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eMethods. Detailed Methodology 
Data access information. 
 
STAR*D data were obtained through a limited access data use certificate (DUC), awarded to Adam Chekroud under the 
supervision of Prof. Gregory McCarthy (PI). Data used in the preparation of this article were obtained from the limited access 
datasets distributed from the NIH-supported “Sequenced Treatment Alternatives to Relieve Depression” (STAR*D). 
STAR*D focused on non-psychotic major depressive disorder in adults seen in outpatient settings. The primary purpose of 
this research study was to determine which treatments work best if the first treatment with medication does not produce an 
acceptable response. The study was supported by NIMH Contract # N01MH90003 to the University of Texas Southwestern 
Medical Center. The ClinicalTrials.gov identifier is NCT00021528. This manuscript reflects the views of the authors and 
may not reflect the opinions or views of the STAR*D Study Investigators or the NIH. 
 
COMED data were obtained through a limited access DUC awarded to Adam Chekroud (PI). Data used in the preparation of 
this article were obtained from the limited access datasets distributed from the NIH-supported “Combing Medications to 
Enhance Depression Outcomes” (CO-MED). This is a multi-site, clinical trial of persons with depression comparing the 
effectiveness of randomly assigned medication treatment. The study was supported by NIMH Contract # N01 MH090003-02 
to the University of Texas Southwestern Medical Center. The ClinicalTrials.gov identifier is NCT00590863. This manuscript 
reflects the views of the authors and may not reflect the opinions or views of the CO-MED Study Investigators or the NIH.  
 
Investigators seeking access to the data can visit http://www.nimh.nih.gov/funding/clinical-trials-for-
researchers/datasets/nimh-procedures-for-requesting-data-sets.shtml. 
 
All participants provided written informed consent at enrollment, with consent and study protocols approved by institutional 
review boards at each participating institution.1,2 
 
Data for other trials were provided to RG and JHK by Eli Lilly and Company (CCGO Agreement #2793, November 21st 
2007) for use in trajectory-based analysis of treatment outcomes. Four different protocols were used for these studies 
(HMAT, HMAY, HMAQ and HMCR). Part A and B reflect trials run in parallel following the same protocol. Pooling of data 
from these trials was anticipated during study design. All studies incorporated double-blind, variable duration placebo lead-in 
periods to blind patients and investigators to the start of active therapy. Safety and efficacy results from these studies have 
been published previously as individual study reports 3–6 and summarized as pooled analyses of safety 7 and efficacy 8. 
Studies HMAQ A and B, HMAT A and B, and HMAY A and B were conducted before clinical trial registration was 
necessary. Study HMCR is registered at ClinicalTrials.gov (NCT00073411). More details can be found in prior publications 
on these data, e.g. Gueorguieva, Mallinckrodt & Krystal (2011, Archives of General Psychiatry). 
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Dataset description 
 
STAR*D and COMED were both designed to be as representative of the general population as possible, using broad 
inclusion criteria and few exclusion criteria. Full details of these criteria can be found in the protocol files included in the 
dataset. Although criteria were largely similar, some criteria were different (e.g. STAR*D patients had to have a HAM-D 
score over 14, for COMED it was 16 or more). The criteria were as follows: 
 
STAR*D 
 

Inclusion Criteria: 
 Outpatients with nonpsychotic MDD. � 
 A score of >14 on the HAM-D17. � 
 Outpatients for whom antidepressant treatment is deemed appropriate by the treating clinician. � 
 Age range: 18–75.  
 Participants with suicidal ideation are eligible, as long as outpatient treatment is deemed safe by the clinician (i.e., inpatient 

care is not called for clinically). � 
 Participants who have most GMCs are eligible. Participants whose GMCs could conceivably be physiologically causing 

their depressive symptoms will receive treatment as usual for their GMCs as well as protocol Level 1 treatment for their 
MDD. We anticipate that during Level 1 most medical GMCs will be treated so that if depressive symptoms persist after 
treatment for the GMC and after CIT for the depression, participants with these conditions are eligible for randomization 
into Level 2. � 

 
Exclusion Criteria:  
 Participants must not have an established, well-documented history of nonresponse or clear intolerability in the current 

major depressive episode to one or more treatments required by the protocol, delivered at an adequate dose (e.g., >40mg/d 
of citalopram for at least 6 weeks or > 16 sessions of CT).  

 Participants with a lifetime history of bipolar disorder (BPD I, II, and NOS), schizophrenia, schizoaffective disorder, or 
MDD with psychotic features. � 

 Participants who currently suffer from a primary diagnosis of anorexia nervosa, bulimia nervosa, or OCD.� 
 Participants with severe, unstable concurrent psychiatric conditions likely to require hospitalization within six months from 

study entry (e.g., participants with severe alcohol dependence with a history of recent admissions aimed at detoxification).  
 Participants with substance dependence disorders who require inpatient detoxification. Participants with active substance 

abuse or dependence disorders who enter the study will receive whatever care is routine at their clinical site (e.g., substance 
abuse counseling) for these conditions. � 

 Participants with certain concurrent psychiatric or medical conditions that are relative or absolute contraindications to the 
use of more than one treatment option within the protocol so that randomization to any of the strategies or substrategies 
within each level (Levels 2, 3, and 4) is not possible. Participants with certain concurrent psychiatric or medical conditions 
that are relative or absolute contraindications to the use of one or more of the treatment options within the protocol and 
with the possibility of randomization to at least one of the strategies or substrategies within each level (Levels 2, 3, and 4) 
may enter the study, as long as the contraindication is noted and the strategy/substrategy involving the contraindicated 
treatment option is dropped.  

 (Participants taking any concomitant nonpsychotropic medications (save for anxiolytics and sedative hypnotics) may enter 
the study as long as their clinician determines that antidepressant treatments in the protocol are appropriate and safe. When 
there is a known association between the concomitant medication and depression, as suggested by the AHCPR guidelines, 
we will encourage clinicians to substitute, whenever possible, the concomitant medication with another that is not 
associated with depression before study entry or, when the latter is not feasible, during Level 1. � 

 Participants already receiving a targeted psychotherapy aimed at their depression may not enter the study. Those who have 
not responded to such psychotherapy and subsequently terminated it prior to study enrollment or those who are receiving 
counseling or therapy for other problems (e.g., marital counseling to address marital discord; psychodynamic treatment of 
character issues) may enter the study. � 

 Participants who are pregnant or who will be trying to become pregnant within the subsequent 6-9 months. � 
 
COMED 
 
Inclusion Criteria: 
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 Patients must be seeking treatment at the primary or specialty care site, and be planning to continue living in the area of 
that clinic for the duration of the study � 

 Patients must be 18-75 years old � 
 Patients must meet clinical criteria for nonpsychotic MDD, recurrent (with the current episode being at least 2 months in 

duration), or chronic (current episode > 2 years) as defined by a clinical interview and confirmed by the MINI International 
Neuropsychiatric Interview (M.I.N.I.). � 

 Screening HRSD17 score ≥ 16 � 
 Treatment with antidepressant medication combinations is clinically acceptable. � 
 Patients must give written informed consent � 
 Patients with and without current suicidal ideation may be included if outpatient treatment is clinically appropriate � 
 
Exclusion Criteria: 
 Patients who are pregnant or breastfeeding 
 Patients who plan to become pregnant over the ensuing 8 months following study entry or are sexually active and not using 

adequate contraception 
 Life history of psychotic depression, schizophrenia, bipolar (I/II/NOS), schizoaffective, or other Axis I psychotic disorders 
 Current psychotic symptom(s) 
 History (within the last 2 years) of anorexia or bulimia 
 Current primary diagnosis of obsessive compulsive disorder 
 Current substance dependence that requires inpatient detoxification or inpatient treatment 
 Patients requiring immediate hospitalization for a psychiatric disorder 
 Definite history of intolerance or allergy (lifetime) to any protocol medication 
 History of clear nonresponse to an adequate trial of an FDA-approved monotherapy in the current MDE if recurrent, or 

during the last 2 years if chronic (see Appendix IV for the definition of an adequate trial) � 
 History of clear nonresponse to an adequate trial of escitalopram or S-CIT, BUP-SR, VEN-XR, or MIRT (see Appendix IV 

for the definition of an adequate trial) used as a monotherapy, or to one or more of the protocol combinations in the current 
or any prior MDE � 

 Patients currently taking any of the study medications at any dose � 
 Patient having taken Prozac (fluoxetine) or an MAOI in the prior 4 weeks � 
 Patients with an unstable general medical condition (GMC) that will likely require hospitalization or to be deemed terminal 

(life expectancy < 6 months after study entry) � 
 Patients who are taking medications or have GMCs that contraindicate any study medications (e.g., seizure disorder) � 
 Patients requiring medications for their GMCs that contraindicate any study medication � 
 Epilepsy or other conditions requiring an anticonvulsant � 
 Lifetime history of having a seizure including febrile or withdrawal seizures � 
 Patients who are receiving or have received (lifetime) vagus nerve stimulation (VNS), electroconvulsive therapy (ECT), 

repetitive transcranial magnetic stimulation (rTMS), or other somatic antidepressant treatments � 
 Patients currently taking or having taken within the prior 7 days, any of the following exclusionary medications: 

antipsychotic medications, anticonvulsant medications (gabapentin, pregabalin, and topiramate are allowed for pain as 
determined by the treating clinician), mood stabilizers, or central nervous system stimulants. � 

 Antidepressant medication used for the treatment of depression or other purposes such as smoking cessation or pain are 
excluded since these agents may interfere with the testing of the major hypotheses under study (low dose trazodone is 
allowed for insomnia, < 200 mg/day). � 

 Uncontrolled narrow angle glaucoma � 
 Patients taking thyroid medication for hypothyroidism may be included only if they have been stable for 3 months � 
 Patients using agents within the prior 7 days that are potential augmenting agents (e.g., T3 in the absence of thyroid 

disease, SAMe, St. John’s Wort, lithium, buspirone) � 
 Depression-focused psychotherapy including Cognitive Therapy (CT), Interpersonal Psychotherapy of 

Depression (IPT), Cognitive Behavioral Assessment System of Psychotherapy (CBASP), Problem-Solving 
Therapy, and light therapy will not be allowed during participation. Patients can participate if they are receiving 
psychotherapy that is not targeting the symptoms of depression, such as individual therapy, group therapy, 
family or couples therapy. � 
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Statistical Modeling Procedures. 
 
