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ABSTRACT
Introduction Major depressive disorder (MDD) represents 
a worldwide burden on healthcare and the response 
to antidepressants remains limited. Systems biology 
approaches have been used to explore the precision 
therapy. However, no reliable biomarker clinically exists 
for prognostic prediction at present. The objectives of 
the Integrated Module of Multidimensional Omics for 
Peripheral Biomarkers (iMORE) study are to predict the 
efficacy of antidepressants by integrating multidimensional 
omics and performing validation in a real- world setting. 
As secondary aims, a series of potential biomarkers are 
explored for biological subtypes.
Methods and analysis iMore is an observational 
cohort study in patients with MDD with a multistage 
design in China. The study is performed by three mental 
health centres comprising an observation phase and a 
validation phase. A total of 200 patients with MDD and 
100 healthy controls were enrolled. The protocol- specified 
antidepressants are selective serotonin reuptake inhibitors 
and serotonin–norepinephrine reuptake inhibitors. Clinical 
visits (baseline, 4 and 8 weeks) include psychiatric 
rating scales for symptom assessment and biospecimen 
collection for multiomics analysis. Participants are divided 
into responders and non- responders based on treatment 
response (>50% reduction in Montgomery- Asberg 
Depression Rating Scale). Antidepressants’ responses are 
predicted and biomarkers are explored using supervised 
learning approach by integration of metabolites, cytokines, 
gut microbiomes and immunophenotypic cells. The 
accuracy of the prediction models constructed is verified in 
an independent validation phase.
Ethics and dissemination The study was approved by 
the ethics committee of Shanghai Mental Health Center 
(approval number 2020- 87). All participants need to sign a 
written consent for the study entry. Study findings will be 
published in peer- reviewed journals.
Trial registration number NCT04518592.

INTRODUCTION
Major depressive disorder (MDD) is a 
common and chronic mental disorder, 
affecting approximately 6% of the global 

population annually.1 MDD characterised 
by low mood and anhedonia, continues to 
become a heavy societal burden2 3 which 
contributes to functional disability, decreased 
life quality, occupational impairment and 
mortality risk.4–7 The 2019 Global Burden of 
Disease Study estimates that MDD accounts 
for 1.47% of the global disability- adjusted life 
years, an increase of 15.5% since 2010.8

Currently antidepressant is the most 
common treatment for MDD relying 
primarily on clinicians' practice experience 
and preferences. However, the overall effi-
cacy of first- line medicines is far from satisfac-
tory, leading to response rates of about 50% 
with remission rate even more limited.9–11 
As shown in the sequenced treatment trial 
STAR*D,12 36.8% of patients remitted after a 
first trial, and roughly 13% achieved ultimate 
remission after two sequential treatments. 
Patients respond to initial treatment inad-
equately to experience medication adjust-
ment, even multiple times, until finding the 
'optimal drug'. Since antidepressants take 

STRENGTHS AND LIMITATIONS OF THIS STUDY
 ⇒ Due to the complexity and heterogeneity of de-
pression, the multidimensional systems biology 
approach in this study may help early identification 
of antidepressants with potential response, reducing 
unnecessary drug exposure.

 ⇒ Based on the biomarkers discovered in this study, 
a network of dynamic treatment response is better 
understood and subsequent clinical trials will be 
performed for further developments.

 ⇒ Lack of randomisation on treatment assignments 
may bring confounding effects influencing results.

 ⇒ Our short follow- up duration may limit us from ob-
servation about long- term predictors of treatment 
response.
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weeks or longer to show a therapeutic effect, such a trial- 
and- error approach is inefficient resulting in a prolonged 
treatment period, which is associated with worse outcome 
and increased burden of adverse events (AEs), healthcare 
resources use and suicide risk.13–18 More highly effective 
strategies are urgently required for clinical therapeutics.

