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Personalized prediction of response to smartphone-delivered meditation training
Supplemental Methods
Healthy Minds Program (HMP)
The HMP includes contemplative practices designed to build skills supportive of four pillars of well-being: awareness, connection, insight, and purpose [1,2]. Briefly, awareness includes skills in attention regulation and meta-awareness; connection involves intra- and interpersonal relational skills including gratitude, kindness, and compassion; insight is structured around an accurate understanding of how beliefs regarding identity and self shape experience; and purpose involves clarifying values and applying them in daily life activities. Participants were encouraged to engage with content from each of the four modules for approximately one week (i.e., 4 weeks total). Content included didactic instruction as well as guided meditation practices. For the guided practices, participants could select the length of practice from 5 to 30 minutes. The HMP app was used for a mean of 10.9 days (SD = 9) over the 4-week trial. Within digital therapies, attrition and low uptake is a common challenge [3]. In the present study, 73% of the sample used the app for 2 or more days (69% for 3 or more days, 67% for 4 or more days). For additional trial and sample details, see [4]. 
Primary Outcome
The prespecified primary outcome in the parent RCT was psychological distress which was a composite of the computer-adaptive versions of the PROMIS Anxiety and PROMIS Depression measures [5] and the 10-item Perceived Stress Scale (PSS) [6]. All three are widely used measures with established reliability and validity [7,8]. Internal consistency of the PSS was adequate in the current sample (a = .86). A composite was calculated by averaging across standardized (i.e., z-scored) versions of the three measures (standardized using baseline means and standard deviation [SD])(Given that we used the computer adaptive PROMIS, Cronbach’s alpha cannot be computed for this measure).
Post-Imputation Procedures
Following the multiple imputation, and prior to conducting the prediction analysis, continuous variables were z-standardized (mean = 0, SD = 1) and categorical variables (i.e., marital status, gender and race) dummy coded (-0.5 and 0.5). Given the small percentage of non-White participants in this sample (86% non-Hispanic White), race was coded as White or non-White. To reduce the influence of outliers, we winsorized extreme values (Winsorize function in the DescTools R package) by setting values below the 1st percentile and above the 99th percentile to the 1st percentile and 99th percentile values, respectively [9].
Generating predicted outcomes
To predict outcomes, two prognostic models were developed, one for participants who received HMP and one for those who received the assessment-only control condition. To minimize overfitting which can occur with traditional k-fold cross-validation (CV), a nested CV procedure was used for each of these prognostic models (i.e., incorporating an outer and inner CV loop [10–13]). For the nested CV, we first split the data into 10 folds (10 training/test sets), representing the outer CV loop. For each of the latter outer training sets, the above set of predictor variables were submitted to 10-fold CV (i.e., the “inner” CV loop) elastic net regularized regression (ENR; glmnet package) to generate predictions of outcome (repeated 100 times to generate stable estimates). Specifically, each of the outer training samples were split into 10 equal-sized samples and predicted outcomes for each of the held out 1/10 of the training sample were generated from an ENR model developed in the other 9/10ths of the data. ENR’s alpha (which controls the balance between ridge regression [alpha = 0] and LASSO [alpha = 1]) and lambda (which controls the extent to which predictor coefficients are shrunk) parameters were tuned via the CARET package’s tuneLength parameter which was set to 20 resulting in 400 combinations of alpha and lambda values. The combination of alpha and lambda that minimized root mean squared error (RMSE; estimated with the inner CV) was selected, and a final model was fit on the entire outer training set and used to predict outcomes for the participants in the outer test set. Importantly, the nested CV procedure ensures that predicted HMP and control condition outcomes for all participants were generated from ENR models that were constructed without the use of their own data. 
Supplemental Results
Sample Demographics. Consistent with the demographics of Wisconsin school district employees, the sample was predominantly female (86.9%) and non-Hispanic White (86.1%). Most were married (69.5%) and had completed a college degree (89.2%). The most common income bracket was US$50,000-US$100,000 (40.9%), followed by US$100,000-US$150,000 (30.4%).
	Sensitivity Analyses. Several alternative baseline comparison models were run for the purpose of sensitivity analyses. First, in the main text we report a significant Group x PAI interaction in predicting symptom change. We re-ran this analysis controlling for baseline distress which yielded the same pattern of findings (t(657) = 3.07, P = .003; adjusted r2 = .14).  
Second, given the association between repetitive negative thinking and depressive symptoms [14,15], we also conducted a sensitivity analysis controlling for baseline levels of depressive symptoms, which yielded the same pattern of findings (Group x PAI interaction, (t(657) = 3.67, P < .001; adjusted r2 = .14). Third, we reran the comparison PAI models substituting baseline distress scores (i.e., pre-intervention scores on the outcome measure) as the sole predictor in the model for baseline repetitive negative thinking scores, which yielded the same significant interactions, though slightly attenuated (Group x PAI interaction, (t(658) = 2.20, P = .028; adjusted r2 = .13). Fourth, we tested whether baseline repetitive negative thinking scores moderated group differences in outcome after controlling for a baseline depressive symptom severity x group interaction. The baseline repetitive negative thinking x group interaction remained significant (t(656) = -2.61, P = .009), whereas the baseline depression x group interaction was not significant (t(656) = -1.28, P = .200). Similarly, the baseline repetitive negative thinking x group interaction remained significant (t(656) = -2.19, P = .029) when controlling for a baseline distress x group interaction (t(656) = -0.99, P = .320). Finally, consistent with elevated attrition and low uptake from digital therapies,[3] 73% of the sample used the app for 2 or more days (69% for 3 or more days, 67% for 4 or more days). Consistent with the primary outcome report [4], we included all subjects in our intent-to-treat analyses. However, we re-ran the primary group x PAI interaction on a dataset restricted to those whose used the app 2 or more days. The interaction remained significant (t(559) = 3.20, P = .001). Similarly, results remained significant when restricting our results to subsamples using the app for 3 or more days (t(544) = 3.11, P = .002), for at least one day per week (i.e., 4 or more days total)(t(539) = 3.14, P = .002) or at least once daily (i.e., 28 or more times)(t(316) = 3.59, P < .001).
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Supplemental Figures