Study overview 
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e Figure 1 – Study overview. 1) Symptoms on the QIDS checklist are clustered based on 
STAR*D cohort. 2) Clustering analysis is replicated on independent sample (COMED 
trial). 3) Trial outcomes are re-analysed for 9 clinical trials according to each symptom 
cluster. 4) Outcomes specific to each symptom cluster are predicted using machine 
learning, by training models STAR*D (using cross-validation), and then validating the 
models in COMED. 
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Sample selection 
 
For clustering analyses, we included all baseline measurements available. For the QIDS-SR16: in STAR*D this was 4,017, in 
COMED it was 640. For the HAM-D: in STAR*D this was 4,039. 
 
For mixed-effects analyses, we used the full intent to treat samples for each treatment cohort (main manuscript, table 1).  
 
For predictive analyses, in order to allow the model to extract some relationship between the inputs and treatment response, 
we only included patients for whom a severity score was recorded after 12 or more weeks of treatment (N = 1,962). In a 
previous study using the same data and similar analytic pipeline9, conclusions remained the same for predictive analyses of 
the full STAR*D sample, including patients who dropped out of the trial after week 0. For validation in COMED, outcomes 
were available at 12- or 16-weeks as follows: escitalopram plus placebo n=151; escitalopram plus bupropion n=134, 
venlafaxine plus mirtazapine n=140. 
 
 
Clustering Analysis 
 
Agglomerative hierarchical clustering analysis was conducted on baseline QIDS-SR data for both trials. Baseline data were 
available in STAR*D for 4,017 patients, and in COMED for 640 patients. This procedure groups items in the QIDS checklist 
according to the similarity of their responses across patients. With this procedure, groups of symptoms that merge at high 
values relative to the merge points of their subgroups are considered candidates for natural clusters 10. Symptom similarity 
was defined by the Manhattan distance (a.k.a. “cityblock” distance) using the stats::dist function in R. Hierarchical clustering 
was then conducted on this dissimilarity matrix using the stats::hclust function in R, according to the Ward.D2 
agglomeration method. The resulting dendrogram was then pruned using the dynamicTreeCut::cutreeDynamic function11 in 
R, using the hybrid method, and the least restrictive minimum cluster size (i.e. minimum cluster size = 1). A permutation-
based test (SIMPROF procedure 12) was used to ensure that the clusters that we derived were statistically reliable (i.e. 
permutation-based cut points had to be lower than or equal to the cut points determined through dynamic tree cutting), with 
100 permutations. 
 
Similarity profiling12, is a method of exploratory data analysis that can be used to objectively identify the members of “real” 
groups present in the results returned from hierarchical agglomerative clustering1. First, a similarity profile is constructed 
from a matrix in which patients are rows and each column represents a symptom in a depressive checklist. Any appropriate 
resemblance measure can be used (we used Manhattan distance). The lower tridiagonal of the similarity matrix is then 
converted to a vector, and sorted by magnitude. This sorted list of similarities provides a profile of the structure underlying 
the observed data. An iterative permutation procedure, based on randomly shuffling the original raw data, is then used to 
generate a mean permuted similarity profile, which represents the profile expected under the null model. The congruence 
between the observed similarity profile and the null model is measured using the pi statistic, as the sum of the absolute 
differences between corresponding elements of the two profiles. The pi statistic is then assessed via a permutation test, if it is 
statistically significant the null hypothesis that no multivariate structure exists within the data is rejected at the appropriate 
alpha level (0.05). In other words, similarity profile analysis examines whether the similarities observed in the data are 
smaller and/or larger than those expected by chance. This is a compelling alternative to more traditional methods that rely on 
subjective assessment to determine appropriate cutpoints because similarity profiling identifies the point at which clusters 
become statistically homogenous, ensuring that although there may be residual heterogeneity within a cluster, the cluster as a 
whole is still meaningfully different to all other clusters at a given cut level.  
 
HAM-D clustering 
 
Seven placebo-controlled phase 3 trials of duloxetine measured outcomes according to the HAM-D scale rather than the 
QIDS. Fortunately, in STAR*D, a HAM-D checklist was also completed at baseline for 4,039 patients (although not 
longitudinally). In order to conduct comparable symptom-cluster efficacy analyses of these additional datasets that used 
HAM-D longitudinally, we conducted a clustering analysis on the HAM-D checklist that was completed at baseline in 
STAR*D. As before, weight and appetite items were excluded. In addition, as described in the main manuscript, the HAM-D 

																																																								
1 Further information about open-source and other implementations of the method can be found at 
http://www.marine.usf.edu/user/djones/simprof/simprof.html 
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loss of insight item (e.g. “Denies being ill at all”) was also excluded from analysis as it can only be determined by a clinician 
and has no equivalent construct in the QIDS checklist. Similarity profiling was conducted as before to ensure that any 
cutpoint used was statistically meaningful. The hybrid dynamic tree cutting procedure was modified slightly, now cutting at 
80% of the range between the 5th percentile and the maximum of the joining heights on the dendrogram, to improve 
comparability of the cut points used across the two checklists. Nonetheless, the tree was still cut substantially higher than the 
minimum cut points identified through similarity profiling. Figure 1 (main manuscript, lower panel) illustrates the resulting 
dendrogram for this clustering analysis. 
 
Despite differences in the items used between the two checklists, and scoring ranges for each item, a broadly similar solution 
was found for the HAM-D as the QIDS. Once again, a cluster of core emotional symptoms emerged, this time with a sub-
division between mood/anhedonia and other symptoms in the cluster (irritability, somatic anxiety, feelings/delusions of 
guilt). The sleep cluster remained largely unchanged, grouping the equivalent insomnia items along with low energy/fatigue. 
A third cluster again grouped psychomotor agitation/retardation with suicidal thoughts, and now included two further 
symptoms (reduced libido, hypochondriasis) that are not present in the QIDS checklist. As mentioned in the main manuscript, 
there were some slight differences between the QIDS and HAM-D results. In the HAM-D, the core emotional cluster 
included an anxiety item, whereas in the QIDS the same cluster included low energy/concentration. The energy/concentration 
item falls in the core emotional cluster for the QIDS but falls in the sleep cluster for the HAM-D. It should be noted that, the 
atypical cluster contains items that are not considered “atypical items” in the DSM, and so conclusions about broader atypical 
symptoms should not be drawn from the naming of this cluster.  
 
Trajectories for excluded symptoms 
 
As discussed in the main manuscript, weight and appetite symptoms were excluded from the clustering and efficacy analyses.  
eFigure 2 below illustrates symptom trajectories for the individual excluded weight and appetite symptoms in STAR*D and 
COMED. 
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Predictive Modeling Technical Summary  
 
 
We used largely the same predictive modeling procedure described in detail in Chekroud et al. (2016, Lancet Psychiatry, 
appendix). Some slight changes were made now that all procedures must be done three times (once for each symptom 
cluster). Specifically, the hyperparameter grid search was now over the following parameter combinations:  Elastic net alphas 
∈ 0: 0.05: 1  and lambdas ∈ 0: 0.05: 2 ; GBM number of trees ∈ 10: 150: 3000 , shrinkage ∈ 0.1, 0.05, 0.01, 0.005 , 
interaction depth ∈ 1, 2 , and the number of minimum observations in a terminal node was fixed at 25. In addition, we used 
5 repeats of 10-fold CV (i.e. 5x10 CV), rather than 10 in our previous study. Since symptom cluster outcomes were 
continuous variables, optimal tuning parameters were selected that minimized RMSE, and the GBM used a laplacian 
distribution (absolute loss) rather than Gaussian. 
 
