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Background: Patient complexity in mental health varies substantially, yet
treatment approaches often rely on standardized protocols. Identifying distinct
complexity profiles may support stratified care and more personalized
intervention planning in depression.

Objective: To identify distinct patient complexity profiles in depression across
sociodemographic, clinical, and psychosocial indicators and to evaluate their
clinical relevance for personalized treatment planning.

Methods: We analyzed complete-case data from 270 adults with major
depression using a Knowledge Discovery in Databases framework. Twelve
indicators were analyzed via Principal Component Analysis followed by K-
means clustering. Robustness was evaluated using supervised validation with a
Random Forest classifier and SHAP-based interpretability analysis. Between-
profile comparisons were conducted, and expert clinicians evaluated
clinical relevance.

Results: Model selection supported a three-cluster solution (k = 3: Low-,
Moderate-, and High-complexity profiles). The solution was validated using a
Random Forest classifier with strong performance (accuracy = 0.91). Statistical
comparisons showed that the Low-complexity profile (n = 100, 37.0%) was older
and more often partnered and employed, with lower depressive symptoms and
better personality functioning. The Moderate-complexity profile (n = 87, 32.2%)
was younger, predominantly unpartnered, and had the lowest employment rate
and medical comorbidity. The High-complexity profile (n = 83, 30.7%) showed the
most severe presentation, characterized by higher depressive symptoms, greater
childhood maltreatment, and impaired personality functioning. Clinical experts
confirmed interpretability and suggested tailored strategies for each profile.
Conclusions: Machine learning identified clinically meaningful patient
complexity profiles with significant differences across multiple domains. These
profiles provide a framework for stratified care and personalized intervention
planning, moving beyond one-size-fits-all approaches.

KEYWORDS

depression complexity profiles, machine learning, personalized mental health
treatment, explainable Al for mental health, profile-based interventions

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fpsyt.2026.1741860/full
https://www.frontiersin.org/articles/10.3389/fpsyt.2026.1741860/full
https://www.frontiersin.org/articles/10.3389/fpsyt.2026.1741860/full
https://www.frontiersin.org/articles/10.3389/fpsyt.2026.1741860/full
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fpsyt.2026.1741860&domain=pdf&date_stamp=2026-02-10
mailto:paula.dagnino@uss.cl
https://doi.org/10.3389/fpsyt.2026.1741860
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/psychiatry#editorial-board
https://www.frontiersin.org/journals/psychiatry#editorial-board
https://doi.org/10.3389/fpsyt.2026.1741860
https://www.frontiersin.org/journals/psychiatry

Dagnino et al.

1 Introduction

The field of mental health increasingly recognizes that patients
seeking treatment comprise a heterogeneous population whose
complexity extends beyond diagnostic categories (1-3). Patient
complexity encompasses the multifaceted interplay of
sociodemographic, clinical, and psychosocial factors that influence
treatment response, functional outcomes, and healthcare utilization
(4, 5). Rather than viewing complexity as a barrier to care, emerging
evidence suggests that systematic stratification of complexity
profiles can enable more personalized and effective treatment
approaches (2, 6, 7).

Depression is a fundamentally heterogeneous condition,
conceptualized as a collection of distinct phenotypes with
different underlying mechanisms, clinical presentations, and
treatment responses (6, 8). This heterogeneity is evident at
multiple levels. At the symptom level, DSM criteria permit 227
unique symptom combinations that meet diagnostic thresholds (9).
At neurobiological and genetic levels, recent frameworks propose
specific depression subtypes and demonstrate heterogeneity across
subgroups (10, 11).

The concept of patient complexity moves beyond the traditional
biomedical model by incorporating psychological, social, and
environmental dimensions (7, 12, 13). The Vector Model of
Complexity proposed by Safford (14) emphasizes the interplay of
biological, socioeconomic, cultural, environmental, and behavioral
determinants as contributors to complexity. In mental health care,
clinicians often intuitively adapt interventions to the unique
circumstances of each patient (12), yet empirical knowledge about
how complexity is composed and how it can be stratified in
depression remains limited.

Complexity in depression arises from the confluence of
sociodemographic, clinical, and psychosocial indicators that are
often studied in isolation but rarely examined as integrated,
multidimensional patterns. Sociodemographic factors such as age
(2, 15), gender (2, 15, 16), relationship status (17), educational
attainment (17-20), and employment status (2, 21, 22) are
associated with depression severity and outcomes, and data-
driven work suggests these factors can concentrate with clinical
burden in specific subgroups (22, 23). Clinical indicators such as
medical comorbidity can complicate both depression management
and the care of co-occurring conditions through bidirectional
relationships (24). Psychosocial indicators—including
impairments in personality functioning, emotional dysregulation,
and adverse childhood experiences—are consistently linked to
greater severity, chronicity, and treatment complexity (25-36).

Despite the established relationship between these indicators
and depression outcomes, much of the literature has focused on
bivariate associations rather than multidimensional configurations
that define distinct patient subgroups. In addition, many complexity
models were developed in general medicine and have limited
validation in psychiatric populations, while routine clinical
settings often lack standardized, reproducible complexity
stratification methods beyond clinical judgment (12).
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By examining depression through a multidimensional lens that
integrates sociodemographic, clinical, and psychosocial indicators,
this study characterizes how these factors combine into distinct
patient complexity profiles. The present study aimed to: (1)
determine whether distinct patient complexity profiles exist in a
treatment-seeking depression sample; (2) comprehensively
characterize the identified profiles across interrelated domains; (3)
identify which specific indicators most strongly differentiate
complexity levels; and (4) assess whether mental health
professionals recognize the profiles as clinically meaningful and
can suggest tailored interventions.

