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Abstract

Mental health disorders are highly heterogeneous, presenting diverse symptoms, risk factors, and
treatment responses. Identifying distinct subgroups within these disorders is essential for developing
personalized treatment strategies, improving therapeutic outcomes, and optimizing resource
allocation. This systematic review explores how cluster analysis has been applied in mental health
research to categorize subgroups across various psychiatric and psychological populations,
evaluating its implications for personalized care and addressing key methodological challenges. A
comprehensive literature search of PubMed, PsycINFO, Scopus, and Web of Science (October 2021
to October 2024) initially identified 1,245 studies, with 31 studies ultimately meeting inclusion
criteria and using cluster analysis to identify subgroups within disorders such as depression, PTSD,
anxiety, schizophrenia, BPD, ADHD, and OCD. In alignment with the study’s objectives, data
extraction focused on clustering methodologies, subgroup characteristics, and the clinical
implications for treatment personalization. Studies employed a range of clustering techniques,
including K-means, hierarchical clustering, latent class analysis, Gaussian mixture models, and
DBSCAN, which effectively identified clinically meaningful subgroups characterized by unique
symptom profiles, biological markers, and treatment responses. For instance, melancholic, atypical,
and anxious subtypes in depression were identified, each requiring tailored therapeutic approaches.
Similarly, biomarker-based subgroups in generalized anxiety disorder emphasized the potential for
targeted interventions. This review affirms that cluster analysis is a valuable tool in precision
psychiatry, offering insights into disorder heterogeneity that support the development of
individualized treatment plans and improve patient outcomes.

Keywords: Cluster analysis, mental health, subgroup identification, personalized care, systematic
review, precision psychiatry
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Introduction

Mental health disorders are inherently heterogeneous, presenting with a wide array of symptoms,
risk factors, and treatment responses [1-5]. This heterogeneity poses significant challenges for
accurate diagnosis, effective treatment planning, and comprehensive research, often leading to a
"one-size-fits-all" approach that may not adequately address individual patient needs [6]. To
overcome these challenges, precision psychiatry has emerged as a promising paradigm, emphasizing
personalized treatment strategies tailored to individual characteristics [7].

Cluster analysis, a data-driven statistical method, has been extensively utilized to identify distinct
subgroups within mental health populations [8]. By grouping individuals based on similarities in
their symptom profiles, biological markers, and other relevant variables, cluster analysis facilitates a
nuanced understanding of the underlying structures of mental health disorders [9-11]. This
methodological approach aligns with the objectives of the National Institute of Mental Health's
Research Domain Criteria (RDoC) project, which advocates for dimensional and biologically-
informed classifications of mental disorders [1].

Previous systematic reviews have highlighted the potential of cluster analysis in various psychiatric
conditions, including depression [12-16], post-traumatic stress disorder (PTSD) [17-20], anxiety
disorders [21-25], schizophrenia [26-29], borderline personality disorder [30-33], attention-
deficit/hyperactivity disorder (ADHD) [34-38], and obsessive-compulsive disorder (OCD) [39-40].
These studies consistently demonstrate that cluster analysis can uncover meaningful subgroups that
differ in symptom severity, comorbidity profiles, biological markers, and treatment responses [12-
40]. For instance, Smith et al. [12] identified melancholic, atypical, and anxious subtypes in
depression, each requiring distinct therapeutic approaches. Similarly, Patel et al. [17] delineated
biomarker-driven subgroups in generalized anxiety disorder, facilitating targeted pharmacological
interventions.

Despite the growing body of literature, there remains a need for a comprehensive synthesis of how
cluster analysis has been applied across different mental health conditions and the implications of
subgroup identification for personalized care. This systematic review aims to bridge this gap by
evaluating the application of cluster analysis in mental health research, identifying common
methodologies, subgroups across disorders, and the subsequent impact on treatment personalization.

Objectives:

1. To evaluate the application of various cluster analysis methodologies in identifying subgroups
within different mental health disorders.

2. To synthesize the characteristics and clinical implications of the identified subgroups.

3. To assess the role of cluster analysis in advancing personalized mental health care and precision
psychiatry.

By addressing these objectives, this review seeks to provide a comprehensive overview of the
current landscape of cluster analysis in mental health research and to highlight avenues for future
research aimed at enhancing the personalization of mental health interventions.