Figure S1. Results of Monte Carlo simulations (1,000 iterations; implement via InteractionPowerR package in R). We inputted four r-type effect sizes (based on [16]) representing the correlation between the interaction term (Group x PAI) and outcome (r = .22), the correlation between Group and PAI scores (r = - .12) and their respective main effects (r = - .21; r = .15). The yellow curve plots power at varying sample sizes (80% power at n = 153). Two additional sets of simulations were conducted assuming an interaction effect size 75% (magenta; 80% power at n = 278) and 50% (blue; 80% power at n = 599) the magnitude of the above effect size. The black horizontal line represents 80% power.

Figure S2. CONSORT Flow Diagram. HMP = Healthy Minds Program; WLC = waitlist control (i.e., assessment only control); T1 = baseline, T2 = week 1, T3 = week 2, T4 = week 3, T5 = post-test, T6 = 3-month follow-up. Measures administered at these timepoints included clinical scales (depression, anxiety, stress, and loneliness), as well as measures of mindfulness, cognitive defusion, and meaning in life. For additional clinical trial and participant details (including CONSORT Checklist) see [4], https://psyarxiv.com/hrvmu/ 
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8321 Wisconsin school system employees invited



1136 Self-screened for eligibility



286 Ineligible (*exclusions may overlap)
• 353 Prior meditation* 
• 119 Prior HMP use*
• 6 Depression T-score > 70 



698 Consented
666 Completed Pretest



666 Assigned



346 Assigned to HMP
• 4 failed attention checks 



320 Assigned to WLC
• 6 failed attention checks



329 downloaded app



286 Completed T6 Assessment
• 60 missing at Post-test
• 1 Failed attention checks



281 Completed T2 Assessment
• 65 missing at T2



261 Completed T3 Assessment
• 85 missing at T3



261 Completed T4 Assessment
• 85 missing at T4



284 Completed T5 Assessment
• 62 missing at Post-test
• 2 failed attention checks



293 Completed T6 Assessment
• 27 missing at Post-test
• 3 Failed attention checks



280 Completed T2 Assessment
• 40 missing at T2



274 Completed T3 Assessment
• 46 missing at T3
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• 45 missing at T4



293 Completed T5 Assessment
• 27 missing at Post-test
• 2 failed attention checks



344 ITT sample
• 2 removed from analyses  



2+ failed attention checks



318 ITT sample
• 2 removed from analyses 



2+ failed attention checks
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