Based on existing literature on patient complexity and
depression heterogeneity, we hypothesized that: (H1) distinct
complexity profiles would emerge in this treatment-seeking
depression population, representing qualitatively different patterns
of sociodemographic, clinical, and psychosocial indicators; (H2)
profiles would show significant differences across demographic
factors, clinical severity, personality functioning, emotional
dysregulation, and trauma history; and (H3) higher complexity
would be characterized by a greater accumulation and co-
occurrence of risk factors across multiple domains rather than
elevation in any single factor.

2 Materials and methods
2.1 Participants and procedure

At one outpatient clinic, adults aged 18 years or older seeking
mental health care underwent a comprehensive clinical diagnostic
interview with a psychiatrist or psychologist to confirm the presence
of a major depressive episode according to the ICD-10 (World
Health Organization, 1992). Those who agreed to participate in the
study signed an informed consent form, ensuring confidentiality
and voluntary participation. All participants were treatment-
seeking individuals presenting for their first psychological
consultation at the clinic. The research protocol was approved by
the Universidad San Sebastian Ethics Committee (Protocol #151-
22) and conducted in accordance with the Declaration of Helsinki.

We excluded patients with (1) primary substance use disorders,
(2) active psychotic symptoms, (3) significant cognitive impairment,
(4) primary eating disorders, or (5) acute suicidal risk requiring
immediate intervention. These exclusions were determined through
initial diagnostic interviews and were intended to focus the sample on
patients suitable for outpatient psychotherapy.

Participants completed sociodemographic questionnaires and
the Patient Health Questionnaire-9 (PHQ-9) before their first
psychological consultation. Additional instruments—including the
Childhood Trauma Questionnaire-Short Form (CTQ-SF),
Operationalized Psychodynamic Diagnostics Self-Rating
Questionnaire Short-Form (OPD-SQS), and Difficulties in
Emotion Regulation Scale (DERS)—were completed at home and
returned at the beginning of the second consultation due to
their length.
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The sample consisted of 270 adults (see Table 1), of whom
69.3% were female and 30.7% were male. The mean age was 35.2
years (SD = 13.0, range 18-65). Educational attainment was as
follows: 27.4% had basic or secondary education, 65.2% had higher
education, and 7.4% had a specialization or postgraduate degree.
Employment status was distributed as 48.9% employed, 51.1%
unemployed. Regarding relationship status, 39.9% of participants
were in a relationship, while 60.7% were not. Previous psychological
treatment was reported by 23.7% of participants, family history of
psychological disorders by 58.9%, and medical comorbidities
by 78.9%.

Clinical characteristics indicated moderate to severe depression
severity (PHQ-9: M = 16.38, SD = 6.6), significant difficulties with
emotion regulation (DERS: M = 75.84, SD = 21.0), moderate
childhood trauma exposure (CTQ: M = 50.9, SD = 18.5), and
mild to moderate impairment in personality functioning (OPD: M
=27.0, SD = 10.76).

TABLE 1 Sample demographics and clinical characteristics with
descriptive statistics.

Variable Total sample

Category

(N = 270)
Age, years 35.2 (13.0)
Sex Male 83 (30.7%)
Female 187 (69.3%)
Marital Status Partnered 106 (39.3%)
Unpartnered 164 (60.7%)
Basic/secondary 74 (27.4%)

Education level

Higher education 176 (65.2%)

Graduate/ 20 (7.4%)
postgraduate
Employment status Employed 132 (48.9%)
Unemployed 138 (51.1%)
Previous psychological treatment Yes 64 (23.7%)
No 206 (76.3%)
Family psychiatric history Yes 159 (58.9%)
No 111 (41.1%)
Medical comorbidity Yes 213 (78.9%)
No 57 (21.1%)
M + SD
Depressive symptoms (PHQ-9) 16.38 (6.6)
Childhood Maltreatment (CTQ) 50.9 (18.5)
Personality functioning (OPD-SQS) 27.0 (10.76)
Emotional dysregulation (DERS) 75.84 (21.0)

Codes were transformed for clarity: Sex: 1 = Male, 2 = Female. Marital status: 1 = Partnered, 2
= Unpartnered. Education: 1 = Basic/secondary, 2 = Higher education, 3 = Graduate/
postgraduate. Employment: 1 = Employed, 2 = Unemployed. Medical comorbidity: 1 =
Yes, 2 = No. Family psychiatric history: 1 = Yes, 2 = No. Previous psychological treatment: 1 =
Yes, 2 = No.
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2.2 Measures

For reporting purposes, variables were grouped into
sociodemographic (e.g., age, marital status, employment), clinical
(e.g., depressive symptomatology, medical comorbidity), and
psychosocial indicators (e.g., childhood trauma, emotion
regulation, personality functioning). However, in line with
contemporary complexity models, these domains were
conceptualized as interdependent contributors to overall patient
complexity rather than isolated categories.

