
Total 
Sample
N = 452

Anti-
depressants 

only 
n = 225

Combination 
Treatment

n = 227

Rush COM 
(n = 81)

Vanderbilt COM 
(n = 74)

Penn COM 
(n = 72)

Rush ADM 
(n = 70)

Vanderbilt ADM 
(n = 76)

Penn ADM
(n = 79)

1. Divide into treatment 
2. Divide into sites 

3. Multiple Imputation for 
Missing Data

P_ADM_1 (n = 79)

P_ADM_2 (n = 79)

P_ADM_3 (n = 79)

P_ADM_4 (n = 79)

P_ADM_5 (n = 79)

P_ADM_6 (n = 79)

4. Pool into Training sets

R_ADM_1 (n = 70)

R_ADM_2 (n = 70)

R_ADM_3 (n = 70)

R_ADM_4 (n = 70)

R_ADM_5 (n = 70)

R_ADM_6 (n = 70)

V_ADM_1 (n = 76)

V_ADM_2 (n = 76)

V_ADM_3 (n = 76)

V_ADM_4 (n = 76)

V_ADM_5 (n = 76)

V_ADM_6 (n = 76)

[As Repeated 
Above]

P_ADM_1 + R_ADM_1 (n = 149)

R_ADM_1 + V_ADM_1 (n = 146)

V_ADM1 + P_ADM_1 (n = 155)

P_ADM_1 (n = 79)

R_ADM_1 (n = 70)

P_ADM_1 + R_ADM_2 (n = 149)

R_ADM_1 + V_ADM_2 (n = 146)

V_ADM1 + P_ADM_2 (n = 155)

P_ADM_1 + R_ADM_3 (n = 149)

R_ADM_1 + V_ADM_3 (n = 146)

V_ADM1 + P_ADM_3 (n = 155)

P_ADM_1 + R_ADM_4 (n = 149)

R_ADM_1 + V_ADM_4 (n = 146)

V_ADM1 + P_ADM_4 (n = 155)

P_ADM_1 + R_ADM_5 (n = 149)

R_ADM_1 + V_ADM_5 (n = 146)

V_ADM1 + P_ADM_5 (n = 155)

P + R ADM Imputation 6 (n = 149)

R_ADM_1 + V_ADM_6 (n = 146)

V_ADM1 + P_ADM_6 (n = 155)

V_ADM_1 (n = 76)Model Building Procedures

5. Model Building Process

Model Building Procedures

Model Building Procedures

6. Generate final model

9. Conduct model evaluations for 
each imputation

P_ADM_2 (n = 79)

R_ADM_2 (n = 70)

V_ADM_2 (n = 76)Model Building Procedures

Model Building Procedures

Model Building Procedures

P_ADM_3 (n = 79)

R_ADM_3 (n = 70)

V_ADM_3 (n = 76)Model Building Procedures

Model Building Procedures

Model Building Procedures

P_ADM_4 (n = 79)

R_ADM_4 (n = 70)

V_ADM_4 (n = 76)Model Building Procedures

Model Building Procedures

Model Building Procedures

P_ADM_5 (n = 79)

R_ADM_5 (n = 70)

V_ADM_5 (n = 76)Model Building Procedures

Model Building Procedures

Model Building Procedures

P_ADM_6 (n = 79)

R_ADM_6 (n = 70)

V_ADM_6 (n = 76)Model Building Procedures

Model Building Procedures

Model Building Procedures

[As Repeated 
Above]

[As Repeated 
Above]

[As Repeated 
Above]

Final Model PR_ADM_1

Final Model RV_ADM_1

Final Model VP_ADM_1

Final Model PR_ADM_2

Final Model RV_ADM_2

Final Model VP_ADM_2

Final Model PR_ADM_3

Final Model RV_ADM_3

Final Model VP_ADM_3

Final Model PR_ADM_4

Final Model RV_ADM_4

Final Model VP_ADM_4

Final Model PR_ADM_5

Final Model RV_ADM_5

Final Model VP_ADM_5

Final Model PR_ADM_6

Final Model RV_ADM_6

Final Model VP_ADM_6

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

7. Apply model to generate 
predictions on test datasets

8. Evaluate accuracy 
between predicted vs. actual 

values on test sets

[As Repeated 
Above]

