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eAppendix. Methods 

Algorithm Description & Performance 

Data-adaptive algorithms were used to estimate both the treatment mechanism 

and the expected outcomes given the exposure and covariates. Traditional procedures 

used to generate these estimates make many assumptions that may force an incorrect 

distribution, shape, or function on the data (e.g., parametric models such as logistic 

regression), introducing bias. Instead, we opted to use estimators that learn from the data. 

When estimating via data-adaptive algorithms we assume only that the outcome is a 

function of the treatment and covariates (in other words, assume a non-parametric or 

large semi-parametric model) (23). 

The algorithms included in the library of estimators (with their abbreviations) 

were: generalized linear models (glm), bayesian linear models (bayesglm), multivariate 

adaptive regression splines (earth), classification and regression training (caret), 

generalized boosted regression models (gbm), lasso and elastic-net regularized 

generalized linear models (glmnet) with tuning parameters (alpha) set to 0, 0.25, 0.75, 

0.5, 0.1, improved predictors (ipred), k-nearest neighbors (knn), mean, neural networks 

(nnet), multivariate adaptive polynomial spline regression (polymars), pruned recursive 

partitioning (rpartPrune), backward and forward stepwise AIC selection (stepAIC).  

To evaluate the performance of the algorithms, the data adaptive method includes 

the expected loss (i.e., risk) and convex combination of all of the algorithms. These are 

measures of how well these candidate algorithms did in predicting the treatment 

mechanism and outcome regression by outcome for the central covariate set. The highest 

weights with the lowest risks denote the best estimator – “best” meaning minimizing the 
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mean square error (MSE) loss (23). These risks and coefficients can be found in 

Supplementary Table 1.  

Sensitivity Analyses with Alternative Covariate Sets 

Beyond the “main” covariate set described in the text, we also used two other 

covariate sets.  First, the “main with missing indicators” covariate set included the 21 

covariates in the main covariate set plus a set of binary variables that indicated whether 

each covariate originally had missing data (33).  We repeated analyses with the “main 

with missing indicators” covariate set to ensure that results were robust to our missing 

imputation procedure (by controlling for any meaningfulness in missing observations). 

Prior to missing imputation, the average number of missing observations per covariate 

was 8.38, SD = 17.92.   

Second, the “expansive” covariate set included the 21 variables in the main set, 

plus 12 other variables that were thought to be less predictive of both treatment 

assignment (specialty/traditional) and outcome (violence/re-arrest): violent fantasies and 

recency of violent fantasies (18), prior hospitalization, age at first arrest, child abuse 

frequency (18), father’s arrest and father’s drug use (18), and PAI (20) subscales (e.g., 

somatization, anxiety disorder, depression, borderline personality, and treatment 

compliance). We repeated analyses with the “expansive” covariate set to account for as 

many potential confounders as possible, given that probationers’ location was perfectly 

confounded with probation type (specialty/traditional).  These sensitivity analyses were 

meant to ensure that results were not confounded by unmeasured differences between 

groups at baseline. 
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Results of TMLE estimation and inference with these two alternative covariate 

sets were similar to those reported for the main covariate set.  For the “main with missing 

indicators” dataset, the probability of violence is 2.5% (CI = -4.3%, 9.3%) more than 

probationers in traditional probation compared to specialty probation, controlling for 

baseline probation characteristics and missing-ness variables—but the probability of re-

arrest is 30.6% (CI = 23.3%, 37.9%, ns) more for traditional probationers than specialty 

probationers, conditioning on baseline covariates and missingness variables.  Similarly, 

for the “expansive” dataset, there is no difference in the probability of violence 

(estimated difference = 0.9%, CI = -5.4%, 7.2%) for traditional probationers compared to 

specialty probationers, controlling for all baseline characteristics; whereas the probability 

of re-arrest is 29.6% (CI =21.7%, 37.6% ns) more for traditional than specialty 

probationers, conditioning on all baseline covariates.  
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eTable. Coefficients (Weights) and Risk (MSE) Depicting Algorithm Performance for 
Main Covariate Set 

 Treatment mechanism Outcome regression 
Arrest Violence 

 Coef Risk Coef Risk Coef Risk 
SL.glm_All 0.00 0.20 0.00 0.24 0.19 0.20
SL.bayesglm_All 0.32 0.19 0.28 0.24 0.00 0.20
SL.earth_All 0.16 0.23 0.00 0.31 0.00 0.24
SL.caret_All 0.00 0.19 0.00 0.24 0.00 0.20
SL.gbm_All 0.19 0.18 0.00 0.23 0.00 0.20
SL.glmnet.0_All 0.00 0.19 0.00 0.23 0.38 0.19
SL.glmnet.0.25_All 0.00 0.19 0.00 0.23 0.00 0.19
SL.glmnet.0.75_All 0.00 0.19 0.00 0.23 0.00 0.19
SL.glmnet.0.5_All 0.00 0.19 0.00 0.23 0.07 0.19
SL.glmnet.1_All 0.00 0.19 0.00 0.23 0.00 0.19
SL.ipredbagg_All 0.00 0.19 0.00 0.24 0.28 0.20
SL.knn_All 0.00 0.22 0.03 0.26 0.00 0.24
SL.mean_All 0.00 0.25 0.07 0.25 0.00 0.23
SL.nnet_All 0.00 0.25 0.07 0.25 0.00 0.26
SL.polymars_All 0.00 0.21 0.00 0.24 0.09 0.20
SL.rpartPrune_All 0.32 0.20 0.00 0.26 0.00 0.22
SL.stepAIC_All 0.00 0.23 0.56 0.23 0.00 0.20
 


