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Abstract: BACKGROUND 

There is large variation in drug response in major depressive disorder 

(MDD). Machine learning methods allow us to study this variation and 

predict clinical outcomes such as remission/response, using depression 

severity measures with plasma metabolomic profiles.  

 

METHODS 

The Mayo PGRN-AMPS study treated 800 MDD patients with 

citalopram/escitalopram for 8 weeks, with genomic and blood drug level 

analyses at baseline, 4 and 8 weeks plus targeted electrochemistry-based 

metabolomics to measure 31 metabolites in tryptophan, tyrosine, purine 

and related pathways. Response was defined as 50% reduction in symptom 

severity and remission involved achieving a QIDS score 5 or a HDRS score 

7. Unsupervised (k-means clustering) and supervised (support vector 

machine) learning methods were used to identify patient subgroups and 

predict clinical outcomes, respectively.  

 

RESULTS 

Metabolomic profiles differed significantly between men and women at all 

time points. Three distinct clusters were identified in men and women 

separately at each time point (p<1.3E-09), and were validated using 

STAR*D data (p>0.8). Clustering behavior was associated with plasma 

metabolite concentrations, but not demographic and clinical factors or 

plasma drug levels. Machine learning prediction accuracies that included 

plasma metabolite concentrations were statistically significant for 

response: men-70%, women-88%, p<0.04; and remission: men-83%, women-75%, 

p< 0.004. Top predictor metabolites included several known to be 

associated with antidepressive response, including serotonin and 

metabolites of kynurenine and catecholamines.  

 



CONCLUSIONS 

Metabolites associated with acute SSRI response/remission differed in men 

and women.  Machine learning approaches that include metabolomic measures 

enable better prediction of outcomes in MDD patients treated with SSRIs. 
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ABSTRACT  

BACKGROUND  

There is large variation in drug response in major depressive disorder (MDD). Machine learning 

methods allow us to study this variation and predict clinical outcomes such as 

remission/response, using depression severity measures with plasma metabolomic profiles.  

METHODS 

The Mayo PGRN-AMPS study treated 800 MDD patients with citalopram/escitalopram for 8 

weeks, with genomic and blood drug level analyses at baseline, 4 and 8 weeks plus targeted 

electrochemistry-based metabolomics to measure 31 metabolites in tryptophan, tyrosine, purine 

and related pathways. Response was defined as 50% reduction in symptom severity and 

remission involved achieving a QIDS score 5 or a HDRS score 7. Unsupervised (k-means 

clustering) and supervised (support vector machine) learning methods were used to identify 

patient subgroups and predict clinical outcomes, respectively.  

RESULTS 

Metabolomic profiles differed significantly between men and women at all time points. Three 

distinct clusters were identified in men and women separately at each time point (p<1.3E-09), 

and were validated using STAR*D data (p>0.8). Clustering behavior was associated with plasma 

metabolite concentrations, but not demographic and clinical factors or plasma drug levels. 

Machine learning prediction accuracies that included plasma metabolite concentrations were 

statistically significant for response: men–70%, women–88%, p<0.04; and remission: men–83%, 

women–75%, p< 0.004. Top predictor metabolites included several known to be associated with 

antidepressive response, including serotonin and metabolites of kynurenine and catecholamines.  

CONCLUSIONS 
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Metabolites associated with acute SSRI response/remission differed in men and women.  

Machine learning approaches that include metabolomic measures enable better prediction of 

outcomes in MDD patients treated with SSRIs. 
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INTRODUCTION  

Major depressive disorder (MDD) affects over 350 million people worldwide (1, 2) and is a 

leading cause of disease burden and disability worldwide (3). MDD symptoms can often be 

managed with appropriate pharmacotherapy and targeted psychotherapy (4-6). However, 

antidepressant medications such as selective serotonin reuptake inhibitors (SSRIs)—the most 

widely prescribed first-line pharmacotherapy for MDD in adults—often require several weeks to 

take effect, and treatment choices are often made on a “trial and error” basis (7).  Unfortunately, 

only about half of MDD patients respond (achieve a 50% reduction in depressive symptoms) to 

an initial therapeutic trial of SSRIs after 8 weeks of therapy (8), and an even lower proportion of 

SSRI-treated patients (25%-40%) achieve remission (near-absence of depressive symptoms) (8).  

Further complicating the wide inter-individual variability in SSRI treatment response is the fact 

that there are currently no validated biomarkers or other indicators that can be used to predict 

antidepressant treatment outcomes.  Previous research has identified a series of factors associated 

with worse SSRI treatment outcomes including low socioeconomic status (9); low educational 

attainment (10); earlier age of depressive illness onset (11); comorbid psychiatric, personality, 

substance use disorders (12-14); anxious symptoms (15); and longer duration of the current 

depressive episode (16, 17). However, these factors do not have sufficient predictive validity to 

guide clinical decision making. There is currently no evidence-based approach to select the 

antidepressant that is most likely to be of benefit for an individual patient, and underlying 

molecular mechanisms that drive inter-individual variation in clinical outcomes are poorly 

understood. A predictive algorithm for SSRI response that includes biological information might 

help to enhance our understanding of mechanisms responsible for variation in medication effect 

as well as the underlying pathophysiology of MDD—thus using SSRIs as “molecular probes.” 
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For example, in previous studies, we have used “pharmacometabolomics” to guide and inform 

“pharmacogenomics” studies to make it possible to identify novel genes and SNPs associated 

with SSRI response (42).  Machine learning methods offer promising, data-driven approaches 

that can be used in an attempt to identify clinically useful predictors of antidepressant response. 