[As Repeated 
Above]

See Figure 3. for details of model building steps
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10. Pool model evaluations 
across imputations using 

Rubin’s Rules

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 6

Final Estimate of 
External Validity

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 5

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 4

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 3

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 2

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 1

Figure 1. Data Analytic Flow for Assessing External Validity



1. Divide into treatment 
2. Divide into sites 

3. Multiple Imputation for 
Missing Data 4. Pool into Training sets

5. Model Building Process
6. Generate final model

9. Conduct model 
evaluations for each 

imputation

7. Apply model to generate 
predictions on test datasets

8. Evaluate accuracy 
between predicted vs. actual 

values on test sets

See Figure 3. for details of model building steps

10. Pool model evaluations 
across imputations using 

Rubin’s Rules

Final 
estimate of 

Internal 
Validity

12. Estimates from repeated 
cross validations are pooled 

using simple averages

Total 
Sample
N = 452

Anti-
depressants 

only 
n = 225

Combination 
Treatment

n = 227

Random Fold B - ADM 
(n = 76)

Random Fold C - ADM 
(n = 75)

Random Fold A - ADM
(n = 76)

Random Fold B - ADM 
(n = 75)

Random Fold C - ADM 
(n = 75)

Random Fold A - ADM
(n = 75)

A_ADM_1 (n = 75)

A_ADM_2 (n = 75)

A_ADM_3 (n = 75)

A_ADM_4 (n = 75)

A_ADM_5 (n = 75)

A_ADM_6 (n = 75)

B_ADM_1 (n = 75)

B_ADM_2 (n = 75)

B_ADM_3 (n = 75)

B_ADM_4 (n = 75)

B_ADM_5 (n = 75)

B_ADM_6 (n = 75)

C_ADM_1 (n = 75)

C_ADM_2 (n = 75)

C_ADM_3 (n = 75)

C_ADM_4 (n = 75)

C_ADM_5 (n = 75)

C_ADM_6 (n = 75)

[As Repeated 
Above]

A_ADM_1 + B_ADM_1 (n = 150)

B_ADM_1 + C_ADM_1 (n = 150)

C_ADM1 + A_ADM_1 (n = 150)

A_ADM_1 (n = 75)

B_ADM_1 (n = 75)

A_ADM_1 + B_ADM_2 (n = 150)

B_ADM_1 + C_ADM_2 (n = 150)

C_ADM1 + A_ADM_2 (n = 150)

A_ADM_1 + B_ADM_3 (n = 150)

B_ADM_1 + C_ADM_3 (n = 150)

C_ADM1 + A_ADM_3 (n = 150)

A_ADM_1 + B_ADM_4 (n = 150)

B_ADM_1 + C_ADM_4 (n = 150)

C_ADM1 + A_ADM_4 (n = 150)

A_ADM_1 + B_ADM_5 (n = 150)

B_ADM_1 + C_ADM_5 (n = 150)

C_ADM1 + A_ADM_5 (n = 150)

P + R ADM Imputation 6 (n = 150)

B_ADM_1 + C_ADM_6 (n = 150)

C_ADM1 + A_ADM_6 (n = 150)

C_ADM_1 (n = 75)Model Building Procedures

Model Building Procedures

Model Building Procedures

A_ADM_2 (n = 75)

B_ADM_2 (n = 75)

C_ADM_2 (n = 75)Model Building Procedures

Model Building Procedures

Model Building Procedures

A_ADM_3 (n = 75)

B_ADM_3 (n = 75)

C_ADM_3 (n = 75)Model Building Procedures

Model Building Procedures

Model Building Procedures

A_ADM_4 (n = 75)

B_ADM_4 (n = 75)

C_ADM_4 (n = 75)Model Building Procedures

Model Building Procedures

Model Building Procedures

A_ADM_5 (n = 75)

B_ADM_5 (n = 75)

C_ADM_5 (n = 75)Model Building Procedures

Model Building Procedures

Model Building Procedures

A_ADM_6 (n = 75)

