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Supplementary Material A: Definition of Subgroup Weighted Average Treatment Effect 

To allow for some generality, we define a class of subgroup weighted average treatment effect 

(S-WATE) estimands. Assume 𝑓𝑓(𝑿𝑿,𝑺𝑺) is the probability density that the study sample is drawn 

from, and 𝑔𝑔(𝑿𝑿,𝑺𝑺)  represents a target population of interest, for example, a clinically relevant 

population with certain distribution of age or health history. We define the ratio ℎ(𝑿𝑿,𝑺𝑺) =

𝑓𝑓(𝑿𝑿,𝑺𝑺)/𝑔𝑔(𝑿𝑿,𝑺𝑺)  as a tilting function, which reweights the sample distribution to represent the 

target population of interest. The S-WATE is written as 

𝜏𝜏𝑟𝑟ℎ = 𝐸𝐸{ℎ(𝑿𝑿,𝑺𝑺)[𝜇𝜇𝑟𝑟1(𝑿𝑿,𝑺𝑺)−𝜇𝜇𝑟𝑟0(𝑿𝑿,𝑺𝑺)]|𝑆𝑆𝑟𝑟=1}
𝐸𝐸[ℎ(𝑿𝑿,𝑺𝑺)|𝑆𝑆𝑟𝑟=1]

 ,      (1) 

where 𝜇𝜇𝑟𝑟𝑟𝑟(𝑿𝑿,𝑺𝑺) = 𝐸𝐸𝑓𝑓(𝑌𝑌(𝑧𝑧)|𝑿𝑿,𝑆𝑆𝑟𝑟 = 1) is the conditional expectation of the potential outcome in 

subgroup 𝑟𝑟. It is common to specify ℎ(𝑿𝑿,𝑺𝑺) as a function of the propensity score, and some 

examples of ℎ(𝑿𝑿,𝑺𝑺) have been introduced in the context of observational study,1 where different  

ℎ(𝑿𝑿,𝑺𝑺) corresponds to different target populations and estimands. However, in RCTs, as long as 

ℎ(𝑿𝑿,𝑺𝑺) is a function of the true propensity score 𝑒𝑒(𝑿𝑿,𝑺𝑺) = 𝑝𝑝, different specifications of ℎ(𝑿𝑿,𝑺𝑺) 

lead to the same target population, and therefore the S-WATE reduces to subgroup average 

treatment effect, i.e. 𝜏𝜏𝑟𝑟ℎ = 𝜏𝜏𝑟𝑟 . Nonetheless, different choices of ℎ(𝑿𝑿,𝑺𝑺) may non-trivially affect 

the finite sample operating characteristics of the propensity score weighting estimators.2, 3  The 

balancing weights are defined as 𝑤𝑤𝑖𝑖1 = ℎ(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊)/𝑒𝑒(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊) for treated units and 𝑤𝑤𝑖𝑖0 =

ℎ(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊)/[1− 𝑒𝑒(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊)] for control units. When ℎ(𝑿𝑿𝒊𝒊, 𝑺𝑺𝒊𝒊) = 1, the balancing weights 

correspond to the inverse probability weighting (IPW):4 (𝑤𝑤𝑖𝑖1 ,𝑤𝑤𝑖𝑖0) = � 1
𝑒𝑒(𝑿𝑿𝒊𝒊 ,𝑺𝑺𝒊𝒊)

, 1
1−𝑒𝑒(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊)

�; when 

ℎ(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊) =  𝑒𝑒(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊)[1− 𝑒𝑒(𝑿𝑿𝒊𝒊, 𝑺𝑺𝒊𝒊)], the balancing weights become the overlap weighting 

(OW):5 (𝑤𝑤𝑖𝑖1 ,𝑤𝑤𝑖𝑖0) = (1− 𝑒𝑒(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊), 𝑒𝑒(𝑿𝑿𝒊𝒊,𝑺𝑺𝒊𝒊)). 



 

Supplementary Material B: Intuition of Potential Efficiency Gain 

We illustrate the intuition of potential efficiency gain of overlap weights by a simple example. 