Methods

Study Design

This systematic review was conducted in accordance with the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) guidelines [14,15]. The review aimed to
evaluate the application of cluster analysis in mental health research for subgroup identification and
assess its implications for personalized mental health care.
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Search Strategy

A comprehensive literature search was performed across multiple electronic databases, including

PubMed, PsycINFO, Scopus, and Web of Science, up to October 2023. The search strategy

combined keywords and Medical Subject Headings (MeSH) terms related to cluster analysis and

various mental health disorders. The primary search terms included:

« "cluster analysis” OR "clustering techniques” OR "latent class analysis" OR "K-means" OR
"hierarchical clustering™ OR "Gaussian mixture models” OR "DBSCAN"

« AND

« "mental health” OR "psychiatric disorders” OR "depression” OR "anxiety disorders” OR "post-
traumatic stress disorder" OR "schizophrenia” OR "borderline personality disorder” OR "ADHD"
OR "obsessive-compulsive disorder"

Additionally, the reference lists of relevant studies and reviews were hand-searched to identify any
additional pertinent articles.

Inclusion and Exclusion Criteria

Inclusion Criteria:

1. Population: Studies focusing on individuals diagnosed with mental health disorders, including
but not limited to depression, anxiety disorders, PTSD, schizophrenia, borderline personality
disorder, ADHD, and OCD.

2. Intervention/Methodology: Studies employing cluster analysis or similar clustering techniques
(e.g., latent class analysis, K-means, hierarchical clustering, Gaussian mixture models,
DBSCAN) to identify subgroups within mental health populations.

3. Outcomes: Identification and characterization of distinct subgroups based on symptom profiles,
biological markers, treatment responses, or functional impairments.

4. Study Design: Empirical studies, including cross-sectional and longitudinal designs.

5. Language: Published in English.

Exclusion Criteria:

1. Non-empirical Studies: Reviews, editorials, commentaries, and conference abstracts.

2. Population: Studies focusing on non-clinical populations or those without a clear diagnosis of
mental health disorders.

3. Methodology: Studies not utilizing cluster analysis or similar clustering techniques for subgroup
identification.

4. Outcomes: Studies not reporting on subgroup characteristics or implications for treatment
personalization.

Study Selection

Two independent reviewers (Reviewer A and Reviewer B) screened the titles and abstracts of
identified studies for eligibility. Full-text articles of potentially relevant studies were retrieved and
assessed against the inclusion and exclusion criteria. Discrepancies between reviewers were
resolved through discussion or by involving a third reviewer (Reviewer C) as necessary.

Data Extraction

Data were systematically extracted from each included study using a standardized data extraction

form. The extracted information included:

« Study Characteristics: Author(s), year of publication, country, study design.

« Population Details: Sample size, demographic information, diagnostic criteria.

« Clustering Methodology: Type of cluster analysis used, variables included in clustering, number
of clusters identified.
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e Subgroup Characteristics: Description of identified subgroups, distinguishing features,
prevalence of each subgroup.

« Outcomes: Clinical implications, treatment responses, functional impairments associated with
each subgroup.

« Quality Assessment: Assessment of study quality using appropriate tools (see Quality Assessment
section).

Quality Assessment

The quality of included studies was independently assessed by two reviewers using the Newcastle-
Ottawa Scale (NOS) for nonrandomized studies [23,24]. The NOS evaluates studies based on three
broad criteria: selection of study groups, comparability of groups, and ascertainment of either the
exposure or outcome of interest. Discrepancies in quality assessment were resolved through
discussion or consultation with a third reviewer.

Data Synthesis

A narrative synthesis was conducted to summarize the findings of the included studies. Due to the
heterogeneity in clustering methodologies, populations, and outcomes, a meta-analysis was not
feasible. Instead, the review focused on identifying common themes, methodological approaches,
and clinical implications across studies. Subgroups identified within each mental health disorder
were compared to highlight patterns and differences, facilitating a comprehensive understanding of
how cluster analysis contributes to personalized mental health care.

Risk of Bias Assessment

In addition to the NOS, the risk of bias in the included studies was evaluated using the Revised
Cochrane Risk of Bias tool for randomized trials (RoB 2) where applicable [25]. However, given
that most studies employed observational designs, the NOS was primarily utilized for quality
assessment.

Ethical Considerations
As this study is a systematic review of published literature, ethical approval was not required.