We extracted all readily available information about patients at baseline that overlapped between the STAR*D and COMED 
trials. Variables were centered and scaled (stats::scale function in R): for STAR*D using the completer sample; in COMED 
variables were centered and scaled for each treatment arm separately. Next, a cross-validated (5x10cv) elastic net model was 
used to identify a group of 25 predictive features in the entire STAR*D completer cohort, based on ranked absolute beta 
values. The caret package was used in R, as a wrapper for the glmnet and gbm packages. These 25 features were then used to 
train a GBM to predict symptom cluster outcomes (i.e. the sum-score of symptoms within a cluster). In both cases, optimal 
hyperparameters were selected through a grid search of the plausible parameter spaces through an RMSE-minimization 
process. All modeling was done using a parallel backend (R package doMC), restricted to 32 cores. To improve the 
reproducibility of our results, a seed was set locally (set.seed(1)), and a sequence of random integers (of pre-determined 
length) was generated and pushed to backend worker nodes for model building during repeated cross-validation. Before each 
train() call, the seed was reset locally, and all models used the same pre-determined sequence of parallel seeds.  
 
The best model built on the STAR*D completer set was taken without modification and applied to each of the three COMED 
arms (stats::predict function in R). Relevant descriptions of model performance – including RMSE and R2 – were determined 
at each stage. The statistical significance of each model in STAR*D was assessed using a permutation test, for COMED 
validation it was assessed using a correlation test. For the permutation test: outcomes were shuffled before the modeling 
pipeline was applied (100 repeats), and the unshuffled R2 was compared to the distribution of shuffled-R2s (α = 0.05). By 
convention, the minimum possible p-value is thus 1/(number of permutations) 13, which is 0.01 in this case. For the 
correlation test, a p-value was calculated for the Pearson correlation between predicted values and observed values.  
 
To examine whether a less sensitive predictive pipeline might be more appropriate for predicting symptom clusters, we 
conducted exploratory analyses using a simplified analysis pipeline.  This pipeline still consisted of two parts, and the first 
part remained unchanged (i.e.an elastic net to identify 25 variables). However, instead of using a GBM to model the 25 
predictors, we instead used a general linear model for model building. Once again, all models performed above chance in 
STAR*D (all p’s<0.01), with broadly comparable R2. These GLMs (one for each symptom cluster) were then applied without 
modification to predict cluster outcomes in each COMED arm. GLMs for all three symptom clusters successfully generalized 
to predict outcomes for both Escitalopram and Escitalopram + Bupropion (p’s<0.044). Models of atypical (p < 0.001) and 
sleep (p = 0.045) symptoms also generalized for the Venlafaxine + Mirtazapine arm.  
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Supplementary clustering results 
 
A number of sensitivity analyses were conducted to explore the robustness of the clustering solutions, and how they compare 
to alternative approaches. On the whole the clustering results were robust, even when using different parameters, different 
time points, and different statistical approaches. 
 
 
Factor analyses 
 
Traditional exploratory factor analysis with varimax rotation was conducted on the STAR*D sample for comparison with 
hierarchical clustering results. The factanal function in the stats package in R was used to conduct the analysis, and a parallel 
analysis was conducted using the parallel function from the nFactors package to determine the appropriate number of factors. 
The Kaiser rule, parallel analysis, and optimal coordinates, all indicated that three factors was the appropriate number of 
factors to extract for these data. eTable 1 describes the factor loadings for the three factor solution and eFigure 3 illustrates 
the resulting scree plot. 
eTable 1. Factor Loadings for the Three Factor Solution 
 

Supp. Table 1 Factor 1 Factor 2 Factor 3 
Sleep onset insomnia 0.127 0.412 0.168 
Mid-nocturnal insomnia  0.53  
Early morning insomnia 0.119 0.65  
Hypersomnia 0.136 -0.328  
Mood (sad) 0.291 0.124 0.542 
Concentration/decision making 0.585  0.214 
Outlook (self) 0.205  0.496 
Suicidal ideation   0.444 
Involvement 0.421  0.367 
Energy/Fatigability 0.552  0.218 
Psychomotor Slowing 0.578 0.122 0.115 
Psychomotor Agitation 0.209 0.282 0.123 

 Factor 1 Factor 2 Factor 3 
SS loadings 1.388 1.097 1.03 
Proportion Variance 0.116 0.091 0.086 
Cumulative Variance 0.116 0.207 0.293 

 
 

 eFigure 3 – Factor analysis scree plot 
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To understand the influence of correlations amongst latent variables, we ran an additional factor analysis with oblique 
rotation (R-CMD rotation = “promax”). As described by the factor loadings in eTable2, the oblique rotation resulted in a 
different factor structure, perhaps with a very slightly lower quality fit (in terms of cumulative variance explained).  
eTable 2. Factor Loadings (Oblique Rotation) 
 
 

Supp. Table 2 Factor 1 Factor 2 Factor 3 
Sleep onset insomnia  0.396 0.138 
Mid-nocturnal insomnia  0.540  
Early morning insomnia  0.659  
Hypersomnia 0.170 -0.356  
Mood (sad)   0.568 
Concentration/decision making 0.602   
Outlook (self)   0.549 
Suicidal ideation -0.127  0.530 
Involvement 0.326  0.299 
Energy/Fatigability 0.560   
Psychomotor Slowing 0.632   
Psychomotor Agitation 0.158 0.264  

 Factor 1 Factor 2 Factor 3 
SS loadings 1.257 1.093 1.034 
Proportion Variance 0.105 0.091 0.086 
Cumulative Variance 0.105 0.196 0.282 

Factor Correlations Factor 1 Factor 2 Factor 3 
Factor 1 1 0.243 0.650 
Factor 2 0.243 1 0.274 
Factor 3 0.650 0.274 1 
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K-Means 
 
 
For comparison, we conducted K-means clustering (k=3) using the baseline QIDS data from STAR*D (using stats::kmeans). 
The result was the same:  
 
 

                              Cluster 
Mood (sad)                          1 
Concentration/decision making       1 
Outlook (self)                      1 
Involvement                         1 
Energy/Fatigability                 1 
Sleep onset insomnia                2 
Mid-nocturnal insomnia              2 
Early morning insomnia              2 
Hypersomnia                         3 
Suicidal ideation                   3 
Psychomotor Slowing                 3 
Psychomotor Agitation               3 

 
 
 
 
 
 
Clustering analyses 
 
 
We conducted hierarchical clustering of the baseline QIDS data in STAR*D using a different distance metric (Euclidean 
distance). The result (eFigure 4) was the same: 
 
 
 

eFigure 4 – Euclidean distance metric 
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We conducted divisive clustering (using the diana package), and recovered a similar solution. The resulting dendrogram is as 
follows: 

 
 
 
We explored whether the clustering results were stable over time, i.e. whether they are only present at baseline, or whether 
they persist at other points during treatment. With this in mind, we conducted two further clustering analyses (manhattan 
distance, ward.d2 linkage). In both cases, we found either the exact same or an extremely similar symptom structure, 
suggesting our findings are robust to this manipulation.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

eFigure 5 – Divisive clustering 
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(1) To understand how the clustering results would look toward the end of the study, we clustered QIDS responses at 
the 9th week of treatment (N=2,215): 

 

 
 
 

(2) We also clustered all available QIDS responses (between 0 and 14.2 weeks), i.e. the long-form data set consisting of 
17,489 person-timepoints. 

eFigure 6 – Clustering after 9 weeks of treatment 
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When we include all timepoints (which is arguably the most stable/robust approach), we recover the exact same clustering 
solution as our main finding. When we restrict the data to only observations at week 9, the clustering solution is certainly 
different but shares a number of key similarities with our primary analysis (i.e. the grouping of sleep/insomnia items 
[although mid-nocturnal insomnia falls into its own cluster], and suicidal/psychomotor symptoms separating from symptoms 
of low mood and worthlessness). Admittedly, we also expected to see substantially reduced dimensionality in the clustering 
solution over the course of treatment (and, anecdotally, we have observed it in other contexts). However, at least in the 
STAR*D data using this clustering technique, it seems like the original finding is fairly robust to the inclusion of other 
timepoints (during treatment). One wonders whether changes in complexity/dimensionality might reflect something deeper 
about the nature of the relationship between treatment and symptoms. For example, the changes in dimensionality at the end 
of treatment could be the result of one cluster being “knocked down” by treatment. Alternatively, treatments may be 
distorting the interconnections between certain symptoms, and the behavioural correlates of this process are what bring about 
the therapeutic response. 
 
 
 
 
 
 
 
 
 
 
 
Clustering without excluding weight/appetite symptoms 
 

eFigure 7 – Clustering data from all time points 
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As described in the main manuscript, we excluded the two appetite and two weight items from the clustering analysis. For 
completeness, we also present the clustering solutions that are obtained when all 16 items are included (eFigure 8). In both 
cases, an identical sleep (insomnia) and core emotional cluster emerged, and these clusters were also found in the 12-item 
clustering analysis.  

eFigure 8 – Clustering all 16-items of the  QIDS checklist in STAR*D and COMED 
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eTable 3. Manhattan Distance Matrix 
 
We include the Manhattan distance matrix calculated in STAR*D at baseline using the stats::dist function in R. 

 
Supp. 