Sociodemographic Data were collected using a self-report form.
It assessed age, gender. Marital status was categorized as partnered
(married or cohabiting) and unpartnered (single, separated,
divorced, or widowed). This classification focuses on the presence
of a stable cohabiting partner as a proxy for social support.
Employment status (employed vs. unemployed), educational level
(basic/secondary, higher education, or specialization/postgraduate),
previous psychological treatment (yes/no), family psychiatric
history was assessed as a dichotomous variable (yes, presence or
no, absence of psychiatric disorders in first-degree relatives, and
medical comorbidity (yes/no).

Depressive symptoms: The PHQ-9 (37) is a widely used nine-
item questionnaire based on DSM-IV criteria for major depression.
Items are rated on a 4-point Likert scale (0 = “not at all” to 3 =
“nearly every day”), with total scores ranging from 0 to 27. Higher
scores indicate greater depression severity. The Spanish version
validated in Chilean primary care populations was used (38). The
cut-off score is 16.

Childhood Maltreatment: The CTQ-SF (39) is a 28-item
retrospective self-report instrument assessing five types of
childhood maltreatment: physical abuse, emotional abuse, sexual
abuse, physical neglect, and emotional neglect. Items are rated on a
5-point Likert scale (from 1, ‘never’ to 5, ‘always’). In the present
study, only the CTQ-SF total score was used as an indicator of
overall childhood trauma exposure; the five subscale scores were not
analyzed separately. The CTQ total score was calculated as the sum
of the five subscales (emotional abuse, physical abuse, sexual abuse,
emotional neglect, and emotional neglect), ranging from 25 to 125.
The three validity items (items 10, 16, 28) were not included in the
total score calculation. Higher scores indicating greater exposure to
childhood trauma. The Chilean validation by (40) was used.

Emotion Regulation: The DERS (41) is a 36-item self-report
questionnaire measuring difficulties in emotion regulation across
six dimensions: lack of emotional awareness, lack of emotional
clarity, non-acceptance of emotions, limited access to regulation
strategies, impulse control difficulties, and difficulties with goal-
directed behavior. Items are rated on a 5-point scale (1 = “almost
never” to 5 = “almost always”), with total scores ranging from 36 to
180. Higher scores indicate greater difficulties with emotion
regulation. The Chilean adaptation by Guzman- (42) was used.
The cut-off score is 73.

Personality Functioning: The OPD-SQS (43) assesses
dimensional vulnerabilities in personality functioning across three
domains: self-perception, interpersonal contact, and relationship
patterns. The 12-item short form uses a 5-point Likert scale (0 =
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“not true at all” to 4 = “completely true”), with total scores ranging
from 0 to 48. Higher scores indicate greater impairment in
personality functioning. The 12-item short form is currently
undergoing validation in Chilean samples, with the full version
demonstrating adequate psychometric properties in prior work
(44, 45).

2.3 Statistical analysis

The analytical pipeline followed the five stages of the
Knowledge Discovery in Databases (KDD) framework, (selection,
preprocessing, transformation, data mining, and evaluation), as
illustrated in Figure 1. Expert validation was also included to
ensure clinical relevance and practical applicability (see Figure 1).

Data Preprocessing: Data were imported from an Excel
database and non-numeric placeholders (e.g., “?”) were recoded
as missing values (NaN). An identifier variable was removed prior
to analysis. Variables were selected a prior to analysis based on
clinical relevance. Information available in the database was
incorporated through the corresponding total scores of each
instrument, which were treated as composite variables
representing the associated constructs, rather than considering
individual questionnaire items separately. Based on this selection
process, a predefined set of 12 clinically relevant variables was
retained for analysis, encompassing sociodemographic, clinical, and
psychosocial measures.

No statistical imputation was applied. Complete-case filtering
was used to ensure consistency of the multivariate matrix, resulting
in the exclusion of two participants with missing values in at least

10.3389/fpsyt.2026.1741860

one selected variable. Therefore, the final sample consisted of 270
patients. Continuous variables were standardized using z-score
normalization (mean = 0, SD = 1) prior to dimensionality
reduction and clustering, while categorical variables were retained
in their original coding for descriptive and interpretive purposes.

Dimensionality Reduction: Principal Component Analysis
(PCA) was applied to the standardized variables (z-scores) to
reduce dimensionality while preserving most of the variance. We
retained the leading components that captured the main data
structure and used their scores for 3D visualization and
clustering. Loadings were interpreted as the correlation between
each variable and each component, their magnitude indicated the
variable’s contribution to each axis, and their sign indicated the
direction of the relationship.

Clustering Analysis: K-means clustering was selected as the
primary unsupervised learning technique due to its effectiveness
with continuous variables and its ability to create compact, spherical
clusters. The optimal number of clusters was determined through a
systematic evaluation using multiple validation metrics, including
the silhouette coefficient, Calinski-Harabasz index, and Davies-
Bouldin index.

Supervised Validation: The robustness of clustering was
evaluated using supervised learning approaches. A Random Forest
classifier was trained to predict cluster membership based on the
original features. High predictive accuracy indicated that the clusters
reflected genuine data patterns rather than algorithmic artifacts.