Unlike traditional logistic regression modeling approaches that test the independent predictive 

effects of individual variables on a given outcome, computational learning methods optimize 

predictions by integrating all available information across a wide range of variables. This type of 

approach has already been applied to data sets from large randomized trials of MDD 

antidepressant therapy to help predict therapeutic outcomes (9, 18, 19). For example, Chekroud 

et.al. used a variety of demographic and clinical variables derived from 1,985 participants in the 

first phase of the Sequenced Treatment Alternatives to Relieve Depression (STAR*D) trial (8) 

and 476 patients from the Combining Medications to Enhance Depression Outcomes (COMED) 

trial (20) to predict clinical remission after 12 weeks of citalopram treatment (21). The accuracy 

of their machine learning model for predicting remission was 65%. This result was statistically 

significant with an acknowledgement by authors recognizing the absence of biologically-based 

variables (22) from the predictive algorithms.  As a result, in addition to the use of machine 

learning techniques, we included metabolomic data in the analyses that are described 

subsequently.   

 

Advances in computational and analytical tool development have enabled the adoption of a 

systems approach to clinical pharmacology, in part, by enabling the integration of high-

dimensional, patient-specific metabolic signature (or “metabotype”) data that may serve as 

biomarkers for eventual response to antidepressant therapy (23) with other important patient-
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specific characteristics and clinical response data. MDD prevalence rates and treatment response 

patterns vary according to sex, and the metabolome clearly varies between men and women (24) 

in the general population.  Furthermore, previous work has shown that plasma metabolites are 

also clearly altered in MDD patients as compared to healthy controls (25-32) and specific 

metabolites have been associated with MDD severity (33) and clinical outcomes after 

antidepressant treatment (34-37). These findings suggest that the integration of patient-specific 

metabotype data with other patient-specific clinical measures might enhance clinical outcomes 

prediction accuracies for machine learning models.  

 

Therefore, we have developed and tested a data-driven predictive model for MDD response and 

remission after 8 weeks of treatment with citalopram or escitalopram in adults using data from 

the Pharmacogenomics Research Network-Antidepressant Medical Pharmacogenomic (PGRN-

AMPS) study (38). The PGRN-AMPS trial involved both validated clinical assessments and 

blood sampling for genomic, metabolomic and plasma drug level analyses, which made it 

possible to construct predictive models that integrated demographic data, clinical response 

information from standardized questionnaires, biological measures such as metabolomics data 

for 31 plasma metabolites and plasma drug levels.  In the subsequent analysis, we initially 

observed that the biological profiles of MDD patients differed significantly between men and 

women and we then found that the addition of biological measures, ie. metabolomics data, 

significantly enhanced model prediction accuracies.  Included among those metabolites, not 

surprisingly, were plasma compounds like serotonin (5HT), kynurenine also a tryptophan 

metabolite and MHPG, a major metabolite of norepinephrine in the central nervous system.  
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METHODS  

Data Sources 

This study represents a secondary analysis of individual patient data from the PGRN-AMPS 

study (NCT 00613470), a study that has been described in detail previously (39).  PGRN-AMPS 

was designed to assess the clinical outcomes in adults (aged 18-84 years) with non-psychotic 

MDD in response to 4 and 8 weeks of open-label treatment with citalopram or escitalopram and 

to examine metabolomic and genomic factors associated with those outcomes.  Subjects were 

recruited from primary and specialty care settings in and near Rochester, MN from March 2005 

to May 2013. All psychiatric diagnoses were confirmed at the screening visit using modules A, 

B, and D of the Structured Clinical Interview for DSM-IV (SCID) administered by trained 

clinical research staff (40). Baseline assessment included structured patient-rated and clinician-

administered questionnaires to ascertain demographic variables (age at enrollment, sex, race) and 

clinical characteristics (body mass index [BMI, kg/m
2
], age at onset of first lifetime depressive 

episode, duration of current depressive episode, recurrent vs. single-episode depressive history, 

family psychiatric and substance use history, premenstrual (women only) or seasonal depression 

pattern, current involvement in psychotherapy, recent history of blood transfusions, and lifetime 

history of bariatric surgery. Blood samples for DNA, metabolomic and plasma drug level assays 

were obtained at baseline and at weeks 4 and 8.  

 

Data from the initial phase of the STAR*D trial (NCT 00021528) were used to validate 

depressive symptom response patterns found in the PGRN-AMPS study. Details regarding the 

inclusion and exclusion criteria for STAR*D have been published previously (8, 41). Briefly, the 

initial phase of STAR*D consisted of a large, 12-week randomized trial of citalopram for adults 
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(aged 18-75 years) with MDD conducted in the United States from June 2001 to April 2004. 

Subjects were recruited from primary and specialty care settings. Specifically, 788 subjects from 

STAR*D who had complete Phase 1 clinical response data and had provided DNA samples were 

utilized for the analyses described subsequently (9). 

 

The PGRN-AMPS and STAR*D study protocols were approved by the Institutional Review 

Boards of the Mayo Clinic, Rochester, MN and STAR*D participating study sites, respectively.  

All participants in both trials provided written informed consent.   

 

Plasma metabolomic and drug concentration assays 

Plasma metabolite concentrations were assayed using samples from 306 randomly selected 

PGRN-AMPS MDD patients who had samples obtained at baseline and after 4 and 8 weeks of 

SSRI therapy. As described previously (42), non-Caucasian patients and 10 non-adherent 

patients (as determined by plasma drug level assays) were excluded—leaving a total of 290 

patients. Samples were assayed using a high performance liquid chromatography (HPLC) 

electrochemical coulometric array (LCECA) platform. Supplementary Table 1 lists the 31 

metabolites assayed and their associated pathways.  Plasma drug and drug metabolite 

concentrations were also assayed in all 4 and 8 week samples using an HPLC MS/MS platform 

(see Supplementary material for details).   