Table 3 SSOIN SMNIN SEMIN SHYSM SMDSD SCNTR SVWSF SSUIC SINTR SENGY SSLOW SAGIT 
SSOIN 0 4081 4418 6578 4038 4267 4658 5686 4420 4154 4909 4708 
SMNIN 4081 0 4365 7379 3721 4420 4907 6437 4315 4171 5282 5291 
SEMIN 4418 4365 0 5802 5050 4717 5150 4864 4964 4780 4491 4378 
SHYSM 6578 7379 5802 0 7006 5335 5758 3134 5834 5654 4105 4644 
SMDSD 4038 3721 5050 7006 0 3193 3744 6098 3150 2996 4761 5024 
SCNTR 4267 4420 4717 5335 3193 0 3659 4513 3119 2577 3002 3855 
SVWSF 4658 4907 5150 5758 3744 3659 0 4788 3728 3914 4195 4506 
SSUIC 5686 6437 4864 3134 6098 4513 4788 0 5024 4968 3323 3780 
SINTR 4420 4315 4964 5834 3150 3119 3728 5024 0 2904 3909 4428 
SENGY 4154 4171 4780 5654 2996 2577 3914 4968 2904 0 3465 4274 
SSLOW 4909 5282 4491 4105 4761 3002 4195 3323 3909 3465 0 3439 
SAGIT 4708 5291 4378 4644 5024 3855 4506 3780 4428 4274 3439 0 
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Silhouette analysis 
 
We conducted a silhouette analysis 14 to better understand within-cluster consistency. The silhouette value is a measure of 
how similar an object is to others within its cluster vs those in other clusters. Values can range from -1 (no similarity at all, or 
wrong cluster assignment) to 1 (perfect clustering), and values close to 0 indicate that the item is on the border of two natural 
clusters. Of course, the absolute values observed depends on the context (especially the noise inherent in the data, the number 
of clusters, etc). With this metric for each item, one can calculate an average silhouette for each cluster, and this value serves 
as a metric for how tightly grouped all the data are in a single cluster. The results of the analysis are summarized in the 
silhouette plot15 below (eFigure 9). 

 
 
 
 
According to the average silhouette metric, the sleep cluster was the least homogenous cluster, and the core emotional cluster 
was the most homogenous. Although we did not have a strong hypothesis regarding this result, one might interpret it in 
relation to the fact that sleep/insomnia symptoms might affect a broad number of other symptoms (and thus correlate with 
them). Since clustering is essentially determined by a covariance structure amongst symptoms, it is understandable that 
symptoms that interact with many others will be related to many others (rather than related mostly to itself). Accordingly, we 
prefer not to speculate on exactly how the predictability of outcomes would relate to within-cluster homogeneity. 
 
 
 
 
 
 
 
 
 

eFigure 9 – Silhouette analysis of main 12-item clustering. 
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Supplementary efficacy analysis results 
 
Dose-dependent effects of duloxetine on symptom cluster trajectories 
 
As described in the main manuscript, preliminary analyses of the four duloxetine doses on each cluster indicated that 120mg 
and 80mg doses per day were not significantly different from each other but differed from the lower doses and placebo. The 
60mg and 40mg duloxetine doses were similar to each other and nearly indistinguishable from placebo. We therefore 
grouped cohorts into high dose duloxetine (80-120mg/day) and low dose duloxetine (40-60mg/day). For completeness, we 
also include the dose-dependence curves (model-fitted trajectories) to illustrate the effect of duloxetine dose on each 
symptom cluster (eFigure 10). 
 

 
 
 
The slope estimates were as follows: 
 

Atypical Core Emotional Sleep 

-0.273 120mg  -0.5752 120mg  -0.2994 120mg 
-0.2498 80mg  -0.5207 80mg  -0.2905 80mg  
-0.1543 Placebo -0.3977 40mg  -0.2233 40mg  
-0.1514 40mg  -0.3807 60mg  -0.2053 60mg  

-0.1103 60mg  -0.3481 Placebo -0.1959 Placebo 
 
 
  

 eFigure 10 – Dose dependence curves for duloxetine and placebo. 
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Detailed slope contrasts for efficacy analyses 
 
Two mixed-effects models were fit to analyze symptom cluster trajectories: one for the two trials measured on the QIDS for 
12 weeks (STAR*D and COMED); and one for the seven Lilly trials measured using the HAM-D for 8 weeks. Full details 
for slope contrasts are presented below for each analysis, along with FDR-corrected p-values. 
 
 

eTable 4. STAR*D/COMED Slope Contrasts 

Label Estimate Standard Error Lower Upper t value FDR-p 

Slope core emotional vs atypical on BUP -0.2775 0.01676 -0.3103 -0.2446 -16.56 0.0003 

Slope core emotional vs atypical on CIT -0.2335 0.004993 -0.2433 -0.2238 -46.77 0.0003 

Slope core emotional vs atypical on ESC -0.2454 0.0162 -0.2772 -0.2137 -15.15 0.0003 

Slope core emotional vs atypical on VEN -0.2738 0.01649 -0.3061 -0.2414 -16.6 0.0003 

Slope core emotional vs sleep on BUP -0.09651 0.0269 -0.1492 -0.04378 -3.59 0.0009 

Slope core emotional vs sleep on CIT -0.1337 0.007101 -0.1477 -0.1198 -18.83 0.0003 

Slope core emotional vs sleep on ESC -0.07991 0.02619 -0.1312 -0.02858 -3.05 0.0058 

Slope core emotional vs sleep on VEN 0.01742 0.02663 -0.03476 0.06961 0.65 0.6155 

Slope atypical vs sleep on BUP 0.181 0.02567 0.1307 0.2313 7.05 0.0003 

Slope atypical vs sleep on CIT 0.09981 0.006827 0.08643 0.1132 14.62 0.0003 

Slope atypical vs sleep on ESC 0.1655 0.02501 0.1165 0.2145 6.62 0.0003 

Slope atypical vs sleep on VEN 0.2912 0.02541 0.2414 0.341 11.46 0.0003 

Slope BUP vs CIT in core emotional -0.05609 0.02247 -0.1001 -0.01205 -2.5 0.0263 

Slope BUP vs ESC in core emotional -0.03712 0.03039 -0.09669 0.02245 -1.22 0.3477 

Slope BUP vs VEN in core emotional -0.02685 0.03061 -0.08685 0.03315 -0.88 0.5074 

Slope CIT vs ESC in core emotional 0.01896 0.02196 -0.02407 0.062 0.86 0.5074 

Slope CIT vs VEN in core emotional 0.02924 0.02227 -0.0144 0.07288 1.31 0.3242 

Slope ESC vs VEN in core emotional 0.01027 0.03024 -0.049 0.06955 0.34 0.7737 

Slope BUP vs CIT in atypical -0.01215 0.01408 -0.03974 0.01544 -0.86 0.5074 

Slope BUP vs ESC in atypical -0.00504 0.01884 -0.04198 0.03189 -0.27 0.8162 

Slope BUP vs VEN in atypical -0.02314 0.01901 -0.06039 0.01412 -1.22 0.3477 

Slope CIT vs ESC in atypical 0.007106 0.01367 -0.01969 0.0339 0.52 0.6884 

Slope CIT vs VEN in atypical -0.01099 0.01389 -0.03822 0.01625 -0.79 0.5254 

Slope ESC vs VEN in atypical -0.01809 0.01871 -0.05476 0.01858 -0.97 0.488 

Slope BUP vs CIT in sleep -0.09332 0.02656 -0.1454 -0.04125 -3.51 0.0011 

Slope BUP vs ESC in sleep -0.02052 0.03603 -0.09114 0.0501 -0.57 0.6693 

Slope BUP vs VEN in sleep 0.08708 0.03628 0.01597 0.1582 2.4 0.0317 

Slope CIT vs ESC in sleep 0.07279 0.02603 0.02178 0.1238 2.8 0.0116 

Slope CIT vs VEN in sleep 0.1804 0.02638 0.1287 0.2321 6.84 0.0003 

Slope ESC vs VEN in sleep 0.1076 0.03589 0.03726 0.178 3 0.0065 
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eTable 5. Duloxetine Trial Slope Contrasts 
Label Estimate SE Lower Upper t FDR-p 
Slope sleep vs depressive cluster on duloxetine high 0.2549 0.01661 0.2224 0.2875 15.35 0.0003 

Slope sleep vs depressive cluster on duloxetine low 0.1807 0.02145 0.1386 0.2227 8.42 0.0003 

Slope sleep vs depressive cluster on escitalopram 0.1228 0.02694 0.06995 0.1756 4.56 0.0003 

Slope sleep vs depressive cluster on fluoxetine 0.2778 0.05196 0.1759 0.3797 5.35 0.0003 

Slope sleep vs depressive cluster on paroxetine 0.2551 0.02369 0.2087 0.3016 10.77 0.0003 

Slope sleep vs depressive cluster on placebo 0.1501 0.01746 0.1159 0.1844 8.6 0.0003 

Slope sleep vs atypical cluster on duloxetine high -0.03159 0.01443 -0.05988 -0.0033 -2.19 0.0532 

Slope sleep vs atypical cluster on duloxetine low -0.08093 0.01871 -0.1176 -0.04423 -4.32 0.0003 

