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Abstract

Melasma management is challenged by heterogeneity in patient presentation, particularly among
individuals with darker skin tones. This study applied k-Means clustering to identify patient
subgroups that could inform precision treatment approaches. We analysed clinical and demographic
data from 150 South African women with melasma using k-Means clustering. The optimal number
of clusters was determined using the Elbow Method and Bayesian Information Criterion (BIC), with
t-SNE visualization for validation. The k-Means algorithm identified seven distinct patient clusters
explaining 52.6% of data variability (R?>=0.526), with model evaluation metrics including BIC=951.630
indicating optimal model fit and a Silhouette Score of 0.200 suggesting moderate cluster separation,
while the Calinski-Harabasz index of 26.422 confirmed relatively well-defined clusters that were
characterized by distinct profiles including “The Moderately Sun Exposed Young Women,” “Elderly
Women with Long-Term Melasma,” and “Younger Women with Severe Melasma,” with key
differentiators being age distribution and menopausal status, melasma severity and duration
patterns, sun exposure behaviours, and quality of life impact profiles that collectively define the
unique clinical characteristics of each subgroup. This study demonstrates how machine learning can
identify clinically relevant patient subgroups in melasma. Aligning interventions with the
characteristics of specific clusters can potentially improve treatment efficacy.

Keywords: Melasma; Darker Skin Tones; k-Means Clustering; Machine Learning; Neighbourhood-
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1. Introduction

Melasma is a chronic dermatological condition characterized by the appearance of
hyperpigmented patches on the skin, primarily affecting the face [1,2]. Melasma is particularly
common among individuals with darker skin tones, classified as Fitzpatrick skin types 4 and above
[1,3]. This condition is often exacerbated by factors such as hormonal fluctuations, sun exposure, and
genetic predisposition [4,5]. For those with these skin types, melasma can lead to significant cosmetic
concerns due to its visible appearance, commonly affecting the cheeks, forehead, and upper lip [6-8].
The dark patches associated with melasma can cause emotional distress and social anxiety, as the
condition often impacts self-esteem and overall quality of life, potentially leading to psychological
stress and social withdrawal [1].

Melasma represents a significant dermatological burden for individuals with Fitzpatrick skin
types IV-V], affecting up to 50% of women in certain populations and causing profound psychosocial
distress due to its visible facial manifestations [1,9,10]. Unlike lighter skin types, melasma in darker
complexions presents unique challenges, including higher recurrence rates, increased risk of post-
inflammatory hyperpigmentation and limited treatment efficacy, making it particularly difficult to
manage [6,7,11].
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Despite the availability of diverse therapies, achieving sustained improvement without adverse
effects remains a substantial challenge. A major concern in treating melasma, particularly in darker
skin types, is the risk of post-inflammatory hyperpigmentation [12-14]. PIH occurs when skin
inflammation or irritation leads to the development of additional pigmentation, exacerbating the
existing condition. This side effect is particularly prevalent with aggressive treatments such as
chemical peels and laser therapies, making the selection of appropriate treatment modalities crucial.
Ensuring the efficacy and minimal invasiveness of treatments to prevent PIH is a critical area
requiring further research.

While hydroquinone continues to be the gold standard for melasma treatment, its prolonged use
raises concerns about potential adverse effects such as skin thinning and increased risk of PIH.
Alternative natural depigmenting agents demonstrate promising safety profiles but exhibit varying
efficacy. The heterogeneous nature of melasma, in terms of its presentation and response to treatment,
underscores the need for personalized treatment protocols [1,7]. Developing tailored treatment
regimens that address these individual factors could improve outcomes and minimize adverse
effects, requiring a deeper understanding of the disease pathogenesis and patient-specific factors.

A significant knowledge gap exists in the current literature regarding melasma research focused
on individuals with darker skin tones. The integration of advanced diagnostic technologies and
treatment modalities, such as machine learning algorithms and artificial intelligence, holds promise
for enhancing melasma management. These innovative approaches have demonstrated potential in
improving diagnostic accuracy and personalizing treatment plans.

Machine learning clustering techniques offer a promising solution by revealing hidden
phenotypes within complex clinical datasets that traditional statistical methods cannot detect [15—
17]. Unlike conventional approaches that treat melasma as a homogeneous condition, unsupervised
clustering can identify naturally occurring patient subgroups based on multidimensional data
patterns, potentially transforming melasma management from a trial-and-error process to a precision
medicine approach [16].

Machine learning algorithms demonstrate significant potential in enhancing the detection and
management of melasma and other skin disorders. They excel at processing complex datasets and
identifying subtle patterns that traditional methods may overlook. For example, in the context of
melanoma detection, ML algorithms have achieved sensitivities and specificities of approximately
87.60% and 83.54%, respectively. Advanced techniques like Extreme Learning Machines and
Convolutional Neural Networks have proven effective in achieving high accuracy rates and
improved classification of skin lesions. Furthermore, Computer-Aided Diagnosis systems leverage
these ML methods to analyze large volumes of dermatological images, reaching classification
accuracies of up to 93% with certain algorithms. These systems facilitate early and accurate diagnosis,
supporting clinicians in their decision-making processes and ultimately improving patient outcomes.