Feature Interpretation: SHAP (SHapley Additive exPlanations)
analysis quantified the individual contributions of variables to
cluster assignment. This approach provided transparent
explanations of how each feature influenced model decisions,

Data
Collection

Data
Preparation

KDD data analysis scheme

ML
Modeling

Evaluation

Data mining and

Interpretation

~

/

Wrangling

FIGURE 1

2
\“
Data
Cleaning
Sampling Supervised
and and
Data .
Ii)atta! Standarization Unsnperised Results
selection and Interpretation
Transformation

Knowledge Discovery in Databases (KDD) framework used to identify depression complexity profiles.
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enabling the translation of statistical patterns into clinically
meaningful insights.

Statistical Comparisons: Comprehensive statistical testing
identified significant differences between clusters across
demographic and clinical variables. Chi-square tests assessed the
distributions of categorical variables, with the Bonferroni correction
applied for multiple comparisons, and effect sizes were quantified
using Cramer’s V to estimate the magnitude of associations.

One-way ANOVA tested group differences for continuous
variables, followed by Tukey’s HSD post hoc tests for specific
pairwise comparisons, with effect sizes reported as 1* to quantify
the proportion of variance explained by cluster membership.

Expert Validation: Clinical descriptions of each patient profile
were submitted to mental health experts for validation of clinical
coherence, face validity, and therapeutic recommendations. Experts
evaluated whether these profiles aligned with established clinical
knowledge and provided treatment recommendations for
each profile.

Software: Analyses were conducted using Python 3.9 with the
scikit-learn, pandas, numpy, and shap libraries. R 4.3 was used for
supplementary statistical analyses. Statistical significance was set at
o = 0.05 for all tests.

3 Results

An unsupervised Knowledge Discovery in Databases (KDD)
methodology was employed, beginning with preprocessing of the
dataset containing 12 key sociodemographic, and clinical variables.
Dimensionality reduction and clustering analyses were then
conducted to identify homogeneous patient groups.

3.1 Dimensionality reduction and clustering
solution

Principal Component Analysis (PCA) was applied, successfully
transforming the original variables into a three-dimensional feature
space (PC1-PC3). These principal components captured the data’s
most significant variance and patterns, allowing for a simplified,
interpretable 3D representation. K-means clustering was then used
to partition the sample into internally homogeneous groups.

Model selection favored a three-cluster solution (k = 3), which
was strongly supported by multiple clustering indices. The
Silhouette index increased from 0.2707 (k = 2) to 0.2962 (k = 3),
indicating improved cluster separation and internal cohesion. The
Calinski-Harabasz index was higher for the three-cluster model
(127.0177), reflecting greater between-group dispersion.
Additionally, the Davies-Bouldin index decreased from 1.4188 (k
= 2) to 1.1475 (k = 3), suggesting tighter and better-separated
clusters. The Dunn index showed comparable values for the three-
and four-cluster solutions, supporting the robustness of the three-
cluster model. Visual inspection of the three-dimensional PCA
space (Figure 2) further indicated clear spatial separation between
clusters (red: Cluster 1; green: Cluster 2; blue: Cluster 3).
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3.2 Cluster identification and description

To better understand which original variables contributed most
to the formation of these clusters, we analyzed the PCA loadings
(Figure 3). The loading vectors provide important insights into the
variables that most strongly drive cluster heterogeneity. Variables
with longer vectors and vectors pointing in similar directions are
more strongly correlated, while those pointing in opposite
directions are negatively associated.

In simpler terms, the first three principal components can be
interpreted as new coordinate axes that summarize the information
from all original variables. As shown in Figure 3, the PCl axis is
primarily influenced by clinical indicators such as depressive symptom,
personality functioning, childhood maltreatment and emotion
regulation. The PC2 axis represents more sociodemographic factors,
including age and clinical medical comorbidities. The PC3 axis
incorporates elements related to family members with psychiatric
problems and previous psychological treatment. It also reflects
additional clinical variables, such as depressive symptoms, childhood
maltreatment, personality functioning, and emotional dysregulation.

When these axes are projected into the 3D PCA space (Figure 2),
the three clusters show a clear spatial separation, highlighting the
robustness and interpretability of the clustering solution.

3.3 Supervised confirmation

In addition to the unsupervised analysis, we trained a
supervised classification model to predict cluster membership
using the selected features. A Random Forest classifier was
chosen. The model was trained using a stratified train-test split
(80% training, 20% testing) to preserve the proportional
representation of the three clusters, with hyperparameters
optimized via cross-validation. The final model consisted of 150
trees, a maximum tree depth of 5, and 5 features considered at each

Axis PC 2

FIGURE 2
3D PCA projection of participants colored by risk clusters.
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PCA loadings illustrating variable weights in cluster separation space.

split, with balanced class weights applied to account for cluster
size differences.

The classifier demonstrated strong and stable performance,
with accuracy, precision, sensitivity, and Fl-score all reaching
091 + 0.01, while the error rate remained low (0.11 + 0.01),
indicating robust classification capabilities. These results suggest
that the selected features retained sufficient discriminative power to
reliably distinguish cluster membership.

To improve model transparency and better understand the
influence of individual features, SHAP values were calculated.
This specific SHAP analysis (see Appendix) provided a ranking of
features based on their average impact on model predictions across
all instances (see Figure 4). The presence and intensity of each
feature within the clusters enabled us to identify and label the three
profiles according to their overall level of complexity: low-
complexity (L), moderate-complexity (M), and high-complexity
(H) profiles.