Recall that the OW estimator of subgroup average treatment effect is given by 

∑ 𝑌𝑌𝑖𝑖𝑍𝑍𝑖𝑖(1−�̂�𝑒𝑖𝑖)𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1
∑ 𝑍𝑍𝑖𝑖(1−�̂�𝑒𝑖𝑖)𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

− ∑ 𝑌𝑌𝑖𝑖(1−𝑍𝑍𝑖𝑖)�̂�𝑒𝑖𝑖𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1
∑ (1−𝑍𝑍𝑖𝑖)�̂�𝑒𝑖𝑖𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

.      (2) 

If the outcome surface satisfies a linear additive model, 𝑦𝑦𝑖𝑖 = 𝛽𝛽0 +𝜷𝜷𝑹𝑹
𝑻𝑻𝑺𝑺𝒊𝒊 + 𝜷𝜷𝑷𝑷

𝑻𝑻(𝑿𝑿𝒊𝒊𝑺𝑺𝒊𝒊) +

𝜷𝜷𝑺𝑺
𝑻𝑻(𝑍𝑍𝑖𝑖𝑺𝑺𝒊𝒊) + 𝜖𝜖𝑖𝑖 , with 𝐸𝐸(𝜖𝜖𝑖𝑖|𝑿𝑿𝒊𝒊, 𝑺𝑺𝒊𝒊 = 0), then the weighted chance imbalance in the baseline 

covariates 𝑋𝑋𝑖𝑖𝑖𝑖 in the 𝑟𝑟𝑡𝑡ℎ  subgroup is 

Δ𝑋𝑋𝑝𝑝(𝑤𝑤1,𝑤𝑤0) =
∑ 𝑋𝑋𝑖𝑖𝑖𝑖𝑍𝑍𝑖𝑖𝑤𝑤𝑖𝑖1𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

∑ 𝑍𝑍𝑖𝑖𝑤𝑤𝑖𝑖1𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

−
∑ 𝑋𝑋𝑖𝑖𝑖𝑖(1 − 𝑍𝑍𝑖𝑖)𝑤𝑤𝑖𝑖0𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

∑ (1 − 𝑍𝑍𝑖𝑖)𝑤𝑤𝑖𝑖0𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

,      (3) 

and the weighted difference in random noise is  

Δ𝜖𝜖(𝑤𝑤1,𝑤𝑤0) =
∑ 𝜖𝜖𝑖𝑖𝑍𝑍𝑖𝑖𝑤𝑤𝑖𝑖1𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1
∑ 𝑍𝑍𝑖𝑖𝑤𝑤𝑖𝑖1𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

−
∑ 𝜖𝜖𝑖𝑖(1 − 𝑍𝑍𝑖𝑖)𝑤𝑤𝑖𝑖0𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1
∑ (1− 𝑍𝑍𝑖𝑖)𝑤𝑤𝑖𝑖0𝑆𝑆𝑖𝑖𝑟𝑟𝑁𝑁
𝑖𝑖=1

. 

Define 𝚫𝚫𝑿𝑿(1,1) = �Δ𝑋𝑋1(𝑤𝑤1,𝑤𝑤0), … ,Δ𝑋𝑋𝑃𝑃(𝑤𝑤1,𝑤𝑤0)�
𝑇𝑇
, and substitute equation (2) into the true 

outcome model, the estimation error of an unadjusted estimator is given by �̂�𝜏𝑟𝑟
𝑈𝑈𝑁𝑁𝑈𝑈𝑈𝑈𝑈𝑈 − 𝜏𝜏𝑟𝑟 =

𝚫𝚫𝑿𝑿(1,1)𝑇𝑇𝜷𝜷𝑷𝑷 + Δ𝜖𝜖(1,1), which is a sum of the covariate chance imbalance and random noise. 

The estimation error becomes large when imbalanced covariates are highly prognostic (i.e. 𝜷𝜷𝑷𝑷 is 

large). Similarly, we can show that the estimation error of the IPW estimator is �̂�𝜏𝑟𝑟𝐼𝐼𝐼𝐼𝑊𝑊 − 𝜏𝜏𝑟𝑟 =

𝚫𝚫𝑿𝑿 �
1
�̂�𝑒𝑖𝑖

, 1
1−�̂�𝑒𝑖𝑖

�
𝑇𝑇
𝜷𝜷𝑷𝑷 + Δ𝜖𝜖(1,1), and the estimation error of OW estimator is �̂�𝜏𝑟𝑟𝑂𝑂𝑊𝑊 − 𝜏𝜏𝑟𝑟 =