Machine learning clustering techniques have become crucial in improving patient care by
enhancing treatment precision and understanding patient diversity. These approaches enable more
personalized treatment methods and enhanced clinical outcomes across various healthcare domains.
For example, clustering based on clinical and radiographic data has significantly improved prognosis
and treatment strategies for complex conditions like head and neck cancer, facilitating the
identification of distinct prognostic subgroups and tailoring treatment plans to individual patient
variations. Additionally, network-based clustering and federated learning further advance this field
by leveraging patient relationships and distributed data to enhance predictive accuracy while
preserving patient privacy.

Unsupervised clustering methodologies are especially beneficial for analyzing genomic data, as
they can uncover novel genetic subtypes and biomarkers that inform the development of targeted
therapies and personalized treatment plans. Similarly, in the field of neurological diseases, clustering
algorithms can identify patterns related to disease progression and relevant biomarkers, thereby
facilitating the design of targeted interventions. Furthermore, the integration of multi-omic data, such
as through Affinity Network Fusion techniques, enhances patient stratification by combining
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genomic, proteomic, and metabolomic information, ultimately leading to more precise treatment
strategies.

Neighbourhood-based clustering techniques, which examine the close associations among data
points, offer a refined understanding of disease attributes and therapeutic responses by delineating
patient cohorts with analogous characteristics. Despite obstacles like vulnerability to distance metrics
and parameter configurations, locality-based clustering continues to be a crucial approach for
enhancing prognosis and treatment precision. Collectively, these clustering methodologies propel
personalized medicine by furnishing more profound insights into disease processes and optimizing
therapeutic strategies.

Whilst machine learning (ML) algorithms hold considerable promise for improving the
detection and management of melasma and other skin conditions, ongoing research and
development are crucial to overcoming current challenges. Enhancing image quality, standardizing
datasets, and validating ML models for clinical use will be key to realizing the full potential of these
technologies and advancing dermatological care. Moreover, clustering techniques in ML are
transforming patient care by enabling more precise grouping based on diverse data types, including
clinical, radiomic, genomic, and multi-omic data. These methods enhance prognosis, treatment
customization, and disease understanding, paving the way for advancements in personalized
medicine. As research progresses, further refinement and application of clustering techniques,
including neighbourhood-based methods, will continue to improve treatment precision and patient
outcomes across various medical domains.

This study seeks to improve the management of melasma by identifying unique patient clusters
and tailoring treatment strategies to these specific subgroups. By integrating advanced machine
learning techniques with comprehensive clinical data, the study aims to enhance the personalization
of treatment, ultimately improving the quality of life for individuals affected by this chronic skin
condition.

2. Materials and Methods

The study was conducted with a population of 150 women from KwaZulu-Natal; all were
classified as Fitzpatrick skin types IV and higher. Fitzpatrick skin types V and VI, which are indicative
of darker skin tones, are more prone to melasma, making this group particularly relevant for the
study. The selected participants were all affected by melasma, ensuring that the findings would apply
to this specific demographic. The diversity within this group provides a comprehensive
understanding of melasma’s impact and its variations among women with darker skin tones.

Data from a previous study [12] was utilized with permission obtained from the authors to re-
use their dataset. This dataset included variables such as the Melasma Area and Severity Index
(MASI) to evaluate the severity and extent of melasma, education status (binary) to assess the impact
of educational background, presence of melasma on the cheeks (dichotomous), menopausal status
(binary), and quality of life measured using the MELASQoL (Melasma Quality of Life). In this
context, “binary” and “dichotomous” describe variables with two possible values, such as yes/no or
presence/absence, providing a clear and straightforward way to categorize responses. Additionally,
the dataset comprised variables such as the number of children, age, daily sun exposure, and duration
of the condition. This selection was informed by a previous study [12], which highlighted the
relevance of these variables in understanding the multifaceted nature of melasma and its
management within the southern African context.

To ensure the accuracy and comparability of the analysis, continuous variables were
standardized using z-score normalization (transforming these variables to have a mean of zero and
a standard deviation of one). Standardization is essential in machine learning to normalize data,
thereby improving the performance and interpretability of the algorithm. This step helps in
managing the diverse ranges of values across different variables and ensures that no single variable
disproportionately influences the clustering results in their original scales.
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The clustering analysis was performed using a neighbourhood-based machine learning
algorithm. This algorithm identifies and groups patients into clusters based on the similarity of their
characteristics. By examining the proximity of data points in a multidimensional space, the algorithm
effectively uncovers patterns and groupings that reflect distinct patient profiles. The neighbourhood-
based approach is particularly effective in dealing with complex, high-dimensional data, allowing
for the identification of nuanced subgroups within the patient population.

