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Depression is a heterogeneous and complex psychological syndrome with highly variable manifestations, which poses difficulties
for treatment and prognosis. Depression patients are prone to developing various comorbidities, which stem from different
pathophysiological mechanisms, remaining largely understudied. The current study focused on identifying comorbidity-specific
phenotypes, and whether these clustered phenotypes are associated with different treatment patterns, clinical manifestations,
physiological characteristics, and prognosis. We have conducted a 10-year retrospective observational cohort study using electronic
medical records (EMR) for 11,818 patients diagnosed with depression and hospitalized at a large academic medical center in
Chengdu, China. K-means clustering and visualization methods were performed to identify phenotypic categories. The association
between phenotypic categories and clinical outcomes was evaluated using adjusted Cox proportional hazards model. We classified
patients with depression into five stable phenotypic categories, including 15 statistically driven clusters in the discovery cohort
(n=9925) and the validation cohort (n = 1893), respectively. The categories include: (Category A) the lowest incidence of
comorbidity, with prominent suicide, psychotic, and somatic symptoms (n = 3493/9925); (Category B) moderate comorbidity rate,
with prominent anhedonia and anxious symptoms (n = 1795/9925); (Category C) the highest incidence of comorbidity of
endocrine/metabolic and digestive system diseases (n = 1702/9925); (Category D) the highest incidence of comorbidity of
neurological, mental and behavioral diseases (n = 881/9925); (Category E) other diseases comorbid with depression (n = 2054/
9925). Patients in Category E had the lowest risk of psychiatric rehospitalization within 60-day follow-up, followed by Category C
(HR, 1.57; 95% Cl, 1.07-2.30), Category B (HR, 1.61; 95% Cl, 1.10-2.40), Category A (HR, 1.82; 95% Cl, 1.28-2.60), and Category D (HR,
2.38; 95% Cl, 1.59-3.60) with P < 0.05, after adjustment for comorbidities, medications, and age. Regarding other longer observation
windows (90-day, 180-day and 365-day), patients in Category D showed the highest rehospitalization risk all the time while there
were notable shifts in rankings observed for Categories A, B and C over time. The results indicate that the higher the severity of
mental illness in patients with five phenotypic categories, the greater the risk of rehospitalization. These phenotypes are associated
with various pathways, including the cardiometabolic system, chronic inflammation, digestive system, neurological system, and
mental and behavioral disorders. These pathways play a crucial role in connecting depression with other psychiatric and somatic

diseases. The identified phenotypes exhibit notable distinctions in terms of comorbidity patterns, symptomology, biological

characteristics, treatment approaches, and clinical outcomes.
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INTRODUCTION

Depression is the most prevalent and disabling mental health
condition affecting about 15-18% of the general population
worldwide [1-3]. According to the World Health Organization
(WHO), depression has been ranked as the third leading
contributor to the overall global burden of disease since 2004
[4]. Unlike in other branches of medicine, the categorical or
syndromal diagnosis of depression (DSM-5/ICD-10) rests entirely
on descriptive phenomenology. The assumption of homogeneity

in depression is recognized as a remarkable challenge that drives
both comorbidity and heterogeneity issues [5]. Therefore,
genetics, epigenetics, gene-environment interactions [6-11],
early-life adversity [12], inflammation and other immune system
dysfunction [13], brain imaging [14] have been extensively
investigated to identify the neurobiological mechanisms that
contribute to heterogeneity in depression.

There is an increasing recognition of evidence indicating that
depression is driven by multiple underlying mechanisms, such as
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the hypothalamic-pituitary-adrenal (HPA) axis, heart-brain axis,
and gut-brain axis, among others. This suggests that depression is
a heterogeneous syndrome rather than a singular condition [15].
The heterogeneity of depression reflects the significant variation
in symptom presentation, severity, course, treatment response,
genetics, and neurobiology among different patients [16]. Patients
may present with diverse symptom profiles, and diagnostic criteria
for depression can be met by up to 10,377 unique combinations
of symptoms [17]. This results in a wide range of possibilities,
where two patients diagnosed with depression may only share a
single core symptom. A multifactorial approach tackles the
heterogeneity problem by assuming that disorders comprise
multiple phenotypes driven by multiple discrete factors [5].
Conventional phenotypes of depression have been proposed
based on a single factor, such as symptom (atypical, psychotic,
melancholic depression), age at onset (seasonal affective disorder,
postpartum, early versus late in life), course (single, recurrent,
chronic), or severity [18, 19]. However, there’s limited evidence
supporting the validity of these theoretically derived depression
phenotypes, thus constraining their clinical applicability [18, 20].
Recent efforts to define depression phenotypes have focused on
identifying symptom-specific clusters and examining neurophy-
siological correlates [15, 19]. Another research attempted to group
patients based on neuroimaging and other biological measures,
and validate the clusters through their correlation with clinical
symptoms, treatment outcomes, or other clinical variables [21]. To
date, defining whether there are phenotypes of patients that may
result from different etiological sources of depression is an
ongoing challenge.

Depression is associated with an increased risk of various
comorbid diseases [22-31], although the explanations for this are
not always clear. Longitudinal studies have reported elevated risks
of asthma [22], diabetes [23], cardiovascular diseases [24-27],
Parkinson’s disease [28], dementia [29], thyroid diseases [30],
generalized anxiety disorder, post-traumatic stress disorder,
various phobias, substance use disorders, obsessive compulsive
disorder, attention-deficit hyperactivity disorder and personality
disorders [31] among individuals diagnosed with depression. A
recent study identified three main disease clusters after depres-
sion [32]. The high comorbidity rates suggest that transdiagnostic
mechanisms may contribute to the biology underlying hetero-
geneous symptom presentations not only in depression, but also
in these closely related disorders. A shared neural basis was
recently proposed underlying psychiatric comorbidity [33]. While
recent decades have seen significant advancements in under-
standing the pathophysiological and psychopathological mechan-
isms underlying the relationship between these medical
conditions and depression, many physicians find it difficult to
treat patients with psycho-somatic comorbidities. Distinct
mechanisms could warrant different types of treatment. Treating
all individuals with depression as a unitary disease entity may be a
major reason for a sizable percentage of patients who remain
nonresponsive or poorly responsive to available treatments.

A significant comorbidity exists across diagnostic labels thought
to separate internalizing and externalizing disorders, with high
phenotypic correlations observed between pairs of diagnoses
[34, 35]. However, few studies have directly shed light on the
association between phenotype of depression and multiple
medical conditions (multimorbidity). Previous work, largely
hypothesis-driven, focused on select comorbidities associated
with depression, without considering a general pathogenic basis
underlying both mental and somatic diseases. It has been
suggested that depression is a systemic illness that affects the
brain and the body, with the latter effects associated with
increased vulnerability to, and poor prognosis of, several medical
disorders [30]. There is an urgent need for studies aimed at
assessing the underlying structure of systemic multimorbidity, to
discriminate depression phenotypes and provide insight into the
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cause of comorbidity. Thus, based on the heterogeneity of
depression and the assumption of the same pathogenic mechan-
ism in comorbidity, multiple possible subtypes (comorbidity-
specific phenotypes) of depression can be identified, to better
understand the phenotype-specific mechanisms of depression.
These can be validated via multi-omics analysis on patient
populations and animal models in the future (Fig. 1).

Due to the complex etiology of depression, it is challenging to
define its phenotypes based on clinical knowledge and empirical
evidence. A viable alternative is to use data-driven approaches that
leverage the wealth of information stored in EMR [36-40]. The wide
availability of EMR has created a continuously growing repository of
clinical data, including patient demographics, diagnoses, chief
complaints, medications, laboratory measurements and procedures.
This repository provides opportunities for large-scale population-
based studies at low-cost [36, 38]. The integration of these rich data
and clustering methods (e.g., Latent class analysis, K-means
clustering, and hierarchical agglomerative clustering) provides a
potential to measure differences between individuals based on their
characteristics and find clusters of patients who are similar to each
other than the patients in other clusters, wherein each cluster
corresponds to a unique phenotype [38-40]. Multiple statistical
testing methods (e.g., t-test, Kruskal-Wallis H-test and Chi-square
test) [41] can be performed to find discriminative characteristics
across different phenotypes, and visualization methods (e.g., Chord
diagram, Radar chart and Boxplot) provide interpretation for the
computationally derived phenotypes. While detractors may suggest
that the subtypes derived from EMR heavily depend on the chosen
methodology and cohort characteristics [15, 42], proponents of
data-driven phenotyping assert that such limitations can be
mitigated with expert input at each decision node [43]. In the
realm of depression, clinicians and psychotherapists play a crucial
role in overcoming these challenges. Notably, there has been a
significant surge in the integration of data-driven approaches with
expert panels in recent years [44]. This fusion offers promising
insights and holds considerable potential for clinical application.

In this study, we seek to identify distinct clusters of patients
with depression who exhibit similar phenotypes. We also aim to
examine whether these phenotypes are linked to varying patterns
of comorbidity, treatment approaches, clinical presentations (i.e.,
symptomatology), biological characteristics, and outcomes (i.e.,
psychiatric rehospitalization). By identifying multiple depression
comorbidity-phenotype pairs, our objective is to establish a
foundation for future research into the diverse pathogenic
mechanisms contributing to the heterogeneity and comorbidity
of depression. While this study focuses on the identification and
characterization of phenotypic patterns, these insights are
intended to guide subsequent investigations into the underlying
biological, genetic, or environmental factors.

METHODS

Setting and sample selection

This retrospective cohort study was conducted at West China Hospital
(WCH) of Sichuan University. WCH is an academic medical center-based
health system in Chengdu that serves patients from across southwest
China. The hospital has 4300 beds and over 10,000 medical staff. Also, the
psychiatric specialty at WHC serves a large number of patients with
psychiatric disorders (e.g., depression, bipolar disorder, schizophrenia),
with over 300 thousand outpatient visits and more than 6 thousand
discharges annually. These patients hail from over 33 provinces,
municipalities, and autonomous regions across China, with notable
concentrations from Sichuan, Tibet, Chongging, Guizhou, Yunnan, Gansu,
Shandong, and other regions. Therefore, the studied sample can be
considered a representative sample of China. In 2009, an EMR system
integrated with the Health Information System (HIS) and the Laboratory
Information System (LIS) was adopted in all departments throughout the
hospital, marking the starting point for our data extraction.