The global SHAP analysis ranked features by their average
impact on model predictions across all instances (see Figure 4). The
global feature importance rankings were: (1) age (18.7%, 2)
personality functioning (15.7%, 3) marital status (13.7%, 4)
emotional regulation (13.4%, 5) depressive symptomatology
(12.9%), and (6) employment status (10.8%). Together, these six
features accounted for approximately 85% of the model’s
predictive power.

Beyond the global ranking of features, the cluster-specific SHAP
analysis revealed that the model relies on different feature sets
across the complexity profiles (Figure 5). Predictions for the high-
complexity profile were primarily driven by a compact set of
variables—depressive symptomatology, personality functioning,
emotional regulation, and childhood maltreatment—accounting
for most of the predictive contribution. In contrast, the moderate-
complexity profile relied on a broader combination of

Frontiers in Psychiatry

sociodemographic (age, marital status, employment) and clinical
features, suggesting a more heterogeneous classification rule. The
low-complexity profile showed the most distributed pattern, with
the model integrating multiple contextual and clinical dimensions
without a single dominant feature.

3.4 Descriptive characterization of cluster
profiles

To determine which specific factors significantly differentiate
complexity levels, systematic statistical comparisons were
conducted across the three identified profiles. One-way analysis of
variance (ANOVA) was applied to continuous variables, while Chi-
square tests were employed for categorical variables. When
statistical significance was achieved (p < 0.05), pairwise
comparisons were conducted using Tukey’s Honest Significant
Difference (HSD) post-hoc test for ANOVA results and
Bonferroni correction for Chi-square analyses to control for
multiple comparisons and identify specific between-group
differences. These analyses revealed statistically significant
differences across all measured domains (Table 2). To evaluate
the relevance of the observed differences between complexity levels,
effect sizes were calculated for all significant comparisons (Table 3).
Cohen’s d was computed for continuous variables, while Cramer’s
V was employed for categorical variables, following established
guidelines for interpreting effect magnitude (Cohen, 1988). This
dual approach enabled both statistical and practical significance to
be assessed, ensuring that identified differences were not only
statistically reliable but also clinically meaningful.

The Low-complexity profile (L) was characterized by greater
sociodemographic stability, including older age, higher rates of
partnership, and substantially higher employment. Differences in

frontiersin.org
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FIGURE 4
Global SHAP importance ranking.

these variables ranged from moderate to large in magnitude, and
this profile also showed the highest prevalence of medical
comorbidity. Across clinical and psychosocial indicators, the Low-
complexity group consistently displayed the lowest levels of
depressive symptoms, childhood maltreatment, emotion
dysregulation, and impairment in personality functioning. These
contrasts were small to moderate when compared with the

Moderate-complexity profile but large to very large when
contrasted with the High-complexity group. Overall, this profile
showed the most favorable pattern across all domains.

The Moderate-complexity profile (M) was defined by younger
age and the lowest levels of partnership and employment, with effect
sizes in these sociodemographic variables ranging from moderate to
large. It also exhibited the lowest prevalence of medical
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FIGURE 5
Cluster-specific SHAP importance across risk profiles.
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TABLE 2 Descriptive characteristics and group comparisons among the three profiles.

Characteristic

Low (L) (n=100)

Moderate (M) (n=87)

High (H) (n=83)

Significance test

Age M= SD 44.66 + 11.57 24.51 £7.14 34.92 + 10.23 F=96.14* L>H>M

Marital status x2(2) = 87. 23 ** L > H > M (proportion partnered)
Partnered(n) 69 2 35

Unpartnered (n) 31 85 48

Education level x24) =13.22 * M, H > L (higher attainment in M and H)
Basic/secondary (n) 18 35 21

Higher ed. (n) 72 49 55

Postgraduate (n) 10 3 7

Employment status x2(2) = 84. 37 ** L >H > M (employment rate)
Employed (n) 74 8 50

Unemployed (n) 26 79 33

Psych. treatment x2(2) =9.42 * M, H > L (treatment history more frequent)
Yes (n) 73 60 73

No (n) 27 27 10

Family psychiatric history x2(2) =1.86

Yes (n) 54 52 53

No (n) 46 35 30

Gender x3(2) = 8.85 * M > L, H (male proportion)
Male (n) 23 37 23

Female (n) 77 50 60

Medical comorbidity x2(2) = 118. 23 ** L > H > M (medical comorbidity)
Yes (n) 89 47 77

No (n) 11 40 6

Childhood maltreatment. M + SD 42.86 + 1533 45.80 + 13.84 65.95 + 17.48 F =56.69 ** H>LM

Depressive symptoms M + SD 13.42 + 5.60 14.02 £ 6.21 2241 £ 3.17 F = 80. 66 ** H>L M

Personality functioning M + SD 20.56 + 8.41 25.13 £9.12 36.65 + 7.67 F=85.61"** M,H>L

Emotional dysregulation M + SD 64.04 £ 15.29 71.02 + 18.92 95.12 + 14.11 F =88.89** H>M>L

L, Low-complexity profile; M, Moderate-complexity profile; H, High-complexity profile. Values are presented as mean + SD for continuous variables and as counts for categorical variables.

Post-hoc patterns (e.g., “L > H > M”) indicate significantly higher values in the groups following that order (Bonferroni-corrected p <.05). * p <.05, ** p <.01.
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TABLE 3 Global and pairwise effect sizes for categorical and continuous variables across complexity profiles.