B_ADM_6 (n = 75)

C_ADM_6 (n = 75)Model Building Procedures

Model Building Procedures

Model Building Procedures

[As Repeated 
Above]

[As Repeated 
Above]

[As Repeated 
Above]

Final Model AB_ADM_1

Final Model BC_ADM_1

Final Model CA_ADM_1

Final Model AB_ADM_2

Final Model BC_ADM_2

Final Model CA_ADM_2

Final Model AB_ADM_3

Final Model BC_ADM_3

Final Model CA_ADM_3

Final Model AB_ADM_4

Final Model BC_ADM_4

Final Model CA_ADM_4

Final Model AB_ADM_5

Final Model BC_ADM_5

Final Model CA_ADM_5

Final Model AB_ADM_6

Final Model BC_ADM_6

Final Model CA_ADM_6

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

Generate Predictions

[As Repeated 
Above]

[As Repeated 
Above]
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11. Repeat cross-validation process 10 times, 
new random folds are drawn each repeat

x10

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 6

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 5

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 4

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 3

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 2

HLM Model of Prediction 
Accuracy of Approaches –

ADM + COM Imp 1

Final estimate 
of Internal 

Validity
For Cross 
Validation 

Repeat

x10

Figure 2. Data Analytic Flow for Assessing Internal Validity



Training Data
Machine learning procedures are tuned to identify best 

performing hyperparameters

Example:
P + R ADM 

Imputation 1 
(n = 149)

Re-apply modeling procedure to complete data, using the best 
performing hyperparameters, to generate a Final Model

V_ADM 
Imputation 1 

(n = 76)
Model building 
approach with 
tuning parameter 
optimization

Model building 
approach 
without tuning 
parameter 
optimization

Model Building Procedure

Default parameters
(if applicable)

P + R ADM Imputation 1 
Fold 1 (n =15)

P + R ADM Imputation 1 
Fold 2 (n =15)

P + R ADM Imputation 1 
Fold 3 (n =15)

P + R ADM Imputation 1 
Fold 4 (n =15)

P + R ADM Imputation 1 
Fold 5 (n =15)

P + R ADM Imputation 1 
Fold 6 (n =15)

P + R ADM Imputation 1 
Fold 7 (n =15)

P + R ADM Imputation 1 
Fold 8 (n =15)

P + R ADM Imputation 1 
Fold 9 (n =15)

P + R ADM Imputation 1 
Fold 10 (n =15)
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3
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4
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6
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7

Fold 
8

Fold 
9

Machine Learning 
Algorithm

Apply best 
performing 
hyperparameters

Final Model 
PR_ADM_1

Generate Predictions

Final Model 
PR_ADM_1

Directly apply modeling procedure to complete data (using default parameters if applicable), to generate a Final Model

Generate predictions for 
respective test datasetTraining Data

Save best 
performing tuning 

parameters
Fold 

1

Fold 
2

Fold 
3

Fold 
4

Fold 
5

Fold 
6

Fold 
7

Fold 
8

Fold 
9

Fold 
10

Divide into 10 cross 
validation folds

CV1 CV2 CV3 CV4 CV5 CV6 CV7 CV8 CV9 CV10

One Fold is used as the validation set per cross-validation iteration

Evaluate performance 
of tuning parameters

Fold 
3

Fold 
4

Fold 
5

Fold 
6

Fold 
7

Fold 
8

Fold 
9

Fold 
10

Example:
P + R ADM 

Imputation 1 
(n = 149)

P + R ADM 
Imputation 1 

(n = 149)

Machine Learning 
Algorithm

Export Predictions for 
evaluation of model accuracy 

V_ADM 
Imputation 1 

(n = 76)
Generate Predictions

Generate predictions for 
respective test dataset

Export Predictions for 
evaluation of model accuracy 

x10

Nine folds 
form the 

training set 
per cross-
validation 
iteration

Figure 3. Conceptual Diagram of a Model Building Approach with Tuning Parameter Optimization vs. Model Building Approach without Tuning Parameter Optimization.

Cross-validation is repeated as many times as specified by model-building procedure