Translational Psychiatry (2024)14:504
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Fig. 1 Study overview of comorbidity-phenotype of depression.

Details of the study setting have been described in our recent
publication [45]. In summary, the initial sample was obtained from an
EMR research database derived from WCH. This database comprises 36,780
admission records of 21,964 inpatients. The inclusion criteria involved
patients who had a diagnosis name containing either “depression,”
“mania,” or “bipolar disorder” and had been hospitalized and discharged at
least once between January 1, 2009, and December 31, 2018. From the
database, we extracted the index admission record of each patient,
specifically their first record indicating a diagnosis of depression [45]. (We
excluded one patient with an exceptionally long length of stay.)
Consequently, for this study, we recruited a study population of 13,176
patients with a recorded discharge diagnosis of depression based on the
International Classification of Disease, Tenth Revision (ICD-10, Clinical
Modification Codes F32 and F33). Here, the ICD-10 code serves as the gold
standard for characterizing diagnostic categories, and the determination of
the code is derived from direct assessments by trained psychiatrists. These
assessments utilize both structured instruments, such as the Composite
International Diagnostic Interview (CIDI), the Diagnostic Interview Schedule
(DIS), and the Mini International Neuropsychiatric Interview (MINI), as well
as semi-structured diagnostic interviews, exemplified by the Structured
Clinical Interview for DSM (SCID) and Schedules for Clinical Assessment in
Neuropsychiatry (SCAN) [46]. These comprehensive evaluations are
performed at admission and undergo subsequent confirmation, and at
times, revision, through repeated assessments during the hospitalization
period. These conditions make it the optimal choice to improve the data
quality. Therefore, the discharge diagnosis codes represent all the diseases
of each patient during their hospitalization.

To ensure the integrity of our dataset, we excluded certain patients
based on specific criteria. Firstly, we exclude 436 patients with missing
demographic information to minimize potential bias caused by missing
data, which may compromise the accuracy and reliability of our findings.
To the best of our knowledge, the absence of demographic information
was due to external factors; for example, some patients forgot to fill in the
information, or some data lost during the early stage of the development
of the information system. These factors are not related to the issues under
study. Hence, the absence of demographic information is identified as
Missing Completely At Random (MCAR), justifying its exclusion.
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Additionally, we excluded 922 patients who did not receive antidepressant
treatment (as shown in Fig. 2). This decision is made because the choice to
undergo antidepressant treatment serves as a direct indicator of a patient’s
current depressive episode. As this study focuses on categorizing patients
currently experiencing a depressive episode and comparing different
antidepressant treatment options among distinct patient phenotypes,
excluding those who did not receive treatment is necessary. By
implementing these exclusion criteria, we obtain a valid sample of
11,818 patients for our analysis. This approach ensures that our findings
are based on a reliable and representative cohort. To evaluate the
performance of data-driven phenotyping on a distinct dataset and to
ensure an unbiased estimation of the model’'s generalization to new
patients, we have created separate datasets to identify and validate
depression phenotypes based on the respective time period of the data.
9925 patients from the primary study population hospitalized between
2010 and 2017 are selected to identify phenotypes, while 1893 patients
admitted in 2018 are chosen to validate the derived phenotypes.

From the procedure just described, we have identified patients with
depression using the presence of an F32 or F33 ICD-10 code in either the main
or supplementary position. It should be noted that the ICD-10 code in the
main diagnostic position represents the principal condition being treated,
while the supplementary codes indicate comorbidities that contribute to the
overall episode. In such setting, the phenotypes of depression patients who
were hospitalized both for an acute episode of depression and for an acute
episode of other comorbid conditions could be identified. The comorbidity-
based phenotyping tool can be utilized in a broader range of clinical scenarios.

Outcome measures

In this analysis, the primary measures of outcome are psychiatric readmission
within 60 days, 90 days, 180 days, and 365 days of the initial depression
hospitalization. Readmission is defined as binary indicators of whether an
individual had subsequent admission records within the defined time
windows after the initial hospitalization, with a principal psychiatric diagnosis
of ICD-10 code in the range FOO-F99. For each patient, follow-up began on
the date of discharge, and ended on the earliest instance of readmission
within each time window (if at all), or on the end date of follow-up.

SPRINGER NATURE
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Fig. 2 Flow chart of data set construction.
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Fig. 3 Description of basic steps of analysis.

Assessing the therapeutic efficacy in patients with mental illness
objectively represents a global technical challenge. Currently, the
predominant method for evaluating therapeutic outcomes relies on
scale-based assessments, which involve calculating the variation between
pre-treatment and post-treatment scale scores. Some studies have
explored the use of magnetic resonance functional imaging (fMRI)
technology to scrutinize structural or functional changes in patients’
brains before and after treatment, aiming to gauge therapeutic effects.
However, methods centered on fMRI data have been constrained by
limited sample sizes and high costs, hindering widespread adoption within
China’s mental health clinical practices. Mental health care primarily relies
on scale assessments, but issues such as self-reporting of symptoms by
patients can introduce subjectivity into therapeutic evaluations. To address
these concerns, we engage in extensive communication and collaboration
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with the psychiatrists who partner in this study. Subsequently, we adopt
the criterion of readmission at different time intervals as an objective proxy
of therapeutic outcomes. Although this outcome indicator constitutes an
indirect evaluation of therapeutic efficacy, it offers a more objective
perspective.

Analytic process

Our objective is to classify patients with depression who share similar
phenotypes through application of clustering analysis (K-means cluster-
ing). Figure 3 depicts the six steps we followed to accomplish this
objective. The data preprocessing and machine learning modeling is
carried out using R programming language (R 3.6.3). The code is available
upon request.

Translational Psychiatry (2024)14:504



Data set construction

The data extracted from the EMR system encompasses the hospital’s
digital abstracts of inpatient stays, containing a range of information
including patient sociodemographic details collected at admission,
laboratory results, medication prescriptions, physiotherapy and psy-
chotherapy treatments, vital signs, diagnoses, length of stay, procedure
codes, patient-reported data (chief complaints, past illness history,
lifestyle behaviors, current medical history), doctor's medical advice,
discharge summaries, and other data typically used for billing purposes.
(Fig. 3 Step 1).

Clinically guided feature processing

Prior studies have shown that the heterogeneity of depression is driven by

the interaction of various factors, including genetic, neurobiological,

clinical, psychological, behavioral, pharmacological, social, and environ-

mental factors [7]. The database includes a comprehensive set of items to

record all relevant information generated during a patient’s hospitalization.
Specifically, we recorded:

® Sociodemographic information: gender, age, marital status, employ-
ment status, ethnicity, method of payment, and province of origin.

® Hospitalization information: month/season/year of admission, depart-
ment/specialty where the patient was admitted, whether the patient
was transferred to another unit, diagnoses, severity of depression,
whether the depression was recurrent, and whether the patient had
co-occurring medical comorbidities (other mental disorders, endocrine
diseases, nervous diseases, digestive diseases, circulatory diseases,
respiratory diseases, and cancer). We also recorded the number of
comorbidities in each disease system and the number of surgeries
performed, as well as the length of stay.

® Past history and lifestyle behaviors: histories of surgery, allergy, blood
transfusion, medication use, smoking, alcoholism.

® Physical examination at admission: presence of subcutaneous bleed-
ing, cachexia, facial expression, nutrition status, cooperation, con-
sciousness level, gait, body position, body temperature, pulse rate,
respiratory rate, and systolic and diastolic blood pressure.

® Text data (main complaints, history of present illness).

® laboratory test data (routine blood, urine, stool, and biochemical
tests).

® Treatment-related data (prescribed drugs, physiotherapies, and
psychotherapies) available at the time of the patient’s index admission
for depression.

By analyzing the dataset of doctors’ orders, we have captured and
extracted variables related to the treatment patterns of each patient from
the EMR system, including inpatient medication prescriptions (the type of
drugs and usage frequency of common antidepressants, antipsychotics,
anxiolytics, mood stabilizers, anti-side effects drugs, new hypnotics, 3
receptor blockers, hormonal drugs, Chinese patent medicines), physiother-
apy patterns (modified electroconvulsive therapy, biofeedback therapy,
transcranial magnetic stimulation, and electroencephalographic biofeed-
back therapy), and psychotherapy patterns. We solely extracted from the
medical order data two key pieces of information regarding psychother-
apy: whether a doctor prescribed psychotherapy for the patient and the
total number of psychotherapy sessions conducted during the patient’s
hospital stay. Specifically, within the medical order data, there is a field
labeled “Order Iltem Name”, which records the specific orders given by
doctors to patients, including medication names, psychotherapy, phy-
siotherapy names, and so on. Based on this, we created two variables
related to psychotherapy: one indicating whether the patient received
psychotherapy (PSY_type, with a binary value of 0 or 1, where 0 represents
no psychotherapy and 1 represents receiving psychotherapy), and the
other representing the total number of psychotherapy sessions the patient
received (PSY_SUM, with a numerical value).

Notably, our primary objective is to establish clinically meaningful
depression phenotypes that can aid clinicians in optimizing patient
management and treatment decisions. Only the information obtained
promptly at admission is considered for the cluster analysis, while
additional data generated during hospitalization are analyzed to identify
distinctive characteristics across different phenotypes (Fig. 3 Step 2).
Overall, 87 features are included as inputs for the cluster analysis, and 125
features are analyzed to compare key characteristics of patients among
multiple phenotypes (Supplementary Information 1.2, Table S1, Table S2
and Table S3). For unstructured data (chief complaints) and treatment-
related data processing, please refer to our previous publication
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(Supplementary Information 1.3 and 1.4, Table S1) [45]. Prior to
commencing the analysis, each record’s missing values are checked and
imputed using data from the EMR. Outliers are also detected and removed
from the dataset.

Feature filtering

The large number of features in our dataset presents a significant
challenge for K-means clustering methods [47]. To address this issue, we
aim to reduce the dimensionality of our feature set by selecting a smaller
subset of the most influential features. Subsequently, we will perform the
clustering algorithm solely on the selected features. It is widely acknowl-
edged that traditional K-means algorithms do not possess the ability to
automatically select features during the clustering process [48]. We
employed a novel approach to measure feature importance in K-means
clustering [49]. This approach is model-agnostic and solely relies on a
function called “FeaturelmpCluster” that computes cluster assignments for
new data points. By utilizing this function, we can identify the features that
significantly impact cluster assignments and assign them relevance scores
accordingly.