In a previous network meta- analysis of efficacy,19 small 
differences were indicated between antidepressants. 
Therefore, clinicians need to choose the most proper 
drug from numerous candidates. The search for predic-
tion of individual drug responses is an essential issue to 
move precision medicine forward. Some factors have 
proven limited accuracy as a single predictor and lack 
unified standards, including sociodemographic, course 
of treatment and clinical characteristics.9 20 21 Studies 
of genetics, neuroimaging and electrophysiology are 
expanding fields in areas of predictive biosignatures, 
where no reliable biomarker currently exists for clinical 
assessments.22–24

As tools of prediction in genomics,25 26 pharmacog-
enomics is widely used to evaluate drug–gene interac-
tions and impacts on efficacy by genetic polymorphism. 
Antidepressants are largely metabolised by cytochrome 
P450 (CYP450) enzymes family (CYP2C9, CYP2C19, 
CYP2D6, etc), while related genetic variations substan-
tially modify the pharmacokinetics leading to individual 
differences.27–29 Commercial kits of pharmacogenomics 
have been used in some clinical trials to aid the drug 
selection with improved outcomes.30 31 More complicated 
factors, however, need to be considered because meta-
bolic phenotypes are influenced not only by genotype 
but also by environmental factors, such as age, nutrition, 
comorbidity and intestinal microecology. Genetic‐based 
approaches alone seem insufficient to guide individual-
ised treatment, including models using single nucleotide 
polymorphisms or Genome- Wide Association Study.32–34 
More data- driven approaches of systems biology should 
be utilised.

A series of proteins have been suggested as candidate 
predictors but most of them lack enough power or consis-
tent results, such as brain- derived neurotrophic factor, 
insulin- like growth factor- 1, tumour necrosis factor-α, 
C reactive protein and so on.35–40 While explorations of 
proteomic markers in peripheral blood remain in their 
early stages, the potential technique may provide more 
information on psychopharmacological mechanisms.41 42 
In a proteomics- based study, eotaxin- 1 and interferon-γ 
were screened and functioned as predictors for remission 
in depression from numerous proteins.43 As a comple-
mentary method to genetics, proteins and environmental 
interactions, metabolomics profiling help to discriminate 
responders from non- responders in biologic subtypes for 
treatment. Metabolites such as lipids, purines, tryptophan 
and neurotransmitter pathways are revealed to involve in 
mechanism of action of antidepressants.44 45 An increased 
ratio of hydroxylated sphingomyelins in pretreatment 
showed a better reduction of symptoms and increased 
phosphatidylcholine C38:1, in contrast, suggested 

poorer response; predictions were improved by incorpo-
rating metabolites factors.46 Our previous research also 
supported metabolomics has potential in biomarkers 
exploration related to the diagnosis and treatment of 
mental disorders.47 48 In addition, emerging fields, known 
as epigenomics and microbiome, have shown some 
degree of association with prognosis.49–52

Current studies of gut microbiota–brain axis and 
neuroimmunology suggest a need for integrated anal-
ysis. Decreased faecal microbiota richness and diversity 
were observed in some MDD studies and associated with 
altered serum metabolites and decreased immunoglob-
ulin.53 54 A case–control study indicated that proinflam-
matory genera were enriched in the depression group, 
whereas anti- inflammatory genera were reduced, corre-
sponding to altered bacterial functions (especially immu-
nomodulatory metabolites) and host cytokines expression 
profiles.55 Due to the high complexity and heteroge-
neity of MDD, both in psychopathology and prognosis, 
a combination of more dimensions should outperform 
predictions obtained from a single approach.32 56 Previous 
or ongoing international clinical trials of pivotal, such as 
the Establishing Moderators and Biosignatures of Antide-
pressant Response in Clinical Care (EMBARC) and Texas 
Resilience Against Depression (T- RAD), have adopted 
the approach based on multimodal data.57 58 Higher accu-
racy in predicting outcome for depression was revealed 
(area under the curve: 0.86) by integrating genomic and 
metabolomic markers.59

Objectives
Integration of multiomics data in MDD clinical studies 
remains scarce in current literature. The study, an Inte-
grated Module of Multidimensional Omics for Periph-
eral Biomarkers (iMORE) is designed to predict and 
assess response to antidepressants through a multistage 
cohort, including selective serotonin reuptake inhibitor 
(SSRI) and serotonin–norepinephrine reuptake inhibi-
tors (SNRIs), using multiomics integration and machine 
learning strategy. We aim to construct models with 
high predictive power and validated the accuracy in an 
independent prospective stage, by integrating multiple 
sources of omics data (metabolomics, microbiomes, 
etc). As secondary aims, a series of potential diagnostic 
biomarkers are to be explored for the MDD biologic 
subtypes.

