Predicting United States Veteran Dropout from Trauma-Focused Eye Movement Desensitization and Reprocessing Therapy using Machine Learning 
Supplemental Materials

Methods
Procedure
[bookmark: _Hlk209517772]Detailed chart review coding procedures are published elsewhere (Fairbanks et al., 2026). Briefly, eight coders reviewed the charts of 446 veterans initiating EMDR. Cases were excluded if they did not have a PTSD or other specified trauma- and stressor-related disorder diagnosis (n = 35), completed an episode of care outside of the study timeframe (n = 38), had more than an 8-week gap between appointments (n = 38), and did not have a PTSD Checklist for the Diagnostic and Statistical Manual of Mental Disorders, 5th edition (PCL-5; Weathers et al., 2013) score at treatment initiation (n = 75). A subset of randomly selected charts (n = 33) were identified for review by a secondary coder, and agreement in coding charts for meeting study inclusion criteria was high (Cohen’s Ƙ = 0.88). Of the 279 cases that met study inclusion criteria, interrater reliability for coding a subset of charts for study variables (n = 17) was evaluated. Agreement in study variable coding was high (Cohen’s Ƙ = 0.90; Fairbanks et al., 2026).
Measures
For PTSD symptoms, the 20-item PCL-5 (Weathers et al., 2013) was used. Clients rated the degree to which symptoms bothered them using a 5-point Likert scale (0 = Not at all to 4 = Extremely). Items were summed; scores could range from 0 to 80. PCL-5 change scores were calculated by subtracting the pre-treatment PCL-5 score from the mid-treatment score (i.e., T2-T1). Negative change scores indicate that PTSD symptom scores decreased (i.e., symptoms improved) between pre- and mid-treatment; positive change scores indicate clients’ PTSD symptoms became more severe (i.e., worsened) between pre- and mid-treatment. 
The 9-item Patient Health Questionnaire (PHQ-9; Kroenke et al., 2001) was used to assess depression symptoms. Clients rated the frequency of symptoms using a 4-point Likert scale (0 = Not at all to 3 = Nearly every day). Items were summed; scores could range from 0 to 27. PHQ-9 change scores were calculated by subtracting the pre-treatment PHQ-9 score from the mid-treatment score (i.e., T2-T1). Negative change scores indicate that depression symptom scores decreased (i.e., symptoms improved) between treatment pre- and mid-treatment; positive change scores indicate symptoms became more severe (i.e., worsened) between pre- and mid-treatment.
Results
Characteristics of Clients who Completed and Dropped Out of Treatment
For demographics, clients who identified as Hispanic or Latino were more likely to drop out than those who did not in univariate analyses (Table 1). There were no differences between clients who dropped out and completed treatment in terms of age, sex, and race. In terms of service characteristics, there were no differences between completer and dropout groups in terms of service branch, service era, any deployment history, specific deployment locations, and total number of deployment locations. Regarding treatment characteristics, treatment completers were more likely to target childhood trauma, MST, and other non-military adulthood trauma in treatment compared to those who dropped out. There were no differences between clients who dropped out and completed treatment in terms of the likelihood of targeting childhood sexual trauma, military combat, other military trauma, and non-military sexual trauma in adulthood. 
For mental health symptoms, clients who completed treatment were more likely to have a comorbid depressive disorder than those who dropped out; however, there were no differences for clients with any comorbid disorders as well as clients with comorbid substance use, anxiety, and other mental health disorders (Table 1). Further, Figure 2 includes the average PTSD and depression symptom scores for clients who completed and dropped out across treatment. Repeated measures mixed-effects models were used to test whether changes in PTSD and depression scores over time differed depending on whether clients completed or dropped out of treatment (Supplemental Table 3). Specifically, the main effects of completion status were not statistically significant for models predicting PCL-5 and PHQ-9 scores, suggesting that baseline symptom scores did not differ depending on whether clients completed or dropped out of treatment. However, the interaction terms between timepoint and completion status were significant for both PTSD and depression symptom models (p’s < .001). These terms indicate that the trajectories of change in PTSD and depression symptoms between initiation and mid-treatment as well as initiation and termination differed depending on whether clients completed or dropped out. Specifically, clients who completed EMDR had lower PCL-5 and PHQ-9 scores at mid-treatment and termination (i.e., indicating that symptoms improved) compared to clients who dropped out (Table 1; Figure 2). Within the group that completed treatment, PTSD and depression symptoms improved (i.e., PCL-5 and PHQ-9 scores decreased) between treatment initiation and mid-treatment on average. For clients who dropped out, on average PTSD and depression symptoms instead worsened during this timeframe (i.e., PCL-5 and PHQ-9 scores increased; Table 1 and Figure 2). Together, these results suggest that clients who dropped out of EMDR reported worse treatment outcomes than clients who completed treatment.
Last, clients who dropped out were more likely to have missing PCL-5 and PHQ-9 scores at mid-treatment compared to those who completed EMDR; however, there was no significant differences for clients who were missing data for ethnicity, race, and pre-treatment PHQ-9 scores (Table 1).