K-means is a divisive clustering approach that aims to group
observations into K clusters in a way that minimizes the total sum of
squared Euclidean distances between each observation and its closest
cluster centroid [48]. The number of clusters K is a prerequisite input for
this algorithm. Thus, a pre-processing step is required to determine the
optimal number of clusters before performing feature selection. Although
several methods are available to estimate the optimal number of clusters
for a given dataset, only a few provide reliable and accurate results, such as
the Elbow method [50], Average Silhouette method [51], Gap Statistic
method [52]. We compare these three methods to determine the optimal
value of K. The optimal K value is then provided as input to initialize the
K-means algorithm, followed by an assessment of feature importance
using the FeaturelmpCluster function. We also evaluate multiple combina-
tions of the number of top important features and the number of clusters
to balance the performance and interpretability of the clustering model.
Model performance is evaluated by calculating the ratio of the sum of
squared Euclidean distances between clusters (BSS) over the total sum of
squared Euclidean distances (TSS) (BSS/TSS). Model interpretability is
measured using correlation analysis and principal component analysis
(Fig. 3 Step 3).

In applying the K-means clustering method, we have placed significant
emphasis on harmoniously integrating clinician’s expertise with data-
driven outcomes while iteratively refining the latter. Notably, in selecting
the optimal number of clusters and determining the ranking of factor
importance, we actively engage clinical psychiatrists to guide our decision-
making process. Ultimately, we opt for the factor importance ranking result
that best aligned with collective clinical expertise, using it as the
foundation for subsequent clustering algorithms. The same expert panel
pipeline is consistently applied to the K-means algorithm used for data
record clustering.

Clustering analysis and performance evaluation

We have implemented the K-means clustering method by inputting the
combination of the selected features and the number of clusters as the
initialization data. To evaluate the goodness of the clustering model, we
use BSS/TSS and Silhouette coefficient as metrics. The BSS/TSS metric
ranges from 0 to 1, where a value of 1 indicates clusters are well-separated
and clearly distinct, while a value of 0 indicates clusters are indistinguish-
able. Similarly, the Silhouette coefficient ranges from —1 to 1, with a value
of 1 indicating clusters are clearly distinct, and a value of -1 indicating
clusters are incorrectly assigned. Additionally, we employ visualization
methods (Boxplot to present differences among all clusters for each
feature, Heatmap to visualize the distance matrix among all clusters) to aid
in assessing and optimizing the clustering results for a non-prespecified
value of K (Fig. 3 Step 4). Finally, we integrate clinician insights and our
analytical results to propose clinically meaningful phenotypes.

Visualizing patient phenotypes and interpretation of
clustering results

In this step (Fig. 3 Step 5), three types of clustering results are visualized
using various graphs and charts. First, bar plots are used to compare and
visualize symptom and treatment patterns among different phenotypes.
Second, comorbidity networks are employed to visualize the comorbidity
pattern associated with each phenotype. Finally, we utilize Chord diagrams
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and Radar charts to and highlight the characteristics of each phenotype
visualize the weighted relationships between different features driving the
clustering. The clustering algorithm assigns weights to each feature,
impacting the clustering results. In conjunction with the visualizations, we
develop a straightforward algorithm to quantify weight differences among
features within each phenotype. The algorithm involves assessing the
contribution of each feature towards the formation and separation of the
different phenotypes and is detailed in the Supplementary (Section 1.3).
These visualizations and algorithm provided valuable insights into the
clustering results and revealed distinct characteristics for each phenotype.

To compare the symptom patterns of each phenotype, we calculate the
incidence of various symptom categories for each phenotype. These
categories include Depressed, Decreased Interests, Anxious, Cognitive
Symptoms, Retardation or Psychomotor Impairment, Psychotic Symptoms,
Self-Accusation, Suicide Attempts, Sleep Problems, Aspecific Somatization,
Decreased Appetite or Significant Weight Loss, Lack of Energy, Irritable,
Movement Impairment, Addictive Behavior, and Eating Disorder (Supple-
mentary Information 2.1, Table S4). Furthermore, we calculate the
incidence of medication use, physiotherapy, and psychotherapy for each
phenotype. Specifically, we examined the usage of 11 antidepressants
(ADP), 11 antipsychotics (AP), 10 anxiolytics (AA), 4 mood stabilizers (MSB),
8 anti-side effect drugs (ASE), 1 new hypnotics (HYP), 3 8 receptor blockers
(OT), hormonal drugs (T3), Chinese patent medicines (CM), as well as 4
physiotherapies (PHY), and psychotherapies (PSY). Additionally, we
calculated the total amount of medical orders for each corresponding
drug type (ADP_SUM, AP_SUM, AA_SUM, MSB_SUM, ASE_SUM, OT_SUM,
T3_SUM, CM_SUM, PHY_SUM, PSY_SUM) for each phenotype (Supple-
mentary Information 2.2, Table S5 and Table S6). By comparing the
incidence rates of symptoms and medication usage patterns across
phenotypes, we gain valuable insights into the distinct characteristics and
differences among them.

We proceeded to investigate the relationship between comorbidities
and the identified phenotypes. Note that the number of diagnoses for
each patient range from 1 to 7, with a value of 1 indicating a sole diagnosis
of depression, and values of 2 to 7 representing the presence of additional
comorbid conditions associated with depression. These comorbid medical
conditions are obtained from the main and supplementary diagnoses
recorded using the ICD-10 coding system. We specifically utilized the first-
level ‘phecodes,” which are 3-character codes [53], resulting in a defined
set of included medical conditions (Supplementary Information 2.3, Table
S7). Subsequently, we identify all possible pairs of diagnoses involving
depression and its comorbidities, which we referred to as depression-
specific comorbidities. Comorbidity networks are then constructed based
on these depression-specific comorbidities, with the prevalence of co-
occurrence serving as a measure of the strength of comorbidity
associations for each diagnosis pair. Each network in our analysis consists
of nodes and edges. Nodes represent the diseases encompassed within
each phenotype, with the color of each node indicating the disease system
classified by the ICD-10. The size of each node reflects the prevalence of
the corresponding disease within the phenotype. Edges are used to
visually represent each diagnosis pair, with the width of each edge
corresponding to the prevalence of co-occurrence for that particular
diagnosis pair. For each edge, the source disease is designated as the main
diagnosis, while the target disease is considered the comorbid diagnosis.

Validation using the hold-out test data set

To evaluate the robustness of our analysis, we have performed validation
using an independent data set (Fig. 2). This data set has a similar structure
to the discovery data set but is obtained from a different patient
population. We have applied the same analytical process to the patients in
this data set to evaluate the stability of the results obtained through data-
driven phenotyping.

Statistical analysis

The baseline characteristics of all identified phenotypes are compared. The
laboratory markers and treatment patterns are also compared for each
phenotype. Continuous variables are presented as medians with inter-
quartile ranges (IQR) or mean and standard deviation format, and
categorical variables are reported as counts and percentages. Multiple
statistical analyses were performed to investigate the significance of
features among phenotypes, including the Chi-square test for categorical
variables and the Kruskal-Wallis H-test for continuous variables with non-
normal distribution, using the tableone package in R 3.6.3. The
Kolmogorov-Smirnov test is used to determine whether quantitative data

SPRINGER NATURE

from different phenotypes are normally distributed, and pairwise post-hoc
tests (Dunn test with Bonferroni adjustment procedure) are performed on
continuous variables with significant differences. A significance level of
0.05 is used for drawing the main conclusions. Data analysis was
completed between April 2022 and March 2024.

The association between phenotypes and clinical outcomes is evaluated
using adjusted Cox proportional hazards models, with adjustments made
for medications, physiotherapy, and psychotherapy, comorbidities, and
age. For each phenotype, the hazard ratio (HR) is reported along with 95%
confidence intervals (95% Cl) and corresponding P-values. Additionally, a
Kaplan-Meier (KM) plot is derived and analyzed using the log-rank test.
Assumptions are further evaluated using both KM curves and Schoenfeld
residuals tests.

RESULTS

Baseline characteristics

Detailed breakdowns of the features corresponding to the
identified phenotypes can be found in Table 1 and Table S8
(Supplementary Information 2.4). With the aim of analyzing the
etiology of different phenotypes and developing treatment
strategies tailored to each phenotype, 5 phenotypic categories
(Category A to Category E) are induced from the 15 phenotypes
by analyzing the commonalities among them in terms of age,
marital status, occupation, symptom presentation, and comorbid-
ity patterns, based on clinical expertise of psychiatrists who are
also co-authors of this paper(Mapping relationship is illustrated in
Fig. 4). Figure 5A-E highlight the characteristics of each
phenotype (Category A for example), and the rest details for
Category B to Category E are given in Supplementary Information
Figure S1-B1 to Figure S1-E4. Variations in symptom patterns
across different phenotypes are visualized in Fig. 6, which is based
on the information in Table S4 of Supplementary Information 2.1.
Figure 7 presents an overview of comorbidity patterns associated
with depression across various phenotypes. Detailed comorbidity
networks are elucidated in Table S7 and Figure S2 in Supplemen-
tary Information 2.3.

Category A: low comorbidity with suicide, psychotic and
somatic symptoms

Cluster Al: younger low comorbidity depression phenotype with
prominent suicide risk. In this phenotype (n = 1053), the average
age of patients was notably young, at only 19.29 years old
(median [IQR]: 18 [16,22]). Among them, 44.5% were under
18 years old, and 55.4% were between 18 and 35 years old. The
majority were unmarried, with 71.5% being students. Primarily
diagnosed with depression, 40.9% were identified as having
severe depression. The comorbidity rate within this phenotype
was relatively low (13.2%), encompassing mainly respiratory and
digestive system diseases, as well as signs and abnormal clinical
and laboratory findings (refer to Figure S1-A1). Importantly, 100%
of these patients had no comorbidity related to mental and
behavioral disorders or neurological diseases. Interestingly, this
group exhibited the lowest frequency of previous medication use
and reported the lowest incidence of somatic symptoms, such as
Sleep Problems and Aspecific Somatization. Conversely, the
incidence of psychological symptoms was relatively high, particu-
larly evidenced by a suicide rate of 14.91% (Fig. 5B).