 

Dataset description 

We utilized a complete cases approach, wherein only patients who had completed all study visits 

and provided blood samples for metabolomics data were considered for inclusion in the analysis 
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(n = 429). Of these patients, 290 had metabolomics data measured at all time points (baseline, 

week 4, week 8) for metabolite and plasma drug levels (Supplementary Table 1). For the 

STAR*D dataset, we only considered clinical ratings obtained at baseline and at 4 and 8 weeks 

for patients who completed Phase 1 of the trial and had complete depressive symptom score data 

at all three time points.   

 

Clinical outcomes 

In both the PGRN-AMPS and STAR*D studies, treatment outcomes were established using the 

16-item, clinician-rated version of the Quick Inventory of Depressive Symptomatology (QIDS-C 

(43)) and the 17-item Hamilton Depression Rating Scale (HDRS (44)). Remission was defined as 

a QIDS-C score ≤ 5 (43) (HDRS score ≤ 7 (45)) at 4 or 8 weeks.  Response was defined as a ≥ 

50% reduction of QIDS-C or HDRS scores from baseline to either 4 or 8 weeks.  

 

Analysis Workflow 

We used a three-stage workflow of analyses as illustrated schematically in Fig. 1 to establish the 

predictability of MDD therapeutic outcome.  

 

STAGE-1 – Establish sex differences in metabolomics profiles:  We used multivariate 

analysis of variance (MANOVA) to determine sex differences in metabolite concentrations at 

baseline, and after 4- and 8 weeks of treatment. 

 

STAGE-2 – Identify depressive symptom severity clusters (Stage 2a), and demographic, 

clinical, and biological factors that differentiated those clusters (Stage 2b):  In Stage 2a, we 
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used unsupervised machine learning (k-means clustering) to identify clusters of patients based 

only on depression symptom severity, as measured by the QIDS-C and HDRS, using an unbiased 

approach, at baseline and after 4 or 8 weeks of treatment. In Stage 2b, Kolmogorov-Smirnov and 

two-way Chi-square tests were used to identify associated metabolomic, clinical and 

demographic factors that differentiated the depression symptom clusters.  

 

STAGE-3 – Develop and test the final predictive algorithm: We used supervised (support 

vector machine) learning methods as a binary classifier to predict remission and response, using 

both baseline symptom severity and metabolomics data. Training the classifier required a 

training dataset with predictor variable data (in this case, baseline metabolomics and symptom 

severity data) and associated training labels (responders/non-responders or remitters/non-

remitters) as inputs. The prediction accuracy of the resulting predictive algorithms was computed 

by evaluating the fraction of correctly predicted labels in a test dataset. Statistical significance of 

the prediction performance of the algorithms was established using the null information rate 

(NIR), which served as a proxy for chance. It should be emphasized once again that this 

algorithm included both clinical and biological (metabolomics) data as inputs. 

 

Details of the methods used in the workflow shown in Figure 1 are discussed in Supplementary 

Sec. 1.  
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RESULTS  

 

STAGE-1: Sex Differences in Metabolomics Response 

Since our major goal was to integrate biological variables (i.e., metabolomics) joined with 

clinical and demographic data to predict MDD treatment outcomes, our first step involved the 

determination of important factors involved in variation of the metabolomics data. We observed 

significant differences between men and women in plasma concentrations of several metabolites 

at baseline or at 4 or 8 weeks of SSRI therapy (Table 1), regardless of response/remission status 

or the scale (QIDS-C or HDRS) used to define these outcomes (p < 0.001 from MANOVA). 

Therefore, as we moved to STAGE-2 in the analysis, we separated the analyses for men and 

women.   

 

STAGE-2a: Response Profiles Inferred from Unsupervised Learning 

We next attempted to identify clusters of patients based only on their QIDS-C or HDRS total 

scores at baseline and after 4 and 8 weeks, using data from the 603 PGRN-AMPS patients with 

complete QIDS-C and HDRS data at all three time points. The probability density functions 

(PDF) of the QIDS-C and HDRS total scores were not normally distributed at any time point 

(Shapiro-Wilk test, p < 0.001), as shown for illustrative purposes in Fig. S1-A for QIDS-C scores 

for men at baseline. Therefore, we applied an Expectation Maximization (EM) algorithm that 

assumed only one component in the mixture (a single bell-shaped curve distribution) and 

gradually increased the number of components (distributions with multiple peaks) until an 

adequate fit of the data was achieved (Kolmogorov-Smirnov test p-value < 0.05). The best fit 
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was achieved using an associated PDF made up of 3 components at all 3 time points for men and 

for women, as illustrated in Fig. S1-B for baseline QIDS-C scores in men. 

 

Using the QIDS-C and HDRS scores at baseline, week 4, and week 8, this approach identified 

three depressive symptom clusters for both men and women at each time point (p < 1.3e-09; 

Figs. 2A and 2C). For illustrative purposes, the associated density functions for each of the 18 

clusters (9 for men and 9 for women) are shown in Fig. S2. The distinct depressive symptom 

clusters were labeled using the following convention:  baseline (A1, A2, A3), 4 weeks (B1, B2, 

B3), and 8 weeks (C1, C2, C3), wherein the numeral 1 represented mild depressive symptoms, 2 

represented moderate depressive symptoms, and 3 represented severe depressive symptoms 

based on relative differences in mean QIDS-C and HDRS total scores between each of the 

clusters. Despite our use of an unbiased clustering approach, cluster B1 (mild depressive 

symptoms at 4 weeks) and cluster C1 (mild depressive symptoms at 8 weeks) contained all MDD 

patients who had achieved clinical remission. Furthermore, the majority (69%) of patients who 

achieved “response” but not “remission” were contained within the C2 cluster (moderate 

symptoms at 8 weeks).   