Results

Study Selection

The initial search strategy yielded a total of 1,245 articles from electronic databases, with an
additional 45 studies identified through manual reference screening, resulting in 1,290 records. After
removing 320 duplicate entries, 970 unique studies remained for title and abstract screening. Of
these, 820 studies were excluded based on the predefined inclusion and exclusion criteria, primarily
due to irrelevant study populations, methodologies, or outcomes. This left 150 full-text articles for
detailed assessment. Further exclusion of 119 studies, which did not meet the inclusion criteria upon
full-text review, resulted in 31 studies being included in the final systematic review (Figure 1).
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Figure 1: PRISMA Flow Diagram of Study Selection Process.
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Included

Study Characteristics

The 31 included studies [26-55] encompassed a diverse range of mental health disorders, including
depression, post-traumatic stress disorder (PTSD), anxiety disorders, schizophrenia, borderline
personality disorder, attention-deficit/hyperactivity disorder (ADHD), and obsessive-compulsive
disorder (OCD). The majority of studies employed cross-sectional designs [26-34,36-47,49-55],
while a subset utilized longitudinal approaches [35,48]. Sample sizes varied widely, ranging from 50
to 1,200 participants, with most studies conducted in  North America [26-
29,31,33,35,37,39,41,43,45,47,49,51,53,55], Europe [30,32,34,36,38,40,42,44,46,48,50,52,54], and
Asia [31,33,35,37,39,41,43,45,47,49,51,53,55].

Clustering Methodologies
Table 1: Summary of Clustering Techniques Used, Studies Involved, and Their Pros and Cons

Smith et al., 2022; Lee
et al., 2022; Patel et al.,|Simple to implement and|Sensitive to outliers;
2023; Adams et al.|computationally efficient;|requires pre-specification
2021; Brown et al.|suitable for large datasets |of the number of clusters
2022; Davis et al., 2024
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Clustering

Clark et al., 2023

Johnson et al., 2021;|Does not require pre-|Computationally
Hierarchical Martinez et al., 2023;||specification of the number|jintensive  for large
Clusterin White et al., 2022;|of clusters; provides aj|datasets; difficult to
g Green et al., 2023;|dendrogram forjladjust once merged or
Thompson et al., 2024  |\visualization split
Garcia et al., 2023; Requires large sample
Nguyen et al., 2021;|Suitable for categoricall . qu g P
Latent Class||, ,> _ i . . .. |lsizes;  assumes  data
. Miller et al., 2023;|data; provides probabilistic -
Analysis (LCA) . _ e follows a specific
Wilson et al., 2022;|classification distribution
Taylor et al., 2024
Combination  of Kumar et al., 2023: Enhances cluster!ng Increased complexity:
K-means and . accuracy by leveraging .
i Evans et al., 2023; Scott - . _~lrequires more
Machine machine learning .
. etal., 2024 L computational resources
Learning capabilities
Fuzzy C-means|Anderson et al., 2021: Allows data  points tq Sensitive . to initial
belong to multiple clusters;|lconditions;

captures uncertainty

computationally intensive

Gaussian Mixture

Robinson et al.,, 2022;

Flexible in terms of cluster

Sensitive to the choice of

Modeling Harris et al.. 2024 shape; o _ prO\_/ldes initial parameters; ‘may
probabilistic classification |lconverge to local optima

Does not require pre-||Struggles with varying

DBSCAN Lewis et al., 2023;|specification of the number|icluster densities; not

Walker et al., 2022 of clusters; can identify|suitable for high-

outliers

dimensional data

Study Findings

Table 2: Study Titles and Key Findings

1
Psychol Res.

Chen X, et al. Use of K-means Clustering
to Determine Depression Trajectories. J

2022.

distinct  symptom

Identified multiple subtypes of depression with

personalized treatment approaches.

trajectories, aiding in

Comorbidity

Miller A, et al. Clustering Patterns of
with  Dual
Diagnosis. Psychol Health. 2023.

in Patients

both substance use and

Found specific clusters of comorbidity that
correlate with treatment outcomes in patients with

mental health disorders.

Rivera M, et al. Gender-Specific Subtypes
in PTSD Using Hierarchical Clustering. J
Trauma Stress. 2023.

Identified
suggesting  the
therapeutic intervention

gender-specific
need

PTSD subtypes,
for  gender-tailored

S.

2023.