METHODS AND ANALYSIS
Study design
The Integrated Module of Multidimensional Omics for 
Peripheral Biomarkers (iMORE) study is performed 
by three mental health centres in Shanghai, China. 
The whole study comprises two stages: the observation 
phase and the validation phase, with each stage for 8 
weeks (figure 1). Predictive accuracy of the model for 
antidepressants response constructed in the observa-
tion phase is verified in the validation phase. iMORE 
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features a practical design to better reflect real- world 
efficacy, where the antidepressants (SSRIs, SNRIs) and 
dosages are adjusted based on clinical judgement and 
the patient’s willingness. Participants recruitment has 
started in December 2020 and the study is estimated to 
be finished in 2023.

Stage 1: observation phase
A total of 150 participants with MDD and 50 healthy 
controls are recruited in a prospective, observational 
cohort initially. Participants receiving SSRI or SNRI 
during observation are enrolled in a 1:1 ratio before 
starting. The protocol- specified SSRI includes fluoxe-
tine, paroxetine, sertraline, citalopram and escitalopram; 
SNRI includes venlafaxine and duloxetine. Additional 
drug for associated symptoms or side effects are allowed, 
including concurrent treatments for comorbidities. For 
depressed subjects, visits occur at baseline, week 4 and 
week 8; only baseline is taken in healthy controls. Assess-
ment in visits consists of sociodemographic, clinical 
features, drug exposure, biospecimen collection and so 
on (table 1). Sample collected are analysed mainly by 
multiomics technologies, including cytokines, metabo-
lomics and gut microbiome. After 8 weeks, participants 
with MDD are divided into groups responder and non- 
responder based on treatment response (>50% reduction 
in baseline Montgomery- Asberg Depression Rating Scale 
(MADRS)), then prediction models for SSRI and SNRI 
are built, respectively, by multidimensional data inte-
gration. Meanwhile, biomarkers of potential diagnostic 
value are mined from obtained data to identify molecular 
subtypes in participants.

Stage 2: validation phase
The accuracy of prediction models in a previous stage is 
validated in an independent cohort of 50 participants and 
50 healthy controls. In this phase, the workflow is close to 
Stage 1 (table 1), with the same regulation on antidepres-
sants and other drug. The baseline dataset of participants 
is input to predict the response to antidepressants, which 
is verified by the actual efficacy after 8 weeks of treatment. 
Potential biomarkers discovered in the previous phase for 
diagnosis or discrimination of subtypes are also tested for 
clinical value. Longitudinal multidimensional datasets 
during treatment in all stages are employed to perform 
network analysis among core biomarkers for interaction 
analysis.

Patient and public involvement
Patients or members of the public were not involved in 
the design, or conduct, or reporting or dissemination 
plans of this study. Study finds could be disseminated to 
the participants by emails if they prefer.

Study sites and participants
A total of 200 participants with MDD are recruited form 
Shanghai Mental Health Center (affiliated to Shanghai 
Jiao Tong University School of Medicine), Shanghai 
Pudong New Area Mental Health Center (affiliated to 
Shanghai Tongji University School of Medicine) and 
Shanghai Huangpu Area Mental Health Center. All 
100 healthy controls are recruited from the popula-
tion of communities, students, hospital staff and so on. 
Depressed subjects aged 18–65 are diagnosed according 
to Diagnostic and Statistical Manual of Mental Disorders, 

Figure 1 Overview of the iMORE study. iMORE, Integrated Module of Multidimensional Omics for Peripheral Biomarkers.
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fifth edition criteria for MDD. Participants should have 
moderate- to- severe symptoms at screening and receive 
antidepressant treatment during the study. Patients with 
high suicide risks, severe concomitant medical condi-
tions and other mental disorder are mainly excluded 
(for inclusion and exclusion criteria see box 1). Healthy 
controls are matched in age, sex and education, and their 
exclusion is close to the criteria of the MDD group.