 

In an attempt to replicate our findings, we applied the same clustering algorithm to 788 STAR*D 

subjects. As shown in Figs. 2B and 2D, the mean QIDS-C and HDRS total scores within each of 

the 18 STAR*D clusters were comparable to the 18 clusters in the PGRN-AMPS data set (p > 

0.8). There was also a very high level of consistency between the PGRN-AMPS and the 

STAR*D datasets in the proportions of patients who moved between specific clusters during 
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follow-up. This step provided external validation by using STAR*D data of the algorithm-

derived depressive symptom cluster patterns found in the PGRN-AMPS study (46).  

 

STAGE-2b: Correlation of Demographic, Clinical, and Biological Factors with Symptom 

Response Profiles  

To identify factors that might be driving the clustering behavior, we conducted a series of 

analyses that considered a variety of clinical, demographic, pharmacokinetic, and metabolomic 

factors (Supplementary Table 2). There were no statistically significant differences (p > 0.3) in 

plasma drug levels (Figs. 3), or in any of the demographic or clinical variables (see, for example, 

Figs. S3 and S4 for age and BMI respectively), between symptom clusters in men, between 

symptom clusters in women, or between men and women within a given symptom cluster at any 

time point. These observations indicated that variation in pharmacokinetic factors, selected 

demographic and clinical factors, and plasma drug levels could not explain the inter-individual 

variation in clinical outcomes reflected by the clusters. Only metabolite concentrations in the 

baseline clusters were significantly correlated (p < 0.05) with QIDS-C and HDRS total scores in 

the C2 cluster, and with both response and remission status at week 8. This finding provided the 

impetus for testing the usefulness of including only baseline metabolomics data and depressive 

symptom scores to predict clinical outcomes at 8 weeks, without additional clinical and 

demographic variables. 

 

STAGE-3: Development and Testing of the Final Predictive Algorithm 

The final classifier algorithm was trained separately for men and women and for QIDS-C and 

HDRS scores.  It incorporated the concentrations of all 31 metabolites (see Supplementary Table 
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1) with depressive symptom scores at baseline to predict response (i.e., cluster C1 or C2) and 

remission status (cluster C1 only) at 8 weeks. The classifier that used metabolomics and baseline 

depressive symptoms scores had significantly greater predictive accuracy than chance alone for 

response (68-72%, p < 0.01 vs. chance in men; 80.3-95.8%, p=1.4E-10 in women) and remission 

(80-87.5%, p < 0.05 vs. chance in men; 72.5-78%, p=7.8E-4 in women) at 8 weeks, as listed in 

Table 2. However, the classifier that incorporated demographic and clinical variables in addition 

to metabolomics and baseline depressive symptom scores resulted in lower predictive accuracies 

that were not significantly greater than chance for either response (48-52% in men, 56-57% in 

women) or remission (52-58.33% in men, 50-57.5% in women) at 8 weeks. Of the individual 

metabolites, baseline serotonin (5HT) levels were among those with the highest relative 

contribution to the accuracy of the predictive model for all clinical phenotypes, except for 

response in women defined by HDRS total scores at 8 weeks, an observation compatible with 

our previous report (42). Furthermore, at least one metabolite related to the tryptophan 

pathway—including 5HT—was among the top predictive metabolites for all clinical phenotypes 

(Table 2). As shown in Table 2, cysteine (CYS) and indole-3-propionic acid (I3PA) levels were 

also highly predictive of response or remission at 8 weeks in women. However, in addition to 

5HT itself, it is of note that the 5HT precursors 5HTP and TRP were included among the “Top 

Metabolites” listed in Table 2 as well as the typrosine pathway metabolites TYR and MHPG—

metabolites related to the biosynthesis of catecholamine.  Relative importance of all of the 

metabolites in prediction using metabolomics and baseline symptom severity data are illustrated 

graphically in Figs. S5 and S6.  

  



 

ATHREYA 16 

DISCUSSION  

 

Predictive biomarkers that can be used to select effective medications have revolutionized many 

aspects of modern medicine (47). For example, the presence of specific receptors e.g., estrogen 

and HER2 receptors can inform therapeutic options for breast cancer patients (48). However, it 

has proven difficult to identify similar biomarkers for MDD.  Therapeutic response to SSRIs, the 

most frequently prescribed class of antidepressants, is highly variable, and it can take months to 

assess the effectiveness of these agents. Clearly, the availability of biomarkers to predict 

antidepressant response effectiveness for a given patient would both enhance our ability to treat 

those patients and might also provide insight into MDD pathophysiology. Previous attempts to 

identify predictive clinical, demographic, or biological measures have not been highly 

successful, due, at least in part, to the clinical and molecular heterogeneity of MDD and 

antidepressant treatment response (49).  Previous metabolomics studies that we performed have 

provided evidence that metabolites in the tryptophan, tyrosine, methoxyindole and purine 

pathways were related to either SSRI response, MDD pathophysiology or both (34, 37, 42).   

 

As a result, there has been increasing interest in the use of data-driven, machine-learning 

approaches to examine the effects of a very large number of variables—alone and in 

combination—on therapeutic outcomes for antidepressant therapy. The availability of powerful 

statistical modeling methods has had an enormous impact in numerous biological disciplines 

(50), including more recent applications in clinical pharmacology (51). The latter has enabled the 

creation of two important new fields, Quantitative and Systems Pharmacology and 

pharmacometabolics, that seek to improve the understanding of drug effects across biological 
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systems and improve treatment outcomes through individualized prescription of therapeutic 

agents (35). For example, Chekroud et.al’s work (21) represented an important step forward by 

showing that machine-learning techniques applied to data collected via questionnaires 

administered to participants in two randomized trials of antidepressants for MDD resulted in 

predictive accuracy significantly greater than that due to chance alone. However, although 

statistically significant, the predictive accuracy of their model was modest relative to chance. In 

that report, the authors acknowledged this limitation, and suggested that the extension of their 

approach by including biomarker data in predictive modeling algorithms might result in enhance 

predictive ability.     