MACHINE LEARNING FOR EMDR DROPOUT		2


Supplemental Table 1
Machine Learning Algorithms Leveraged in Predicting Dropout using SuperLearner Ensemble Models
	Learner name
	Description
	Advantages
	Disadvantages

	SL.mean
	Naïve benchmark (mean of outcome) that serves as a baseline reference model
	Simple and transparent; useful as a benchmark to compare gains from more complex learners
	Not predictive and does not provide insight into whether variables predict the outcome

	SL.glm
	Generalized linear models
	Interpretable coefficients; fast computation; works well with linear effects; easy to regularize and calibrate
	Assumes linearity; misses nonlinear and interaction effects unless explicitly modeled; sensitive to outliers and multicollinearity

	SL.glmnet
	Elastic-net generalized linear models 
	Utilizes regularization; automatic variable selection; useful for small samples and high-dimensional predictors
	Requires tuning of penalty parameters; less effective if effects are nonlinear; can be less interpretable

	SL.bayesglm
	Bayesian models
	Can use weakly informative priors to mitigate imbalance issues and stabilize estimates in small samples; reduces overfitting; provides uncertainty estimates
	Less flexible than nonparametric models; slower for large datasets

	SL.ranger
	Random forest (ensemble of decision trees)
	Can capture nonlinear relationships and interactions without explicitly modeling them; tends to be robust and accurate; handles large datasets and missing data; low tuning needs
	Less interpretable; may be biased towards variables with more categories; can experience difficulty with class imbalance issues

	SL.xgboost
	Boosted trees (gradient boosting framework)
	Powerful learner; handles nonlinearities and interactions; strong performance on tabular data; good with medium-sized datasets
	Can require parameter tuning; can overfit if not regularized; more computationally intensive

	SL.ksvm
	Support vector machine
	Good for complex boundaries; works well with small- to medium-sized datasets; can handle high-dimensional data
	Harder to interpret; computationally expensive for large datasets

	SL.rpart
	Classification and regression tree 
	Interpretable decision rules; handles missing values; useful for exploratory modeling
	Can overfit or be unstable with small data changes; tends to have weaker predictive accuracy compared to ensemble models like random forests or gradient boosting

	SL.stepAIC
	Stepwise variable selection based on Akaike Information Criterion
	Automatic feature selection; interpretable; computationally efficient for small datasets
	Can be unstable and risk overfitting; may miss optimal variable combinations 

	SL.gbm
	Gradient boosting that builds trees sequentially on residuals
	Strong predictive accuracy; captures complex nonlinear interactions; flexible
	Slower training than random forests; can be prone to overfitting; less interpretable 





Supplemental Table 2
Description of Metrics Used to Evaluate Machine Learning Model Performance
	Metric
	Description
	Application to predicting dropout
	Interpretation of values

	Area under the receiver operating characteristic curve (AUC)
	Helpful metric for assessing the overall discriminatory power of the model 
	Indicates how well the model separates clients who completed treatment from clients who dropped out 
	Values range from 0.5 (no better than chance) to 1.0 (perfect discrimination), where higher values reflect better model performance