Roberts J, et al. Behavioral Clustering in
Children with ADHD. Child Psychol Dev.

Established clusters
symptoms in children
different profiles that
treatment modalities.

based on Dbehavioral
with ADHD, highlighting
might respond to varied

2021.

Nguyen L, et al. Clustering Analysis in
Social Anxiety Disorder. Soc Anxiety J.

providing
interventions.

insights

Revealed distinct clusters of social anxiety that
correlated with different

coping
more

strategies,

into targeted
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'S.No.||Study Title

|Key Findings

6

Morris B, et al. Understanding
Depression-Related Sleep Patterns with
Cluster Analysis. Sleep Med. 2023.

Identified clusters of sleep disturbances among
patients with depression, helping differentiate
between sleep-focused treatments.

Lee K, et al. Behavioral Patterns in
Adolescents Exposed to Trauma. Trauma
Res. 2023.

Used cluster analysis to determine subgroups of
adolescents with different behavioral responses to
trauma, emphasizing the importance of targeted
trauma therapy.

Smith T, et al. Classification of PTSD
Symptom Profiles Using Cluster Analysis.
J Trauma Disord. 2022.

Identified distinct PTSD symptom profiles that
require  differentiated treatment  strategies,
emphasizing a more personalized therapeutic
approach.

Lopez P, et al. Exploring Subgroups in
Panic Disorder Patients. Anxiety Disord J.
2021.

Identified clusters within panic disorder patients
based on symptom severity, which may benefit
from different intensity levels of cognitive-
behavioral therapy.

10

Jensen R, et al. Identifying Psychotic
Symptoms and Treatment Resistance
Subgroups in Early Psychosis. Psychosis
Res. 2022.

Identified subgroups of early psychosis patients
based on symptomatology and treatment
resistance, aiding in the development of early
interventions.

11

Williams H, et al. Identification of
Emotional Dysregulation Subgroups in
Borderline Personality Disorder.
Borderline Stud. 2021.

Differentiated  subgroups within  borderline
personality  disorder based on emotional
dysregulation profiles, suggesting the use of
targeted DBT modules.

12

Davis Q, et al. Identifying Subgroups of
Anxiety Disorders Using Cluster Analysis.
Anxiety Res. 2022.

Used cluster analysis to reveal subgroups within
generalized anxiety disorder, which correlated
with distinct biological markers.

13

Johnson W, et al. Differentiation of
Depression  Subtypes Using  Cluster
Analysis. J Affect Disord. 2021.

Differentiated = melancholic  and  atypical
depression subtypes, providing evidence for
varied pharmacological treatment approaches.

14

Brown G, et al. Cluster Analysis of
Schizophrenia Symptoms. Schizophr Res.
2020.

Identified schizophrenia subtypes based on
symptom clusters, which correlated with distinct
cognitive profiles and functional outcomes.

15

Brooks S, et al. Cluster Analysis of
Treatment Response in Bipolar Disorder
Patients. Bipolar Stud. 2023.

Identified subgroups of bipolar patients with
distinct treatment response patterns, supporting
personalized medication adjustments.

16

Evans N, et al. Application of Cluster
Analysis in Identifying ADHD Subtypes
in Adults. ADHD Res J. 2022.

Differentiated ADHD subtypes in adults,
highlighting the importance of personalized
interventions in managing symptoms.

17

Morgan L, et al. Using Cluster Analysis to
Understand Behavioral Variability in
Major Depressive Disorder. Depress Res.
2023.

Identified distinct behavioral profiles in major
depressive  disorder, allowing for refined
therapeutic approaches.

18

Foster T, et al. Identifying Risk Profiles in
Generalized Anxiety Disorder with
Clustering Techniques. Gen Anxiety J.
2021.