Cluster A2: middle-aged low comorbidity depression phenotype with
prominent somatic symptoms. The identified cluster (n = 1305)
emerged as the largest within the dataset, characterized by the
highest proportion of female patients (965/1305; 73.9%). The
median age for this phenotype was 49 years (IQR [42, 59]), with
74% falling within the age range of 36 to 59 years. Notably, the
divorce rate was the highest among all 15 phenotypes, standing at
9.7%. Predominantly diagnosed with depression, the patients in
this phenotype exhibited a low comorbidity rate (15.9%, as
illustrated in Figure S1-A2). Strikingly, 100% of them reported no
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3 = 5 5 = 5 comorbidity related to mental and behavioral disorders, endo-
'_3 3 g 3 s 3 s crine/metabolic, circulatory, digestive, and neurological diseases.
s b ° ) Y ! ! Diverging from Cluster A1, individuals in this phenotype primarily
T o presented with the highest incidence of somatic symptoms,
ga & g9gsds §§§ 588 85 358 notably including sleep problems (1173/1305; 89.89%) and
5L g SRg S8R SE” ZRE o8¢ 0s aspecific somatization (833/1305; 63.83%) (Fig. 5C). This distinctive
profile underscores the unique clinical characteristics of this
%g . X I I _ particular cluster within the broader cohort.
o= i) ISISE) NS SEE) SRS SRR SR Cluster A3: middle-aged low comorbidity severe depression pheno-
o type with prominent psychotic symptoms. Within this ghengtypg
38 iml coel cosl 288 el sl o comprising 600 patients, the median age was observed to be 3
g‘ﬁ §§§ §,§§ §§§ §§§ ﬁgé §§§ §§§ yearf(lQRg[29,46§)).The primary diagnosis for all individuals in this
v R i e group was depression, with 99.5% classified as major depressive
b . disorder and 0.5% as moderate depressive disorder. In line with
gs 2S5 388 995 358 gd5 ¢85 go8 Cluster A2, patients in this phenotype exhibited a low comorbidity
gl g8 283 s8% S28 R34 483 aq rate (15.2%, as depicted in Figure S1-A3). Similarly, 100% of the
~ patients also reported no comorbidity related to mental a}nd
e N o= R R behavioral disorders, endocrine/metabolic, circulatory, digestive,
%% 3§§. 8§§ 88§ §§§ 888 885 8§§ and neurological diseases. Diverging from Cluster A2, individuals
2 i) Blob B FE5) Bs] HEE] 528 within this phenotype displayed a relatively high incidence (_)f
= psychological symptoms, particularly in the category of Psychotic
:8 e o o= 298 _be om _om Symptoms (120/600; 20.0%). In contrast to Cluster A1, this cluster
25 Ag% 5520 852 go5 348 239 853 reported a significantly higher occurrence of somatic symptoms
TS mom 8k RAR =2 CRY CIR 2=18 (F|gSD)
m
v ~
§§ 298 588 888 §§§ 388 888 888 Clustgr A4: younger low comO(bidity_ dep(ession phenotype with
) i wag GEE FERE| ZEL| EEE| B8 22 prominent sleep problems. Patients in this phenotype (n = 535)
exhibited a median age of 25 years (IQR [19,31]), with almost all
Oy . . L olEm s . . individuals falling below the age of 36. Predominantly diagnosed
H ‘ﬁ SR 858 888 2 898 888 88§ with depression, this phenotype displayed the lowest comorbidity
U et BRE RER) S REE] Bs] S rate (47/535; 8.79%, as illustrated in Figure S1-A4). In comparison
S to patients from other phenotypes, an overwhelming majority
52 095 09500z 288 o5 od5 oo within this phenotype reported sleep problems (524/535; 97.94%).
57 282 S0 232 4¥g 232 Swg 2:°2 Contrasting with Cluster A2, a lower proportion of patients
s A reported aspecific somatization (155/535; 28.97%) (Fig. 5E).
a Notably, this particular phenotype reported the highest rates of
ig 258 g5 888 8 §§ 288 395 g% core symptoms, including feelings of “Depressed” and “Decreased
5 S88 SE5 S8] S=° RRI IAH =25 Interests.”
. X X X i X R Category B: moderate comorbidity with anhedonia and
ﬁ 2SS 888 888 §§§ 885 888 888 anxious symptoms . . .
Ue ROl 8ok RAR °=° RE& RIF =cN Cluster B1: middle-older depression phenotype with prominent
< $ decreased interests or anhedonia. The identified clus.ter
PP sel ol _ o=l 088 _ a2l _sal - s % (n =1233) ranked as the third largest within the datasgt, featurlng
30 B3R §§§ 83¢ ag: §§§ §§§ §§§ py a median age of 50 years (IQR [40,64]). Almost the entirety of this
v ol E patient group (99.84%) received a primary diagnosis of depres-
:
58 S5 095 095 258 095 095 oS5 U resented comorbidities, with a significan -
31" géﬁ SES §§§ §§§ §§§ 252 EEE E ?ory system diseases (436/1233; 35.36%). However,_ 100% of th_em
£ reported no comorbidities related to the neurological, endocrine,
4 . f and digestive systems. Figure S1-B1 illustrates that hypertension
’-:'5 288 988 988 888 985 298 288 & (110), cerebral infarction/other cerebrovascular diseases (163, 167),
5L 28¢ gRg 285 S£F ©Rg 98¢ ¢+ g and chronic ischemic heart disease (I125) were the prirfnary
comorbidities in this phenotype. In comparison to patients from
%‘R X X X o= R R ﬁ other phenotypes, those in this phenotype exhibited the highest
H ﬁ 8S% 888 888 g 5 S8 S8 358 38§ £ incidence of the “Decreased Interests” category of symptoms (252/
©s RoR B8 ROR -oF Re8 2cf 2=R g 1233; 20.44%). It is noteworthy that, unlike other phenotypes, the
5 manifestation of both somatic and psychological symptoms
1n - . . . .
§§ o 295 288 288 §§§ 283 9% 98 % among patients in this cluster was not prominent.
o 8« 8 98¢ gRg sS85 828 RRI ¢ag “=x O , , , ,
g 2 Cluster B2: rr;]lddler—]agedh depressto(n pf;zr;())tyt,z;‘e Wltfzi . prorrggeg;
£ 5 o 3 anxious. Within this phenotype (n= , the median a
S . % :3; N ; patients was 44 years (IQR [33,55]). A significant majority (89.6?%)
N g 4, 3% zé E§ S of these individuals received a primary diagnosis of depression.
':; § é,\ é’ﬁ Y £ :% 5 '5:,.'.3 % Notably, 326 patienfcs (58.0_0%) reported C()OmOI’!DIdItIeS, including
2O OBBEE 1D B B AL Bl B e s st deesses (550, T
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Category A

(3493/9925; 35.2%)
Low Comorbidity
Suicide, Psychotic and Somatic

Symptoms

Cluster A1
(1053/3493; 30.1%)
Younger
Low Comorbidity Depression Phenotype with
Prominent Suicide Risk

Cluster A2
(1305/3493; 37.4%)
Middle-Aged
Low Comorbidity Depression Phenotype with
Prominent Somatic Symptoms

Cluster A3
(600/3493; 17.2%)
Middle-Aged
Low Comorbidity Severe Depression Phenotype
with Prominent Psychotic Symptoms

Cluster A4
(535/3493; 15.3%)
Younger
Low Comorbidity Depression Phenotype with
Prominent Sleep Problems

Category B

(1795/9925; 18.1%)
Moderate Comorbidity

Cluster B1
(1233/1795; 68.7%)
Middle-Older
Depression Phenotype with Prominent
Decreased Interests or Anhedonia

Cluster B2

ia and Anxious

7 (562/1795; 31.3%)
Middle-Aged
Depression Phenotype with Prominent Anxious

Cluster C1
(879/1702; 51.6%)
Middle-Older
Depression - Endocrine, Nutritional, and Metabolic
Comorbidity Phenotype

Cluster C2
Category C
! (242/1702; 14.2%)
(1702/9925; 17.1%) Middle-Older

Endocrine, Nutritional and

Metabolic/Digestive Comorbidity Depression - Endocrine, Nutritional, and Metabolic

- Digestive Comorbidity Phenotype

Cluster C3
(581/1702; 34.2%)
Middle-Older
Depression - Digestive Comorbidity Phenotype

Category D

(881/9925; 8.9%)
Neurological/Mental and Behavioral

Comorbidity

Cluster D1
(390/881; 44.3%)
Older
Depression - Neurological Comorbidity Phenotype

Cluster D2
(491/881; 55.7%)
Younger
Depression - Mental and Behavioral Comorbidity

Phenotype

Category E

(2054/9925; 20.7%)
Other Diseases Comorbid

Depression

Cluster E1
(95/2054; 4.6%)
Middle-Older
Surgery - Depression Comorbidity Phenotype

Cluster E2
(420/2054; 20.5%)
Older
Circulatory - Depression Comorbidity Phenotype

Cluster E3
(280/2054; 13.6%)
Older
Neurological - Depression Comorbidity Phenotype

Cluster E4
(1259/2054; 61.3%)
Middle-Older Uncharacterized Depression
Phenotype

-~~~
bl
1S
o
£
o
(8]
c
S
el
(]
S
©
>
Nt
(0]
el
c
3
el
(']
Q
c
8
(7]
("]
[
S
Q
[}
©
m
()]
-]}
Lo |

Category A
(738/1893; 39.0%)
e b

Cluster 3

[Discovery A1]
(452/738; 61.2%)
Younger
Low Comorbidity Depression Phenotype with
Prominent Suicide Risk

Cluster 2

[Discovery A2]
(86/738; 11.7%)
Middle-Aged
Low Comorbidity Depression Phenotype with
Prominent Somatic Symptoms

Suicide, Psychotic and Somatic
Symptoms

Cluster 15
[Discovery A3]
(66/738; 8.9%)
Middle-Aged
Low Comorbidity Severe Depression Phenotype
with Prominent Psychotic Symptoms

Cluster 13
[Discovery A4]
(134/738; 18.2%)
Younger

Low Comorbidity Depression Phenotype with
Prominent Sleep Problems

tegory B
(214/1893; 11.3%)

Cluster 11
[Discovery B1]
(168/214; 78.5%)
Depression Phenotype with Prominent
Decreased Interests or Anhedonia

