regression model (unweighted);
Individual-level analysis ⇒ GEE with a working independence
correlation structure, but with inverse cluster-size weights
equal to 1/𝑁𝑖 ;

▶ Caveat: need to work out the probability limit for each possible choice
model /

▶ Caveat: coefficient from mixed models target neither cluster- or
individual-ATE under ICS / 5

5Kahan BC, Blette B, Harhay M, Halpern S, Jairath V, Copas A, Li F (2024). Demystifying estimands in
cluster randomised trials. Statistical Methods in Medical Research. 33(7), 1211-1232.
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A path forward—standardization

▶ Standardization is a classic idea in epidemiological research,6and often
allows us to obtain the risk estimates (after confounding adjustment)
among a pre-specified target population

▶ also known as a g-compuatation formula in observational research

▶ The key idea is to come up with an outcome model 𝑌𝑖 𝑗 ∼ 𝐴 + 𝑿𝑖 𝑗 , and
use this model to predict 𝑌𝑖 𝑗 (1) and 𝑌𝑖 𝑗 (0)
▶ once we know 𝑌𝑖 𝑗 (1), 𝑌𝑖 𝑗 (0), we can plug into the estimands formula

▶ If the outcome model is correct, the inference is estimand-aligned

▶ If the outcome model is incorrect, there is NO guarantee that the final
estimator will be consistent to c-ATE or i-ATE, despite its good
intention

6Zou GY. Assessment of risks by predicting counterfactuals. Statistics in Medicine. 2009 Dec
30;28(30):3761-81.
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Model-robust standardization
▶ Proposal: inherit the idea of standardization, but leverage cluster

randomization to build in robustness7

▶ Step 1: predict each cluster’s mean potential outcome under 𝑎 = 0, 1

𝑌
∗
𝑖 (𝑎) = Ê(𝑌 𝑖 |𝐴𝑖 = 𝑎, 𝑿𝑖)︸               ︷︷               ︸

regression prediction

+ 𝐼 (𝐴𝑖 = 𝑎)
(1/2)

(
𝑌 𝑖 − Ê(𝑌 𝑖 |𝐴𝑖 = 𝑎, 𝑿𝑖)

)
︸                         ︷︷                         ︸

mean residual

𝑌 𝑖 is the mean outcome, 𝑿𝑖 the design matrix for cluster 𝑖
▶ cluster 𝑖 is randomized to treatment (𝐴𝑖 = 1){

𝑌
∗
𝑖 (1) = Ê(𝑌 𝑖 |𝐴𝑖 = 1, 𝑿𝑖) + 2 ×

(
𝑌 𝑖 − Ê(𝑌 𝑖 |𝐴𝑖 = 1, 𝑿𝑖)

)
𝑌
∗
𝑖 (0) = Ê(𝑌 𝑖 |𝐴𝑖 = 0, 𝑿𝑖)

▶ cluster 𝑖 is randomized to control (𝐴𝑖 = 0){
𝑌
∗
𝑖 (1) = Ê(𝑌 𝑖 |𝐴𝑖 = 1, 𝑿𝑖)

𝑌
∗
𝑖 (0) = Ê(𝑌 𝑖 |𝐴𝑖 = 0, 𝑿𝑖) + 2 ×

(
𝑌 𝑖 − Ê(𝑌 𝑖 |𝐴𝑖 = 0, 𝑿𝑖)

)
10Li F, Tong J, Fang X, Cheng C, Kahan BC, Wang B (2025+). Model-robust standardization in

cluster-randomized trials. Working paper.
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Model-robust standardization - cont’d

▶ Step 2: standardize to cluster-average treatment effect

c-ATE =
1
𝑚

𝑚∑︁
𝑖=1

{
𝑌
∗
𝑖 (1) − 𝑌

∗
𝑖 (0)

}
,

standardize to individual-average treatment effect

i-ATE =

∑𝑚
𝑖=1 𝑁𝑖

{
𝑌
∗
𝑖 (1) − 𝑌

∗
𝑖 (0)