Clinical visits
Clinical data collection
Clinical information collected includes sociodemo-
graphic, course of treatment, family history, drug expo-
sure and so on. The onset of MDD and related treatment 
descriptions are documented in detail. Drug information 
(eg, reasons, dosage, duration) during the study period is 
recorded, including concomitant medication. Depressive 
symptoms are assessed by the MADRS, Hamilton Depres-
sion Rating Scale (HAMD- 17), Clinical Global Impression 
Scale (CGI- S, CGI- I), and anxious symptoms are assessed 
by the Hamilton Anxiety Rating Scale (HAMA). Partic-
ipants' cognitive function is measured by the Montreal 

Cognitive Assessment Scale (MOCA). The Pittsburgh 
Sleep Quality Index (PSQI) and the Quick Inventory 
of Depressive Symptomatology (QIDS- SR16) are both 
self- rated scales to evaluate sleep quality and depressive 
symptoms, respectively. Except for the self- rated scales, all 
assessments are completed by assessors through a semi-
structured interview.

Biospecimen collection
Collections of venous blood samples are carried out in 
accordance with the standard operating procedures at 
each study site, then shipped on dry ice to the central labo-
ratory within 24 hours. A total of 12.5 mL of venous blood 
is collected (from 08:00 to 17:00) from each subject for 
each visit, using whole blood RNA test tubes and EDTA 
tubes. Postprandial time needs to be recorded if subjects 
are not in fasting state. After isolation, samples of whole 
blood, plasma and blood cells are stored according to 
the corresponding conditions until further tests. General 
laboratory tests include liver function, renal function, 
lipids, glucose, and serum thyroid hormones.

Table 1 Schedule of assessments

Procedure Screening

Stage 1 Stage 2

Baseline Week 4 Week 8 Baseline Week 4 Week 8

Informed consent Х
Eligibility for enrolment Х
Demographics Х Х
Physical examination Х Х Х Х Х Х
Clinical information

  Diagnosis Х Х
  Course of treatment Х Х
  Family history Х Х
Scales assessment

  MARDS Х Х Х Х Х Х Х
  HAMD- 17 Х Х Х Х Х Х Х
  HAMA Х Х Х Х Х Х
  MOCA Х Х Х Х Х Х
  CGI- S Х Х Х Х Х Х
  CGI- I Х Х Х Х
  QIDS- SR16 Х Х Х Х Х Х
  PSQI Х Х Х Х Х Х
Blood samples Х Х Х Х Х Х
Stool samples Х Х Х Х Х Х
Medication record Х Х Х Х Х Х
Adverse events Х Х Х Х Х Х

iMORE consists of two stages: the observation phase and the validation phase. Only baseline visit is scheduled for healthy controls.
CGI- I, Clinical Global Impressions Scale- Global Improvement; CGI- S, Clinical Global Impressions Scale- Severity of Illness; HAMA, Hamilton 
Anxiety Rating Scale; HAMD- 17 item, Hamilton Depression Rating Scale; iMORE, Integrated Module of Multidimensional Omics for Peripheral 
Biomarkers; MADRS, Montgomery- Asberg Depression Rating Scale; MOCA, Montreal Cognitive Assessment Scale; PSQI, The Pittsburgh 
Sleep Quality Index; QIDS- SR 16 item, Quick Inventory of Depressive Symptomatology- Self Report.
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Mass cytometry analysis of blood immune cells
Human blood samples collected in EDTA tubes are 
centrifuged at 500 g for 10 min. Blood cells are subjected 
to red blood cell lysis at room temperature, then washed 
with staining buffer, filtered through a 70 µm strainer and 
counted. Metal- labelled antibodies are used for staining 
according to the manufacturer’s instructions (Fluidigm 
Science, San Francisco, USA). Cells are fixed with 1.6% 
paraformaldehyde and are processed in Ir- Interchelator 
(Fluidigm) then incubated at 2°C–8°C. Before acquisi-
tion, cells are resuspended with Cell Acquisition Solution 
(Fluidigm) containing diluted EQ Four Element Calibra-
tion beads (Fluidigm) and filtered through a 35 µm nylon 
mesh filter cap. Finally, cells are obtained on a Helios 
Mass Cytometer (Fluidigm) and are exported and anal-
ysed using the Cytobank analysis software.