Moderate C:
Anhedonia and Anxious Symptoms

Cluster 6
[Discovery B2]

Depression Phenotype with Prominent Anxious

gory
(345/1893; 18.2%)
Endocrine, Nutritional and

Cluster 1
Discovery C1
(101/345; 29.3%)

Depression - Endocrine, Nutritional, and Metabolic
Comorbidity Phenotype

Cluster 12
[Discovery 2]
(95/345; 27.5%)

Digestive C y [o

- Endocrine, Nutritional, and Metabolic
- Digestive Comorbidity Phenotype

Cluster 9
(149/345; 43.2%)

Depression - Digestive Comorbidity Phenotype

ategory
(207/1893; 10.9%)
Neurological/Mental and Behavioral
Comorbidity

Cluster 4
[Discovery D1]
(80/207; 38.6%)
Older

Depression - Neurological Comorbidity Phenotype

Cluster 5
[Discovery D2]
(127/207; 61.4%)
Younger
Depression - Mental and Behavioral Comorbidity
Phenotype

Category E
(389/1893; 20.6%)
Other Diseases Comorbid
Depression

Cluster 14
[Discovery E1]
(38/389; 9.8%)

Surgery - Depression Comorbidity Phenotype

Cluster 10
[Discovery E2]
(141/389; 36.2%)
Older

Circulatory - Depression Comorbidity Phenotype

Cluster 8
[Discovery E3]
(109/389; 28.0%)

Neurological - Depression Comorbidity Phenotype

Cluster 7
very E4.
(101/389; 26.0%)
Uncharacterized Depression

Phenotype

Fig. 4 Organization diagram illustrating the organizational structure among 5 categories and 15 clusters. A Organization diagram
illustrating the discovery cohort, along with brief descriptions highlighting their distinctive features. B Organization diagram illustrating the

validation cohort.

S1-B2 reveals that emotional disorders with onset specific to
childhood (F93), anxiety disorders (F41), hypertension (110), and
gastritis (K29) were commonly co-occurrent with depression in
this phenotype. The distinguishing characteristic of this pheno-
type lies in the fact that 100% of the patients reported the
symptom of tension. Furthermore, they exhibited the highest rate
within the category of “Anxious” symptoms, encompassing
tension, worry, upset, afraid, and related manifestations.

Category C: endocrine, nutritional, metabolic, and digestive

comorbidity

Cluster CI1: middle-older depression-endocrine, nutritional, and
metabolic  comorbidity  phenotype. Within this phenotype
(n=2879), the median age of patients was 56 years (IQR [45,65]).
The majority (78.73%) of these individuals received a primary
diagnosis of depression, while the other patients were hospitalized
this time for non-depression diseases with depression as a
supplementary diagnosis. A distinctive characteristic of these patients
was the absolute prevalence (100%) of depression-endocrine,
nutritional, and metabolic system disease diagnosis pairs, while
being completely free from neurological and digestive disorders.
Comorbidities within other disease systems were also prevalent in
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this phenotype, particularly in the circulatory system (307/879;
3493%) and mental and behavioral disorders (93/879; 10.58%).
Figure S1-C1 highlights that diabetes mellitus (E10-E14), disorders of
the thyroid gland (EO0-E07), malnutrition (E43-E46), disorders of
lipoprotein metabolism and other lipidemia (E78), other disorders of
fluid, electrolyte, and acid-base balance (E87), hypertension (110),
chronic ischemic heart disease (125), and anxiety disorders (F41) were
the primary comorbid conditions associated with this phenotype.

Cluster C2: middle-older depression-endocrine, nutritional, and
metabolic-digestive comorbidity phenotype. Within this pheno-
type (n=242), the median age of patients was 56 years (IQR
[46,65]). Analogous to Cluster C1, the majority of these individuals
(84.71%) received a primary diagnosis of depression. A notable
characteristic of these patients was the absolute prevalence
(100%) of depression-endocrine, nutritional, and metabolic-
digestive system disease diagnosis pairs. Each individual in this
phenotype suffered from at least three diseases, while remaining
completely free of neurological disorders. Comorbidities in the
circulatory system were also common in this phenotype (38.4%).
Figure S1-C2 highlights representative comorbidities, including
fatty liver/other specified diseases of the liver (K76), gastritis (K29),
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Fig. 6 Symptom patterns for depression by phenotypes.

constipation (K59.0), diabetes mellitus (E10, E11, E14), disorders of
lipoprotein metabolism and other lipidemias (E78), other disorders
of fluid, electrolyte, and acid-base balance (E87), disorders of the
thyroid gland (E03, E04, E07), and hypertension (110). In
comparison to other phenotypes, these patients exhibited the
highest frequency of medication treatment (33.5%) and the
longest hospitalization time (median [IQR]: 18 [13, 24.75] days).

SPRINGER NATURE

Cluster C1
(n=879)

Cuuster C2
(n=242)

Cluster C3.
(n=581)

Cluster D1
(n=390)

Cluster D2
(n=491)

Cluster E1
(n=95)

Cluster E2
(n=420)

Cluster E3
(n=280)

Cluster E4
(n=1259)

Cluster C3: middle-older depression-digestive comorbidity phenotype.
This phenotype comprised 581 individuals with a median age of
50 years (IQR [40,61]). Aligned with the characteristics of Cluster C1 and
Cluster C2, a predominant 91.91% of these patients received a primary
diagnosis of depression. A notable feature of this phenotype was the
absolute prevalence of depression-digestive system disease pairs,
reaching 100%. Remarkably, they exhibited a conspicuous absence of
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Fig. 7 Overview of comorbidity patterns for depression by phenotypes. A A Summary of comorbidity-specific phenotypes for depression.
(B-P) comorbidity network for each specific cluster is presented in Supplementary Information 2.3.

diseases within the endocrine, nutritional, metabolic and neurological
systems. Common comorbidities with depression in this phenotype
included gastritis (K29), fatty liver/other specified diseases of the liver
(K76), constipation (K59.0), cholelithiasis (K80), other diseases of the
stomach and duodenum (K31), and hypertension (110) (Figure S1-C3).

Category D: neurological, mental and behavioral comorbidity

Cluster D1: older depression-neurological comorbidity phenotype.
Patients within this phenotype (n =390) exhibited a median age
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of 63 years (IQR [48,72]). Notably, several key characteristics
distinguished this phenotype. Firstly, all individuals (100%)
presented with depression-neurological system disease diagnosis
pairs. Secondly, the primary diagnosis for this cohort was mental
and behavioral disorders, with 95.9% specifically diagnosed with
depression. For the remaining 16 individuals, who were primarily
diagnosed with other mental disorders, depression served as a
supplementary diagnosis. Thirdly, a higher prevalence of the
“Anxious” category of symptoms was observed among these
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patients (97/390; 24.87%) compared to most other phenotypes,
except for Cluster B2.

Comorbidities across various disease systems were notably
prevalent in this phenotype, including the circulatory system (163/
390; 41.79%), the endocrine system (99/390; 25.38%), and the
respiratory system (61/390; 15.64%). Refer to Figure S1-D1 for a
visual representation. Common comorbid conditions with depres-
sion in this phenotype encompassed degenerative disease of the
nervous system (G31.9), sleep disorders (G47), Parkinson’s disease/
secondary parkinsonism (G20, G21), demyelinating disease of the
central nervous system, unspecified (G37.8, G37.9), other disorders
of the brain (G93), epilepsy (G40), Alzheimer's disease (G30),
hypertension (110), and cerebral infarction (163).

Reflecting the relatively compromised health status of this
phenotype, they ranked as the third oldest cluster. Additionally,
they exhibited higher rates of prior frequent medication use (109/
390; 28%) and the longest length of stay (median [IQR]: 18 [13,25]
days) compared to other phenotypes.

Cluster D2: younger depression-mental and behavioral comorbidity
phenotype. The 491 individuals within this cluster exhibited a
median age of 25 years (IQR [29,46]). Predominantly diagnosed
with mental and behavioral disorders, 60.29% of these patients
were identified as having depression, with a notable 40.9%
presenting with severe depression, similar to Cluster A1.

A distinctive feature of this phenotype was the remarkably high
prevalence (94.5%) of depression-mental and behavioral disease
diagnosis pairs. Importantly, they were nearly devoid of neurolo-
gical, digestive, circulatory, respiratory, and other diseases, as
depicted in Figure S1-D2. Common comorbidities in this
phenotype included anxiety disorders (F41), obsessive-
compulsive disorder (F42), mental and behavioral disorders due
to the use of alcohol (F10), eating disorders (F50), persistent
mood/affective disorders (F34), reaction to severe stress, and
adjustment disorders (F43), as well as phobic anxiety
disorders (F40).

Regarding symptomology, this phenotype exhibited the highest
incidence of symptoms categorized as “Retardation or Psycho-
motor Impairment” (139/491; 28.31%), “Addictive Behavior” (45/
491; 9.16%), and “Eating Disorder” (52/491; 10.59%). This
comprehensive picture underscores the distinct clinical profile of
this patient subset.

Category E: other diseases comorbid depression

Cluster E1: middle-older surgery-depression comorbidity phenotype.
The 95 individuals within this cluster displayed an average age of
51.65 years (median [IQRI: 52 [39.5, 64.5]), with 35.8% surpassing
60 years and 45.3% falling within the 36 to 59 years range. A
significant characteristic of this phenotype is that every patient
(100%) underwent surgery, with all of them experiencing more
than 2 intraoperative procedures.

The majority of these patients (82/95; 86.32%) primarily
received diagnoses related to diseases of the circulatory system
(23/95; 24.21%), the musculoskeletal system and connective tissue
(15/95; 15.79%), and malignant tumor diseases (14/95; 14.74%).
Consequently, depression served as their supplementary diag-
nosis, as illustrated in Figure S1-E1. This cluster exhibited higher
rates of the “Aspecific Somatization” category of symptoms (72/95;
75.79%) and also had the highest occurrences of current smoking,
painful expression, and transfer to other care units among the 15
clusters. This distinct clinical profile emphasizes the intricate
interplay between surgical interventions, circulatory and muscu-
loskeletal diseases, and mental health in this patient subset.

Cluster E2: older circulatory-depression comorbidity phenotype.
This patient cluster (n =420) represents the oldest cohort, with
a median age of 73 years (IQR, 63-79 years), and a notable 82.1%
of individuals exceeding 60 years. In alignment with Cluster E1, the
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majority (95%) of these patients received primary diagnoses
related to non-depression diseases, encompassing the circulatory,
neurological, and respiratory systems, with depression serving as a
supplementary diagnosis (refer to Figure S1-E2).