𝚫𝚫𝑿𝑿(1− �̂�𝑒𝑖𝑖, �̂�𝑒𝑖𝑖 )𝑇𝑇𝜷𝜷𝑷𝑷 + Δ𝜖𝜖(1,1). Intuitively, IPW controls for chance imbalance because usually 

||𝚫𝚫𝑿𝑿 �
1
�̂�𝑒𝑖𝑖

, 1
1−�̂�𝑒𝑖𝑖

� || < ||𝚫𝚫𝑿𝑿(1,1)|| within the subgroup, so the reduction of estimation error in each 



realized treatment allocation translates into reduced variation of the estimation error over 

repeated experiments. However, because the IPW weighted chance imbalance of baseline 

covariates is not zero, the estimation error remains sensitive to the magnitude of 𝜷𝜷𝑷𝑷. In contrast, 

thanks to the exact balance property of OW, ||𝚫𝚫𝑿𝑿(1 − �̂�𝑒𝑖𝑖, �̂�𝑒𝑖𝑖 )||=0 for all covariates with 

interaction terms in the postulated propensity score model. To summarize, the estimation error of 

OW is free of 𝜷𝜷𝑷𝑷, and OW gives the smallest estimation error for each treatment allocation and 

larger efficiency over repeated experiments. 

 

  



Supplementary Material C: Additional Details of Simulation Studies 

Outcome Model Parameter Specification 

We choose the parameters in the outcome models as follows: 𝛽𝛽0 = 0, 𝜷𝜷𝟏𝟏 takes equally distanced 

non-zero values between (0.25, 0.5)× 𝛾𝛾,  𝜷𝜷𝟐𝟐 = (0.1𝛾𝛾, 𝟎𝟎). The multiplication factor 𝛾𝛾 was 

chosen so that the signal-to-noise ratio (due to the covariate main effects) is 1. That is, the 

covariate main effects explain about 50% variance in the outcome.  This setting assumes there is 

only one true subgroup variable 𝑆𝑆1 that modifies the treatment effect (e.g. a high risk 

comorbidity). Next, we set 𝜷𝜷𝟒𝟒 = (− 1
2
𝜷𝜷𝟏𝟏, 𝟎𝟎) to represent other patient characteristics which 

play a lesser role in the outcome prognosis in the presence of the high risk morbidity. In outcome 

model 2, we set 𝜷𝜷𝟖𝟖𝑻𝑻 = �
𝜎𝜎𝑦𝑦
𝑈𝑈−1

𝟏𝟏𝐉𝐉−𝟏𝟏 .  

 

Summary of Simulation Scenarios and Evaluation Metrics 

In Scenarios 1, 2, 4 we investigate the performance of the estimators when the outcome model is 

correctly specified, while in Scenarios 3, we evaluate the estimators under model 

misspecification. In Scenario 1-3, we pre-specify a single subgroup indicator of interest (i.e. 𝑅𝑅 =

1) to study power and type I error rate, representing a common scenario where there is a single 

baseline covariate is used to create subgroups,6, 7 while in scenario 4, we examine multiple 

subgroup indicators (i.e. 𝑅𝑅 = 6). Except for Scenario 2, we assume the treatment effect is 

additive and homogeneous within subgroups. We generate 2000 replicates to evaluate the 

performance metrics of each estimator. We compare the relative efficiency of all adjusted 

estimators with the unadjusted estimator in estimating the subgroup average treatment effect and 

the heterogeneous treatment effect (HTE) across subgroups 𝛿𝛿𝑟𝑟𝐻𝐻𝑇𝑇𝐸𝐸 . The relative efficiency is 



defined as the ratio between the Monte Carlo variance of the unadjusted estimator (numerator) 

and that of the adjusted estimators (denominator); relative efficiency greater than 1 suggests that 

the adjusted estimator is more efficient than the unadjusted estimator, and larger value of relative 

efficiency stands for higher efficiency. We also examine the performance of the variance and 

confidence interval estimators. For the unadjusted estimator, we use the normality-based 

confidence interval using the standard sampling standard error. For the adjusted estimators, we 

use the bootstrap variance and confidence interval based on 1000 bootstrap samples.  

Throughout the simulation scenarios, all estimators for subgroup average treatment effect are 

essentially unbiased. This is expected in randomized trials.8, 9 The average bootstrap standard 

errors (ABE = mean over replications of the estimated bootstrap standard error) are close to the 

empirical standard errors (ESE = Monte Carlo standard deviation of the estimates across 

replications) for the propensity weighting estimators. The ABE may be inflated for the 

ANCOVA estimator when sample size is small (i.e. total N=250, subgroup Nr= 62). Therefore, 

we focus our discussion on the relative efficiency, coverage rate, type I error rate and power. 