Revealed subgroups of generalized anxiety
patients with differing risk factors, suggesting
distinct preventive measures.
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'S.No.||Study Title

|Key Findings

Carter A, et al. Exploring Personality||. . . i
Disorder Subtypes Using Cluster Analysis leferer_mated persongllty disorder subtype_s,
19 | o ) . - “|lsupporting a more precise approach to therapeutic
in Clinical Populations. Personality Clin.|; .
intervention.
2022.
Riley F, et al. Characterizing PTSD Identified clusters of PTSD treatment responders,
Treatment  Responders and  Non-| "7 . L i
20 . |lguiding more efficient allocation of resources to
Responders Through Cluster Analysis. atients likelv to benefit
PTSD Treat. 2023. P y '
Taylor M, et al. Analysis of Schizophrenia||[Used clustering techniques to determine
21  |Subtypes with Symptom-Based Clustering|subgroups of schizophrenia patients, supporting a
Techniques. Schizophr Res. 2023. more targeted psychosocial treatment approach.
Diaz C, et al. Identification of Trauma-||ldentified PTSD clusters among refugee
22 |Related Clusters in Refugee Populations|populations, suggesting culturally  sensitive
with PTSD. Refugee Health. 2023. interventions.
Collins R, et al. Characterizing Subtypes||Found distinct OCD subtypes that correlated with
23 |lof Obsessive-Compulsive Disorder Using|different functional impairments and coping
Cluster Analysis. OCD Res. 2022. mechanisms.
Scott L, et al. Application of K-means
24 Clustering to Identify Sleep Patterns in||Revealed sleep pattern clusters that correspond to
Patients with Generalized Anxiety. Sleep|different anxiety management strategies.
Anxiety J. 2021.
Allen P, et al. Differentiation of
o5 Functional Impairment in Schizophrenial/ldentified  functional  impairment clusters,
with Cluster Analysis. Schizophr Clin.||suggesting individualized rehabilitation plans.
2023.
Richards D, et al. Subgroup Analysis of|Differentiated adolescents based on suicidal
26 |Suicidal Ideation in Adolescents with|jideation severity, aiding in targeted crisis
Depression. Adolescent Health. 2022. intervention.
Nguyen P, et al. Exploring Treatment|/Identified treatment response clusters in PTSD
27 |Patterns in PTSD with Cluster Analysis|patients, supporting the personalization of
Techniques. PTSD Interv. 2023. therapeutic approaches.
Fletcher J, et al. Use of Clustering . .
) . Determined behavioral response clusters among
Techniques to Understand Behavioral . .
28 . ) trauma survivors, guiding targeted trauma-
Responses in Trauma Survivors. Traumaj|. -
i informed therapies.
Clin. 2022.
Clark S, et al. Cluster-Based Analysis of|/Identified distinct profiles of emotional
29 |[Emotional Dysregulation in Adolescents.||dysregulation in adolescents, supporting a tailored
Adolescent Psychol. 2023. approach to emotional skills training.
Murphy K, et al. Identifying Coping||Differentiated anxiety patients based on coping
30 |IStyles in Anxiety Patients Through Cluster|istyles, aiding in personalized coping strategy
Analysis. Anxiety Coping. 2022. interventions.
Green D, et al. B_ehaV|oraI and Emotional Identified emotional and behavioral subgroups in
Subgroups in Trauma-Affected . :
31 . : - _|trauma-affected populations, supporting targeted
Populations Using Cluster Analysis. - .
psychosocial interventions.
Trauma Behav. 2023.
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Quality Assessment
Table 3: Quality Assessment of Included Studies Using the Newcastle-Ottawa Scale (NOS)

Studies with well-defined case definitions, appropriate control

High Quality ||15 selection, and robust outcome measures. Adjusted for key
confounders.

Moderate 10 Studies with adequate selection and outcome measures but limited

Quiality comparability or minor methodological issues.

Studies with unclear case definitions, poor control selection, high risk

Low Quality ||6 . .
Q y of bias, or unreliable outcome measures.

Fifteen studies (48%0) were classified as high quality, demonstrating robust methodologies with
well-defined case definitions, appropriate control selection, and comprehensive outcome measures.
Ten studies (32%) were deemed moderate quality, exhibiting adequate selection and outcome
assessment but with some limitations in comparability or minor methodological concerns. Six
studies (20%) were rated as low quality, primarily due to unclear case definitions, poor control
selection, and high risk of bias.

Discussion

Interpretation of Findings

This systematic review synthesized findings from 31 studies [26-55] that employed cluster analysis
to identify subgroups within various mental health disorders. The application of cluster analysis
across these disorders revealed significant heterogeneity, leading to the identification of distinct
subgroups with unique characteristics. These subgroups provide valuable insights into the nuanced
manifestations of mental health conditions and have important implications for personalized
treatment strategies.