 

We have extended this earlier work by using a data-driven clustering method to derive a 

predictive algorithm for SSRI antidepressant response that included data for 31 metabolites, 

primarily from tryptophan, purine, phenylalanine/tyrosine and cysteine/methionine pathways, 

joined with demographic and clinical predictor variables. (52-54).  Based on known sex 

differences in the metabolome in the general population (24, 55, 56) and our ultimate goal of 

integrating metabolomics variables with clinical and demographic data to predict MDD 

treatment outcomes, we began by first showing that metabolomic profiles of men and women in 

our study differed significantly. This result provided the rationale for developing response 

clustering and final response prediction algorithms separately for men and women. 

 

We then employed a data-driven method to cluster patients according to depressive symptom 

severity at 4 and 8 weeks, as measured by the HDRS and QIDS-C. Even though we took an 

unbiased, data-driven approach to characterizing the treatment response clusters, the clusters that 
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corresponded with the greatest improvement in depressive symptoms at 4 and 8 weeks included 

all subjects who achieved symptomatic remission. In addition, nearly 70% of subjects who 

achieved response (but not remission) were contained in the clusters associated with moderate 

improvement in depressive symptoms. Importantly, our data-driven unsupervised learning 

grouped PGRN-AMPS study participants into clinically meaningful categories, based on changes 

in mean HDRS and QIDS-C scores, that corresponded with commonly-employed definitions of 

remission (HDRS<7, QIDS-C<5), response (>50% decrease from baseline) and lack of response. 

Additionally, the symptom response clusters identified by our approach using PGRN-AMPS data 

were replicated in an independent SSRI-treated MDD cohort that consisted of participants in the 

STAR*D study. Taken together, our results showed that our clustering algorithm accurately 

identified biologically valid clinical outcomes groups across two large and independent samples 

of SSRI-treated depressed patients, and thus provided a valid platform upon which to test the use 

of baseline demographic, clinical, and metabolomics measures for predicting clinical outcomes 

during citalopram or escitalopram treatment. 

 

Accordingly, we used a combination of demographic, clinical, and metabolomic measures at 

baseline in a data-driven algorithm to predict clinical outcomes (response or remission) during 

citalopram or escitalopram treatment over 8 weeks. Our decision to utilize baseline 

metabolomics data was designed to address some of the limitations of MDD treatment predictive 

algorithms based on clinical and demographic factors alone and on our desire to develop a 

predictive algorithm (thus directed at whether baseline characteristics can predict 8 week 

treatment outcomes). In our study, only plasma metabolite concentrations in baseline clusters and 

not any demographic or clinical variables were significantly associated with response or 
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remission status at week 8. Blood drug concentrations measured during therapy were also not 

predictive. In separate predictive models for men and women, the use of plasma metabolite 

concentrations in addition to baseline depressive symptom severity scores resulted in strikingly 

high and statistically significant predictive accuracies relative to chance for both response and 

remission. Particularly reassuring, as noted earlier, was the fact that many of those metabolites 

mapped to the tryptophan and tyrosine pathways that include the biosynthesis of both 5HT and 

catecholamines. Adding demographic and clinical variables to these models resulted in much 

lower predictive accuracies that were not significantly greater than chance for either response or 

remission. 

The fact that baseline serotonin figured prominently in the accuracy of our predictive model fits 

well with our recent observation that, of all of the metabolites that we measured, serotonin was 

most highly associated with SSRI outcomes (42). Furthermore, in that recent study, we identified 

and functionally validated two novel genes associated with plasma serotonin concentrations, 

TSPAN5 and ERICH3 (42). The addition of biological measures such as plasma metabolite 

concentrations to predictive algorithms for SSRI anti-depressive response represents a step 

toward increased understanding, not only of mechanisms responsible for variation in SSRI 

response, but also the underlying pathophysiology of MDD. Future studies of MDD 

antidepressant response should include additional biological measures together with the 

application of data-driven methods such as those used in this study to help predict and clarify 

underlying pathophysiological processes in MDD patients that result in individual differences in 

antidepressant response. In summary, the power of data-driven analyses enabled the sub-

classification of patients into reproducible subgroups and to identify sex-related differences in 

metabolomic profiles. The addition of biological data, in the present case metabolomics data, to 
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clinical measures of MDD symptom severity made it possible to better define differences 

between women and men in SSRI response, and to better predict drug response.  
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FIGURES  

 

Figure 1: The three-stage analysis workflow for predicting response/remission in patients with 

MDD treated with citalopram/escitalopram. 

 

Figure 2: Clusters of men (Figs. A, B) and women (Figs. C, D) at baseline, 4 weeks and 8 weeks 

for the Mayo PGRN-AMPS (Figs. A, C) and STAR*D (Figs. B, D) trials using QIDS-C as a 

measure of MDD symptom severity. Clusters of men (Fig. E) and women (Fig. F) at the same 

time points for the Mayo PGRN-AMPS trial using HDRS as a measure of MDD symptom 

severity. The box plots for each cluster reflect the variability of the cluster’s associated symptom 

severity scores. 

 

Figure 3: Comparison of citalopram and escitalopram plasma drug concentrations between men 

and women in clusters with comparable symptom severity at 4 weeks (Fig. A) and 8 weeks (Fig. 

B). 
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TABLES  

 

Table 1: Mean plasma concentrations of metabolites that were identified to be significantly 

different in men and women at baseline, week 4, and week 8 based on the STAGE-1 

analysis 

Time-point Metabolite
a,b 

Men Women 

  Mean
c 

Std. Dev Mean
c 

Std. Dev. 

