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Supplementary
[bookmark: _Hlk61185692]Antidepressant response calculations
50% QIDS score reduction (i.e., “classic antidepressant response”): To calculate this measure, scores from the participant’s last day of treatment were subtracted from the participant’s initial score of the same treatment, and then divided by this initial score, irrespective of how many weeks they were in treatment. If the resulting change of score was greater than or equal to 0.5, the participant was labeled as a “responder” for this specific treatment. If the participant had a change in score less than 0.5, the participant was labeled as a “non-responder” for this specific treatment.
Exponential fit for the personal measurements of QIDS (i.e., “exponential antidepressant response”): To calculate this measure, each participant’s QIDS scores during a specific treatment were plotted against the number of days they were in treatment. At first, linear regression model was fitted to the data. Due to the linear regression model’s lack of fit for most participants (data not shown), the linear model was applied to an exponential model, which is simply a linear fit in logarithmic scale. The y-intercept, a, and the slope, b, derived from the linear equation - were input to the exponential equation:


A “consecutive days’ decrease in depression constant” for each participant per treatment was calculated as follows:



Where t is any specific day during the treatment, and t + 1 is the following day. Hence,  represents the ratio of the depression score between any two consecutive days of a participant’s treatment according to the exponential model. Lower values of the  constant mean earlier decrease in QIDS score. Therefore, its multiplicative inverse  means the opposite: as this variable increase, the response to the antidepressant is earlier, in terms of changing QIDS score. Thus,  was labeled as the “exponential improvement rate”. Participants whose exponential improvement rates were higher than the STAR*D median exponential improvement rate had experienced an earlier decrease in QIDS score than participants whose exponential improvement rates were lower than the STAR*D median, per STAR*D treatment’s median exponential improvement rate. Hence, the formers were labeled as treatment “responders” for the treatment at hand, and the latter as treatment “non-responders”.
Treatment data that could not be modeled due to an excessive number of data gaps or irregular score pattern were filtered from both datasets. Additionally, 5% of the STAR*D modeled treatment data with the highest sum of squares error were filtered as well.


Data access
STAR*D
NIH-supported “Sequenced Treatment Alternatives to Relieve Depression” (STAR*D) data were obtained through a limited access data use certificate (DUC), awarded to Prof. Bernard Lerer. Access to STAR*D data and biospecimens is available to qualified investigators by application to the NIMH Repository and Genomics Resource through submission of a Request Access Form (https://www.nimhgenetics.org/request-access/how-to-request-access).
PGRN-AMPS
NIH-supported “Pharmacogenomics Research Network Antidepressant Medication Pharmacogenomic Study” (PGRN-AMPS) data were obtained through a limited access data use certificate (DUC), awarded to Dr. Dekel Taliaz. Access to PGRN-AMPS data is available to qualified investigators by application to the Database of Genotypes and Phenotypes (dbGaP) Authorized Access System through submission of a Data Access Request (https://dbgap.ncbi.nlm.nih.gov/aa/wga.cgi?page=login).
Genetic data
STAR*D
A subset of participants who were included in the analyses had provided DNA samples for genotyping (n = 1,953 , 48.3% of the overall study participants), as described in earlier reports1. DNA was extracted from blood or lymphoblastoid cell lines and genotyped on arrays measuring 500,000 or more single-nucleotide polymorphisms (SNPs) that tag the majority of common variants in the human genome. DNA samples were then genotyped using the Affymetrix© Human Mapping 500K Array and the Genome-Wide Human SNP Array 5.0 (Affymetrix, Santa Clara, California, USA) with >=99% concordance observed in the 12 samples genotyped on both platforms. Genotyping and quality-control methods were previously described2. These STAR*D genotypes were made available to us through the National Institute of Mental Health Human Genetic Initiative (https://www.nimhgenetics.org/) through limited access data use certificates, as previously detailed.
PGRN-AMPS
DNA from all participants (n = 529) was genotyped using blood samples which were obtained at baseline, at the RIKEN Center for Genomic Medicine (Yokohama, Japan) using Illumina human 610-Quad BeadChips (Illumina, San Diego, California, USA), as previously described3–5. Quality control assessments included overall genotype concordance rates based on duplicate sample genotyping and Mendelian inheritance checks based on genotyping of a CEPH trio of two parents and their child. These PGRN-AMPS genotypes were made available to us through the National Institutes of Health and the Database of Genotypes and Phenotypes (dbGaP) Authorized Access System (https://dbgap.ncbi.nlm.nih.gov/) through limited access data use certificates, as previously detailed.
[bookmark: _Hlk61185800]Additional algorithm assembly & validation information
STAR*D SNPs were extracted, imputed for residual missing data and filtered using PLINK6 and Beagle7, via analysis of Hardy-Weinberg Equilibrium (p-value <= 2.022 e-18), minor allele frequency (<= 0.02), original missingness rate (>=10%), batch effect bias test (after Bonferroni correction with p-value <= 0.05), and linkage disequilibrium (a sliding window of 50 SNPs, step of 5 SNPs, and pairwise r2 threshold of 0.95). The three selected SNPs of the final algorithm’s citalopram model were fully imputed for the PGRN-AMPS dataset using PLINK and Beagle (all with high imputation quality; allelic r2 of 0.87-0.97). The database of the 1000 genomes project was used as a reference panel for these analyses8,9.
Demographic and clinical enrollment and baseline features were filtered by removing features with excessive missing values (>10%), and near-zero variance, as well as imputation of residual missing data using the VIM package in R (kNN approach)10.
Of the final selected features, there were 2 pairs of genetic features which were found to be in some linkage disequilibrium (>0.1 pariwise-r2 value) – one pair with r2 value of 0.71, and the second with r2 value of 0.6, both pairs were in the basis of the final sertraline model generation. While in GWAS analyses it is important to set higher thresholds of linkage disequilibrium, both for reducing computational cost, and more importantly – in order to be able to deduce direct or indirect (i.e., causation) effect of a SNP on an examined phenotype11,12, this is not precisely the case for some ML models, such in the case of SVMs13,14. This is since SVMs’ regularization parameter may alleviate, at least in part, the problem of multicollinearity of features, and therefore – they may perform well in the presence of LD13,14.
[bookmark: _Hlk61192225]