	Area under the precision-recall curve (PR AUC)
	Balances precision and sensitivity/recall across thresholds; particularly helpful with imbalanced datasets
	Emphasizes model's ability to correctly identify dropout without false alarms predicting that clients may drop out
	Values range from 0 (worst precision-recall tradeoff) to 1 (perfect tradeoff), where higher values indicate better detection of dropouts

	Accuracy
	Proportion of correctly classified cases out of all cases
	Percentage of participants for whom the model correctly predicted completion or dropout
	Values range from 0 to 1, where higher values indicate more correctly classified cases. However, utilizing accuracy alone to assess performance can be misleading in imbalanced datasets

	Sensitivity (recall; true positive rate)
	Proportion of cases that dropped out that were correctly identified in the model
	Measures the model's ability to detect actual cases that dropped out. High sensitivity reduces the likelihood models will miss clients at risk of dropping out
	Values range from 0 (no clients who dropped out were correctly identified) to 1 (all clients who dropped out were correctly identified), where higher values reflect better model performance

	Specificity (true negative rate)
	Proportion of cases that completed that were correctly identified as clients who completed treatment in the model
	Measures the model's ability to correctly predict those who completed treatment. High specificity reduces false dropout predictions
	Values range from 0 (no clients who completed treatment were correctly identified) to 1 (all clients who completed treatment were correctly identified), where higher values indicate better model performance

	Precision (positive predictive value)
	Proportion of predicted dropouts that were correct (actual dropouts)
	Reflects how often a model's dropout predictions are correct
	Values range from 0 (none of the cases that were predicted to drop out were actual cases that dropped out) to 1 (all of the cases that were predicted to drop out were actual cases that dropped out), where higher values reflect better model performance

	F1
	Harmonic mean of precision and sensitivity/recall; balances false positives and false negatives
	Provides a single summary metric of how well the model identifies true dropouts without overpredicting the likelihood clients will drop out
	Values range from 0 (poor balance of precision and recall) to 1 (optimal balance between precision and recall), where higher values reflect better performance

	Brier score
	Mean squared error between predicted probabilities and actual outcomes
	Captures calibration of predicted dropout probabilities
	Values range from 0 (perfect accuracy) to 1 (poor calibration), where lower values indicate better model performance


Note. AUC = area under the receiver operating characteristic curve; PR AUC = area under the precision-recall curve.

Supplemental Table 3
Mixed-Effects Models Evaluating Whether Completion Status Moderated Improvement in PTSD and Depression Symptoms throughout Eye Movement Desensitization and Reprocessing Therapy
	Parameter
	B
	SE
	95% CI
	t
	df
	p

	Model 1: PTSD symptoms
	
	
	
	
	
	

	Random effects
	
	
	
	
	
	

	Intercept
	167.40
	12.94
	
	
	
	

	Fixed effects
	
	
	
	
	
	

	Intercept
	49.27
	1.21
	47.03, 51.63
	40.82
	380.63
	< .001

	Time
	
	
	
	
	
	

	Treatment initiation vs. mid-treatment
	-9.06
	1.08
	-11.41, -6.94
	-8.36
	396.18
	< .001

	Treatment initiation vs. final session
	-22.65
	1.00
	-24.59, -20.64
	-22.66
	390.83
	< .001

	Completion status (0 = completed, 1 = dropped out)
	-1.85
	1.89
	-5.72, 1.74
	-0.98
	380.63
	.33

	Time x completion status
	
	
	
	
	
	

	Initiation vs. mid-treatment x completion status
	13.11
	1.92
	9.41, 16.92
	6.84
	412.01
	< .001

	Initiation vs. final session x completion status
	27.28
	1.72
	24.00, 30.67
	15.87
	408.12
	< .001

	Model 2: Depression symptoms
	 
	 
	
	 
	 
	 

	Random effects
	
	
	
	
	
	

	Intercept
	20.98
	4.58
	
	
	
	

	Fixed effects
	
	
	
	
	
	

	Intercept
	15.50
	0.50
	14.58, 16.46
	31.19
	321.54
	< .001

	Time
	
	
	
	
	
	

	Treatment initiation vs. mid-treatment
	-2.44
	0.48
	-3.34, -1.51
	-5.08
	306.26
	< .001