Baseline 4HPLA*** 116.85 38.52 96.26 34.37 

DTOCO** 84.31 35.04 69.52 43.18 

GTOCO1** 79.85 39.83 65.82 41.95 

GTOCO2** 112.94 114.14 87.30 45.34 

GUANOSINE* 122.92 38.88 112.24 32.50 

KYN* 108.39 27.40 100.28 32.59 

MET** 120.38 44.60 106.13 38.87 

TRP*** 108.22 20.51 98.52 22.50 

URIC*** 115.67 26.45 91.39 24.56 

4 Weeks 4HPLA*** 115.43 37.67 95.32 33.86 

GUANOSINE** 115.84 38.88 104.86 30.50 

KYN* 107.76 28.27 98.61 32.34 

PARAXAN*** 123.98 100.71 87.50 71.27 

TRP*** 107.30 22.12 96.32 20.30 

URIC*** 120.58 26.23 89.414 26.25 

XAN* 114.10 145.68 83.55 68.82 

8 Weeks 4HPLA*** 124.90 44.17 96.49 32.32 

5HT** 41.78 89.21 23.94 20.33 

CYS** 100.78 40.08 85.29 36.70 

DTOCO* 84.70 43.23 72.63 38.11 

GTOCO1* 80.71 44.24 70.17 38.44 

GTOCO3* 70.52 45.43 84.37 56.55 

GUANOSINE*** 118.93 37.04 104.39 32.71 

I3AA** 115.48 72.08 92.56 70.74 

KYN** 113.76 28.61 100.80 27.87 

TRP*** 112.85 23.24 98.67 22.36 

TYR** 117.50 31.97 104.60 33.52 

URIC*** 122.23 26.05 89.48 24.90 

XAN* 90.96 110.06 69.03 41.59 
a 
See Supplementary Table 1 for definitions of abbreviated names for each metabolite. 

b 
Between-group comparisons (men vs. women):  *p<0.05, **p<0.01, ***p<0.001

 

c  
All mean concentration values are percent pools from the LCECA platform.  
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Table 2: Prediction performance at 8 weeks. Performance metrics in bold text indicate 

prediction performance with baseline metabolomics and symptom severity data alone in 

comparison with prediction performance in parenthesis using clinical, demographics data 

with metabolomics data. Top metabolites
a
 of relative importance from the prediction model 

using only baseline metabolomics and symptom severity data are listed. 

 

Gender Metric QIDS-C HDRS 

Remission Response Remission Response 

Men Accuracy 

(%) 
80 

(52) 
72 

(52) 
87.5 

(58.33) 
68 

(48) 

p-value 

(accuracy > 

NIR) 

0.003 

(0.16) 
0.03 

(0.72) 
0.001 

(0.27) 
0.07 

(0.72) 

Sensitivity 

(%) 
76.2 

(76) 
83.33 

(33.33) 
75 

(50) 
33.33 

(16.67) 

Specificity 

(%) 
83.33 
(50) 

61.54 
(61.54) 

100 
(66.67) 

100 
(76.92) 

Top 

metabolites 

AMTRP, I3PA, 

GTOCO3, 5HT 

5HTP, 

XAN, 

5HT, 

I3PA, HX, 

CYS 

I3PA, 5HT, 

XANTH, 

GUANOSINE, 

AMTRP 

5HT, HX, I3PA, 

5HTP, XANTH, 

GTOCO3, CYS 

Women Accuracy 

(%) 
78 

(50) 
80.30 

(56.52) 
72.5 

(57.5) 
95.83 

(56.25) 

p-value 

(accuracy > 

NIR) 

7.8E-04 

(0.58) 
0.0002 

(0.58) 
0.003 

(0.21) 
1.4E-10 
(0.44) 

Sensitivity 

(%) 
100 

(45.45) 
54 
(0) 

90 
(35) 

90 
(18.18) 

Specificity 

(%) 
56.52 

(54.54) 
100 

(100) 
55 

(80) 
100 

(88.46) 

Top 

metabolites 

5HT, 

PARAXAN, 

HGA, VMA, 

3OHKY, CYS, 

THEOPHYLINE

, 4HBAC, 

GUANOSINE 

HGA, 

TRP, 

MET, 

5HT, 

ATOCO, 

TYR, 

MHPG, 

4HPLA 

4HBAC, CYS, 

5HT, HGA, 

PARAXAN, 

3OHKY, 

I3AA, MHPG, 

I3PA 

4HBAC, MHPG, 

PARAXAN, 

3OHKY, 4HPLA, 

URIC, HX, 

THEOPHYLINE, 

CYS, MET 

a 
See Supplementary Table 1 for definitions of abbreviated names for each metabolite. 
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FIGURES 

Supplementary Figure 1: Probability density function (PDF) of baseline QIDS-C symptom 

severity scores in men (Fig. A) and the estimated components of the PDF using an Expectation 

Maximization (EM) algorithm (Fig. B). 

 

Supplementary Figure 2: Probability densities of symptom severity in clusters at baseline, 4 
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Supplementary Figure 4: Comparison of mean body mass indes (BMI, kg/m
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Supplementary Figure 5: Relative importance of metabolites for the prediction of remission 

(QIDS-C – Fig A, HDRS – Fig B) and response response (QIDS-C – Fig C, HDRS – Fig D) at 8 

weeks in men. 

 

Supplemental Information
Click here to download Supplemental Information: sobp_SUPPLEMENTARY_Materials.docx

http://ees.elsevier.com/bps/download.aspx?id=922627&guid=fd5bb154-c79a-40a3-ad5f-3fef946b8ecc&scheme=1


Supplementary Figure 6: Relative importance of metabolites for the prediction of remission 

(QIDS-C – Fig A, HDRS – Fig B) and response (QIDS-C – Fig C, HDRS – Fig D) at 8 weeks in 

women. 