 

Scenario 4  

Scenario 4 extends Scenario 1 to study multiple subgroup variables, We reduce the number of 

baseline covariates to 4 (𝐽𝐽 = 4) and consider 𝑅𝑅 ∈ {2, 6} pre-specified subgroup indicators, which 

represents common number of subgroups being analyzed in healthcare clinical trials.10  

When 𝑅𝑅 = 6, we focusing on comparing a joint approach which includes all pairwise interactions 

of (𝑿𝑿,𝑺𝑺, 𝑿𝑿𝑺𝑺) with the one-at-a-time approach (i.e. 𝑿𝑿,𝑆𝑆𝑟𝑟, 𝑿𝑿𝑆𝑆𝑟𝑟 for 𝑟𝑟 = 1, … ,𝑅𝑅). We vary the 

number of subgroup variables with non-zero coefficients 𝑀𝑀 ∈ {1, 4} (i.e. 𝜷𝜷𝟐𝟐,𝜷𝜷𝟒𝟒,𝜷𝜷𝟓𝟓 are non-

zeros, 𝝉𝝉{𝑺𝑺=0} = 𝛽𝛽3 × 𝟏𝟏𝑹𝑹, 𝝉𝝉{𝑺𝑺=1} = 𝛽𝛽3 + 𝜷𝜷𝟓𝟓), and fix N = 1000, 𝜷𝜷𝟐𝟐 = �0.33
𝑀𝑀

× 𝟏𝟏𝐌𝐌, 𝟎𝟎� ,𝛽𝛽3 =



−0.5,𝜷𝜷𝟒𝟒 = �− 𝛽𝛽1
2𝑀𝑀

× 𝟏𝟏𝐌𝐌, 𝟎𝟎� ,𝜷𝜷𝟓𝟓 = �0.2
𝑀𝑀

× 𝟏𝟏𝐌𝐌,𝟎𝟎�. Supplementary Figure 2 shows results on 

relative efficiency and power is similar to Scenario 1. IPW-Full, OW-Full and ANCOVA-S 

consistently outperforms the main-effect propensity score weighting estimators. When 𝑀𝑀 = 1, 

the one-at-a-time approach shows slightly higher relative efficiency in the 𝑆𝑆𝑟𝑟 = 1 subgroups and 

HTEs, while when 𝑀𝑀 = 4, the joint approach shows slightly higher relative efficiency in the 

𝑆𝑆𝑟𝑟 = 0 subgroups and HTEs. Results of power agree with the results of relative efficiency well 

(Supplementary Figure 3). 

When 𝑅𝑅 = 2, we focus on multiple comparison when testing HTE between subgroup levels. In 

this case, we fix 𝛽𝛽3 = −1, and vary 𝜷𝜷𝟓𝟓 ∈ {(0,0), (0.5,0)} to represent different subgroup-

treatment interaction effects. When 𝜷𝜷𝟓𝟓 are zeros, treatment effect is homogeneous across 4 

subgroups. When 𝜷𝜷𝟓𝟓 is nonzero, we calculate power as the proportion of correct rejection for the 

true subgroup indicator 𝑆𝑆1, and type I error rate for the null subgroup indicator 𝑆𝑆2. 

Supplementary Figure 4 shows results on relative efficiency and power for the true subgroup 

under Scenario 4 is similar to Scenario 1. For the null subgroup, the relative efficiency is highest 

for the ANCOVA estimator, followed by the OW-Full, IPW-Full estimator, and then the OW-

Main, IPW-Main estimator.  In the context of hypothesis testing, we focus on multiple 

comparison when testing HTE between subgroup levels.  The null hypothesis is 𝛿𝛿𝑟𝑟𝐻𝐻𝑇𝑇𝐸𝐸 = 0 for 

𝑟𝑟 = 1, 2 separately, we calculate the FWER as the proportion of at least one false rejection 

across a range of significant threshold. Supplementary Figure 5(a) displays the results under 

different sample sizes in Scenario 4. Overall, the IPW-Main and OW-Main estimator has higher 

family-wise error rate compared to the unadjusted and the ANCOVA estimator, whereas the 

IPW-Full and OW-Full estimator is comparable to the ANCOVA estimator or lie in between the 

ANCOVA estimator and the propensity score weighting estimators with main-effect propensity 



model. To maintain FWER at the nominal level (i.e. 0.05), we suggest to apply the Bonferroni 

correction on the significant level. 