Cytokines assessments
Targeted cytokines of plasma samples are processed by 
microarray technology with the Quantibody Human 
Cytokine Antibody Array 440 Kit (Ray Biotech, Norcross, 
USA). The multiplexed ELISA- based quantitative array 
platform determines the concentration of up to 440 
human cytokines simultaneously. After signals visualisa-
tion by laser scanners, raw fluorescence data are acquired 
from the array- specific software (eg, GenePix).

Metabolomics assessment
Targeted metabolomics of plasma samples is performed 
using MxP Quant 500 Kit, based on flow injection analysis 
and liquid chromatography- based triple quadrupole mass 
spectrometry. The whole workflow is processed on the 
Met/DQ platform, including statistics test. The platform 
allows for simultaneous detection and quantification of 
up to 630 metabolites in plasma, representing 26 analyte 
classes.

Gut microbiomes assessments
All faecal samples are collected by participants at home 
with a standardised collection device, then the samples 
are delivered to the central laboratory within 24 hours and 
subsequently stored at −80°C. Subjects first excrete faecal 
samples on a special faecal collection paper provided to 
avoid contamination with urine and other substances. 
A total of three test tubes of faecal samples (inner part 
of the middle and rear sections) are taken followed by 
mixing with the reagent solution in the tubes and setting 
them in a sealed bag with ice. Bacterial 16S ribosomal 
RNA gene sequencing assay is used to investigate the 
gut microbiome diversity of participants. After purifica-
tion, PCR amplification and complementary DNA library 
construction, gene sequencing is performed on the Illu-
mina MiSeq System (Illumina, San Diego, USA). Quality 
control and filtration of sequence quality are conducted 
to distinguish the sample reads, followed by cluster and 
taxonomy analyses.

Sample size estimation
Quite limited methods are provided for the sample size 
calculations in multiomics studies, where participants 
varied from dozens to hundreds of samples within each 
group.49 53 60 Therefore, our sample size is selected 
according to previous studies and the setting of this study. 
A total of 200 participants with MDD and 100 healthy 
controls is estimated. According to the area under the 
curve (AUC) range in previous prediction models, we 
estimate the AUC of the model developed to be at least 
0.70.61 The sample size has been selected to provide statis-
tical power of at least 80% power to detect a difference 
of 0.10 of AUC value (assuming a 50% response rate of 
patients with MDD in the cohort), using a two- sided z- test 
at a significance alpha level of 0.05. For main parameter 
of interest, an effect size criteria for models is applied that 
ORs should exceed 1.2.

Outcome
Primary outcome
The primary outcome measure is the change from base-
line in MARDS score at week 8 in participants with MDD. 
The larger reduction in MARDS score demonstrates a 
better improvement in depressive symptoms or thera-
peutic effect.

Secondary outcome
The secondary outcome includes response and remission 
rate at week 8. Response and remission rate are calculated 

Box 1 Inclusion and exclusion criteria for the study entry

Inclusion criteria
 ⇒ Age 18–65.
 ⇒ Inpatients or outpatients; gender not limited.
 ⇒ Meets DSM- V criteria for single or recurrent non- psychotic MDD and 
related specifiers.

 ⇒ Taking or about to take SSRI or SNRI antidepressants.
 ⇒ Total MARDS ≥24 at screening.
 ⇒ Total HAMD- 17 ≥20 at screening.
 ⇒ Provide written informed consent.

Exclusion criteria
 ⇒ Concomitant other mental disorder (in addition to MDD).
 ⇒ Suicidal risk (defined by suicide attempt within a year, or scores >3 
on suicidal thoughts of MARDS).

 ⇒ Substance dependence in the past 6 months (except for nicotine).
 ⇒ The major depressive episode of organic mental disorders second-
ary to neurological diseases or systemic illnesses.

 ⇒ Severe or unstable general medical conditions.
 ⇒ Clinically significant laboratory abnormalities (including ECG).
 ⇒ Diagnosed gastrointestinal diseases (tumour, inflammatory bowel 
disease, diarrhoea, constipation, etc).