Slope sleep vs atypical cluster on escitalopram -0.1224 0.02352 -0.1685 -0.07625 -5.2 0.0003 

Slope sleep vs atypical cluster on fluoxetine -0.03394 0.04444 -0.1211 0.05323 -0.76 0.5554 

Slope sleep vs atypical cluster on paroxetine -0.03829 0.02067 -0.07882 0.002244 -1.85 0.1077 

Slope sleep vs atypical cluster on placebo -0.03333 0.01518 -0.06309 -0.00356 -2.2 0.053 

Slope depressive vs atypical cluster on duloxetine high -0.2865 0.01466 -0.3153 -0.2578 -19.55 0.0003 

Slope depressive vs atypical cluster on duloxetine low -0.2616 0.01901 -0.2989 -0.2243 -13.76 0.0003 

Slope depressive vs atypical cluster on escitalopram -0.2452 0.02388 -0.292 -0.1983 -10.27 0.0003 

Slope depressive vs atypical cluster on fluoxetine -0.3117 0.04508 -0.4001 -0.2233 -6.91 0.0003 

Slope depressive vs atypical cluster on paroxetine -0.2934 0.02102 -0.3346 -0.2522 -13.96 0.0003 

Slope depressive vs atypical cluster on placebo -0.1835 0.01538 -0.2136 -0.1533 -11.93 0.0003 

Slope duloxetine high vs. duloxetine low in sleep cluster -0.08557 0.02305 -0.1308 -0.04037 -3.71 0.0005 

Slope duloxetine high vs. escitalopram in sleep cluster -0.07852 0.02689 -0.1312 -0.02579 -2.92 0.0079 

Slope duloxetine high vs. fluoxetine in sleep cluster -0.1063 0.04694 -0.1984 -0.01424 -2.26 0.0459 

Slope duloxetine high vs. paroxetine in sleep cluster -0.03476 0.02459 -0.08299 0.01347 -1.41 0.2258 

Slope duloxetine high vs. placebo in sleep cluster -0.103 0.02051 -0.1432 -0.06278 -5.02 0.0003 

Slope duloxetine low vs. escitalopram in sleep cluster 0.007048 0.0292 -0.05022 0.06431 0.24 0.8642 

Slope duloxetine low vs. fluoxetine in sleep cluster -0.02073 0.0483 -0.1155 0.074 -0.43 0.7446 

Slope duloxetine low vs. paroxetine in sleep cluster 0.05081 0.0271 -0.00234 0.104 1.87 0.1053 

Slope duloxetine low vs. placebo in sleep cluster -0.01744 0.02347 -0.06345 0.02858 -0.74 0.565 

Slope escitalopram vs. fluoxetine in sleep cluster -0.02778 0.05025 -0.1263 0.07077 -0.55 0.687 

Slope escitalopram vs. paroxetine in sleep cluster 0.04376 0.03044 -0.01593 0.1035 1.44 0.2208 

Slope escitalopram vs. placebo in sleep cluster -0.02449 0.02725 -0.07792 0.02895 -0.9 0.4792 

Slope fluoxetine vs. paroxetine in sleep cluster 0.07154 0.04906 -0.02467 0.1678 1.46 0.2148 

Slope fluoxetine vs. placebo in sleep cluster 0.003295 0.04715 -0.08917 0.09576 0.07 0.9443 

Slope paroxetine vs. placebo in sleep cluster -0.06825 0.02499 -0.1172 -0.01925 -2.73 0.0137 

Slope duloxetine high vs. duloxetine low in depressive cluster -0.1598 0.02932 -0.2173 -0.1023 -5.45 0.0003 

Slope duloxetine high vs. escitalopram in depressive cluster -0.2107 0.03419 -0.2777 -0.1436 -6.16 0.0003 

Slope duloxetine high vs. fluoxetine in depressive cluster -0.08345 0.06037 -0.2018 0.03494 -1.38 0.2364 

Slope duloxetine high vs. paroxetine in depressive cluster -0.03458 0.0313 -0.09597 0.02681 -1.1 0.3611 

Slope duloxetine high vs. placebo in depressive cluster -0.2078 0.02612 -0.259 -0.1566 -7.95 0.0003 

Slope duloxetine low vs. escitalopram in depressive cluster -0.05082 0.03709 -0.1236 0.02191 -1.37 0.239 

Slope duloxetine low vs. fluoxetine in depressive cluster 0.07639 0.06206 -0.04531 0.1981 1.23 0.3025 

Slope duloxetine low vs. paroxetine in depressive cluster 0.1253 0.03445 0.0577 0.1928 3.64 0.0008 

Slope duloxetine low vs. placebo in depressive cluster -0.04797 0.02982 -0.1065 0.01052 -1.61 0.1699 

Slope escitalopram vs. fluoxetine in depressive cluster 0.1272 0.0645 0.000724 0.2537 1.97 0.0864 
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Slope escitalopram vs. paroxetine in depressive cluster 0.1761 0.03868 0.1002 0.2519 4.55 0.0003 

Slope escitalopram vs. placebo in depressive cluster 0.002858 0.03462 -0.06503 0.07074 0.08 0.9431 

Slope fluoxetine vs. paroxetine in depressive cluster 0.04887 0.06302 -0.07472 0.1725 0.78 0.5521 

Slope fluoxetine vs. placebo in depressive cluster -0.1244 0.06061 -0.2432 -0.00549 -2.05 0.0725 

Slope paroxetine vs. placebo in depressive cluster -0.1732 0.03177 -0.2355 -0.1109 -5.45 0.0003 

Slope duloxetine high vs. duloxetine low in atypical cluster -0.1349 0.01663 -0.1675 -0.1023 -8.11 0.0003 

Slope duloxetine high vs. escitalopram in atypical cluster -0.1693 0.01938 -0.2073 -0.1313 -8.74 0.0003 

Slope duloxetine high vs. fluoxetine in atypical cluster -0.1087 0.03274 -0.1729 -0.04443 -3.32 0.0022 

Slope duloxetine high vs. paroxetine in atypical cluster -0.04146 0.01773 -0.07622 -0.0067 -2.34 0.0388 

Slope duloxetine high vs. placebo in atypical cluster -0.1047 0.01469 -0.1335 -0.07594 -7.13 0.0003 

Slope duloxetine low vs. escitalopram in atypical cluster -0.0344 0.02113 -0.07584 0.007045 -1.63 0.1654 

Slope duloxetine low vs. fluoxetine in atypical cluster 0.02626 0.03381 -0.04006 0.09257 0.78 0.5521 

Slope duloxetine low vs. paroxetine in atypical cluster 0.09345 0.01963 0.05495 0.1319 4.76 0.0003 

Slope duloxetine low vs. placebo in atypical cluster 0.03016 0.01694 -0.00306 0.06339 1.78 0.1247 

Slope escitalopram vs. fluoxetine in atypical cluster 0.06065 0.03525 -0.00848 0.1298 1.72 0.1399 

Slope escitalopram vs. paroxetine in atypical cluster 0.1278 0.02201 0.08468 0.171 5.81 0.0003 

Slope escitalopram vs. placebo in atypical cluster 0.06456 0.01965 0.02603 0.1031 3.29 0.0024 

Slope fluoxetine vs. paroxetine in atypical cluster 0.06719 0.03437 -0.00021 0.1346 1.96 0.0887 

Slope fluoxetine vs. placebo in atypical cluster 0.003908 0.0329 -0.06063 0.06845 0.12 0.9335 

Slope paroxetine vs. placebo in atypical cluster -0.06328 0.01802 -0.09863 -0.02794 -3.51 0.0013 
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Effect size estimates for comparative efficacy analyses 
 
To interpret the magnitude of differences between drugs, we calculate an effect size (ES), measured in raw rating scale 
points, that reflects the difference between treatments in reducing the overall severity of a symptom cluster. To calculate the 
effect size, we multiplied each slope contrast by the natural log of treatment duration, and multiplied it by the number of 
symptoms in each cluster. For example, in this study, high-dose duloxetine was significantly better than escitalopram at 
treating atypical symptoms, such that patient’s total improvement in atypical severity was on average 1.9 HAM-D points 
greater on high-dose duloxetine than escitalopram (ES = 1.9, 95% CI = [1.4, 2.3], FDR corrected p<0.0003).  
 
All effect sizes for slope contrasts are presented below, along with upper and lower bounds of the 95% confidence interval, 
for the two analyses. 
 
