Online Supplement

Supplemental Table 1

Patients’ Clinically Elevated Symptom/Functional Domains at Baseline (N = 2,160)

	TOP-based Presenting Problem Domains
	Dimensional Domain-specific Severity
	Clinically Meaningful Domain-specific Elevations a

	
	M
	SD
	n
	%

	Quality-of-life deficits
	1.69
	1.19
	1,572
	73%

	Depression
	2.06
	1.55
	1,549
	72%

	Panic/anxiety
	1.49
	1.92
	1,076
	50%

	Sleep problems
	0.97
	1.47
	959
	44%

	Social conflict
	0.93
	1.48
	947
	44%

	Psychosis
	0.94
	1.78
	769
	36%

	Suicidal ideation
	1.06
	1.95
	659
	31%

	Sexual functioning
	0.53
	1.44
	599
	28%

	Work functioning
	0.32
	1.26
	551
	26%

	Substance misuse
	1.13
	2.85
	548
	25%

	Mania
	-0.07
	0.84
	207
	10%

	Violence
	0.15
	1.47
	183
	9%


Note. TOP = Treatment Outcome Package.
a A clinically meaningful elevation was defined as a score of ≥ 1 SD above the non-treatment seeking population mean on a given problem domain.



R Code for Final Bayesian Additive Regression Trees (BART) Model

#Note that to install and use the bartMachine package some R users may need to first install an #updated version of java and to individually install the packages “ranger” and “missForest”
#java_quick_install(version = 21)
#install.packages(“ranger” , type = “binary”)
#install.packages(“missForest”)
#install.packages(“bartMachine”)

# Load packages:
library(Hmisc)
library(caret)
library(tidyverse)
library(bartMachine)
library(haven)

# Upload training (k = 10 patients per therapist) and test sets (k = 5 patients per therapist)

data_training_k10 <- read_sav("data_training.sav")
data_test_k5 <- read_sav("data_test.sav")

# Subset predictors and outcome for BART

predictors_bart<-data.frame(data_training_k10[-c(1:2, 17)]) # we excluded patient and therapist ID and outcome

outcome_bart<-as.numeric(data_k10_prueba$TOTAL_FOLLOWUP) 

# BART MACHINE LEARNING MODELS -----------------------------------------------------------

set.seed(213123)
bart_model <- bartMachine(X=predictors_bart, y=outcome_bart, interaction_constraints= 
                            list(c("effective_wave1", "GENDER"),
                                 c("effective_wave1", "AGE_AT_INITIAL_REGISTRATION"),
                                 c("effective_wave1", "DEPRS_t1"),
                                 c("effective_wave1", "MANIC_t1"),
                                 c("effective_wave1", "SCONF_t1"),
                                 c("effective_wave1", "WORKF_t1"),
                                 c("effective_wave1", "VIOLN_t1"),
                                 c("effective_wave1", "SA_t1"),
                                 c("effective_wave1", "SUICD_t1"),
                                 c("effective_wave1", "SLEEP_t1"),
                                 c("effective_wave1", "SEXFN_t1"),
                                 c("effective_wave1", "PSYCS_t1"),
                                 c("effective_wave1", "PANIC_t1"),
                                 c("effective_wave1", "TOTAL_t1")), seed = 34567)
summary(bart_model)

# prediction k=10 patients per therapist (BART) -----------------------------------------------------

library(Hmisc)

prediction_k10_BART<-data.frame(data_training_k10)

prediction_k10_BART$prediction<- predict(bart_model, data_training_k10[c(3:16,18)], seed=34567) #perform prediction in training set based on the model

rcorr(as.matrix(prediction_k10_BART[,c("prediction","TOTAL_FOLLOWUP")])) #calculate observed vs. predicted correlation
postResample(pred = prediction_k10_BART$prediction, obs = prediction_k10_BART$TOTAL_FOLLOWUP) # evaluate metrics on the training set 


# Calculate a PTF (training set; k=10 patients per therapist) (BART) ----------------------------------

options(scipen=20)
{
prediction_k10_BART_e0<-data.frame(data_training_k10) #create a dataset to define effective_wave1 == 0
prediction_k10_BART_e0$effective_wave1<-0 #define effective_wave1 == 0
prediction_k10_BART_e0$effective_wave1<-as.factor(prediction_k10_BART_e0$effective_wave1)

prediction_k10_BART_e0$prediction_0<- predict(bart_model, prediction_k10_BART_e0[c(3:16,18)], seed=34567) # perform a prediction for effective_wave1 == 0

prediction_k10_BART_e1<-data.frame(data_training_k10) #create a a dataset to define effective_wave1 == 1
prediction_k10_BART_e1$effective_wave1<-1 #define effective_wave1 == 1
prediction_k10_BART_e1$effective_wave1<-as.factor(prediction_k10_BART_e1$effective_wave1)

prediction_k10_BART_e1$prediction_1<- predict(bart_model, prediction_k10_BART_e1[c(3:16,18)], seed=34567) # perform a prediction for effective_wave1 == 1

prediction_k10_BART_e0<-prediction_k10_BART_e0[c(1,19)] #subset ids and predictions for effective_wave1 == 0
prediction_k10_BART_e1<-prediction_k10_BART_e1[c(1,19)] #subset ids and predictions for effective_wave1 == 1

a10_BART<-merge(prediction_k10_BART_e0,prediction_k10_BART_e1, all = T) #merge both datasets


# create data for PTF: 

recommen_data_k10_BART<-merge(a10_BART,data_training_k10[c(1,16,17,18)], all = T) #merge predictions with baseline and post outcome, and effective_wave1