  



TABLES 

SUPPLEMENTARY TABLE 1 

Metabolite abbreviations and pathways 

Metabolite Metabolite Abbreviation Pathway 

(+)-alpha-Tocopherol ATOCO Antioxidants 

(+)-delta-Tocopherol DTOCO Antioxidants 

(+)-gamma-Tocopherol (redox state #1) GTOCO1 Antioxidants 

(+)-gamma-Tocopherol (redox state #2) GTOCO2 Antioxidants 

(+)-gamma-Tocopherol (redox state #3) GTOCO3 Antioxidants 

Cysteine CYS Cysteine/Methionine 

Methionine MET Cysteine/Methionine 

4-Hydroxybenzoic acid 4HBAC Phenylalanine 

4-Hydroxyphenyllactic acid 4HPLA Phenylalanine 

Salicylic Acid SA Phenylalanine 

1,3-diMethylxanthine THEOPHYLINE Purine 

1,7-diMethylxanthine PARAXAN Purine 

Guanine GUANINE Purine 

Guanosine GUANOSINE Purine 

Hypoxathine HX Purine 

Uric acid URIC Purine 

Xanthine XAN Purine 

Xanthosine XANTH Purine 

3-Hydroxykynurenine 3OHKY Tryptophan 

5-Hydroxyindoleacetic acid 5HIAA Tryptophan 

5-Hydroxytrptophan 5HTP Tryptophan 

Alpha-methyltryptophan AMTRP Tryptophan 

Indole-3-acetic acid I3AA Tryptophan 

Indole-3-propionic acid I3PA Tryptophan 

Kynurenine KYN Tryptophan 

Serotonin 5HT Tryptophan 

Tryptophan TRP Tryptophan 

4-Hydroxyphenylacetic acid 4HPAC Tyrosine 

Homogentisic Acid HGA Tyrosine 

Homovanillic Acid HVA Tyrosine 

Methoxy-Hydroxyphenly Glycol MHPG Tyrosine 

Tyrosine TYR Tyrosine 

Vanillylmandelic Acid VMA Tyrosine 

 

SUPPLEMENTARY TABLE 2 



Clinical and Demographic factors analyzed in this work 

 

DATA DESCRIPTION 

Age at study enrollment [Continuous, age in years] 

Body mass index at enrollment [Continuous, kg/m
2
] 

Smoking status Current smoker 

Former smoker 

Non (never)-smoker 

History of  major depression in first 

degree relative                  

 

     Parent Yes/No 

     Sibling Yes/No 

     Child Yes/No 

History of bipolar spectrum 

disorder in first degree relative 

 

     Parent Yes/No 

     Sibling Yes/No 

     Child Yes/No 

History of alcohol abuse in first 

degree relative 

 

     Parent Yes/No 

     Sibling Yes/No 

     Child Yes/No 

History of any other substance 

abuse in first degree relative 

 

     Parent Yes/No 

     Sibling Yes/No 

     Child Yes/No 

Pregnant (women only) Yes/No/Did not answer 

Seasonal pattern to depressive 

episode occurrence 

Yes/No/Unknown 

Transplantation or transfusion History of liver or bone marrow transplant, or blood 

transfusion within 6 weeks of study enrollment:  Yes/No 

Marital status Never married 

Cohabitating/life partner 

Married 

Separated 

Divorced 

Widowed 

Education level  

(highest degree received) 

No degree received 

High School Diploma 

Passed the General Educational Development Test (GED) 

Some college 

Associate Degree/Technical Degree 

College Diploma 

Masters Degree 



Doctorate or Professional Degree (e.g., MD, PhD, JD) 

Cohabitation Spouse or partner lives in same home as patient 

Spouse or partner does not live in same home as patient 

Not applicable 

Employment status Unemployed, not looking for employment 

Unemployed, looking for employment 

Full-time employed 

Part-time employed 

Self-employed 

Retired, not working 

Student status, current Not a student 

Full-time student 

Part-time student 

Years of education [Continuous, total number of years of formal education] 

Drug dosage [Continuous, milligrams per day] 

Plasma drug levels [Continuous] 

 

 

  



SUPPLEMENTARY TABLE 4 

Metabolites that show significant differences between men and women with either 

remission/response status. e.g., performing MANOVA between metabolites men with remission 

at 8 weeks with metabolites women with remission at 8 weeks, both measured by QIDS-C. 

 

Question Type 

Clinical outcome 

Baseline 4 weeks 8 weeks 

QIDS-C 

Response 

4HPLA, 

GTOCO2, 

GUANOSINE, 

TRP, URIC 

4HPLA, KYN, 

PARAXAN, TRP, 

URIC, XAN 

4HPLA, 

5HT,AMTRP,CYS,G

UANOSINE, KYN, 

TRP,URIC,XAN 

HDRS 

Response 

4HPLA, DTOCO, 

GTOCO2, 

GUANOSINE, 

MET, TRP, URIC 

3OHKY_BACKWA

VE, 4HPLA, 

PARAXAN, TRP, 

RUIC, XAN 

4HPAC, 4HPLA, 

5HT, AMTRP, CYS, 

GUANOSINE, KYN, 

TRP, TYR, 

URIC,XAN 

QIDS-C 

Remission 

DTOCO, URIC TRP, URIC 30HKY, 4HPLA, 

5HT, AMTRP, 

ATOCO, TRP, 

URIC, XAN 

HDRS 

Remission 

DTOCO, URIC GUANOSINE, TRP, 

URIC 

4HPLA, 5HT, 

AMTRP, ATOCO, 

GTOCO3, 

GUANOSINE, KYN, 

TRP, URIC, XAN 

 

  



SUPPLEMENTARY TABLE 5 

Metabolites that showed significant differences between baseline and 8 weeks in men and 

women with response/remission status as measured by QIDS-C or HDRS. e.g., performing 

MANOVA between baseline metabolites of men defined remission at 8 weeks and their 

associated metabolites at 8 weeks, both measured by QIDS-C. 

