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Supplementary Table 1a. Regression coefficients from the logistic regression models 
predicting BUP and SER response status. 

Predictors Bupropion Marker Model Sertraline Marker Model 

Log-Odds CI p Log-
Odds 

CI p 

Interference 
Flanker 

- - - -3.69 -8.32 – 0.57 0.101 

Employment 
Status 

- - - 1.54 0.63 – 2.53 0.001 

Neuroticism - - - 0.03 -0.04 – 0.11 0.397 

HRSD total - - - 0.03 -0.08 – 0.14 0.641 

Response Bias 7.14 -0.94 – 18.51 0.129    

Reward 
Sensitivity 

3.19 -0.46 – 8.01 0.125    

NAcc-rACC rsFC 21.64 7.63 – 48.59 0.03 -3.17 -7.25 – 0.60 0.11 

Note. Nacc: nucleus accumbens, rACC: rostral anterior cingulate cortex, rsFC: resting state 
functional connectivity 
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Supplementary Table 1b: Estimated standardized regression coefficients from the logistic 
regression models predicting BUP and SER response status. Predictors were standardized prior 
to model fitting to facilitate direct comparison of contributions across variables. 

BUP response SER response 

Predictors Estimate SE CI p Predictors Estimate SE CI p 

(Intercept) -0.63 0.55 -1.83 – 
0.38 

0.249 (Intercept) -0.3 0.23 -0.76 – 
0.14 

0.181 

Response 
bias 

1.1 0.73 -0.14 – 
2.86 

0.129 Inference 
Flanker 

-0.41 0.25 -0.92 – 
0.06 

0.101 

Reward 
sensitivity 

0.99 0.65 -0.14 – 
2.49 

0.125 Employment 
status 

0.77 0.24 0.31 – 
1.26 

0.001 

NAcc-rACC 
rsFC 

3.04 1.40 1.07 – 
6.82 

0.03 NAcc-rACC 
rsFC 

-0.40 0.25 -0.92 – 
0.08 

0.11 

     

Neuroticism 0.20 0.23 -0.26 – 
0.67 

0.397 
     

HRSD total 0.11 0.25 -0.37 – 
0.61 

0.641 

  

Supplementary Table 2. Decrease in area under the ROC curve (AUC) after removing each 
predictor from the full logistic regression model for BUP and SER response status. 

BUP response (Full model AUC = 0.856) SER response (Full model AUC = 0.659) 

Removed Predictor Decrease in AUC Removed Predictor Decrease in AUC 

Response bias 0.006 Inference Flanker 0.014 

Reward sensitivity 0.006 Employment status 0.148 

NAcc-rACC rsFC 0.097 NAcc-rACC rsFC 0.012   

Neuroticism 0.004   

HRSD total 0.011 
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Supplementary Table 3. Distribution of different marker status in the EMBARC stage 2 data 

 BUP+ BUP- 

SER+ 8 (10.8%) 31 (41.9%) 

SER- 14 (18.9%) 21 (28.4%) 

 

Supplementary Table 4. Comparison of rates of participants enrolled in psychotherapy during 
SMART-D. Fisher’s exact test indicated no significant differences between therapy status and 
group (p=.393). 

Characteristic  Group 1 
N = 14 

BUP+/SER+ 
n (%) or M 

(SD) 

Group 2 
N = 17 

BUP+/SER- 
n (%) or M 

(SD) 

Group 3 
N = 10 

BUP-/SER+ 
n (%) or M 

(SD) 

Group 4 
N = 7 

BUP-/SER- 
n (%) or M 

(SD) 

Fisher’s Exact Test 
Statistic 

  

Current 
Psychotherapy 

6 (43%) 5 (29%) 1 (10%) 2 (29%) p=.393 

 
 
Supplementary Table 5. Estimated regression coefficients from the LMM in which participant 
groups were defined by their BUP and SER markers. The reference group was BUP-/SER- 

Predictors Estimates CI p 
sex -1.49 -5.46 – 2.48 0.462 
age -0.1 -0.33 – 0.14 0.421 
Time -1.18 -2.10 – -0.25 0.013 