 ⇒ History of antibiotic, non- steroidal anti- inflammatory agents, pro-
biotics, immunosuppressants or corticosteroid intake in the past 3 
months.

 ⇒ Women planning to conceive during the study period, or current 
pregnancy or breast feeding.

DSM- V, Diagnostic and Statistical Manual of Mental Disorders, fifth edition; 
MADRS, Montgomery- Asberg Depression Rating Scale; MDD, major depressive 
disorder; HAMD- 17, Hamilton Depression Rating Scale; SNRI, serotonin‐
norepinephrine reuptake inhibitor; SSRI, selective serotonin reuptake inhibitor.
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based on the score of MARDS and HAMD- 17. Response 
rate is defined as the proportion of participants with a 
decrease of more than 50% in score on the depression 
scale (MARDS, HAMD- 17). Remission rate is defined as 
the proportion of participants with remission: HAMD- 17 
scores ≤7 or MARDS scores ≤ 10. Change in scale score 
from baseline is compared between visits as secondary 
outcome. Larger reduction in depression and anxiety 
scale score indicates more improvement in symptoms. A 
score of MOCA <26 suggests the presence of mild cogni-
tive impairment, and a decrease in PSQI score demon-
strates improved sleep quality in subjects. The Global 
Impression Scale (CGI- S, CGI- I) is used to measure the 
overall severity and degree of improvement of MDD; the 
lower the participants score, the greater the treatment 
efficacy.

Adverse events
Any AEs that occurred during the study are recorded and 
handled timely. Serious AEs are reported to the institu-
tional review board within 24 hours. Only adverse drug 
reactions (ADRs) with a definite, probable or possible 
causality are included for safety analysis in the study. 
General laboratory tests during visits help to identify the 
ADRs.

Data collection and management
The original data are recorded first in case report form 
(CRF), including sociodemographic, clinical informa-
tion, AEs and so on. Onsite checks for quality control are 
conducted periodically to ensure that researchers strictly 
adhere to the standard operating procedures and fill in 
the information correctly. Electronic CRF is employed 
simultaneously to collect data based on an electronic 
data management system, built and run by the computer 
department of Shanghai Mental Health Center. Double 
data entry and proofreading are conducted on the system 
by two independent data entry personnel at each study 
centre, within 5 days of raw data generation. After all 
participants complete the study and the integrity of the 
data is systematically checked, the database is locked until 
later analysis by statistical analysts. The biospecimens and 
test results are managed by the central laboratory inde-
pendently and accessible by authorised personnel in the 
study.

Quality control
iMORE is initiated by the Clinical Research Centers of 
Shanghai Mental Health Center, which is also respon-
sible for coordinating other study centres. All assessors 
undertake the good clinical practice (GCP) training 
and training on the use of scales before the start, and 
are required to pass a concordance test for eligibility. 
The Hospital Development Center (Shanghai, China) 
supervises the whole study process and performs period-
ical reviews on researcher staff qualification, informed 
consent, data quality and so on.

Statistical analysis strategy
Data analysis is performed according to the intention- to- 
treat principle on the full- analysis set. Missing data are 
handled with the corresponding approach (deletion 
or imputation) according to the reason. Trend analysis 
for response rate, remission rate and scale scores are 
performed using the generalised linear mixed models or 
mixed model for repeated measurements.

Construction and validation of models
Prediction models for SSRI and SNRI are constructed 

respectively based on the multidimensional data integra-
tion, including clinical characteristics in Stage 1. Subjects 
with MDD are categorised into two groups: responder 
and non- responder group based on the response at week 
8. Each group is randomly selected with two- thirds as 
the training set and the rest as the testing set; the same 
process is repeated with fivefold cross- validation for the 
optimal result. Before data concatenation of multidimen-
sional data as an input matrix, deep learning approaches 
(eg, autoencoder) are applied to select feature subsets 
associated with outcome phenotype. Autoencoder is 
a non- linear factorisation technique with multilayer 
neural network structures to learn data representation 
by reducing dimensionality.62–64 Models are constructed 
mainly based on supervised machine learning approaches, 
using several algorithms (linear and non- linear) simul-
taneously for comparisons across models. Predictors 
are ranked by their importance in predicting according 
to the value of coefficients. Algorithms for reference 
include elastic net regression, support vector machine 
and random forest. To conservatively evaluate the clinical 
value of multiomic data, a model based on clinical charac-
teristics alone is performed for comparison. Validation of 
all models are conducted in the participants with MDD in 
Stage 2 with data at baseline and endpoint, and the AUC 
is the main index to evaluate the accuracy.