	Treatment initiation vs. final session
	-6.41
	0.46
	-7.30, -5.51
	-14.02
	309.32
	< .001

	Completion status (0 = completed, 1 = dropped out)
	-0.36
	0.79
	-1.98, 1.15
	-0.46
	312.49
	.65

	Time x completion status
	
	
	
	
	
	

	Initiation vs. mid-treatment x completion status
	3.73
	0.84
	2.08, 5.31
	4.45
	312.38
	< .001

	Initiation vs. final session x completion status
	8.43
	0.75
	6.923, 9.93
	11.27
	309.80
	< .001


 Note. CI = confidence interval; PTSD = posttraumatic stress disorder. The 95% CIs were obtained using bootstrapping (n = 1,000 samples). Mixed-effects models were used to predict PTSD (Akaike information criterion [AIC] = 5189.90, Bayesian information criterion [BIC] = 5225.90, root mean square error of approximation [RMSE] = 6.86, conditional R2 = .78, marginal R2 = .27) and depression (AIC = 3017.50, BIC = 3051.30, RMSE = 2.67, conditional R2= .72, marginal R2 = .20) symptoms over the course of treatment. The significant interaction terms for time and completion status indicate that the degree of improvement in symptoms between both initiation and mid-treatment as well as initiation and termination differed depending on whether clients completed or dropped out of treatment.

Supplemental Table 4
Logistic Regression Model Predicting EMDR Dropout in U.S. Veterans
	 
	
	 
	 
	 
	 
	 
	Bootstrapped 95% CI

	 Variable
	Feature importance ranking
	B
	SE
	Wald Z
	p-value
	OR
	Lower
	Upper 

	Intercept
	
	-2.18
	0.61
	-3.58
	< .001
	0.11
	0.03
	0.37

	Change in PCL-5 from pre- to mid-treatment (ranging from improving to worsening symptoms)
	1
	1.56
	0.28
	5.51
	< .001
	4.75
	2.73
	8.27

	Missing mid-treatment PCL-5 (0 = no, 1 = yes)
	2
	0.92
	0.60
	1.53
	.13
	2.50
	0.77
	8.08

	Change in PHQ-9 from pre- to mid-treatment (ranging from improving to worsening symptoms)
	3
	0.72
	0.26
	2.71
	.007
	2.05
	1.22
	3.44

	Number of trauma types (ranging from fewer to more types)
	4
	-0.44
	0.28
	-1.59
	.11
	0.64
	0.37
	1.11

	Age (ranging from younger to older age)
	5
	0.29
	0.21
	1.38
	.17
	1.33
	0.89
	2.00

	Missing mid-treatment PHQ-9 (0 = no, 1 = missing mid-treatment PHQ-9)
	6
	1.35
	0.60
	2.26
	.02
	3.87
	1.20
	12.53

	PHQ-9 at pre-treatment (ranging from less to more severe depression symptoms)
	7
	0.46
	0.29
	1.60
	.11
	1.59
	0.90
	2.81

	Comorbid depressive disorder (0 = no, 1 = comorbid depressive disorder)
	8
	0.45
	0.43
	1.05
	.29
	1.57
	0.68
	3.65

	PCL-5 at intake (ranging from less to more severe trauma symptoms)
	9
	0.14
	0.28
	0.50
	.62
	1.15
	0.66
	1.99

	Sex (0 = male, 1 = female)
	10
	0.22
	0.44
	0.49
	.62
	1.24
	0.53
	2.93

	Other deployment region (0 = no, 1 = other region)
	11
	0.94
	0.44
	2.15
	.03
	2.56
	1.09
	6.04

	Childhood trauma, other (0 = no, 1 = childhood trauma)
	12
	-0.55
	0.49
	-1.13
	.26
	0.57
	0.22
	1.50

	Ethnicity (0 = Non-Hispanic, 1 = Hispanic)
	13
	1.44
	0.62
	2.32
	.02
	4.21
	1.25
	14.18

	Afghanistan deployment (0 = no, 1 = Afghanistan deployment)
	14
	0.84
	0.47
	1.79
	.07
	2.31
	0.92
	5.79