}∑𝑚
𝑖=1 𝑁𝑖

▶ Comparing to model-based standardization:

▶ model-based standardization uses{
𝑌
∗
𝑖 (1) = Ê(𝑌 𝑖 |𝐴𝑖 = 1, 𝑿𝑖)

𝑌
∗
𝑖 (0) = Ê(𝑌 𝑖 |𝐴𝑖 = 0, 𝑿𝑖)

▶ only one minor change—adding 2 × cluster-level residual
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Worked example 1: Unit of analysis = cluster

▶ Requires collapsing the individual-level observations as cluster-specific
means

𝑌 𝑖 = 𝛽0 + 𝛽1𝐴𝑖 + 𝜷𝑇2 𝑿𝑖 + 𝜖𝑖 (1)

▶ Step 1: predict each cluster’s mean potential outcome

𝑌
∗
𝑖 (𝑎) = Ê(𝑌 𝑖 |𝐴𝑖 = 𝑎, 𝑿𝑖) +

𝐼 (𝐴𝑖 = 𝑎)
(1/2)

(
𝑌 𝑖 − Ê(𝑌 𝑖 |𝐴𝑖 = 𝑎, 𝑿𝑖)

)
=

(
𝛽0 + 𝛽1𝑎 + 𝜷𝑇2 𝑿𝑖

)
+ 𝐼 (𝐴𝑖 = 𝑎)

(1/2)

(
𝑌 𝑖 −

(
𝛽0 + 𝛽1𝑎 + 𝜷𝑇2 𝑿𝑖

))
▶ Standardization with Step 2

▶ Simple linear regression (lm) but without assuming (1) as the true data
generating model
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Worked example 2: Unit of analysis = individual

▶ A (almost most) popular approach is linear mixed model

▶ Individual-level data analysis accounting for intracluster correlation

𝑌𝑖 𝑗 = 𝛾0 + 𝛾1𝐴𝑖 + 𝜸𝑇
2 𝑿𝑖 𝑗 + 𝑏𝑖 + 𝜖𝑖 , (2)

▶ Step 1: predict each cluster’s mean potential outcome

𝑌
∗
𝑖 (𝑎) = Ê(𝑌 𝑖 |𝐴𝑖 = 𝑎, 𝑿𝑖) +

𝐼 (𝐴𝑖 = 𝑎)
(1/2)

(
𝑌 𝑖 − Ê(𝑌 𝑖 |𝐴𝑖 = 𝑎, 𝑿𝑖)

)
=

(
𝛾̂0 + 𝛾̂1𝑎 + 𝜸𝑇

2 𝑿𝑖

)
+ 𝐼 (𝐴𝑖 = 𝑎)

(1/2)

(
𝑌 𝑖 −

(
𝛾̂0 + 𝛾̂1𝑎 + 𝜸𝑇

2 𝑿𝑖

))
▶ Standardization with Step 2

▶ Multilevel regression (nlme, lme4, SAS GLIMMIX) but without
assuming (2) as the true data generating model

12 / 19



Worked example 3: Unit of analysis = individual

▶ For binary outcomes, often use generalized linear mixed models

▶ Logistic linear mixed model

logit{𝑃(𝑌𝑖 𝑗 = 1|𝐴𝑖 , 𝑿𝑖 , 𝑐𝑖)} = 𝛼0 + 𝛼1𝐴𝑖 + 𝜶𝑇
2 𝑿𝑖 𝑗 + 𝑐𝑖 , (3)

▶ Step 1: prediction of Ê(𝑌 𝑖 |𝐴𝑖 = 𝑎, 𝑿𝑖) using

1
𝑁𝑖

𝑁𝑖∑︁
𝑖=1

∫ ∞

0
expit

{
𝛼̂0 + 𝛼̂1𝐴𝑖 + 𝜶𝑇

2 𝑿𝑖 𝑗 + 𝑐
}
𝑓 (𝑐 |0, 𝜎̂2

𝑐 )𝑑𝑐,

≈ 1
𝑁𝑖

𝑁𝑖∑︁
𝑖=1

expit

(
𝛼̂0 + 𝛼̂1𝑎 + 𝜶𝑇

2 𝑿𝑖 𝑗

) /√︄ 𝜎̂2
𝑐 + Π2/3
Π2/3


▶ Standardization with Step 2

▶ Multilevel regression (lme4, SAS GLIMMIX, SAS NLMIXED) but
without assuming (3) as the true data generating model
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Why model-robust?