 

eTable 6.  Effect Size (Total Cluster Severity, Measured in QIDS Units) 

Label ES Lower Upper t value FDR-p 

Slope BUP vs CIT in core emotional -0.719 -1.284 -0.155 -2.50 0.026 

Slope BUP vs ESC in core emotional -0.476 -1.240 0.288 -1.22 0.348 

Slope BUP vs VEN in core emotional -0.344 -1.114 0.425 -0.88 0.507 

Slope CIT vs ESC in core emotional 0.243 -0.309 0.795 0.86 0.507 

Slope CIT vs VEN in core emotional 0.375 -0.185 0.935 1.31 0.324 

Slope ESC vs VEN in core emotional 0.132 -0.628 0.892 0.34 0.774 

Slope BUP vs CIT in atypical -0.125 -0.408 0.158 -0.86 0.507 

Slope BUP vs ESC in atypical -0.052 -0.431 0.327 -0.27 0.816 

Slope BUP vs VEN in atypical -0.237 -0.620 0.145 -1.22 0.348 

Slope CIT vs ESC in atypical 0.073 -0.202 0.348 0.52 0.688 

Slope CIT vs VEN in atypical -0.113 -0.392 0.167 -0.79 0.525 

Slope ESC vs VEN in atypical -0.186 -0.562 0.191 -0.97 0.488 

Slope BUP vs CIT in sleep -0.718 -1.119 -0.317 -3.51 0.001 

Slope BUP vs ESC in sleep -0.158 -0.701 0.386 -0.57 0.669 

Slope BUP vs VEN in sleep 0.670 0.123 1.217 2.40 0.032 

Slope CIT vs ESC in sleep 0.560 0.168 0.953 2.80 0.012 

Slope CIT vs VEN in sleep 1.388 0.990 1.786 6.84 0.000 

Slope ESC vs VEN in sleep 0.828 0.287 1.370 3.00 0.007 
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eTable 7.  Effect Size (Total Cluster Severity, in HAM-D Units) 

Label ES Lower Upper t value FDR-p 
Slope duloxetine high vs. duloxetine low in sleep cluster -0.752 -1.150 -0.355 -3.71 0.0005 

Slope duloxetine high vs. escitalopram in sleep cluster -0.690 -1.153 -0.227 -2.92 0.0079 

Slope duloxetine high vs. fluoxetine in sleep cluster -0.934 -1.744 -0.125 -2.26 0.0459 

Slope duloxetine high vs. paroxetine in sleep cluster -0.306 -0.729 0.118 -1.41 0.2258 

Slope duloxetine high vs. placebo in sleep cluster -0.905 -1.259 -0.552 -5.02 0.0003 

Slope duloxetine low vs. escitalopram in sleep cluster 0.062 -0.441 0.565 0.24 0.8642 

Slope duloxetine low vs. fluoxetine in sleep cluster -0.182 -1.015 0.650 -0.43 0.7446 

Slope duloxetine low vs. paroxetine in sleep cluster 0.447 -0.021 0.914 1.87 0.1053 

Slope duloxetine low vs. placebo in sleep cluster -0.153 -0.558 0.251 -0.74 0.565 

Slope escitalopram vs. fluoxetine in sleep cluster -0.244 -1.110 0.622 -0.55 0.687 

Slope escitalopram vs. paroxetine in sleep cluster 0.385 -0.140 0.910 1.44 0.2208 

Slope escitalopram vs. placebo in sleep cluster -0.215 -0.685 0.254 -0.9 0.4792 

Slope fluoxetine vs. paroxetine in sleep cluster 0.629 -0.217 1.475 1.46 0.2148 

Slope fluoxetine vs. placebo in sleep cluster 0.029 -0.784 0.842 0.07 0.9443 

Slope paroxetine vs. placebo in sleep cluster -0.600 -1.030 -0.169 -2.73 0.0137 

Slope duloxetine high vs. duloxetine low in depressive cluster -1.756 -2.387 -1.124 -5.45 0.0003 

Slope duloxetine high vs. escitalopram in depressive cluster -2.315 -3.051 -1.578 -6.16 0.0003 

Slope duloxetine high vs. fluoxetine in depressive cluster -0.917 -2.217 0.384 -1.38 0.2364 

Slope duloxetine high vs. paroxetine in depressive cluster -0.380 -1.054 0.295 -1.1 0.3611 

Slope duloxetine high vs. placebo in depressive cluster -2.283 -2.845 -1.720 -7.95 0.0003 

Slope duloxetine low vs. escitalopram in depressive cluster -0.558 -1.358 0.241 -1.37 0.239 

Slope duloxetine low vs. fluoxetine in depressive cluster 0.839 -0.498 2.176 1.23 0.3025 

Slope duloxetine low vs. paroxetine in depressive cluster 1.377 0.634 2.118 3.64 0.0008 

Slope duloxetine low vs. placebo in depressive cluster -0.527 -1.170 0.116 -1.61 0.1699 

Slope escitalopram vs. fluoxetine in depressive cluster 1.397 0.008 2.787 1.97 0.0864 

Slope escitalopram vs. paroxetine in depressive cluster 1.935 1.101 2.767 4.55 0.0003 

Slope escitalopram vs. placebo in depressive cluster 0.031 -0.714 0.777 0.08 0.9431 

Slope fluoxetine vs. paroxetine in depressive cluster 0.537 -0.821 1.895 0.78 0.5521 

Slope fluoxetine vs. placebo in depressive cluster -1.367 -2.672 -0.060 -2.05 0.0725 

Slope paroxetine vs. placebo in depressive cluster -1.903 -2.587 -1.218 -5.45 0.0003 

Slope duloxetine high vs. duloxetine low in atypical cluster -1.482 -1.840 -1.124 -8.11 0.0003 

Slope duloxetine high vs. escitalopram in atypical cluster -1.860 -2.277 -1.442 -8.74 0.0003 

Slope duloxetine high vs. fluoxetine in atypical cluster -1.194 -1.900 -0.488 -3.32 0.0022 

Slope duloxetine high vs. paroxetine in atypical cluster -0.455 -0.837 -0.074 -2.34 0.0388 

Slope duloxetine high vs. placebo in atypical cluster -1.150 -1.467 -0.834 -7.13 0.0003 

Slope duloxetine low vs. escitalopram in atypical cluster -0.378 -0.833 0.077 -1.63 0.1654 

Slope duloxetine low vs. fluoxetine in atypical cluster 0.288 -0.440 1.017 0.78 0.5521 

Slope duloxetine low vs. paroxetine in atypical cluster 1.027 0.604 1.449 4.76 0.0003 

Slope duloxetine low vs. placebo in atypical cluster 0.331 -0.034 0.696 1.78 0.1247 

Slope escitalopram vs. fluoxetine in atypical cluster 0.666 -0.093 1.426 1.72 0.1399 

Slope escitalopram vs. paroxetine in atypical cluster 1.404 0.930 1.879 5.81 0.0003 

Slope escitalopram vs. placebo in atypical cluster 0.709 0.286 1.133 3.29 0.0024 

Slope fluoxetine vs. paroxetine in atypical cluster 0.738 -0.002 1.479 1.96 0.0887 

Slope fluoxetine vs. placebo in atypical cluster 0.043 -0.666 0.752 0.12 0.9335 

Slope paroxetine vs. placebo in atypical cluster -0.695 -1.084 -0.307 -3.51 0.0013 
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Supplementary machine learning results 
 
eTable 8. GBM Model Performance in STAR*D During Repeated 10-fold Cross validation. 
 
 

Supp. Table 8 Core Emotional Atypical Sleep/Insomnia 

Performance metrics   

RMSE (sd) 3.06 (0.165) 1.56 (0.087) 2.15 (0.093) 

R-squared (sd) 14.5% (4.6%) 15.1% (5.3%) 19.6% (5.0%) 

p-value 
[permutation] 

<0.01 <0.01 <0.01 

Key Parameters 
Shrinkage: 0.01 
Interaction depth: 2 
# Trees: 760 

Shrinkage: 0.1 
Interaction depth: 1 
# Trees: 310 

Shrinkage: 0.05 
Interaction depth: 2 
# Trees: 160 

 
 
NB: Figure 3 in the main manuscript illustrates the pattern of cross-trial (external validation) performance for these three 
symptom cluster models.  
 
 
eTable9. Performance of a Simplified Analysis Pipeline (Combined Elastic Net and GLM) in STAR*D During 
Repeated 10-fold Cross validation. These models performed similarly to the GBM pipeline in terms of RMSE and R2 in the 
STAR*D cohort. 
 
 

Supp. Table 9 Core Emotional Atypical Sleep/Insomnia 

Performance Metrics   

RMSE (sd) 3.00 (0.157) 1.55 (0.077) 2.15 (0.084) 

R-squared (sd) 14.9% (4.8%) 14.7% (5.1%) 19.4% (4.4%) 

p-value 
[permutation] 

<0.01 <0.01 <0.01 
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eFigure 11.  Illustrating the external validation of our simplified analysis pipeline. The simplified analysis pipeline 
generalized better in predicting symptom cluster outcomes in COMED, but was no longer specific to predicting outcomes for 
patients who took similar drugs to the training sample.  
 
 
 
 

 
Supplementary machine learning discussion (following from main manuscript) 
 
It remains unclear why our original predictive modeling pipeline did not generalize well for cluster-level outcomes. It is 
possible that modeling cluster-level outcomes may be more susceptible to issues of inductive bias, since the selection of any 
machine learning algorithm necessarily introduces a bias in the types of associations (e.g. linear, non-linear) that can be 
learned. In line with this, we found that a modified pipeline using a less complex model generalized better for all three 
symptom clusters, but was no longer specific to predicting outcomes for treatments with similar pharmacological mechanism 
(eFigure 11). Although it was not the focus of the present study, it remains possible that once outcomes are decomposed into 
symptom clusters, certain symptom profiles will be predicted to have certain outcomes regardless of treatment intervention. 
Alternatively, cluster-level outcomes may be less reliable (and thus harder to predict), or require a greater volume of training 
data in order to learn reliable relationships between information observable at baseline and outcomes. 
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R Package Citations 
 
This manuscript relied heavily on a number of user-written R packages, credited below. 
 