A defining characteristic of these patients was the absolute
prevalence (100%) of depression-circulatory system disease
diagnosis pairs, coupled with their complete absence from
neurological and digestive disorders. Notably, they exhibited the
highest rates of being widowed, presenting acute and chronic sick
faces, possessing a moderate nutritional status, having a history of
prior surgeries, and experiencing the “Aspecific Somatization”
category of symptoms among the 15 clusters. Reflecting the
presence of numerous somatic comorbidities and an overall
compromised health status, 19.3% of these patients presented
with an abnormal gait. This comprehensive profile underscores
the complex interplay between age, circulatory comorbidities, and
mental health in this specific patient subset.

Cluster E3: older neurological-depression comorbidity phenotype.
This patient cluster (n = 280) represents the second oldest cohort,
with individuals having a median age of 64.5 years (IQR, 51.75-74).
Distinguishing itself from other clusters, this group included a
higher percentage of male patients (164/280; 58.57%). Similar to
Clusters E1 and E2, a significant 97.86% of these patients received
main diagnoses related to non-depression diseases, with depres-
sion serving as a supplementary diagnosis.

A salient characteristic of these patients was the absolute
prevalence (100%) of depression-nervous system disease diag-
nosis pairs, with all of them being diagnosed as first-episode
depression. Considerable comorbidities in other disease systems
were evident in this phenotype, as depicted in Figure S1-E3.

Reflecting the presence of numerous somatic comorbidities and
an overall poor health status, 25.36% of these patients exhibited
abnormal expressions (apathetic, painful, worried), 45.71% pre-
sented with a sick face (acute and chronic), and they had the
highest rates of abnormal gait (26.4%), passive body position
(8.2%), smoking and alcoholism status (40.36%) among all 15
clusters. Additionally, this cluster reported the highest rates of the
“Movement Impairment” category (68/280; 24.29%) and the “Lack
of Energy” (57/280; 20.36%) of symptoms, including stiffness,
numbness, inability to walk, impaired mobility, fatigue, weakness,
and low energy, compared to most other phenotypes.

Cluster E4: middle-older uncharacterized depression phenotype.
This cluster (n = 1259) constituted the second-largest group, with
a median age of 51 years (IQR, 43-63 years). A substantial majority,
comprising 70.69% of these patients, received primary diagnoses
related to non-depression diseases, with depression serving as a
supplementary diagnosis (refer to Figure S1-E4). Nearly all patients
primarily diagnosed with depression presented with at least one
comorbidity of mental and behavioral disorders. The chief
complaint within this cluster was predominantly characterized
by aspecific somatization symptoms.

Phenotype differences in laboratory biomarkers

An analysis of differences in laboratory biomarkers among clusters
revealed significant variations between phenotypes (refer to Table
S8 and Figure S3 in the Supplementary Information). Cluster D1
exhibited higher occurrences of chlorine and calcium levels above
the normal range compared to other clusters. Furthermore, their
median values for red blood cell count (6.40 [5.20, 7.50]), average
red blood cell hemoglobin (HGB) (30.70 [29.70, 31.60]), and
average red blood cell volume (93.40 [90.60, 96.05]) surpassed
those of all other clusters (p < 0.001).

While comorbidities were infrequent in Cluster A1, laboratory
markers played a more prominent role across all phenotypes. This
cluster demonstrated higher occurrences of absolute lymphocyte
value, urobilinogen, and urine protein above the normal range
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compared to other clusters (p < 0.001). These patients presented
with the highest median values for various laboratory biomarkers
(e.g., erythrocyte count, proportion of monocytes, lymphocyte
proportion and absolute value, proportion of eosinophils,
hemoglobin, total protein, albumin, potassium, white blood cell
ratio, uric acid, calcium, anion gap, conductivity) and the lowest
median values for others (e.g., average erythrocyte HGB, average
erythrocyte volume, alanine aminotransferase, urea, total bilirubin,
indirect bilirubin, cholesterol, and low-density lipoprotein)
(p <0.001).

Treatment patterns by phenotypes

The variations in treatment patterns across clusters are illustrated
in Fig. 8, Table 2, and Supplementary Information 2.2's Tables
S5 and S6. A summary of the treatment patterns for each
phenotype within the five categories is provided below.

Category A. In Cluster A1, a predominant majority of patients
utilized a combination of ADP with AA, AP, and PSY. Notably,
sertraline, quetiapine fumarate, risperidone, lamotrigine, lithium
carbonate, and psychotherapy emerged as the most frequently
prescribed treatments within this phenotype, surpassing other
clusters in utilization rates. In Cluster A2, AA, CM, clonazepam,
doxepin hydrochloride, amitriptyline hydrochloride, and clozapine
exhibited the highest utilization rates compared to other
phenotypes. A distinct treatment profile emerged for this cluster,
showecasing unique preferences in medication utilization. Similarly,
Cluster A3 mirrored Cluster A1 in utilizing ADP in combination
with AA, AP, and PSY. Noteworthy variations included the highest
utilization rates of AP, olanzapine, sulpiride for injection,
venlafaxine hydrochloride, and modified electroconvulsive ther-
apy within this cluster. Cluster A4’s treatment pattern closely
resembled that of Cluster A3, with a shared preference for ADP in
combination with AA, AP, and PSY. However, patients in Cluster A4
demonstrated the second-highest rate of utilization of psy-
chotherapy among the clusters, differentiating their treatment
approach within this phenotype.

Category B. The treatment profile for Cluster B1 involved the
widespread use of AA and ADP, combined with AP, PHY, and PSY.
However, no specific treatment stood out with the highest
utilization rate among these patients. In parallel, Cluster B2
mirrored Cluster B1 in employing AA and ADP, along with AP, PHY,
and PSY. Notably, Cluster B2 held the highest rate of ADP, OT, and
PHY utilization among all phenotypes. This included medications
such as paroxetine hydrochloride, propranolol hydrochloride, and
therapeutic approaches like electroencephalographic biofeedback
therapy and multi-parameter biofeedback therapy.

Category C. Within Cluster C1, levothyroxine sodium exhibited
the highest utilization rate among patients. For Cluster C2, almost
all individuals utilized AA and ADP in combination with AP and
PSY, and this cluster had the highest rate of usage for citalopram
hydrobromide, tandospirone citrate, and zopiclone tartrate. The
treatment pattern of Cluster C3 closely resembles that of Cluster
B1 and Cluster B2, where alprazolam, bisacodyl, and transcranial
magnetic stimulation therapy were most commonly employed.
This similarity suggests a shared therapeutic approach among
these clusters, emphasizing the relevance of these specific
treatments within their respective phenotypes.

Category D. In Cluster D1, nearly all patients relied on AA and
ADP, with over 70% of them incorporating AP into their treatment
regimen. Moreover, more than 50% of these patients underwent
electroencephalographic biofeedback therapy and psychotherapy.
This particular phenotype exhibited the highest utilization rates
for several drugs compared to other phenotypes, including
tiapride hydrochloride, lorazepam, sulpiride, ezopiclone, and
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quetiapine. As for Cluster D2, MSB, sodium valproate, aripiprazole,
fluoxetine hydrochloride, clomipramine hydrochloride, diazepam,
clonazepam for injection, and benhexol hydrochloride emerged as
prominent treatments within this phenotype, distinguishing them
from other clusters. This delineation highlights the unique
therapeutic approach adopted by patients in Cluster D2.

Category E. In Cluster E1, duloxetine hydrochloride enteric-
coated capsules, venlafaxine hydrochloride capsules, diazepam
for injection, midazolam for injection, haloperidol for injection,
and metoprolol succinate were notably more prevalent than in
other phenotypes. For Cluster E2, patients exhibited the highest
utilization of ASE (aspirin, atorvastatin calcium, polyethylene
glycol, mosapride) and metoprolol tartrate. Cluster E3 mirrored
Cluster E2 closely, with sertraline and ASE being the most
frequently employed treatments. As for the uncharacterized
depression phenotype (Cluster E4), there is no discernible
characteristic that distinguishes its treatment pattern, suggesting
a lack of specific trends or preferences within this particular
cluster.

Moreover, Fig. 8B illustrates a compilation of frequently used
drug combinations, specifically within the categories of ADP, AA,
AP, MSB, ASE, OT, HYP, and CM, consistently appearing in the top
10 across different clusters. Broadly, the most prevalent drug
combinations included antidepressants paired with anxiolytics
and antipsychotics, as well as combinations of antidepressants
with anxiolytics. Notably, Cluster A1, Cluster A3, Cluster A4, and
Cluster D1 exhibited the highest utilization of the combination of
antidepressants and antipsychotics. This observation supports the
presence of prominent psychotic symptoms or comorbidities with
other psychiatric disorders in these phenotypes. Additionally,
mood stabilizers were extensively used in these four clusters. For
phenotypes primarily diagnosed with depression and comorbid
with somatic illness (Cluster D1, Cluster B1, Cluster C1, Cluster C2,
and Cluster C3), or those reporting prominent physical symptoms
(Cluster A2), combinations of antidepressants, anxiolytics, anti-
psychotics, and anti-side effects drugs were frequently employed.
This underscores the nuanced treatment approaches tailored to
the distinct characteristics of each cluster.

Association with clinical outcomes

The Kaplan-Meier curves depicted in Fig. 9, Figure S4-S6, and
Table 3 illustrate the occurrence of psychiatric readmission within
various time windows (60-day, 90-day, 180-day, and 365-day),
revealing variations across the 5 phenotypic categories and 15
clusters. Among different clusters, Cluster D1 showed the highest
occurrence of 60-day psychiatric readmission, followed by Cluster
D2, Cluster A3, and Cluster A1 (refer to Table 3). Remarkably,
patients in Category D had the highest risk of psychiatric
rehospitalization within all follow-up time windows. Even after
adjusting for comorbidities, medications, and age, differences in
outcomes across phenotype categories and clusters remained
evident (P < 0.001; see Table S9 in Supplementary Information 2.5).
In comparison with Category E, the adjusted risks of 60-day
psychiatric readmission were significantly higher in the other four
phenotype categories (Category C: HR, 1.57; 95% Cl, 1.07-2.30;
Category B: HR, 1.61; 95% Cl, 1.10-2.40; Category A: HR, 1.82; 95%
Cl, 1.28-2.60; and Category D: HR, 2.38; 95% Cl, 1.59-3.60;
P <0.05). Similar results were observed for the adjusted risks of
psychiatric readmission within other follow-up time windows (90-
day, 180-day, and 365-day) as outlined in Table 3. The risk of
psychiatric rehospitalization for Category C rose from the fourth
place within 60-day to the third place within 90-day, then to the
second place within 180-day and 365-day, compared to the other
four phenotypic categories. On the contrary, the risk of psychiatric
rehospitalization for Category A ranked second within 60 and
90 days, dropped to third within 180 days, and then dropped to
fourth within 365 days.
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clusters. B The prevalence of each combination of drug types by clusters.