▶ Model robustness: Under 1:1 randomization, each estimator converges
to their respective target estimand (c-ATE or i-ATE) even when the
model used for regression prediction is arbitrarily misspecified

▶ emphasize unit of inference, regardless of the decision about unit of
analysis nor even decisions about analysis model

▶ these two decisions DO NOT introduce any ambiguity on the intended
estimand and therefore does not affect bias

▶ This is in contrast to model-based analysis:

▶ decision about unit of analysis nor analysis model will implicitly affect the
intended estimand and hence bias

▶ Theoretical under-pinning:

▶ Semiparametric efficiency theory and efficient influence function8

▶ Counterparts have been studied in individually randomized trials &
observational studies—AIPW estimator

8Wang, B., Park, C., Small, D.S. and Li, F., 2024. Model-robust and efficient covariate adjustment for
cluster-randomized experiments. Journal of the American Statistical Association, pp.1-13.
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What are possible, practical strategies for inference?

▶ Unfortunately, usual software does not spit out variance for the
standardization estimator

▶ Cumbersome and impractical to derive an M-estimator variance for
each (semi)-parametric working model

▶ Resampling?

Bootstrap Permutation Jackknifing
Computation demand heavy heavy manageable

Interval estimation easy hard easy
Finite-sample performance unstable exact stable

▶ consider cluster-jackknife for inference as a general recipe

▶ jackknifing connected to bias-corrected sandwich variance in GEE & LM
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Simulation results under non-ICS (continuous)

Table: Simulation results with non-informative cluster size across 1000 iterations.
LM: linear regression with cluster means; LMM: linear mixed model; EX:
exchangeable working correlation; IND: independent working correlation. All
methods used linear covariate adjustment.

Estimand c-ATE = −3 i-ATE = −3
BIAS MCSD COV BIAS MCSD COV

model-based coefficient
LM 0.1 0.17 94.5% 0.1 0.17 94.5%
LMM 0.2 0.17 94.4% 0.2 0.17 94.4%
GEEEX 0.2 0.17 94.4% 0.2 0.17 94.4%
GEEIND 0.1 0.17 93.2% 0.1 0.17 93.2%

model-robust standardization
LM 0.1 0.17 96.1% 0.1 0.17 96.4%
LMM 0.1 0.17 95.7% 0.1 0.17 96.2%
GEEEX 0.1 0.17 95.6% 0.1 0.17 96.2%
GEEIND 0.1 0.17 95.7% 0.1 0.17 96.5%
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Simulation results under ICS (continuous)

Table: Simulation results with informative cluster size across 1000 iterations. LM:
linear regression with cluster means; LMM: linear mixed model; EX: exchangeable
working correlation; IND: independent working correlation. All methods used linear
covariate adjustment.

Estimand c-ATE = 4.48 i-ATE = 6.25
BIAS MCSD COV BIAS MCSD COV

model-based coefficient
LM 0.0% 0.47 92.9% -28.3% 0.47 3.9%
LMM 0.7% 0.47 93.1% -27.8% 0.47 3.7%
GEEEX 0.3% 0.47 92.7% -28.0% 0.47 3.7%
GEEIND 37.1% 0.51 5.3% -1.6% 0.51 89.9%

model-robust standardization
LM 0.0% 0.47 95.4% -2.8% 0.52 93.8%
LMM 0.2% 0.47 94.9% -2.1% 0.52 93.8%
GEEEX 0.2% 0.47 94.9% -2.1% 0.52 93.8%
GEEIND 0.6% 0.47 94.9% -1.6% 0.51 93.6%
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A new R package
MRStdCRT: execute model-robust standardization with cluster-jackknife
variance estimates (and a test for ICS).