	Military trauma, other (0 = no, 1 = military trauma NOS)
	15
	-0.71
	0.43
	-1.64
	.10
	0.49
	0.21
	1.15


[bookmark: _Hlk203981297]Note. OR = odds ratio; PCL-5 = Posttraumatic Stress Disorder Checklist for the Diagnostic and Statistical Manual of Mental Disorders, 5th edition; PHQ-9 = Patient Health Questionnaire, 9-item version. In this table, predictor variables were ordered in a manner that directly corresponds with bootstrapped feature importance values obtained in the final machine learning model (Figure 4), where the order descends from the highest (change in PCL-5 scores from pre- to mid-treatment) to the lowest feature importance value (other military trauma) in that model. Bootstrapping (n = 1000 samples) with resampling was used to obtain confidence intervals for OR values. An OR > 1 suggests larger values of the predictor variable are linked with a higher likelihood of dropping out. An OR < 1 suggests larger values of the predictor variable are linked with a lower likelihood of dropping out. 
Supplemental Figure 1
Workflow for Machine Learning Models
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Note. EMDR = eye movement desensitization and reprocessing therapy; SHAP = SHapley Additive exPlanations. 

Supplemental Figure 2
PTSD and Depression Scores at Treatment Initiation, Mid-Treatment, and Termination 
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AI-generated content may be incorrect.]
Note. PCL-5 = Posttraumatic Stress Disorder Checklist for the Diagnostic and Statistical Manual of Mental Disorders, 5th edition; PHQ-9 = Patient Health Questionnaire, 9 items. Higher PCL-5 and PHQ-9 scores indicate more severe PTSD and depression symptoms, respectively. PCL-5 and PHQ-9 measures were assessed at treatment initiation, mid-treatment, and the final session (termination session for clients who completed; session prior to discontinuing treatment for clients who dropped out).


Supplemental Figure 3
Feature Importance Values for All Variables Predicting EMDR Dropout
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Note. PCL-5 = Posttraumatic Stress Disorder Checklist for the Diagnostic and Statistical Manual of Mental Disorders, 5th edition; PHQ-9 = Patient Health Questionnaire, 9 items. Bootstrapping (n = 1,000 samples) was used to estimate feature importance. Feature importance values indicate how much each feature contributed to the model’s accuracy, where larger values indicate greater overall influence on predictions.
Supplemental Appendix 1
R Code Used for Machine Learning Models Predicting Dropout
Specifying the Algorithms Used for Machine Learning Models in SuperLearner

#install.packages(“SuperLearner”)
#install.packages(“arm”)
#install.packages(“glmnet”)
#install.packages(“ranger”)
#install.packages(“xgboost”)
#install.packages(“kernlab”)
#install.packages(“gam”)
#install.packages(“gbm”)
#install.packages(“MASS”)
#install.packages(“rpart”)

library(SuperLearner)
library(arm)
library(glmnet)
library(ranger)
library(xgboost)
library(kernlab)
library(gam)
library(gbm)
library(MASS)
library(rpart)

#Setting superlearner algorithm library: testing all algorithms
sl_lib <- c(
  "SL.mean",      		 #mean predictor (baseline)
  "SL.glm",       		 #logistic regression
  "SL.bayesglm",  	 #Bayesian LR
  "SL.glmnet",    		 #Elastic net
  "SL.ranger",     		#random forest
  "SL.xgboost",    	#gradient boosting, uses regularization terms to penalize model complexity
  "SL.ksvm",       		#support vector machine
  "SL.rpart",      		#classification and regression trees (CART)
  "SL.stepAIC",    	#stepwise model selection using AIC
  "SL.gbm"         		#gradient boosting, builds trees sequentially on residuals
)

#Setting superlearner algorithm library: model with random forest only
sl_lib <- c(
  "SL.ranger"     
)

#Setting superlearner algorithm library: model with support vector machine only
sl_lib <- c(
  "SL.ksvm" 
)

#Setting superlearner algorithm library: model with gradient boosting machine
sl_lib <- c(
  "SL.gbm"
)