# Calculate PTF: 

recommen_data_k10_BART$TAI<-recommen_data_k10_BART$prediction_1-recommen_data_k10_BART$prediction_0

describe(recommen_data_k10_BART$TAI) #mean of TAI .11, sd= .01
}

# Define recommendation criteria (training set; k=10 patients per therapist)

library(tidyverse)

recommen_data_k10_BART <- recommen_data_k10_BART %>% 
  mutate(recomen_1 = if_else(TAI>.11, 1, 0)) #cases 1 sd above mean (>= .12)

recommen_data_k10_BART %>% 
  count(recomen_1) #Evaluate distribution of patient based on recommendation

recommen_data_k10_BART<-recommen_data_k10_BART %>% 
  mutate(optimal = if_else(recomen_1==1 & effective_wave1==1, 1, 0)) # identify cases with optimal therapist (i.e., recomen_1==1 & effective_wave1==1)

recommen_data_k10_BART %>% 
  count(optimal) #Evaluate distribution of patient based on patients receiving the recommended effective therapist


# Define recommendation criteria (test set; k=5 patients per therapist) --------------------------------

prediction_k5_BART<-data.frame(data_test_k5)

prediction_k5_BART$prediction<- predict(bart_model, data_test_k5[c(3:16,18)]) #predict outcome based on BART algorithm

rcorr(as.matrix(prediction_k5_BART[,c("prediction","TOTAL_FOLLOWUP")])) #calculate observed vs. predicted correlation
postResample(pred = prediction_k5_BART$prediction, obs = prediction_k5_BART$TOTAL_FOLLOWUP) # evaluate metrics on the test set 


# Calculate a PTF (test set; k=5 patients per therapist) (BART) ----------------------------------------


{
prediction_k5_e0_BART<-data.frame(data_test_k5)
prediction_k5_e0_BART$effective_wave1<-0
prediction_k5_e0_BART$effective_wave1<-as.factor(prediction_k5_e0_BART$effective_wave1) 

prediction_k5_e0_BART$prediction_0<- predict(bart_model, prediction_k5_e0_BART[c(3:16,18)])#predictions with effective_wave1== 0 

prediction_k5_e1_BART<-data.frame(data_test_k5)
prediction_k5_e1_BART$effective_wave1<-1
prediction_k5_e1_BART$effective_wave1<-as.factor(prediction_k5_e1_BART$effective_wave1)

prediction_k5_e1_BART$prediction_1<- predict(bart_model, prediction_k5_e1_BART[c(3:16,18)]) #predictions with effective_wave1== 1 

prediction_k5_e0_BART<-prediction_k5_e0_BART[c(1,19)]
prediction_k5_e1_BART<-prediction_k5_e1_BART[c(1,19)]

a_5k_BART<-merge(prediction_k5_e0_BART,prediction_k5_e1_BART, all = T) #merge both predictions with ids

recommen_data_k5_BART<-merge(a_5k_BART,data_test_k5[c(1,16,17,18)], all = T) #merge predictions with baseline and post outcome, and effective_wave1

recommen_data_k5_BART$TAI<-recommen_data_k5_BART$prediction_1-recommen_data_k5_BART$prediction_0 # TAI calculation

}

# use recommendation criteria (BART) - test set (k=5 patients per therapist)
library(tidyverse)

recommen_data_k5_BART <- recommen_data_k5_BART %>% 
  mutate(recomen_1 = if_else(TAI>.11, 1, 0))

recommen_data_k5_BART %>% 
  count(recomen_1)

recommen_data_k5_BART<-recommen_data_k5_BART %>% 
  mutate(optimal = if_else(recomen_1==1 & effective_wave1==1, 1, 0))

recommen_data_k5_BART %>% 
  count(optimal)


Description of Bayesian Additive Regression Trees (BART) models
BART models are ensemble tree-based models. Tree models use predictors as partitioning variables to split the data into homogeneous subsets, which are then used to make predictions or classifications (Myles et al., 2004). For example, a tree model focused on predicting treatment response from baseline patient characteristics could determine that a meaningful split in the data occurred at a precise level of presenting symptom severity, with the subgroup of patients above the cutoff being significantly more likely to be classified as responders than those below the cutoff. In contrast to more widely used tree-based approaches (e.g., random forest) that create many parallel independent trees and average their predictions, BART models sequentially train many small trees and sum their outcome (Chipman et al., 2010). Bayesian regularization techniques (which apply probability distributions to model parameters) help each tree to remain a weak learner, thereby preventing any single tree from becoming too dominant in the prediction. This also allows the model to capture complex interactions and non-linear associations, while reducing the risk of overfitting by naturally penalizing overly complex solutions (Chipman et al., 2010). 
When developing the R package “bartMachine,” Kapelner and Bleich (2016) introduced a fundamental feature to BART models that made them particularly attractive for treatment personalization models (Cohen et al., 2021). Namely, Kapelner and Bleich (2016) introduced a parameter in the BART models (i.e., “interaction_constraints”) that forced the splits to prioritize a specified variable(s), thereby maximizing the interaction of those focal predictors with the others. Conceptually, this is similar to a traditional multivariate interaction model with a targeted moderator. 
In the literature, this interactive constraint feature has been used to determine how treatment effects (the focal moderator variable fixed to force the splits) differ based on patient level characteristics (e.g., Cohen et al., 2021). In the current application, we used this feature to develop trees maximizing interactions between therapists’ effectiveness classifications and patient characteristics. 
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