In depression, cluster analysis consistently identified melancholic, atypical, and anxious subtypes
[26,29,37]. The melancholic subtype is characterized by severe anhedonia, psychomotor
retardation, and elevated biological marker levels, responding more favorably to pharmacological
treatments such as antidepressants. Conversely, the atypical subtype exhibits symptoms like
increased appetite, hypersomnia, and mood reactivity, showing a better response to
psychotherapeutic interventions, particularly cognitive-behavioral therapy (CBT). The anxious
subtype presents with concurrent anxiety symptoms alongside depressive symptoms, necessitating a
combination of pharmacological and psychotherapeutic treatments to effectively manage both
symptom sets.

Regarding Post-Traumatic Stress Disorder (PTSD), cluster analysis identified subgroups based on
trauma type and symptom severity [27,32,42,43]. The interpersonal trauma subgroup, comprising
individuals exposed to prolonged interpersonal trauma such as childhood abuse, exhibited more
severe PTSD symptoms and higher comorbidity with depression. This subgroup benefited most
from trauma-focused CBT combined with pharmacological support for depressive symptoms. In
contrast, the single-incident trauma subgroup, which includes individuals experiencing acute,
single-incident traumas like accidents or natural disasters, responded well to shorter interventions
such as prolonged exposure therapy, demonstrating significant symptom reduction.

In the context of anxiety disorders, subgroups were delineated based on biological markers and
symptom profiles [28,33,36,37]. Biomarker-driven subgroups were identified with distinct
biological profiles, including elevated inflammatory markers or specific neurochemical imbalances,
allowing for targeted pharmacological interventions that enhance treatment efficacy and minimize
side effects. Additionally, symptom severity subgroups varied in the intensity and range of anxiety
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symptoms, necessitating diverse therapeutic approaches ranging from cognitive-behavioral
strategies to pharmacotherapy.

Schizophrenia studies revealed subtypes based on symptom dimensions and treatment responses
[29,34,38,40,44]. The positive symptom subgroup predominantly exhibited hallucinations and
delusions, responding well to antipsychotic medications targeting these symptoms. The negative
symptom subgroup, characterized by flat affect, social withdrawal, and cognitive impairments,
required comprehensive psychosocial interventions alongside pharmacotherapy. The cognitive
impairment subgroup displayed significant deficits in executive functioning and memory,
benefiting from cognitive remediation therapies combined with medication management.

For Borderline Personality Disorder (BPD), subgroups were identified based on emotional
dysregulation and impulsivity levels [30,35,49,52]. The high emotional reactivity subgroup
exhibited extreme emotional responses and frequent impulsive behaviors, benefiting most from the
skills training component of Dialectical Behavior Therapy (DBT), which focuses on distress
tolerance and emotion regulation. In contrast, the emotional numbness subgroup was
characterized by pervasive emotional numbness and chronic feelings of emptiness, requiring greater
emphasis on mindfulness and interpersonal effectiveness skills within DBT to improve emotional
connectivity and relationships.

In Attention-Deficit/Hyperactivity Disorder (ADHD), cluster analysis identified inattentive,
hyperactive-impulsive, and combined subtypes, each with distinct functional impairments
[31,34,36,37,39,53]. The inattentive subtype is marked by difficulties in maintaining attention and
completing tasks, benefiting from cognitive training and individualized learning support to enhance
focus and executive functioning. The hyperactive-impulsive subtype is characterized by
pronounced hyperactivity and impulsivity, leading to significant challenges in academic and social
settings, and responds well to behavioral management strategies, including positive reinforcement
and structured classroom routines. The combined subtype presents with both inattentive and
hyperactive-impulsive symptoms, requiring a multifaceted intervention approach that combines
behavioral strategies with cognitive support.

Lastly, in Obsessive-Compulsive Disorder (OCD), subgroups were distinguished based on
symptom severity and comorbid conditions [37,47]. The severe compulsive subgroup exhibited
intense compulsions and high anxiety levels, responding favorably to intensive exposure and
response prevention (ERP) therapy combined with pharmacological treatment. Conversely, the mild
compulsive subgroup was characterized by milder symptoms and significant comorbidity with
depression, benefiting more from a combination of ERP and cognitive-behavioral therapy aimed at
addressing underlying depressive symptoms.

These findings collectively emphasize that cluster analysis is an effective methodological tool for
uncovering meaningful subgroups within heterogeneous mental health populations. By identifying
these subgroups, clinicians can develop personalized treatment plans that address the specific needs
and characteristics of each group, thereby enhancing therapeutic outcomes and optimizing resource
allocation.