[bookmark: _GoBack]Supplementary Table 1. Basic patient demographics & clinical characteristics of the various datasets used in the study. Significant differences between the variances and proportions of these data were found for ethnicity (PGRN-AMPS test set vs. all other (STAR*D) sets, all p’s <0.001) and for sex (PGRN-AMPS test set vs. the training set and the validation set vs. the training set, both p’s <0.05); both variables are not part of the predictive features’ set used by the final algorithm.
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Supplementary Table 2. Response rate (i.e., percentage of responders out of the total number of participants), per medication and per participants’ set used in the study, according to the exponential response definition.
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Supplementary Table 3. STAR*D measurements of QIDS score and comparisons between the two response definition approaches, using citalopram treatment as an exemplar. N (Responses) = the amount of participants’ responses whose last QIDS score was measured in week (i) of treatment. Response Rate = percentage of “responders” out of all response analyses under the relevant “last week (i)” column. Match (Responders) = percentage of participants defined as “responders” both by the exponential approach and the classic approach. Match (Non-responders) = percentage of participants defined as “non-responders” both by the exponential approach and the classic approach. Class 1 Discrepancy = percentage of participants defined as “responders” by the exponential approach and as “non-responders” by the classic approach. Class 2 Discrepancy = percentage of participants defined as “non-responders” by the exponential approach and as “responders” by the classic approach.
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Supplementary Table 4. Algorithm selected components’ literature search results. The table shows the components for which scientific literature in the context of association with depression and/or antidepressant was found.
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Supplementary Table 5. Algorithm cross-validation statistics. Statistics table describing the success of the algorithm in predicting response & no-response per medication, in the cross-validation process of its training phase. n = 1,146 (citalopram), n = 95 (venlafaxine), n = 67 (sertraline). Results under the different medications are cross-validation averages across all holdout folds; standard deviations in parentheses.
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Supplementary Table 6. Algorithm validation statistics. Statistics table describing the success of the algorithm in predicting response & no-response per medication in the STAR*D validation set. n = 259 (citalopram), n = 16 (venlafaxine), n = 22 (sertraline). Standard deviations in parentheses.
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Supplementary Table 7. Citalopram model description: the citalopram model’s predictive components and their mapped features.
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Supplementary Figure 1. Study design: the process of generating and testing the predictive algorithm.
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Supplementary Figure 2. Dynamics of the three classes comparing the two approaches of response definition (exponential approach vs. classic approach), using citalopram responses as an exemplar. Match = responses with matching exponential response and classic response classification. Class 1 Discrepancy = responses with exponential classification of “responder” and classic classification of “non-responder”; Class 2 Discrepancy (%) = responses with exponential classification of “non-responder” and classic classification of “responder”.
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Supplementary Figure 3. Gene Ontology (GO) enrichment analysis of the algorithm selected genes. a. Bars representing -log10 (p-value) of enrichment computed in accordance with the HG model. Blue bars represent GO terms which are related to general brain functions, green bars represent GO terms which are related to neuronal signaling, and grey bars represent other GO terms (not belonging to each of the aforementioned groups). b. List of genes found in relation to neuronal signaling-related terms (green bars), n = 9 (34.6% out of the 26 algorithm selected genes).
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Medication Training Set Response ! validation Set Response Test Set (STAR*D) Test Set (PGRN-AMPS)
Rate (%) 1 Rate (%) Response Rate (%) Response Rate (%)
Citalopram 50.2% 52.1% 44.6%
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Clorfl67 Genetic Hl
STK39 Genetic o2
LMX1A Genetic =2
CERS6 Genetic R
Anxiety Disorders Clinical et
Neurological System Problems Clinical =il
Musculoskeletal / Integumentary System Problems | Clinical E
Depression Severity Clinical R
History of Medications Use Clinical Al
Employment Demographic RO
Residence Demographic 8185