BUP-/SER+ 2.84 -3.92 – 9.60 0.409 
BUP+/SER- 3.89 -2.36 – 10.13 0.222 
BUP+/SER+ 4.41 -2.18 – 11.00 0.188 

Time:[BUP-/SER+] -1.35 -2.56 – -0.14 0.029 
Time:[BUP+/SER-] -1.26 -2.38 – -0.15 0.026 
Time:[BUP+/SER+] -1.04 -2.17 – 0.10 0.073 
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Supplementary Figure 1. Trajectories of depression scores (A) and response rates (B) for 
participants who received sertraline vs. bupropion. Mean MADRS scores are shown at each 
assessment with 95% confidence intervals based on all observations. MADRS: Montgomery-
Asberg Depression Rating Scale. n.s.: not significant 
  

 

Supplementary Figure 2. Trajectories of depression scores (A) and response rates (B) for 
participants across four different marker groups. Mean MADRS scores are shown at each 
assessment with 95% confidence intervals based on all observations. MADRS: Montgomery-
Asberg Depression Rating Scale  
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Supplementary Methods  

Details on the BUP and SER biomarker models 
We considered three model classes: standard logistic regression, LASSO-penalized logistic 
regression, and random forest when building the biomarker models. Logistic regression served 
as a parsimonious baseline appropriate for low-dimensional settings, whereas LASSO 
regularization was included to mitigate overfitting and improve stability in finite samples. 
Random forest was used as a flexible, nonparametric approach to capture potential nonlinear 
effects and interactions. For the bupropion model (N=36), performance was assessed using 
leave-one-out cross-validation, whereas for the sertraline model (N=96), we used repeated 10-
fold cross-validation with 1,000 repetitions to obtain stable estimates. Predictive performance 
was quantified using the area under the receiver operating characteristic curve (AUROC), and 
the model with the highest cross-validated AUROC was selected and refit on the full dataset to 
obtain the biomarker model. For LASSO models, the regularization parameter was selected via 
cross-validation, and for random forest, model complexity was constrained by enforcing a 
minimum node size of five. Predicted probabilities were converted to binary response indicators 
using a threshold chosen to minimize the Euclidean distance to (1,1) on the ROC curve (based 
on the average ROC curve for the sertraline model). Given the low predictor-to-sample ratios 
(3:36 for bupropion and 5:96 for sertraline), the risk of overfitting for logistic regression is 
modest; nevertheless, the use of regularization, constrained model complexity, and cross-
validation provides additional safeguards and yields robust out-of-sample performance 
estimates. The binary response indicators were subsequently used as stratification variables in 
the SMART-D trial randomization. 

Post-hoc power analyses 
Post hoc power analyses in Gpower (v.3.1) confirmed that a within-between ANOVA with two 
groups would have low power (f = 0.10, power = 0.43) to detect small effects, but high power to 
detect medium effects (f = 0.25, power = 0.99). Similarly, a 3-group analysis would have low 
power (f = 0.10, power = 0.31) to detect small effects, but high power to detect medium effects (f 
= 0.25, power = 0.99). A 4-group analysis would have low power (f = 0.1, power = 0.25) to 
detect small effects, but high power to detect medium effects (f = 0.25, power = 0.99).  

 