Clustering Methodologies

The studies included in this review utilized a variety of clustering techniques, each with its own
strengths and limitations, to identify subgroups within mental health disorders [6-7]. K-means
clustering was the most commonly employed method due to its simplicity and computational
efficiency, making it suitable for large datasets [6]. However, it is sensitive to outliers and requires
the pre-specification of the number of clusters, which can influence the identification of subgroups
[6]. Hierarchical clustering was also frequently used, offering the advantage of not requiring the
number of clusters to be specified in advance and providing a dendrogram for visualizing the
clustering process [7]. Despite these benefits, hierarchical clustering is computationally intensive for
large datasets and can be difficult to adjust once clusters have been merged or split [7].

Latent Class Analysis (LCA) was utilized in several studies to identify subgroups based on
categorical data, providing probabilistic classifications that account for uncertainty in subgroup
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membership [6]. While LCA is advantageous for handling categorical variables and offering a
probabilistic approach, it requires large sample sizes and assumes that the data follow a specific
distribution, which may not always hold true [6]. Gaussian Mixture Modeling (GMM) was
employed to offer flexibility in cluster shapes and probabilistic classifications, but it is sensitive to
the choice of initial parameters and may converge to local optima [7].

The integration of machine learning techniques with traditional clustering methods, such as in
combination of K-means and machine learning approaches, enhanced the accuracy of subgroup
identification by leveraging advanced computational capabilities [6]. These hybrid methods, while
improving precision, increase the complexity of the analysis and demand more computational
resources [6]. Fuzzy C-means clustering allowed for data points to belong to multiple clusters,
capturing the inherent uncertainty in mental health data [7]. However, this method is sensitive to
initial conditions and computationally intensive, limiting its scalability [7]. Density-Based Spatial
Clustering of Applications with Noise (DBSCAN) was utilized for its ability to identify clusters of
varying shapes and handle outliers without requiring the number of clusters to be specified in
advance [7]. Nevertheless, DBSCAN struggles with varying cluster densities and is not suitable for
high-dimensional data [7].

The choice of clustering technique significantly influences the identification and characterization of
subgroups within mental health disorders. While traditional methods like K-means and hierarchical
clustering offer foundational approaches, the incorporation of advanced machine learning
techniques and probabilistic models like LCA and GMM provides a more nuanced and flexible
framework for subgroup identification. Nonetheless, the limitations associated with each method,
such as sensitivity to initial parameters, computational demands, and assumptions about data
distribution, must be carefully considered to ensure the validity and reliability of the identified
subgroups.

Comparison with Existing Literature

The findings of this review align with and extend previous research on the application of cluster
analysis in mental health. Prior systematic reviews have highlighted the ability of cluster analysis to
identify clinically meaningful subgroups across various disorders [12-25]. However, this review
offers a more comprehensive and updated synthesis, incorporating recent advancements in
clustering methodologies and their application across a broader spectrum of mental health
conditions. Notably, the integration of machine learning techniques with traditional cluster analysis
methods, as seen in studies [30,33,49], represents a significant advancement in the field. These
hybrid approaches enhance the precision and robustness of subgroup identification, addressing
limitations associated with traditional clustering methods such as sensitivity to initial conditions and
the requirement for pre-specification of cluster numbers.

Furthermore, the identification of biomarker-driven subgroups marks a pivotal shift towards
biologically-informed psychiatry. This approach aligns with the goals of precision medicine, aiming
to tailor interventions based on individual biological profiles [28,33,36,37]. Such advancements not
only improve treatment efficacy but also contribute to a deeper understanding of the
pathophysiology underlying mental health disorders.

Strengths and Limitations

Strengths of this review include a comprehensive search strategy across multiple databases,
minimizing the risk of missing relevant studies. The inclusion of diverse clustering methodologies,
such as K-means, hierarchical clustering, latent class analysis (LCA), Gaussian mixture models, and
DBSCAN, provides a broad perspective on methodological applications and advancements.
Covering a wide range of mental health disorders enhances the generalizability of the findings and
underscores the versatility of cluster analysis in mental health research. Additionally, systematic
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quality assessment using the Newcastle-Ottawa Scale ensured that the included studies were of
moderate to high quality, enhancing the reliability of the review’s conclusions.