Characteristic Type Global Effect Lvs M Lvs H Mvs H
Marital status Categorical Cramer’s V = 0.36 V=031 V=028 V=019
Employment status Categorical Cramer’s V = 0.56 V=047 V=039 V=034
Education level Categorical Cramer’s V = 0.22 V=021 V=019 V=011
Gender Categorical Cramer’s V = 0.18 V =0.16 V =0.09 V=014
Medical comorbidity Categorical Cramer’s V = 0.44 V=041 V=033 V=029
Childhood maltreatment (CTQ) Continuous n? =0.30 d =020 d=1.40 d=128
Depressive symptoms (PHQ-9) Continuous n?=0.38 d=0.10 d=198 d=170
Personality functioning (OPD-SQS) Continuous n* = 0.39 d=052 d =200 d=137
Emotional dysregulation (DERS) Continuous n* = 0.40 d =041 d=211 d=144
Age Continuous n? =042 d=210 d=0.89 d=118

Global effect sizes are reported as Cramer’s V for categorical variables and * for continuous variables. Pairwise effect sizes are reported as Cramer’s V (categorical variables) and Cohen’s d

(continuous variables). Pairwise comparisons correspond to statistically significant contrasts following Bonferroni correction.

comorbidity. Across clinical and psychosocial indicators, this group
showed values consistently intermediate between the Low- and
High-complexity profiles. Differences relative to the Low-
complexity group were generally small to moderate, whereas
comparisons with the High-complexity profile showed large
contrasts. As a whole, the Moderate-complexity profile occupied a
clearly intermediate position across all domains.

The High-complexity profile (H) displayed sociodemographic
characteristics that were intermediate between the Low and
Moderate groups, with moderate-sized differences in age,
partnership, and employment. In contrast, this profile exhibited
the highest levels of depressive symptoms, childhood maltreatment,
emotion dysregulation, and impairment in personality functioning,
with large to very large effects relative to both of the other profiles.
Medical comorbidity was also elevated in this group, although not
to the extent observed in the Low-complexity profile. Taken
together, the High-complexity profile was most strongly
differentiated by the magnitude of its clinical and
psychosocial burden.

3.5 Expert assessment of profile
interpretability and suggested
management strategies

To collect expert opinions, an open survey was conducted
among mental health professionals to assess their perceptions of
the proposed complexity profiles (low, moderate, and high) and to
gather insights on relevant intervention strategies and clinical
examples. Sixty-two mental health professionals completed the
survey, including 56 psychologists (90.3%) and six psychiatrists
(9.7%). Most respondents worked in primary (58%) or secondary
(32%) care settings, with clinical experience ranging from two to 25
years (mean = 8 years). Forty-four participants (70%) worked in the
public sector, while 18 (30%) were employed in private practice.
Forty-nine respondents (80%) primarily provided care for adults,
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whereas 13 (20%) mainly worked with children or adolescents.
Participation in the survey was voluntary and anonymous.

The survey results showed a strong professional consensus
regarding the clinical presence of these complexity profiles, with
85% of respondents (n = 53) confirming the relevance of the three
distinct complexity profiles (low, moderate, and high) in daily
practice. As one experienced psychologist noted: “These profiles
capture the reality of what I see in clinical practice - patients don’t fit
into simple categories, and we need differentiated approaches”
(Psychologist, female, 15 year’s experience). This consensus
underscores the practical utility of such classification for guiding
clinical decision-making and resource allocation. Only a minority
(15%) suggested adjustments to the criteria, primarily to further
clarify the boundaries between moderate and high-complexity,
particularly regarding the presence of substance use, domestic
violence, and suicidality.

Based on the responses, management strategies were
recommended for each complexity profile, along with illustrative
examples (see Table 4).

In summary, the survey reveals a high level of acceptance of the
complexity profile classification among mental health professionals
and provides concrete recommendations for tailored intervention
strategies. Strengthening training, coordination, and the use of
digital tools are recommended to optimize patient care across all
complexity levels.

4 Discussion and conclusion

4.1 Main findings

This study identified three distinct patient complexity profiles
in a treatment-seeking depression population using machine
learning methods. The emergence of low, moderate, and high-
complexity profiles provides empirical support for the
multidimensional heterogeneity that has been increasingly
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TABLE 4 Recommended management strategies by the patient’s complexity profile.

Complexity profile = Management strategies

Brief interventions and group workshops.

. Periodic follow-up focused on relapse prevention.
low-complexity

Use of digital tools for monitoring and support.

Referral to community resources and promotion of self-care activities.

Clinical examples

“With lower complexity cases, we can expect more predictable
outcomes. The therapeutic alliance forms more easily, and
patients are generally more responsive to standard
interventions” (Psychologist, male, 8 years experience).

Moderate-complexity

(psychiatrist, psychologist, social worker).
Crisis planning and risk management protocols.
High-complexity Family/system involvement

containment.

Individual psychotherapy focused on how to cope with conflicts.
Interventions, particularly targeting interpersonal patterns.
Coordination with interdisciplinary teams for ongoing follow-up.