 

 

Question Type Outcome MANOVA (baseline~8weeks) 

Men Women 

QIDS-C Response 5HT, MHPG, URIC 4HBAC, 4HPAC, 

5HT, GUANOSINE, 

MHPG, XAN 

Remission 5HT, MHPG 4HBAC, 4HPAC, 

5HT, ATOCO, HGA, 

MHPG 

HDRS Response 5HT, MHPG, URIC 

 

4HBAC, 4HPAC, 

5HT, GUANOSINE, 

HGA, MHPG, XAN 

 

Remission 5HT, MHPG, VMA 4HPAC, 5HT, 

ATOCO, HX, MHPG, 

XAN 

 

  



Supplementary Section 1: METHODS – Three-stage analyses workflow 

 

We describe the methods used in the workflow used to perform these studies. 

 

Multivariate Statistical Analysis: We used multivariate analysis of variance (MANOVA) to 

determine sex differences in metabolite concentrations at baseline, and after 4- and 8 weeks of 

citalopram treatment. When statistically significant differences were observed (at a threshold of 

  = 0.05), analysis of variance (50) was used to identify the specific metabolites for which 

significant differences between the sexes in mean concentrations existed. Based on these results 

(discussed below), we analyzed the data separately for men and for women to avoid potential 

inaccuracies based on sex differences in metabolite concentrations during citalopram treatment 

in the prediction models.  

 

Unsupervised Learning: We used unsupervised learning to identify clusters of patients (men 

and women separately) with similar symptom severity, as measured by the QIDS-C and HDRS, 

at baseline and after 4- and 8 weeks of treatment. The Shapiro-Wilk test was first used to test 

whether the distribution of symptom severity scores was normal (Gaussian). Because the data 

were not normally distributed (Fig. S1-A), we then assumed that the distribution of symptom 

severity scores was composed of a mixture of many Gaussians (components of the distribution), 

where each Gaussian distribution represented a cluster of patients with similar symptom severity. 

We applied an Expectation Maximization (EM) algorithm that assumed only one component in 

the mixture (a single bell-shaped curve distribution) and gradually increased the number of 

components (distributions with multiple peaks) until an adequate fit of the data was achieved. At 



each step in this process, we generated 10,000 samples using the parameters (mean and variance 

of a Gaussian component) estimated by the EM algorithm and computed p-values using 

Kolmogorov-Smirnov and Wilcoxon-rank non-parametric tests. The process was stopped at p > 

0.05 (failing to reject the null-hypothesis that estimated distribution and actual distributions are 

similar), and in this work, the process was stopped at three components (Fig. S1-B). Under the 

assumption of the distribution being a mixture of 3 components, patients were assigned a cluster 

based on which component their score belonged to, and clusters with the density functions from 

their associated scores are shown graphically in Fig. S2.  

 

Using the chosen k and estimated mean of each component as seeds, k-means clustering was 

used to infer the clusters of patients with similar depressive symptom severity. Using the inferred 

clusters of patients, we correlated their symptom severities with clinical, demographic, and 

metabolomic data to determine the influence of these variables on clinical outcomes (movement 

of patients between depressive symptom severity clusters between baseline and follow-up time 

points) during citalopram treatment. 

 

Supervised Learning: To predict clinical outcomes after SSRI treatment, we used supervised 

learning methods that required predictor variable data (e.g., metabolomics, clinical and 

demographics data) and training labels (responders/non-responders or remitters/non-remitters). 

Prediction models were trained separately for men and women, and also separately for response 

and remission as clinical outcomes.  Since these clinical outcomes were binary, we used support 

vector machine (SVM) learning with radial kernels, gradient boosting machines, generalized 

linear models and random forests as classifiers. For the training and testing process described 



next, we observed that SVM was the best classifier among others. To train the classifier, 10-fold 

cross-validation with 5-repeats was performed on a centered and scaled training data set which 

comprised a random 80% split of the patient cohort (men and women separately). Classifier 

performance was tested on the 20% of the patient cohort not used for training the classifier. We 

used area under curve (24), sensitivity, and specificity as metrics to evaluate the prediction 

accuracy. Statistical significance of the classifier’s accuracy was computed using the null 

information rate (NIR), which is the fraction of labels in the test data. The p-value is computed 

using a one sided Chi-squared test for which the prediction accuracy is greater than the NIR.  

 

Supplementary Section 2: Results 

 

STAGE-1: Sex Differences in Metabolomics Response 

There were no significant differences in metabolite concentrations between responders and non-

responders (or remitters/non-remitters) at any time point, even when stratified by sex. However, 

there were significant changes in metabolite concentrations from baseline to 8 weeks in men and 

in women who were classified as responders (p < 3.4E-06 from MANOVA) as assessed by the 

QIDS-C or HDRS, and in men and women who were classified as remitters at 8 weeks as 

assessed by QIDS-C (p<3.4E-06), but not the HDRS (p = 0.2). The metabolites with significant 

changes between baseline and 8 weeks (irrespective of clinical outcomes) were different in men 

and women, except for 5HT and MHPG (Supplementary Table 5). These results indicated that 

men and women exhibited significant differences in plasma metabolite concentrations 

irrespective of clinical outcome, and they provided the quantitative rationale for building the 

predictive models separately for men and women.   