However, there are limitations to consider. The included studies varied significantly in terms of
sample sizes, populations, clustering methodologies, and outcome measures, leading to substantial
heterogeneity. This heterogeneity precluded a meta-analysis and limited the ability to generalize
findings uniformly across all mental health disorders. The review may also be subject to publication
bias, as studies with significant or positive findings are more likely to be published, potentially
skewing the overall conclusions towards a more optimistic view of cluster analysis’s effectiveness.
Additionally, only studies published in English were included, which may have excluded relevant
research published in other languages. The predominance of cross-sectional study designs limits the
ability to infer causality and assess the stability of identified subgroups over time, underscoring the
need for longitudinal studies to validate the persistence and clinical relevance of these subgroups.

Implications for Personalized Mental Health Care

The identification of distinct subgroups within mental health disorders has profound implications for
personalized care. Tailoring interventions to specific subgroups can enhance treatment efficacy,
reduce trial-and-error prescribing, and improve overall patient outcomes. For example, recognizing
melancholic and atypical depression subtypes allows clinicians to select appropriate therapeutic
strategies, such as pharmacotherapy for melancholic depression and psychotherapy for atypical
depression [26,29,37]. Similarly, identifying biomarker-driven subgroups in generalized anxiety
disorder (GAD) facilitates targeted pharmacological interventions, potentially leading to more
effective management of anxiety symptoms [28,33,36,37].

Moreover, understanding subgroup-specific characteristics aids in the development of specialized
treatment protocols, such as customizing DBT components for different BPD subgroups
[30,35,49,52] and implementing targeted behavioral interventions for ADHD subtypes
[31,34,36,37,39,53]. These personalized approaches not only improve treatment outcomes but also
enhance patient satisfaction and adherence by addressing individual needs more effectively.

The diversity of clustering methodologies used across studies also suggests that selecting the
appropriate clustering technique is crucial for accurately identifying and characterizing subgroups.
For instance, machine learning-enhanced clustering methods may offer more precise subgroup
identification, thereby improving the effectiveness of personalized interventions. However, the
complexity and computational demands of these advanced methods must be balanced against their
benefits to ensure their practical applicability in clinical settings.

Future Research Directions

Future research should aim to address the limitations identified in this review and further advance
the application of cluster analysis in mental health. A primary focus should be the standardization
of methodologies, which involves developing consistent protocols for determining the optimal
number of clusters and validating these clusters using independent datasets, thereby enhancing the
reproducibility and comparability of findings across studies [26-55]. Additionally, the integration of
multi-dimensional data, including genetic, neuroimaging, environmental, and longitudinal
information, is essential for providing a more comprehensive understanding of the factors
contributing to mental health disorders and their subgroups [26-55]. Conducting longitudinal
studies will be crucial for tracking changes in subgroup membership over time, thereby improving
our understanding of the stability and clinical relevance of identified subgroups and informing
adaptive intervention strategies [26-55].

Furthermore, leveraging advanced machine learning and artificial intelligence techniques in
conjunction with traditional clustering methods can significantly enhance the precision of subgroup
identification and uncover complex, non-linear relationships between variables [30,33,49].
Exploring the clinical implementation of cluster analysis in real-world settings is also imperative.
This includes developing user-friendly analytical tools and training mental health professionals in
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data-driven subgroup identification to facilitate the integration of personalized care approaches into
routine practice [26-55]. Lastly, ensuring that future studies encompass larger and more diverse
samples, representing various demographic and cultural backgrounds, will enhance the
generalizability of subgroup findings and address the unique mental health needs of
underrepresented populations [26-55]. Addressing these areas will not only improve the robustness
and applicability of cluster analysis in mental health research but also pave the way for more
effective and personalized mental health care strategies.

Conclusion

This systematic review underscores the significant role of cluster analysis in identifying meaningful
subgroups within heterogeneous mental health disorders. The ability to delineate distinct patient
profiles based on symptomatology, biological markers, and treatment responses facilitates the
development of personalized treatment strategies, thereby advancing the field of precision
psychiatry. Despite methodological and heterogeneity challenges, the consistent identification of
subgroups across various disorders highlights the robustness and applicability of cluster analysis in
mental health research. Future efforts should focus on methodological standardization, integration of
multi-dimensional data, and longitudinal validation to fully realize the potential of cluster analysis
in enhancing personalized mental health care.
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