Based on physicians’ clinical observations, we have the following
interpretation for these findings: Category C, the phenotype of
depression comorbid with endocrine, nutritional, metabolic, and
digestive diseases, predominantly manifests as physical comorbid-
ities in the early follow-up period (60 days, 90 days), with relatively
mild psychiatric symptoms, resulting in a low risk of psychiatric
readmission. However, as the follow-up time increases, the
psychiatric symptoms of patients within this phenotype continue
to worsen under the influence of physical comorbidities, leading to
an increase in the risk of psychiatric readmission. Conversely,
Category A, the phenotype of depression with primarily psychiatric

SPRINGER NATURE

symptoms and fewer physical comorbidities exhibits a high risk of
psychiatric readmission in the early follow-up period. Nevertheless,
with continued psychiatric interventions and treatment, the risk of
psychiatric readmission for patients within this phenotype steadily
decreases over time. This underscores the potential association
between phenotypic categories and patient prognosis, necessitat-
ing a more refined management of depression patients, especially
considering the different phenotypic presentations. Management
should be tailored to accommodate diverse characteristics of
phenotypic clusters, thereby enhancing the efficacy of clinical
interventions and optimizing clinical outcomes.
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Fig. 9 Kaplan-Meier curves for 60-day psychiatric rehospitalization. A 60-day psychiatric rehospitalization stratified by 5

Survival probability

Strata

Kaplan-Meier Curve for 60-day rehospitalization

1.00

0.98 -

0.96 -

0.94 -

p<0.0001
0 30 60
Time
Kaplan-Meier Curve for 60-day rehospitalization

1083 1004 o0a
1305 1261 1235
600 576 563
535 521 515
1233 88 67
562 54 540
a79 844 857
202 232 220
o1 564 556
39 ass a2
a9 167 a5
o o2 o2
a0 a1s a2
60 278 277
1259 1235 1228
0 30 60

phenotype

categories. B 60-day psychiatric rehospitalization stratified by 15 clusters. C Forest plot adjusted by treatment patterns.

Association between depression phenotypes and a wide
range of psychiatric and somatic diseases

Our analyses, for the first time, identified 5 stable phenotypic
categories based on the similarities of the affected disease
systems, revealing relationships between depression phenotypes
and various psychiatric and somatic diseases. Specifically, patients
in Category A had the least comorbidities, with only a few
individuals having comorbidities with diseases of the metabolic
system (e.g., fatty liver, hypothyroidism), chronic inflammation
(e.g., chronic superficial gastritis, asthma, COPD, chronic rhinitis,
ethmoidal sinusitis), the musculoskeletal system and connective
tissue (e.g., spondylosis, cervical disc disorders, intervertebral disc
disorders). None of the 4 clusters in Category A had neurological,
mental and behavioral comorbidities. Patients in Category B
suffered from moderate comorbidities, mainly including diseases
of the cardiometabolic system (e.g., hypertension, chronic
ischemic heart disease, diabetes mellitus, cerebral infarction/other
cerebrovascular diseases), mental and behavioral disorders (e.g.,
childhood emotional disorders, anxiety disorders), and chronic
inflammation (e.g., COPD, gastritis).

Category C, Category D and Category E had the most
comorbidities. All patients in Category C had comorbidities,
mainly including diseases of the cardiometabolic system (e.g.,
diabetes, hypertension, chronic ischemic heart disease, disorders
of lipoprotein metabolism and other lipidemia, other disorders of
fluid, electrolyte, and acid-base balance, disorders of thyroid
gland), digestive system (e.g., fatty liver, gastrointestinal diseases
like gastritis and enteritis, constipation, cholelithiasis). A small
number of patients also had comorbidities of mental and
behavioral disorders (e.g., anxiety disorders). None of the three
clusters in Category C had neurological comorbidities. All patients
in Category D had comorbidities, mainly including diseases of the
neurological system (e.g., degenerative disease of nervous system,
sleep disorders, Parkinson’s disease, demyelinating disease of
central nervous system, epilepsy, Alzheimer’s disease), and mental

SPRINGER NATURE

and behavioral disorders (e.g., anxiety disorders, obsessive-
compulsive disorder, mental and behavioral disorders due to
use of alcohol, eating disorders, persistent mood/affective
disorders, reaction to severe stress, and adjustment disorders,
and phobic anxiety disorders). A few patients also had comorbid-
ities related to the cardiometabolic system (e.g., hypertension,
cerebral infarction). Patients in Category E were mainly diagnosed
with non-depression diseases, and depression was a supplemen-
tary diagnosis. Neurological, circulatory, and surgery-related
diseases were the main comorbid conditions for this category.
Previous studies have shown that depression was two to three
times more likely in individuals with multimorbidity compared to
those without multimorbidity or those with no chronic physical
conditions [55]. Depression is also associated with an increased
risk of various comorbid diseases [22-31]. Our analysis found
that diseases of the cardiometabolic system, chronic inflam-
mation, digestive system, neurological system, along with
mental and behavioral disorders, may be key pathways linking
depression with a wide range of other psychiatric and somatic
diseases and conditions. Also, distinct disease systems and their
combinations drive the formation of depression phenotypes.
Our results are consistent with previous reports [22-32]. For
example, a large community-based cohort study using UK
Biobank data identified three main clusters of diseases after
depression (i.e., cardiometabolic diseases, chronic inflammatory
diseases, and diseases related to tobacco abuse) [32]. An EHRs-
based clustering study in New York City, USA derived three
depression phenotypes, reporting a cardiometabolic-comorbid
phenotype (i.e., hyperlipidemia, hypertension, and diabetes), a
chronic inflammatory and pain-comorbid phenotype (i.e.,
asthma, fibromyalgia, and chronic pain and fatigue), and a
phenotype related to anxiety and tobacco use [38]. Moreover, a
previous study using UK Biobank data demonstrated causal links
between depression and 22 phenotypically associated medical
conditions, including anxiety, sleep disorders, inflammatory and
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Table 3. Crude Clinical Outcomes Event Rates and Hazard Ratio Values, Stratified by Phenotype Categories and Clusters.

Event Rates 60-day psychiatric

90-day psychiatric

180-day psychiatric 365-day psychiatric

readmission readmission readmission readmission
A: Low Comorbidity 5.38% 6.10% 8.56% 12.00%
B: Moderate Comorbidity 4.96% 6.07% 8.41% 12.59%
C: Endocrine/Digestive 4.70% 5.99% 8.75% 12.51%
Comorbidity
D: Neurological/Mental 6.92% 7.83% 11.01% 15.55%
Comorbidity
E: Other Diseases Comorbid 2.19% 2.58% 3.94% 6.23%
Depression
p-value 0.003207 0.002618 0.002110 0.001497
Cluster A1 5.60% 6.27% 7.98% 10.92%
Cluster A2 5.52% 5.98% 9.66% 13.79%
Cluster A3 6.17% 7.33% 8.33% 11.67%
Cluster A4 3.74% 4.67% 7.29% 10.09%
Cluster B1 5.43% 6.73% 9.33% 13.63%
Cluster B2 3.91% 4.63% 6.41% 10.32%
Cluster C1 4.89% 6.03% 8.19% 11.15%
Cluster C2 4.96% 6.20% 8.68% 11.98%
Cluster C3 4.30% 5.85% 9.64% 14.80%
Cluster D1 7.18% 7.69% 10.26% 13.85%
Cluster D2 6.72% 7.94% 11.61% 16.90%
Cluster E1 3.16% 4.21% 4.21% 7.37%
Cluster E2 1.90% 2.38% 3.10% 4.52%
Cluster E3 1.07% 1.07% 2.14% 2.50%
Cluster E4 2.46% 2.86% 4.61% 7.55%
p-value 1.22E-07 6.63E-08 6.13E-08 4.22E-08
HR Values (95% CI) 60-day psychiatric 90-day psychiatric 180-day psychiatric 365-day psychiatric
readmission readmission readmission readmission
E: Other Diseases Comorbid Reference Reference Reference Reference

Depression

A: Low Comorbidity

B: Moderate Comorbidity
C: Endocrine/Digestive

1.82 (1.28, 2.59)
1.61 (1.10, 2.36)
1.57 (1.07, 2.31)

1.75 (1.26, 2.42)
1.68 (1.18, 2.38)
1.71 (1.20, 2.42)

2.28 (1.57, 3.32)

Comorbidity

D: Neurological/Mental 2.38 (1.59, 3.56)

Comorbidity

p-value 5e-14 3e-16

1.63 (1.25, 2.12)
1.53 (1.15, 2.05)
1.67 (1.26, 2.22)

2.13 (1.56, 2.90)

<2e-16

1.42 (1.15, 1.77)
1.46 (1.15, 1.84)
1.50 (1.19, 1.89)

1.89 (1.47, 2.44)

<2e-16

hemorrhagic gastrointestinal diseases, the urinary system,
asthma and painful respiration, lipid metabolism and ischemic
heart disease [56].

Notably, in addition to consistently reported associations with
many common diseases, these results should not be directly
compared because our study aimed to phenotype depression
based on multimorbidity heterogeneity and visualize whole-
body comorbidities of distinct phenotypes, rather than identify
causal links between depression and other medical conditions.
Novel relationships between depression and brain, skin, blood,
musculoskeletal systems were also discovered in our analysis. A
recent study reported that advanced age of the pulmonary system
leads to faster cardiovascular aging, which in turn results in faster
aging of the brain, musculoskeletal and renal systems; faster
musculoskeletal aging is a common sequela of aging across
multiple organ systems [57]. Given the recognized diversity in
comorbidity of patients with depression, these findings call for
future investigations of underlying transdiagnostic mechanisms or
etiologies on these key pathways that may explain the hetero-
geneity of depression.