Declaration:
▶ Available at https://github.com/deckardt98/
Model-robust-standardization-CRT

MRStdCRT_fit <- function(formula, data, clus_id, trt, prob, method,
family, corstr, scale, jack, alpha)

Example
> library(MRStdCRT)
> data(ppact)

> example <- MRStdCRT_fit(formula = PEGS ~ AGE + FEMALE + comorbid + Dep_OR_Anx + pain_count +
PEGS_bl + BL_benzo_flag + BL_avg_daily + satisfied_primary + cluster(n),
data = ppact,
clus_id = "CLUST",
trt = "INTERVENTION",
prob = prob,
method = "GEE",
corstr = "independence",
scale = "RD")

>
> example$estimate

Estimate Std, Error CI lower CI upper ICS_tstat p value
cATE 0.907 0.028 0.852 0.962 -1.719 0.089
iATE 0.926 0.024 0.879 0.973
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Discussion
▶ Additional scenarios explored in simulations, same findings (binary

outcome, smaller # of clusters, constrained randomization)

▶ Assessing H0 : c-ATE = i-ATE motivates a natural model-robust
standardization ICS test (including in our software)

▶ Efficiency considerations

▶ choice of outcome models CAN affect efficiency and power

▶ model-robust standardization provides a natural vehicle for future
simulations that compare different models in a “cleaner” way

▶ GLMM or GEE?

▶ cluster-level or individual-level analysis?

▶ efficient influence function permits the inclusion of machine learning
methods for outcome regression and achieves the theoretical variance
lower bound (yet to be included in package)9

9Wang, B., Park, C., Small, D.S. and Li, F., 2024. Model-robust and efficient covariate adjustment for
cluster-randomized experiments. Journal of the American Statistical Association, pp.1-13.
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Extra: Simulation results under non-ICS (binary)
▶ Target estimand: marginal log OR

Table: Simulation results with non-informative cluster size across 1000 iterations.
GLM: logistic regression with cluster means; GLMM: logistic linear mixed model;
EX: exchangeable working correlation; IND: independent working correlation. All
methods used linear covariate adjustment.

Estimand c-ATE = 0.65 i-ATE = 0.65
BIAS MCSD COV BIAS MCSD COV

model-based coefficient
GLM 11.0 0.13 91.8% 11.0 0.13 91.8%
GLMM 15.6 0.13 86.7% 15.6 0.13 86.7%
GEEEX 12.1 0.12 90.4% 12.1 0.12 90.4%
GEEIND 13.1 0.13 90.0% 13.1 0.13 90.0%

model-robust standardization
GLM −3.0 0.11 96.7% −0.9 0.11 96.5%
GLMM −2.8 0.11 96.2% −0.8 0.11 95.9%
GEEEX −2.9 0.11 96.3% −0.8 0.11 96.0%
GEEIND −2.9 0.11 96.3% −0.8 0.11 95.7%
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Extra: Simulation results under ICS (binary)
▶ Target estimand: marginal log OR

Table: Simulation results with informative cluster size across 1000 iterations. GLM:
logistic regression with cluster means; GLMM: logistic linear mixed model; EX:
exchangeable working correlation; IND: independent working correlation. All
methods used linear covariate adjustment.

Estimand c-ATE = 0.71 i-ATE = 0.97
BIAS MCSD COV BIAS MCSD COV

model-based coefficient
GLM −0.8 0.19 96.4% −27.4 0.19 72.8%
GLMM 28.3 0.23 85.5% −6.1 0.23 94.5%
GEEEX 5.1 0.19 95.7% −23.1 0.19 79.6%
GEEIND 35.1 0.21 77.7% −1.1 0.21 96.0%

model-robust standardization
GLM −0.8 0.19 96.0% −0.9 0.22 95.9%
GLMM −0.8 0.19 96.0% −0.9 0.22 95.8%
GEEEX −0.9 0.19 96.0% −0.9 0.22 96.0%
GEEIND −1.1 0.19 96.3% −1.1 0.21 96.0%
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