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S1 Table. Summary of methods for high-dimensional mediation analysis. 

Name and Citation 

Estimation of 
global indirect 

effect 

Estimation of 
mediation 

contributions 
Active mediator 

identification Y Data Type 
Directly Allows 

Covariates Summary 
Group 1 Methods 
HIMA (1)  Point 

estimation 
Point 
estimation 

Yes Continuous or binary Yes Fits the outcome model with the minimax concave penalty. Requires 
subsequent fitting of ordinary least squares regression to test the 
statistical significance the mediation contributions. 

HDMA (2) Point 
estimation 

Point, interval 
estimation 

Yes Continuous or binary Yes Fits the outcome model with the de-sparsified LASSO penalty.  

MedFix (3) Point 
estimation 

Point, interval 
estimation 

Yes Continuous Yes Fits the outcome model with the adaptive LASSO penalty. Can also 
be applied when the exposure is high-dimensional in addition to the 
mediators. 

Pathway LASSO 
(4) 

Point 
estimation 

Point 
estimation 

Yes Continuous No Fits the outcome model and mediator models with a jointly penalized 
likelihood, directly applying shrinkage to the mediation contributions 
(αa)j(βm)j. 

BSLMM (5) Bayesian 
point, interval 
estimation 

Bayesian 
interval 
estimation 

Yes Continuous Yes Bayesian mixed-model in which the mediator-outcome associations 
(βm)j and the exposure-mediator associations (αa)j are assumed to 
independently follow sparse normal distributions. 

GMM (6) Bayesian 
point, interval 
estimation 

Bayesian 
interval 
estimation 

Yes Continuous Yes Bayesian mixed-model in which the mediator-outcome associations 
(βm)j and the exposure-mediator associations (αa)j are assumed to 
jointly follow a sparse multivariate normal distribution. 

Group 3 Methods 
PCMA (7) Point, interval 

estimation 
No No Continuous or binary No Applies principal component analysis on the mediator model 

residuals, transforming the mediators so they are independent. Can be 
applied when there is A-M interaction in the outcome model.  
 

SPCMA (8) Point, interval 
estimation 

No Identifies whether subsets 
of the mediators are 
jointly active 

Continuous No Similar to PCMA but applies sparse PCA, resulting in transformed 
mediators that are more interpretable.  

HILMA (9) Point, interval 
estimation 

No No Continuous No Uses a debiased penalized regression approach to directly estimate 
the global indirect effect αaTβm. Can be applied for multiple 
exposures simultaneously.  

PMED (10) Point, interval 
estimation 
 

No Yes Continuous Yes Estimates βa by fitting the outcome model with the mediator effects 
penalized by the SCAD penalty. Then estimates αaTβm by subtracting 
the estimated βa from an estimate of the total effect. 

Group 3 Methods 
HDMM (11) No No Nonspecifically identifies 

groups of active mediators 
Continuous No Estimates “directions of mediation” by which the observed mediators 

can be linearly combined to form latent mediators. The latent 
mediators replace the true mediators in the analysis. Requires p < n1 

LVMA (12) No No Identifies inputted 
mediators associated with 
latent mediators 

Continuous or binary Yes Reformulates the causal structure of the mediation problem. Assumes 
that M itself is not responsible for mediation, but rather that the effect 
of A on Y is mediated by latent, unmeasured factors, F, which also 
cause changes in M.  

1 The other methods can be used with more mediators than observations. However, the methods that allow covariates require fewer covariates than samples. 
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