 

Scenario 5 

The data generating process of Scenario 5 is similar to that of Scenario 4 when 𝑅𝑅 = 2, but we 

generate outcomes from the “mis-specified” outcome model 2. Results on relative efficiency and 

power in Scenario 5 are similar to that of the Scenario 3 (Supplementary Figure 6). 

 

Scenario 6 and 7 

In the last two scenarios, we simultaneously consider multiple subgroup indicators (𝑅𝑅 = 2) and 

HTE within subgroups. We allow 𝛃𝛃𝟔𝟔 = (0.5,0.5,0,0),  where the non-zero values are the 

coefficients of the continuous variables, and the zero values are the coefficients of the binary 

variables (null subgroups). In addition, we set 𝜷𝜷𝟕𝟕 = 0.25 × 𝟏𝟏𝟒𝟒 as in Scenario 2. Again, we 

calculate power for the true subgroup 𝑆𝑆 and type I error rate for the null subgroups. Scenario 7 

repeats Scenario 6 under model misspecification. Overall, the result on FWER from Scenario 6 

confirms the trend observed in Scenario 4 (Supplementary Figure 5(b)). The result on relative 

efficiency and power from Scenario 6 and 7 matches the trend observed in Scenario 4 and 5, 

separately (Supplementary Figure 7-8). 
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Supplementary Table 1. Summary of additional simulation scenarios. 

 
 

HTE within subgroups Model 
misspecification 

Subgroup 
variables 

Homogeneous Heterogeneous Yes No Single Multiple 
Scenario 5 x  x   x 
Scenario 6  x  x  x 
Scenario 7  x x   x 

 

  



 

Supplementary Table 2.   95 % coverage rate of unadjusted, IPW-Main, OW-Main, IPW-Full, 
OW-Full, and ANCOVA estimators in Scenario 1 when 𝛽𝛽3 = −1, 𝜏𝜏5 = 0.5, β6 = 𝛽𝛽7 = 𝟎𝟎, and 
model is correctly specified. 

Subgroup  N UNADJ IPW-Main OW-Main IPW-Full OW-Full ANCOVA 
S= 0  188 0.938 0.946 0.944 0.95 0.944 0.946 
S= 0  375 0.95 0.946 0.95 0.948 0.95 0.944 
S= 0  562 0.952 0.946 0.948 0.943 0.942 0.941 
S= 0  750 0.94 0.944 0.944 0.946 0.945 0.946 
S= 1  62 0.94 0.944 0.947 0.974 0.954 0.972 
S= 1  125 0.951 0.948 0.943 0.952 0.947 0.952 
S= 1  188 0.948 0.944 0.944 0.946 0.946 0.948 
S= 1  250 0.945 0.947 0.946 0.944 0.943 0.946 
HTE  62 0.973 0.944 0.941 0.974 0.954 0.968 
HTE  125 0.972 0.942 0.942 0.952 0.948 0.95 
HTE  188 0.973 0.951 0.952 0.95 0.946 0.946 
HTE  250 0.976 0.946 0.948 0.947 0.947 0.95 

 

  



 

Supplementary Table 3.   95 % coverage rate of unadjusted, IPW main, OW main, IPW full 
interaction, OW full interaction, and ANCOVA estimators in Scenario 2 when 𝛽𝛽3 = −1,𝛽𝛽5 =
0.5, β6 = 0.5 × 𝟏𝟏𝟖𝟖,𝛽𝛽7 = 0.25 × 𝟏𝟏𝟖𝟖, and model is correctly specified. 

Subgroup  N UNADJ IPW_Main OW_Main IPW_Full OW_Full ANCOVA 
S= 0  188 0.95 0.952 0.948 0.95 0.941 0.944 
S= 0  375 0.943 0.95 0.947 0.944 0.944 0.942 
S= 0  562 0.948 0.954 0.954 0.956 0.958 0.96 
S= 0  750 0.95 0.953 0.956 0.949 0.95 0.95 
S= 1  62 0.936 0.942 0.944 0.984 0.952 0.97 
S= 1  125 0.948 0.947 0.947 0.956 0.947 0.95 
S= 1  188 0.944 0.948 0.944 0.946 0.944 0.946 
S= 1  250 0.944 0.95 0.952 0.954 0.956 0.951 
HTE  62 0.948 0.943 0.94 0.978 0.944 0.964 
HTE  125 0.952 0.944 0.943 0.952 0.946 0.946 
HTE  188 0.956 0.952 0.951 0.952 0.946 0.944 
HTE  250 0.964 0.957 0.958 0.957 0.956 0.953 