High Performance Computing: 

 
Revolution Analytics (2014). doMC: Foreach parallel adaptor for the multicore package. R package version 1.3.3. 
http://CRAN.R-project.org/package=doMC 

 
Plotting/visualisation tools and data manipulation: 
 

H. Wickham. ggplot2: elegant graphics for data analysis. Springer New York, 2009. 
 
Erich Neuwirth (2014). RColorBrewer: ColorBrewer Palettes. R package version 1.1-2. http://CRAN.R-
project.org/package=RColorBrewer 
 
Hadley Wickham and Romain Francois (2015). dplyr: A Grammar of Data Manipulation. R package version 0.4.2. 
https://cran.r-project.org/web/packages/dplyr/index.html 
 
Paul Fitzpatrick and Edwin de Jonge (2015). daff: Diff, Patch and Merge for Data.frames. R package version 0.1.4. 
http://CRAN.R-project.org/package=daff 
 

 
Statistical Packages: 
 

Douglas Bates, Martin Maechler, Ben Bolker, Steve Walker (2015). Fitting Linear Mixed-Effects Models Using 
  lme4. Journal of Statistical Software, 67(1), 1-48. doi:10.18637/jss.v067.i01. 
 
Pinheiro J, Bates D, DebRoy S, Sarkar D and R Core Team (2015). nlme: Linear and Nonlinear Mixed Effects 
  Models. R package version 3.1-122, <URL: http://CRAN.R-project.org/package=nlme>. 
 
Vincent J Carey. Ported to R by Thomas Lumley and Brian Ripley. (2015). gee: Generalized Estimation Equation 
  Solver. R package version 4.13-19. http://CRAN.R-project.org/package=gee 
 
Greg Ridgeway with contributions from others (2015). gbm: Generalized Boosted Regression Models. R package 
version 2.1.1. http://CRAN.R-project.org/package=gbm 
 
Jerome Friedman, Trevor Hastie, Robert Tibshirani (2010). Regularization Paths for Generalized Linear Models via 
Coordinate Descent. Journal of Statistical Software, 33(1), 1-22. URL http://www.jstatsoft.org/v33/i01/. 

 
Maechler, M., Rousseeuw, P., Struyf, A., Hubert, M., Hornik, K. (2016).  cluster: Cluster Analysis Basics and 
  Extensions. R package version 2.0.5. 
 
Peter Langfelder, Bin Zhang and with contributions from Steve Horvath (2014). dynamicTreeCut:   Methods for 
  detection of clusters in hierarchical clustering dendrograms.. R package version 1.62. http://CRAN.R-
project.org/package=dynamicTreeCut 
 
Paradis E., Claude J. & Strimmer K. 2004. APE: analyses of phylogenetics and evolution in R language. 
Bioinformatics 20: 289-290. 

 
Machine Learning Framework:  
 

Max Kuhn. Contributions from Jed Wing, Steve Weston, Andre Williams, Chris Keefer, Allan Engelhardt, Tony 
Cooper, Zachary Mayer, Brenton Kenkel, the R Core Team, Michael Benesty, Reynald Lescarbeau, Andrew Ziem 
and Luca Scrucca. (2015). caret: Classification and Regression Training. R package version 6.0-52. http://CRAN.R-
project.org/package=caret 
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Clinical decision support implementation 
 
A key factor in the uptake of clinical decision support tools is their accessibility. With this in mind, we will release a clinical 
decision support tool to help translate these findings into practice alongside the present manuscript. From the patients 
perspective, they will be able to complete a brief questionnaire from any web-browser (dynamically resized according to the 
device used). The device will return a brief report providing some insight into their symptom profile, and recommend 
treatments that are maximally effective in treating their worst symptom cluster. The patient’s symptoms will also be 
benchmarked to broader distributions of symptoms observed in these and other data sets, in order to give the patient and the 
clinician a sense of how severe their symptoms are in each cluster relative to the broader population (returned as a percentile 
score).  
 
In combination, this tool may offer an additional source of information for clinicians when they select an antidepressant 
medication, that they can integrate along with other clinical concerns (e.g. side effects, medication tolerability, drug-drug 
interactions, and patient preference). Some elements of the report are “fully personalized” to the individual patient (e.g. 
predictions of overall efficacy for citalopram and escitalopram), while others are based on group level effects of various 
treatments on different symptom clusters. This does still afford some level of “personalization”, to the extent that medications 
can be selected by first identifying the most problematic symptom cluster for a patient, and then next recommending 
medications according to the best group-level improvement observed for that symptom cluster. In addition, other elements of 
peer reviewed literature are included in the report, including elements of treatment guidelines from the American Psychiatric 
Association and the British Association of Psychopharmacology, and results of formal meta-analyses that are already 
published.  
 
The questionnaire is implemented in Ruby on Rails, and hosted on a cloud-based server that is encrypted-at-rest and fully 
HIPAA compliant. Patient responses are transferred using SSL, analyzed in real time, and a report is compiled and sent 
either: to the clinician (via email, or via the Electronic Medical Record) if the patient is in the waiting room of a clinic; or 
returned to the device if the patient completes the test of their own volition. The tool is implemented by Spring Healthcare, a 
behavioral health startup based in New York City, NY, USA. 
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eTable 10. Complete Variable List 
 
The following information (i.e. 164 variables/features) was extracted from both STAR*D and COMED trial databases for use 
in predictive analyses. The majority of items are binary endorsements of a question (1= “Yes”, 0=”No”), given a timescale 
over which the question applied.  
 
 
 
Code Time 

scale 
Questionnaire Item 

Sex  1= male 2=female 
Age  Rounded to nearest year 
Hspnc  Hispanic? 
White  White? 
Black  Black or African American? 
Asian  Asian? 
Amind  American Indian or Alaskan native? 
School  Years of education (12=graduated high school) 
Employment  If unemployed, score 0, else score 1. 
DSMDM  Depressed mood most of the day, nearly every day 
DSMDI  Markedly diminished interest or pleasure in all, or almost all, activities most of the day, nearly every day 
DSMCW  Significant weight loss while not dieting, or decrease or increase in appetite nearly every day 
DSMIH  Insomnia or hypersomnia nearly every day 
DSMPA  Psychomotor agitation or retardation nearly every day 
DSMLE  Fatigue or loss of energy nearly every day 
DSMFW  Feelings of worthlessness, or excessive or inappropriate guilt nearly every day 
DSMDT  Diminished ability to think or concentrate, or indecisiveness nearly every day 
DSMTD  Recurrent thoughts of death, recurrent suicidal ideation, or suicide attempt  
dage  Age at onset of first MDE 
epino  Number of previous MDEs 
Anorexia  Diagnosed with Anorexia? 
Bulimia  Diagnosed with Bulimia? 
OCD_PHX Ever Diagnosed with OCD? 
LEX_EV Ever Ever taken Lexapro/ESC? 
EFF_EV Ever Ever taken Effexor/VEN? 
WEL_EV Ever Ever taken Wellbutrin/BUP? 
CEL_EV Ever Ever taken Celexa/CIT? 
PROZ_EV Ever Ever taken Prozac/Fluoxetine? 
PAX_EV Ever Ever taken Paxil/Paroxetine? 
ZOL_EV Ever Ever taken Zoloft/Sertraline? 
SSOIN   QIDS - Sleep onset insomnia  
SMNIN   QIDS - Mid-nocturnal insomnia  
SEMIN   QIDS - Early morning insomnia  
SHYSM   QIDS - Hypersomnia  
SMDSD   QIDS - Mood (sad)  
SAPDC   QIDS - Appetite (decreased)  
SAPIN   QIDS - Appetite (increased)  
SWTDC   QIDS - Weight (decrease) last 2 weeks  
SWTIN   QIDS - Weight (increase) last 2 weeks  
SCNTR   QIDS - Concentration/decision making  
SVWSF   QIDS - Outlook (self)  
SSUIC   QIDS - Suicidal ideation  
SINTR  QIDS - Involvement 
SENGY  QIDS – Energy/Fatigability 
SSLOW  QIDS – Psychomotor slowing 
SAGIT  QIDS – Psychomotor agitation 
QSTOT  QIDS total (scored manually as instructed) 
*QSTOT.2  *QIDS total measured 2-weeks post baseline (supplementary analysis only) 
HMDSD   HRS Depressed mood  
HVWSF   HRS Guilt feelings and delusions  
HSUIC   HRS Suicide  
HSOIN   HRS Initial insomnia  
HMNIN   HRS Middle insomnia  
HEMIN   HRS Delayed insomnia  
HINTR   HRS Work and interests  
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HSLOW   HRS Retardation  
HAGIT   HRS Agitation  
HPANX   HRS Psychic anxiety  
HSANX   HRS Somatic anxiety  
HAPPT   HRS Appetite  
HENGY   HRS Somatic energy  
HSEX   HRS Libido  
HHYPC   HRS Hypochondriasis  
HINSG   HRS Loss of insight  
HWL  HRS Weight loss 
HDTOT_R  HRS Total Score  
TREXP 2Y Have you ever experienced a traumatic event such as combat, rape, assault, sexual abuse, or any other extremely upsetting 