Network analysis
Network analysis for treatment response is conducted on 
subjects with MDD in all stages with longitudinal data. 
A highly interconnected network in biomarkers of all 
omic features is built to demonstrate the interaction and 
regulatory direction. The network analysis is performed 
on the tool xMWAS65 based on the sparse partial least 
squares (sPLS) regression. sPLS is a classification method 
capable of selection and integration at the same time in a 
number of highly correlated variables.

Biologic subtyping
Diagnostic biomarkers for MDD are explored using data 
from 100 healthy controls including initial assessment 
in Stage 2. Biological phenotyping of MDD is based on 
the variables of 150 subjects with MDD in all stages by 
integration analysis, such as biological signatures with 
severe sleep disturbances or anxiety symptoms. Similar 
to the modelling process, multidimensional features are 
input as a matrix followed by dimensionality reduction. 
Cox proportional hazards analysis and least absolute 
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shrinkage and selection operator (LASSO) regression are 
applied for further feature selection, which identifies the 
molecular subtypes after K- means clustering.

Ethics and dissemination
This study has been approved by the ethics committee 
of Shanghai Mental Health Center (approval number 
2020- 87). The study is conducted in accordance with the 
principle of the Declaration of Helsinki and the GCP 
guidelines, and all written informed consent is obtained 
from participants before enrolment. Study findings will 
be published in peer- reviewed journals.

DISCUSSION
The need for precision medicine in antidepressant treat-
ments remains unmet. SSRIs and SNRIs are the most 
common first- line antidepressants, facing the treatment 
dilemma for its limited response.66 Finding easily acces-
sible predictive biomarkers help early identification 
of potential benefits to certain drug, reducing cost of 
treatment and unnecessary drug exposure. Studies have 
shown the richness of the neurobiological mechanisms 
of MDD: increased activation of inflammatory system,67 
correlations between epigenetic regulation and stress 
environment,68 multiple influencing factors from intes-
tinal microbiota,69 aberrant neural circuits 70 and so on. 
In such a complicated mechanism background, data- 
driven approaches based on multiomics integration 
rather than hypothesis- driven methods might be the solu-
tion. The predictability of outcome is improved and rela-
tionships between biomolecules are better elucidated by 
the systems biology method.

Biomarkers obtained from peripheral blood and stool 
samples remain practical currently, and other potential 
makers, for example, neuroimaging, are far from large- 
scale applications. Multidimensional integration of 
peripheral indicators allows comprehensive reflection of 
dynamic alterations in central nervous system functions. 
Machine learning (especially, deep learning) in theory 
has its advantage in multiomics analysis although there 
are no current standards.71 In addition to the algorithm 
in the analysis plan, successful cases include penalised 
regression, extreme gradient- boosting (XGBoost) and 
multiomics late integration.59 72

Similar to other omics studies, high dimensionality and 
a relatively small sample size are issues to tackle in this 
study because more types of omics are involved, making it 
more challenging. To avoid overfitting in models learning, 
a leave- one- out approach can be used and training can be 
terminated early when overfitting occurs.73 Lack of rando-
misation on treatment may bring confounding effects 
influencing results. Our results perform direct validation 
in a real- world setting than the previous cross- trial repli-
cation method could help alleviate the limitations.74 75 To 
date, no established mechanism in the physiopathology 
of MDD can be applied to biological subtyping before 
treatment. In conclusion, this is a large, ongoing research 

on precision medicine in depression including multiple 
stages, and providing rich biologic information for mech-
anistic studies. More targeted subsequent clinical trials 
will be planned for the potential subtypes discovered in 
this study.
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