 

  



Supplementary Table 4.   95 % coverage rate of unadjusted, IPW main, OW main, IPW full 
interaction, OW full interaction, and ANCOVA estimators in Scenario 3 when 𝛽𝛽3 = −1,𝛽𝛽5 =
0.5, β6 = 𝛽𝛽7 = 𝟎𝟎, and model is misspecified. 

Subgroup  N UNADJ IPW_Main OW_Main IPW_Full OW_Full ANCOVA 
S= 0  188 0.956 0.958 0.954 0.954 0.946 0.951 
S= 0  375 0.946 0.951 0.952 0.946 0.946 0.946 
S= 0  562 0.953 0.943 0.943 0.946 0.943 0.944 
S= 0  750 0.948 0.938 0.942 0.944 0.944 0.942 
S= 1  62 0.947 0.946 0.948 0.969 0.952 0.978 
S= 1  125 0.944 0.941 0.94 0.951 0.941 0.946 
S= 1  188 0.95 0.948 0.952 0.952 0.952 0.95 
S= 1  250 0.948 0.952 0.949 0.956 0.95 0.956 
HTE  62 0.97 0.951 0.952 0.97 0.958 0.978 
HTE  125 0.97 0.947 0.948 0.95 0.948 0.948 
HTE  188 0.968 0.947 0.95 0.948 0.947 0.95 
HTE  250 0.967 0.947 0.946 0.956 0.958 0.958 

 

  



(a)

 

(b)

 

Supplementary Figure 1. The (a) relative efficiency of adjusted estimators relative to 
unadjusted estimator; (b) power for estimating subgroup average treatment effects and HTE 
across subgroups in Scenario 2. 

  



(a)  



(b)  

Supplementary Figure 2. The relative efficiency of adjusted estimators relative to unadjusted 
estimator by (a) one-at-a-time analysis; (b) joint analysis when R = 6. The x-axis shows two 
scenario when M ∈ {1,4}. 



a)  



b)  

Supplementary Figure 3. The power (type I error rate for testing null subgroups)  for estimating 
subgroup average treatment effects and HTE across subgroups in Scenario 4 by (a) one-at-a-time 
analysis; (b) joint analysis when R = 6. The x-axis shows two scenario when M ∈ {1,4}. 



 

 

a)  

(b)  

Supplementary Figure 4. The (a) relative efficiency of adjusted estimators relative to 
unadjusted estimator; (b) power (type I error rate for testing 𝛿𝛿2𝐻𝐻𝑇𝑇𝐸𝐸 = 0, labeled as HTE2)  for 
estimating subgroup average treatment effects and HTE across subgroups in Scenario 4 when 
R = 2. 



  



(a)  

(b)  

Supplementary Figure 5. The familywise error rate for estimating HTE across 2 subgrouping 

variables as a function of different significant thresholds under (a) Scenario 4, when R = 2; (b) 

Scenario 6. 



(a)  

(b)  

Supplementary Figure 6. The (a) relative efficiency of adjusted estimators relative to 
unadjusted estimator; (b) power (type I error rate for testing 𝛿𝛿2𝐻𝐻𝑇𝑇𝐸𝐸 = 0, labeled as HTE2) for 
estimating subgroup average treatment effects and HTE across subgroups in Scenario 5. 

 

 

  



(a)  

(b)  

Supplementary Figure 7. The (a) relative efficiency of adjusted estimators relative to 
unadjusted estimator; (b) power (type I error rate for testing 𝛿𝛿2𝐻𝐻𝑇𝑇𝐸𝐸 = 0, labeled as HTE2) for 
estimating subgroup average treatment effects and HTE across subgroups in Scenario 6. 

  



(a)  

(b)  

Supplementary Figure 8. The (a) relative efficiency of adjusted estimators relative to 
unadjusted estimator; (b) power (type I error rate for testing 𝛿𝛿2𝐻𝐻𝑇𝑇𝐸𝐸 = 0, labeled as HTE2) for 
estimating subgroup average treatment effects and HTE across subgroups in Scenario 7. 

 