event? 
TRWIT 2Y Have you ever witnessed a traumatic event such as rape, assault, someone dying in an accident, or any other extremely 

upsetting event?  
TETHT 2W Did thoughts about a traumatic event frequently pop into your mind? 
TEUPS 2W Did you frequently get upset because you were thinking about a traumatic event? 
TEMEM 2W Were you frequently still bothered by memories or dreams of a traumatic event? 
TEDIS 2W Did reminders of a traumatic event cause you to feel intense distress? 
TEBLK 2W Did you try to block out thoughts or feelings related to a traumatic event? 
TERMD 2W Did you try to avoid activities, places, or people that reminded you of a traumatic event? 
TEFSH 2W Did you have "flashbacks," where it felt like you were reliving a traumatic event? 
TESHK 2W Did reminders of a traumatic event make you shake, break out into a sweat, or have a racing heart? 
TEDST 2W Did you feel distant and cutoff from other people because of having experienced a traumatic event? 
TENMB 2W Did you feel emotionally numb because of having experienced a traumatic event? 
TEGUG 2W Did you give up on goals for the future because of having experienced a traumatic event? 
TEGRD 2W Did you keep your guard up because of having experienced a traumatic event? 
TEJMP 2W Were you jumpy and easily startled because of having experienced a traumatic event? 
EBNGE 2Y Did you often go on eating binges (eating a very large amount of food very quickly over a short period of time)? 
EBCRL 2Y Did you often feel you could not control how much you were eating during a eating binge? 
EBFL 2Y Did you go on eating binges during which you ate so much that you felt uncomfortably full? 
EBHGY 2Y Did you go on eating binges during which you ate a large amount of food even when you didn't feel hungry? 
EBALN 2Y Did you eat alone during an eating binge because you were embarrassed by how much you were eating? 
EBDSG 2Y Did you go on eating binges and then feel disgusted with yourself after overeating? 
EBUPS 2Y Were you very upset with yourself because you were going on eating binges? 
EBDT 2Y To prevent gaining weight from an eating binge did you go on strict diets, or exercise excessively? 
EBVMT 2Y To prevent gaining weight from an eating binge did you force yourself to vomit, or use laxatives or water pills? 
EBWGH 2Y Was your weight or the shape of your body one of the most important things that affected your opinion of yourself? 
OBGRM 2W Did you worry obsessively about dirt, germs, or chemicals? 
OBFGT 2W Did you worry obsessively that something bad would happen because you forgot to do something important - like locking 

the door, turning off the stove, pulling out the electrical cords of appliances, etc? 
OBVLT 2W Did you worry obsessively that you would act or speak violently when you really didn't want to? 
OBSTP 2W Were there things you felt compelled to do over and over (for at least 1/2 hour per day) that you could not stop doing when 

you tried? 
OBINT 2W Were there things you felt compelled to do over and over even though it interfered with getting other things done? 
OBCLN 2W Did you wash and clean yourself or things around you obsessively and excessively? 
OBRPT 2W Did you obsessively and excessively check or repeat things over and over again? 
OBCNT 2W Did you count things obsessively and excessively? 
ANHRT 2W Did you get very scared because your heart was beating fast? 
ANBRT 2W Did you get very scared because you were short of breath? 
ANSHK 2W Did you get very scared because you were feeling shaky or faint? 
ANRSN  2W Did you get sudden attacks of very intense anxiety or fear that came on from out of the blue, for no reason at all? 
ANCZY  2W Did you get sudden attacks of very intense anxiety or fear during which you thought something terrible might happen, such 

as you might die, go crazy, or lose control? 
ANSYM  2W Did you have sudden, unexpected attacks of anxiety during which you had 3 or more of�the following symptoms: heart 

racing or pounding, sweating, shakiness, shortness of breath nausea, dizziness, or feeling faint? 
ANWOR  2W Did you worry a lot about having unexpected anxiety attacks? 
ANAVD  2W Did you have attacks of anxiety that caused you to avoid certain situations or to change your behavior or normal routine? 
FRAVD  6M Did you regularly avoid any situations because you were afraid you'd have an anxiety attack in the situation? 
FRFAR  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 

in the situation? Going outside far away from home 
FRCWD  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 

in the situation? Being in crowded places 
FRLNE  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 

in the situation? Standing in long lines 
FRBRG  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 

in the situation? Being on a bridge or in a tunnel 
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FRBUS  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 
in the situation? Traveling in a bus, train, or plane� 

FRCAR  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 
in the situation? Driving or riding in a car 

FRALO  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 
in the situation? Being home alone 

FROPN  6M Did any of the following make you feel fearful, anxious, or nervous because you were afraid you'd have an anxiety attack 
in the situation? Being in wide open spaces (like a park) 

FRANX  6M Did you almost always get very anxious as soon as you were in any of the above situations? 
FRSIT  6M Did you avoid any of the above situations because they make you feel anxious or fearful? 
EMWRY  6M Did you worry a lot about embarrassing yourself in front of others? 
EMSTU  6M Did you worry a lot that you might do something to make people think that you were stupid or foolish?  
EMATN  6M Did you feel very nervous in situations where people might pay attention to you? 
EMSOC  6M Were you extremely nervous in social situations? 
EMAVD  6M Did you regularly avoid any situations because you were afraid you'd do or say something to embarrass yourself? 
EMSPK  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Public 

speaking 
EMEAT  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Eating in 

front of other people 
EMUPR  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Using public 

restrooms 
EMWRT  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Writing in 

front of others 
EMSTP  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Saying 

something stupid when you’re with a group of people 
EMQST  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Asking a 

question when in a group of people 
EMBMT  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Business 

meetings 
EMPTY  6M Did you worry a lot about doing or saying something to embarrass yourself in any of the following situations? Parties or 

other social gatherings 
EMANX  6M Did you almost always get very anxious as soon as you were in any of the above situations? 
EMSIT  6M Did you avoid any of the above situations because they made you feel anxious or fearful? 
DKMCH  6M Did you think that you were drinking too much? 
DKFAM  6M Did anyone in your family think or say that you were drinking too much, or that you had an alcohol problem? 
DKFRD  6M Did friends, a doctor or anyone else think or say that you were drinking too much? 
DKCUT  6M Did you think about cutting down or limiting your drinking? 
DKPBM  6M Did you think that you had an alcohol problem? 
DKMGE  6M Because of your drinking did you have problems in your marriage, in your job, with your friends or family, doing 

household chores, or in any other important area of your life? 
DGMCH  6M Did you think that you were using drugs too much? 
DGFAM  6M Did anyone in your family think or say that you were using drugs too much, or that you had a drug problem? 
DGFRD  6M Did friends, a doctor or anyone else think or say that you were using drugs too much? 
DGCUT  6M Did you think about cutting down or limiting your drug use? 
DGPBM  6M Did you think that you had a drug problem? 
DGMGE  6M Because of your drug use did you have problems in your marriage, in your job, with your friends or family, doing 

household chores, or in any other important area of your life?  
WYNRV  6M Were you a nervous person on most days of the past 6 months? 
WYBAD  6M Did you worry a lot that bad things might happen to you or someone close to you? 
WYSDT  6M Did you worry about things that other people said you shouldn't worry about? 
WYDLY  6M Were you worried or anxious about a number of things in your daily life on most days of the past 6 months? 
WYRST  6M Did you often feel restless or on edge because you were worrying? 
WYSLP  6M Did you often have problems falling asleep because you were worrying about things? 
WYTSN  6M Did you often feel tension in your muscles because of anxiety or stress? 
WYCNT  6M Did you often have difficulty concentrating because your mind was on your worries? 
WYSNP  6M Were you often snappy or irritable because you were worrying or feeling stressed out? 
WYCRL  6M Was it hard for you to control or stop your worrying on most days of the past 6 months? 
PHSTM  6M Have you had a lot of stomach and intestinal problems such as nausea, vomiting, excessive gas, stomach bloating, or 

diarrhea? 
PHACH  6M Have you been bothered by aches and pains in many different parts of your body? 
PHSCK  6M Do you get sick more than most people? 
PHPR  6M Has your physical health been poor most of your life? 
PHCSE  6M Are your doctors usually not able to find a physical cause for your physical symptoms? 
WISER  6M Did you often worry that you might have a serious physical illness? 
WISTP  6M Was it hard to stop worrying that you have a serious physical illness? 
WIILL  6M Did your doctor say you didn't have a serious illness but it was still hard to stop thinking about it? 
WINTR  6M Did you worry so much about having a serious illness that it interfered with your activities or it caused you problems? 
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WIDR  6M Did you visit the doctor a lot because you were worried that you had a serious physical illness? 
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