Marital Status

Demographic

60,68,74.80.81.86 88

Education

Demographic

60,68,74.75.81,88.89

Age

Demographic

3%,60.68.74,77,79.80,90-03
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Supplementary Table 5

Statistic  citalopram : venlafaxine | sertraline : Mean

Balanced accuracy 62.2% (3.4) %81.2% (11.2)2 76.8% (9.8) 73.4% (8.1)

Sensitivity : | 86.8% (12.2) | 75.6% (10.6)

Specificity 6.8% (16.5) ; 71.1% (8.9)

Accuracy P 622%(34) : 81%(11.1) ; 77.7%(9.7) ; 73.6% (8.2)
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Supplementary Table 6

Statistic citalopram %venlafaxineé sertraline
Balanced accuracy . 80.2% 75.6%
palle (balancedaccuracy) | <0001 | <001 | w01
Sensmwty .......... 846% .........
Spec|ﬂc|ty667% .........
Accuracy ........................................................................................ 773% .........
PPV622%757% .......... 717% .........
NPV603%865% ................... 813% .........
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Supplementary Table 7

Component Domain

i Component

i Feature

i ZFMP2

Genetic S wwox
{ OPRM1 | rs558025
Clinical Depression Severity Baseline Ham-D score
H | Whether patient is full-time employed for pay
i Employment e e
i Whether patient is unemployed and not looking for employment
Demographic Education Years of schooling completed

Age

 Marital Status

i Whether patient is married
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Supplementary Figure 1
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4,041 patients; clinical and
demographic data for all of them,
genetic data for 1,953 (48.3%)
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Characterize personalized AD
response rate for each
participant, taking into
consideration both time and
change of depresion score

Using exponential function fit
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Use top relevant features to
create Machine Learning models
and combine them

Create an algorithm, which
interprets the interrelationships
between features
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Machine Learning
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Predict whether a
participant will respond
to an antidepressant

Generate a prediction of
“responder”/“non-responder” per
medication for each participant
using the algorithm
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For example:

Venlafaxine: Responder
Citalopram: Non-Responder
Sertraline: Responder

Select the genetic, clinical and
demographic features most
relevant for AD response*

Using literature search and feature
selection techniques

i

Feature Selection
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Top features

*in addition, segment the
selected features to general
predictive components for
various post-hoc analyses

Assess the algorithm
prediction performance

Validate the algorithm design on
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Supplementary Figure 2
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Supplementary Figure 3
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Glutamate receptor signaling pathway |
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Genes involved in the enrichment of neuronal
signaling-related GO terms

GRIN2A - glutamate receptor, ionotropic, n-methyl d-aspartate 2a
GRIKA - glutamate receptor, ionotropic, kainate 4

PLCB1 - phospholipase ¢, beta 1 (phosphoinositide-specific)
GRIAT - glutamate receptor, ionotropic, ampa 1

PLCB4 - phospholipase ¢, beta 4

MTOR - mechanistic target of rapamycin (serine/threonine kinase)
OXTR - oxytocin receptor

OPRM1 - opioid receptor, mu 1

CHRM3 - cholinergic receptor, muscarinic 3