#Setting superlearner algorithm library: baseline model using logistic regression for comparison
sl_lib <- c(
  "SL.glm"        
)

set.seed(123)
sl_fit <- SuperLearner(
  Y = Y,
  X = X,
  family = binomial(),      #binary outcome
  SL.library = sl_lib,      #list of algorithms
  method = "method.NNLS",   #default: non-negative least squares ensemble
  cvControl = list(V = 10)  #10-fold cross-validation
)

str(training_data_prep$dropout.recoded)
print(sl_fit)
sl_fit$coef  #weights for each algorithm in the model
sl_fit$cvRisk #shows cross-validated risk


Obtaining Bootstrapped Model Performance Estimates

#Compute evaluation metrics
#install.packages("pROC")
#install.packages("PRROC")
#install.packages("Metrics")
#install.packages("caret")
library(pROC)
library(PRROC)
library(Metrics)
library(caret)


#Bootstrapped estimates

#Number of samples
n_boot <- 1000
set.seed(123)

#function to compute metrics for a given index
boot_metrics <- function(index) {
  idx <- sample(seq_along(Y_test), length(Y_test), replace = TRUE)
  y_true <- Y_test[idx]
  y_prob <- pred_probs[idx]
  y_pred <- ifelse(y_prob > 0.5, 1, 0)
  
  #AUC
  auc_val <- pROC::auc(y_true, y_prob)
  
  #PR AUC
  pr_obj <- PRROC::pr.curve(scores.class0 = y_prob[y_true == 1],
                            scores.class1 = y_prob[y_true == 0],
                            curve = FALSE)
  pr_auc_val <- pr_obj$auc.integral
  
  #confusion mtrix
  cm <- caret::confusionMatrix(factor(y_pred, levels = c(0,1)),
                               factor(y_true, levels = c(0,1)),
  positive = “1”
  )
  acc_val <- cm$overall["Accuracy"]
  sens_val <- cm$byClass["Sensitivity"]
  spec_val <- cm$byClass["Specificity"]
  prec_val <- cm$byClass["F1"]
  
  #F1
  if ((prec_val + sens_val) == 0) {
    f1_val <- 0
  } else {
    f1_val <- 2 * (prec_val * sens_val) / (prec_val + sens_val)
  }
  
   #Brier scores
  brier_val <- mean((y_prob - as.numeric(as.character(y_true)))^2)
  
  return(c(AUC = auc_val,
           PR_AUC = pr_auc_val,
           Accuracy = acc_val,
           Sensitivity = sens_val,
           Specificity = spec_val,
           Precision = prec_val,
           F1 = f1_val,
           Brier = brier_val))
  }

#run bootstrap
boot_results <- replicate(n_boot, boot_metrics(seq_along(Y.test)))

#get summary with mean and 95% CI
boot_summary <- apply(boot_results, 1, function(x) {
  c(mean = mean(x),
    lower = quantile(x, 0.025),
    upper = quantile(x, 0.975))
})

#convert to dataframe
boot_summary_df <- as.data.frame(t(boot_summary))
boot_summary_df

Extracting Feature Importance

View(training_data_prep)
Y <- as.factor(as.character(training_data_prep[[1]])) #dropout is in first column
X <- training_data_prep[, -1] #predictors are all other columns

#train ranger, which yielded highest weighted coefficients in ensemble model
set.seed(123)
ranger_fit <- ranger(
  dependent.variable.name = "dropout",
  data = cbind(dropout = Y, X),
  probability = FALSE,
  importance = "permutation"
)

importance_df <- data.frame(
  Feature = names(ranger_fit$variable.importance),
  Importance = ranger_fit$variable.importance
)

importance_df <- importance_df[order(-importance_df$Importance), ]
print(importance_df)

importance_df$rank <- seq_len(nrow(importance_df))

pred_fun <- function(object, newdata) {
  preds <- predict(object, data = newdata)$predictions
  if (is.matrix(preds)) {
    return(as.numeric(preds[, 2]))
  } else {
    return(as.numeric(preds))
  }
}

#compute SHAP
set.seed(123)
shap_values <- fastshap::explain(
  ranger_fit,
  X = X,
  pred_wrapper = pred_fun,
  nsim = 1000
)
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