Translational Psychiatry (2024)14:504

Association between depression phenotypes and laboratory
biomarkers

In addition to the heterogeneity of comorbidities, it is noteworthy
that different phenotypic categories are dominated by different
key factors. For example, Category A, which includes four clusters,
is a phenotype of depression with a younger onset age to middle
age, prominent suicidal, psychiatric, and somatic symptoms, and
few other comorbidities. Although their comorbidities are rare,
research on the phenotypic differences of laboratory biomar-
kers found that this category exhibits significant deviations on
many biomarkers, especially cluster A1. For example, the
frequency of occurrence of higher levels of absolute values of
lymphocyte, urobilinogen, and urinary protein than the normal
range is higher than any other cluster, which may be related to
liver dysfunction and infectious diseases. In addition, these
patients exhibit the highest median values of many laboratory
biomarkers, such as red blood cell count, monocyte proportion
and absolute value, lymphocyte proportion and absolute value,
eosinophil proportion, hemoglobin, total protein, albumin, potas-
sium, white blood cell ratio, uric acid, calcium, anion gap,
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conductivity. The median values of other indicators (such as mean
corpuscular hemoglobin, mean corpuscular volume, alanine
aminotransferase, urea, total bilirubin, indirect bilirubin, choles-
terol, and low-density lipoprotein) were the lowest. Many
biomarkers (such as complete blood count, monocyte, kidney
and liver function, lipids, and glucose) can inform the health status
of individuals’ organs and specific diseases [57, 58], indicating
that patients belonging to this category may have potential
disease risks in the future and should be intervened and
prevented as early as possible. These biomarkers also reflect the
biological basis of heterogeneity in the presentation of depression
symptoms. Therefore, our study provides evidence for the
existence of biologically distinct phenotypes in patients with
depression.

Notably, all patients in Category C had comorbidities, with 3
clusters included in this category for similar affected disease
systems and middle to older age of onset. They exhibited the
highest rates of comorbidities of diseases of cardiometabolic
system and digestive system. This is in line with the results of
previous phenotypic studies linking depression with many
cardiometabolic and digestive diseases. Previous longitudinal
disease trajectory analyses have reported that depression may
be a risk factor for diseases of the cardiometabolic system, with
initial presentations of chronic ischemic heart disease, angina
pectoris, hypertension, diabetes, and disorders of lipoprotein
metabolism and other lipidemias [32]. Mendelian Randomiza-
tion analyses suggested a causal association between depres-
sion and ischemic heart disease, lipid metabolism, and
gastrointestinal diseases [56]. In addition to the association
between these common diseases, Category D, which included 2
clusters, found strong associations between depression and
neurological diseases and other mental and behavioral dis-
orders, such as Parkinson’s disease [28], dementia [29], anxiety
disorder, post-traumatic stress disorder, various phobias, sub-
stance use disorders, obsessive compulsive disorder, attention-
deficit hyperactivity disorder and personality disorders [31]. For
Category D, patients in Cluster D1 with a median age of 63
years were first diagnosed with depression and all comorbid
with neurological diseases, whereas patients in Cluster D2
with a median age of 25 years were all free from neurological
diseases but comorbid with mental and behavioral disorders.
Possible underlying mechanisms include hypothalamic-
pituitary-adrenal (HPA) axis [59], heart-brain axis [60], gut-brain
axis [61] etc., for which chronic inflammation performed as a
major risk factor. Previous studies have shown that the chronic
inflammation observed among individuals with depression can
accelerate the development or progression of cardiometabolic
diseases [62].

Interestingly, diseases of chronic inflammation and cardio-
metabolic can be found in most of all categories, suggesting
that chronic inflammation may be a shared important factor for
patients in different phenotypes. These observed associations
support the notion that depression may induce exaggerated or
prolonged inflammatory responses, as reported in the work on
both animals and humans [63]. As a result, anti-inflammatory
treatments may have the potential to prevent a general health
decline after depression.

Association between depression phenotypes and treatment
patterns

Our investigation into treatment patterns by phenotypes
showed significant differences among clusters. Category A
mainly used ADP combined with AA, AP and PSY, aiming to
alleviate prominent suicide risk, psychotic symptoms, sleep
problems and aspecific somatization in these patients. Almost
all patients in Category B used AA and ADP, combined with AP,
PHY and PSY, while no specific treatment had the highest rate
of use among these patients. For Category C, patients in Cluster
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C1 had the highest rate of use of levothyroxine sodium; almost
all patients in Cluster C2 used AA and ADP combined with AP
and PSY, and patients in Cluster C2 had the highest rate of use
of citalopram hydrobromide, tandospirone citrate, and zopi-
clone tartrate; for Cluster C3, alprazolam, bisacodyl and
transcranial magnetic stimulation therapy used most. For each
specific cluster, the specific drugs, physiotherapy, and
psychotherapy currently used in clinical practice were quite
different according to patients’ age, symptoms, and comor-
bidities. Given the unique phenotypes and patient character-
istics within heterogeneous populations with depression,
phenotype-specific treatment strategies can be developed in
the future.

Association between depression phenotypes and clinical
outcomes

In addition, we compared the incidence of psychiatric readmission
risk within multiple time windows across the 5 phenotype
categories and 15 clusters. Patients in Category E had the lowest
risk of psychiatric rehospitalization within 60-day follow-up,
followed by Category C (HR, 1.57; 95% Cl, 1.07-2.30), Category B
(HR, 1.61; 95% Cl, 1.10-2.40), Category A (HR, 1.82; 95% Cl, 1.28-
2.60), and Category D (HR, 2.38; 95% Cl, 1.59-3.60) with P < 0.05,
after adjustment for comorbidities, medications, and age. Similar
results of the adjusted risks of psychiatric readmission were
observed within the follow-up time windows of 90, 180, and
365 days. Clarifying the identifying characteristics and key
components of each phenotype may help us understand how to
intervene clinically within these phenotypes to improve out-
comes. For example, despite adjusting for the effects of
comorbidities, medications, and age, Category D still had the
highest risk of psychiatric readmission. Therefore, risk factor
modification and/or phenotype-specific treatment will be the
best clinical approach. For patients in Category B, alleviating the
symptoms of anhedonia and anxious may be the most effective
way to improve outcomes. Moreover, anti-inflammatory treat-
ments may have the potential to improve outcomes for all
phenotypes. In future work, the efficacy of these hypotheses,
potential treatment heterogeneity should be evaluated and
tested.

Strengths

The major strengths of our study are: 1) the application of cluster
analysis to visualize the heterogeneity of depression from
multiple perspectives, including comorbidity patterns, treatment
patterns, clinical presentations, biological characteristics, and
outcomes. This multifaceted approach offers a holistic under-
standing of depression, especially multimorbidity heterogeneity
and whole-body comorbidities of distinct phenotypes; 2) the
effective utilization of electronic medical record (EMR) data
within a large, integrated care delivery system. Leveraging real-
world data enhances the robustness of our findings and allows
for a more nuanced exploration of depression phenotypes in a
practical healthcare setting. This discovery-driven analysis
complements previous studies often studying causal links
between depression and common medical diseases by illustrat-
ing a whole picture of comorbidity patterns by depression
phenotypes. While clarifying the common disease clusters and
the temporal order of subsequent diseases after depression,
further targeted studies are necessary. The subsequent studies
should aim to directly explore novel groups exhibiting shared
similar comorbidity-specific phenotypes. Identifying these phe-
notypes holds promise for future research endeavors, facilitating
the exploration of underlying transdiagnostic mechanisms and
etiologies. Moreover, these insights can inform the development
of phenotype-specific treatment strategies, contributing to a
more personalized and effective approach in the management
of depression.
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Limitations

This research is subject to several limitations. Firstly, the reliance
on EMR diagnostic codes without structured interviews introduces
potential diagnostic uncertainty for depression. Although previous
research suggests that EMR-based diagnostic data can demon-
strate high specificity and predictive value compared to clinical
diagnostic interviews [64], the absence of structured interviews
remains a limitation. Efforts were made to address this limitation
by analyzing unstructured clinical text, particularly narrative notes
on chief complaints, to capture nuanced symptom features.
Secondly, it is important to acknowledge that our approach is
data-driven and hypothesis-generating. While the objective was to
showcase the application of a discovery-driven approach to a
large depression patient population, resulting in clinically relevant
patient phenotypes, the clustering results are contingent upon the
specific population and available clinical variables. Although
internal validation using an independent patient cohort demon-
strated robust clustering, external validation with larger, multi-site
samples could further enhance the stability of identified
phenotypes. Unfortunately, due to challenges in obtaining
comparable clinical cohorts, especially concerning laboratory test
data and treatment prescriptions from other centers, the general-
izability and portability of our results remain unverified. The
absence of neuroimaging and other biological data is another
limitation, precluding the exploration of neurophysiological
correlates for the identified phenotypes. These limitations
collectively underscore the need for caution in generalizing our
findings beyond the confines of the Chinese health system,
emphasizing the necessity for future research with broader,
diverse populations and comprehensive datasets for validation.

CONCLUSIONS

This study utilized clustering-based models to identify distinct
groups of patients with depression who share similar character-
istics, aiming to evaluate whether these clusters exhibit different
comorbidity patterns, treatment patterns, clinical presentations,
physiological and biological characteristics, and outcomes. A total
dataset of 11818 depressive inpatients from a large academic
medical center-based health system in Chengdu, China was used
for analysis. These clusters demonstrated significant differences in
underlying comorbidity patterns, biological characteristics, treat-
ment patterns, and clinical outcomes. Specifically, cardiometabolic
system, the chronic status of inflammation, digestive system,
neurological system, together with mental and behavioral
disorders, may be key pathways linking depression with a wide
range of other psychiatric and somatic diseases and conditions.
The good performance of validation results suggested that the
combination of unsupervised clustering techniques with EMR data
may contribute to an increase in improvements in clinical
depression classification and prognostic certainty. The findings
on comorbidity-specific phenotypes and laboratory biomarkers
heterogeneity within the population of patients with depression
provide directions for further study of underlying transdiagnostic
mechanisms and treatment strategies at molecular and psycho-
pharmacological levels.
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