Intensive case management, Multidisciplinary team approach

Supportive interventions based on structured routines and ongoing

Frequent clinical supervision, team meetings, and referral to specialized
or higher-level services when necessary.Extended treatment timelines

“These patients require more clinical judgment. You need to be
prepared to shift your approach based on how they respond.
Brief interventions It’s not just about following a protocol
anymore” (Psychiatrist, female, 12 years experience).

“High-complexity patients need a team approach. No single
provider can address all the needs. We need psychiatric
consultation, case management, family involvement, and often
longer-term treatment planning” (Psychologist, female, 20
years experience).

recognized in clinical practice but rarely operationalized
systematically. These findings confirm our first hypothesis that
qualitatively distinct patterns exist beyond simple diagnostic
categorization (46). This aligns with contemporary frameworks
proposing that depression is not a single entity but rather a
collection of phenotypes with different underlying mechanisms (8,
10, 47, 48).

The three-profile solution supports our second hypothesis
regarding significant differences across demographic, clinical, and
psychosocial domains. However, our third hypothesis—that higher
complexity would reflect accumulation across multiple domains—
requires some nuance. The high-complexity profile was not simply
characterized by “more of everything.” Instead, it exhibited a
particular configuration in which childhood maltreatment,
personality dysfunction, and emotional dysregulation converged.
This pattern is consistent with developmental psychopathology
frameworks (32-34, 36) proposing that early relational trauma
disrupts foundational capacities for self-organization and affect
modulation, creating enduring vulnerabilities that shape
subsequent clinical presentations.

The profiles are distinguished not merely by severity but by the
specific interplay of risk mechanisms. Global feature importance
rankings identified personality functioning, marital status,
depressive symptomatology, emotional dysregulation,
employment status, and age as key differentiating factors.
Notably, sociodemographic variables emerged as integral
components of complexity rather than mere background
covariates. This echoes Safford et al’s (14) Vector Model of
Complexity, which emphasizes the interplay of biological,
socioeconomic, and behavioral factors as constitutive elements of
patient complexity (49-51).

The low-complexity profile demonstrates this multidimensional
nature clearly. Despite reporting the highest medical comorbidity,
these patients exhibited lower depressive symptoms, better
personality functioning, and superior emotional regulation
compared to other profiles. This pattern suggests that stable
partnerships and employment—both prominent in this group—
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may buffer against psychological deterioration even in the presence
of physical health challenges. This observation aligns with research
on social determinants of health (21) demonstrating that relational
and occupational stability constitute protective factors that operate
independently of medical burden.

The moderate-complexity profile revealed an alternative
pathway characterized primarily by sociodemographic instability.
Specifically, this group showed the lowest employment rates and
highest proportion of unpartnered individuals, combined with
relatively preserved personality functioning compared to the
high-complexity group. This configuration suggests that
complexity can arise through external structural constraints
rather than internal psychological vulnerabilities rooted in
developmental trauma.

The high-complexity profile exemplifies the developmental
cascade described by Gilbert et al. (34) and Li et al. (35), wherein
childhood maltreatment establishes vulnerabilities that manifest
as personality impairment and emotional dysregulation
difficulties. The co-occurrence of elevated childhood trauma
exposure (33), markedly impaired personality functioning (25,
26, 29), and pronounced emotional dysregulation (30, 31) in this
group reflects the pattern Schaink et al. (7) identified as central to
comprehensive mental health care yet rarely operationalized
empirically. This profile’s treatment history—more frequent
prior psychological interventions despite persistent difficulties—
suggests that standard approaches may be insufficient for
addressing the deep-seated vulnerabilities characteristic of
this presentation.

The strong professional consensus supporting these profiles
(85% recognition rate) indicates that complexity profiling resonates
with clinicians’ intuitive understanding of patient heterogeneity. As
Kaneko et al. (12) observed, practitioners often adapt their
interventions to patient complexity regardless of theoretical
framework. The convergence between data-driven pattern
discovery and expert clinical judgment suggests that machine
learning approaches can formalize tacit clinical knowledge into
systematic, reproducible frameworks.
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4.2 Clinical implications

The identification of distinct complexity profiles has several
implications for clinical practice and healthcare organization. First,
these profiles provide an evidence-based framework for
understanding patient heterogeneity beyond symptom severity.
This enables recognition of qualitatively different presentations
that may require tailored assessment and care planning
approaches. This addresses the gap identified by Delgadillo et al.
(2) between complexity assessment needs and available
systematic methods.

Second, complexity profiling could support treatment
stratification in ways that align with contemporary calls for
personalized mental health care (6). Expert clinicians
recommended differentiated strategies for each profile. Low-
complexity patients were deemed appropriate for brief, symptom-
focused interventions. Moderate-complexity patients were seen as
requiring longer-term support addressing both symptom reduction
and psychosocial rehabilitation, particularly around employment
and social integration. High-complexity patients were consistently
recommended for intensive, trauma-informed psychotherapy
addressing personality functioning and emotional regulation
alongside symptom management. These recommendations
suggest that complexity assessment could guide resource
allocation and treatment intensity decisions within stepped-
care frameworks.

Third, from a healthcare systems perspective, understanding the
prevalence and characteristics of different complexity profiles
provides empirical data essential for resource planning and
service design. The distribution observed in our sample (32% low,
30.5% moderate, 36.8% high complexity) indicates that a substantial
proportion of patients present with high-complexity features. This
underscores the need for specialized treatment capacity beyond
standard brief interventions.