Eriksen Flanker task and Probabilistic Reward tasks 
Eriksen Flanker task. The Eriksen Flanker Task is a widely used neurocognitive task to probe 
cognitive control, specifically response inhibition, conflict monitoring and error processing. First, 
participants completed a 30-trial practice (15 congruent, 15 incongruent trials) before the main 
task. On each trial, flankers appeared alone for 100 ms and were then joined by the central 
target arrow for an additional 50 ms (total display 150 ms); participants indicated the target’s 
left/right direction via button press, with accuracy and reaction time (RT) recorded. The main 
task comprised four blocks of 70 trials (46 congruent, 24 incongruent), totaling 280 trials (184 
congruent, 96 incongruent). To equate difficulty across individuals, we used an adaptive 
response window set to the 85th percentile of each participant’s incongruent-trial RTs from the 
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preceding block (block 1 used the practice distribution). Each trial then showed a 1500 ms 
fixation; if no response occurred by the end of the response window, a “TOO SLOW!” screen 
appeared for 300 ms, otherwise that interval contained fixation, and a final 200–400 ms jittered 
fixation ended the trial (overall duration 2050–2250 ms). Congruent/incongruent sequences 
were generated with optseq226 and were identical across participants. Mid-study, brief block-
wise feedback was added to stabilize performance: when a block had <3 incongruent errors, the 
next prompt emphasized speed; when ≥6, it emphasized accuracy; otherwise it emphasized 
balancing speed and accuracy. Quality control flagged outlier trials if raw RT <150 ms or if log-
RT exceeded the participant’s mean ± 3 SD (computed separately by congruency) and 
excluded datasets with >28 RT outliers (>10%), <160 outlier-free congruent trials, <72 outlier-
free incongruent trials, or <50% accuracy in either condition. Flanker interference accuracy, as 
calculated by mean accuracy in congruent minus mean accuracy in incongruent trials, was used 
as the neurocognitive parameter extracted from the Erikson Flanker task. 

 
Probabilistic Reward Task (PRT). The PRT is a widely used laboratory measure of reward 
learning and responsiveness. In each trial, participants discriminated via button press between 
two briefly presented face stimuli (duration: 100 ms) that differed only in the length of a line 
indicating the face’s mouth (11.5 vs. 13.0 mm). Each trial began with a fixation cross (750–900 
ms), followed by a mouthless face (500 ms), after which the short or long mouth appeared for 
100 ms; the face then remained on screen until response. Participants performed 300 trials over 
three blocks with breaks in between. Across each block, short and long mouths were presented 
in equal numbers in pseudo-random order with the constraint that the same stimulus did not 
repeat more than three times consecutively. Unknown to participants, correct responses were 
reinforced asymmetrically (3:1): one stimulus (“rich”) yielded feedback three times more often 
than the other (“lean”), with on-screen feedback (“Correct!! You won 20 Cents”) to induce a 
systematic response bias toward the more frequently rewarded option. Stimulus assignment to 
rich and lean conditions were counterbalanced. 

 
PRT: Signal Detection Theory Analysis. The PRT administered extended the original EMBARC 
implementation by adding a third block (300 trials total). However, to ensure comparability with 
the EMBARC-based algorithm, only the first two blocks (200 trials) were entered into the 
analyses. As commonly employed for the PRT, performance was analyzed via signal detection 
theory24 providing a quantification of response bias, an objective index of reward 
responsiveness. For quality control, discriminability (a proxy of task difficulty) was also 
computed and trials were flagged as outliers for reaction times (RT) <150 ms or >2500 ms or if 
log-RT exceeded a participant’s mean ± 3 SD. Participants were excluded if any of the first two 
blocks had <80 valid trials, <20 rich rewards or <6 lean rewards, or if the rich:lean reward ratio 
fell below 2. Response bias as a marker of reward learning was used as one neurocognitive 
parameter extracted from the PRT. 

 
PRT: Computational Modeling. PRT choices were modeled with an action reinforcement-
learning model5,27. On each trial, values were learned for the two response options irrespective 
of stimulus identity, updated by a delta rule with a learning rate (ε), and translated into choices 
via a softmax that captured reward sensitivity (ρ) as the immediate impact of obtained rewards 
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on action values. Parameters were estimated in a hierarchical framework and expectation-
maximization was used to obtain group-level priors and a Laplace approximation to the 
individual posteriors for each participant was applied. To ensure well-behaved estimation, ε was 
fit on a logit scale (0–1) and ρ on a log scale (>0). We used the hierarchical modeling approach 
with group-level priors and determined cut-offs for treatment assignment based on the 
EMBARC-sample. Therefore, we included the EMBARC sample data in modeling participant’s 
data in SMART-D. Thus, the individual’s data were appended to the original data frame, the 
action model was refitted and the individuals’ reward sensitivity was extracted for the treatment 
assignment. As such, reward sensitivity (ρ) was used as another neurocognitive parameter 
extracted from the PRT. 
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