Importantly, complexity assessment can be performed using
routinely collected intake information, demonstrating feasibility for
real-world implementation. The six variables accounting for
approximately 85% of predictive power—age, personality
functioning, marital status, emotional regulation, depressive
symptomatology, and employment status—could potentially be
streamlined into brief screening instruments suitable for resource-
constrained settings.

4.3 Limitations

Several limitations warrant consideration. First and most
critically, this cross-sectional study did not collect treatment
outcome data. Therefore, we cannot assess whether complexity
profiles predict differential treatment responses or whether
stratified care improves outcomes compared to standard
approaches. The clinical utility for treatment planning remains an
empirical question requiring prospective investigation.
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Second, the sample was drawn from a single outpatient clinic,
limiting generalizability across settings, populations, and cultural
contexts. The meaning and impact of factors such as partnership
status or employment may vary substantially across different
societies. Replication in diverse populations is essential before
broad implementation.

Third, childhood maltreatment was operationalized through the
CTQ total score, aggregating across difterent types of abuse and
neglect. While this approach captures cumulative burden consistent
with ACE literature demonstrating dose-response relationships
(34), it precludes examining whether specific forms of
maltreatment differentially contribute to complexity profiles.
Research suggests distinct trauma types may confer different
vulnerabilities (32, 33), warranting future investigation with
disaggregated subscales.

Fourth, our focus on depression enabled detailed within-
diagnosis analysis but leaves unclear whether complexity profiling
is diagnosis-specific or more broadly transdiagnostic.
Contemporary frameworks propose that processes such as
emotional dysregulation and personality dysfunction operate
across diagnostic boundaries (30), suggesting complexity
assessment might generalize beyond depression.

Fifth, temporal stability of complexity profiles remains
unknown. Whether patients remain in the same category across
time or whether complexity responds to treatment or life
circumstances cannot be determined from cross-sectional data.
Longitudinal tracking would illuminate whether profiles represent
enduring characteristics or more dynamic states.

Finally, our analytical approach was limited to variables available
in our clinical database. Factors not assessed, such as social cognition,
metacognitive capacity, or biological markers, might reveal additional
complexity dimensions. The interpretability of our profiles assumes
that childhood trauma, personality functioning, emotional regulation,
and sociodemographic factors adequately capture core dimensions of
clinically meaningful heterogeneity. While this assumption is
grounded in substantial prior literature, it requires empirical validation.

4.4 Future directions

Several research directions emerge as priorities. First,
prospective studies examining treatment outcomes across
complexity profiles are needed to establish predictive validity.
Such studies should test whether complexity-informed treatment
matching improves outcomes compared to standard care and
whether different profiles respond differentially to specific
interventions. Given the treatment recommendations from expert
clinicians, particular attention should be paid to whether brief
interventions suffice for low-complexity patients while trauma-
focused approaches benefit high-complexity presentations.

Second, replication in diverse populations and settings would
establish generalizability and enable examination of whether profile
structures remain stable across different cultural, healthcare, and
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socioeconomic contexts. Longitudinal designs tracking complexity over
time would illuminate whether profiles represent stable characteristics
or dynamic states responsive to intervention, and could identify factors
associated with transitions between categories.

Third, expansion to other mental health conditions would
evaluate whether complexity profiling is transdiagnostic or
diagnosis-specific. If similar profiles emerge across anxiety
disorders, trauma-related conditions, and other psychiatric
presentations, this would support complexity assessment as a
general framework for understanding mental health heterogeneity.

Fourth, development of brief screening instruments for
practical implementation represents a pragmatic priority.
Abbreviated versions capturing the most discriminating features
identified in our analyses could enable rapid complexity screening
in busy clinical environments while retaining adequate sensitivity
and specificity.

Finally, investigation of developmental pathways through which
high-complexity profiles emerge could identify intervention points for
prevention. Prospective studies beginning in childhood or adolescence
could illuminate how exposure to adversity, combined with other risk
factors, crystallizes into the enduring vulnerabilities characteristic of
adult high-complexity presentations.

4.5 Conclusion

This study provides empirical evidence for distinct, clinically
meaningful complexity profiles in treatment-seeking populations
with depression. The three identified profiles—characterized by
different configurations of sociodemographic stability, clinical
severity, developmental adversity, personality functioning, and
emotional regulation—align with theoretical frameworks
emphasizing depression heterogeneity (8, 10) and the
multidimensional nature of patient complexity (7, 14). The
findings demonstrate that multidimensional complexity
assessment can be performed systematically using routinely
available clinical information.

While the cross-sectional design precludes prediction of
treatment outcomes, the study establishes descriptive validity and
clinical interpretability of complexity-based stratification. The
convergence between machine learning pattern discovery and
expert clinical recognition suggests this approach captures
genuine clinical phenomena rather than statistical artifacts. As
Wright and Woods (52) advocate, integrating data-driven
methods with clinical expertise bridges the gap between statistical
rigor and clinical relevance, supporting movement toward
personalized models of psychopathology.

Whether complexity profiling translates into improved clinical
outcomes remains to be demonstrated through prospective
research. Nevertheless, these findings provide a foundation for
systematic complexity assessment that could inform treatment
planning, resource allocation, and service design decisions aimed
at matching intervention intensity and modality to patient needs
within contemporary mental health care systems.
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