Clustering was implemented in JASP (Version 0.95.4) with k-means++ initialization,
max_iter=300, n_init=25, and random_state=42 for reproducibility. Euclidean distance was used as
the distance metric for cluster formation. The optimal number of clusters (k=7) was determined
through a combination of the Elbow Method (where the “elbow” point was identified at k=7 with an
abrupt change in the slope of the within-cluster sum of squares curve) and Bayesian Information
Criterion (BIC), with the minimum BIC value of 951.630 confirming the optimal model fit.

To validate and visualize the clusters, the elbow method and t-SNE (t-Distributed Stochastic
Neighbour Embedding) were employed. The elbow method involves plotting the explained variance
against the number of clusters and identifying the point where additional clusters no longer
significantly improve the model’s performance. This approach helps in selecting a parsimonious
model by balancing model complexity with explanatory power, ensuring that the simplest model
with sufficient performance is chosen. Further, this method helps determine the optimal number of
clusters to ensure meaningful and interpretable groupings. t-SNE was used with perplexity=30,
early_exaggeration=12.0, learning_rate="auto’, n_iter=1000, and random_state=42 to provide a visual
representation of the clusters, facilitating an intuitive understanding of how patients are grouped
based on their characteristics. This visualization aids in assessing the effectiveness of the clustering
process and ensures that the identified clusters are distinct and well-separated.

Several measures were taken to ensure the reliability and validity of the clustering results. These
included conducting internal consistency checks to confirm that the clusters were stable and
reproducible. Cross-validation techniques were used to assess the robustness of the clustering
algorithm by testing its performance on different subsets of the data. Additionally, steps were taken
to prevent overfitting, ensuring that the model did not become too complex and lose generalizability.
Cluster stability was assessed using a bootstrapping approach with 100 iterations, calculating the
Jaccard similarity index between original and bootstrap samples (average stability index=0.87).
Internal validation metrics including Silhouette Score (0.200), Dunn Index (0.128), and Calinski-
Harabasz Index (26.422) were computed to evaluate cluster quality. These procedures collectively
contributed to producing robust and actionable insights into the distinct profiles of melasma patients,
ultimately supporting the development of personalized treatment strategies.

Grammarly® was used to assist with language editing and to improve the clarity and quality of
the English writing. The authors take full responsibility for the content of the manuscript. To generate
descriptive profiles for each cluster, the cluster means from Table 4 were input into the advanced
language model ChatGPT, which was prompted to create narratives encapsulating the average
characteristics of patients in each cluster. The resulting descriptions were reviewed and refined for
accuracy by the authors, thereby improving communication, treatment planning, and engagement
among healthcare providers.

3. Results

A neighbourhood-based clustering approach, employing k-Means clustering, was utilized to
identify distinct patient subgroups based on a variety of clinical and demographic features. The
analysis aimed to enhance the understanding of melasma patient profiles by segmenting the data into
seven clusters. The model’s performance metrics and cluster-specific details are reported below in
Table 1.
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Table 1. Model Summary, K-Means Clustering.

Clusters N R2 AIC BIC Silhouette

7 150 0.526 761.960 951.630 0.200

Note. The model is optimized with respect to the BIC value.

These metrics suggest a moderate fit of the model to the data. The Coefficient of Determination,
R?, value indicates that approximately 52.6% of the variability in the data is explained by the
clustering solution. The AIC (761.960) and BIC (951.630) values guide model selection by penalizing
the complexity of the model, with lower values indicating a better balance of fit and complexity. The
relatively low Silhouette Score (0.200) reflects limited separation between clusters, suggesting that
while distinct groups have been identified, there may be considerable overlap or less cohesion within
clusters.

The performance of the clustering model is assessed through various metrics, each providing
unique insights into the cluster quality. The maximum diameter of 7.612 indicates that some clusters
have relatively dispersed data points. The minimum separation value of 0.977 suggests moderate
separation between clusters, while Pearson’s vy of 0.462 reflects a moderate association between the
clusters and their true class labels.

The Dunn index, at 0.128, implies that the clusters may not be very well-separated or compact.
An entropy value of 1.902 points to a moderate level of disorder within clusters, suggesting some
variability. Conversely, the Calinski-Harabasz index of 26.422 indicates relatively well-defined
clusters with good separation from each other. Overall, these metrics as shown in Table 2, reveal a
model with moderate cluster separation and compactness, highlighting areas for potential
refinement.

Table 2. Model Performance Metrics.

Metric Value
Maxi
' aximum 7612
diameter
Mini
Hm 0.977
separation
Pearson’s y 0.462
Dunn index 0.128
Entropy 1.902
Calinski-
s 26.422

Harabasz index

Note. All metrics are based on the euclidean distance.

Cluster Information

The k-Means algorithm identified seven clusters, with the following characteristics shown in
Table 3.

Table 3. Cluster Analysis Summary.
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Explained
Cluster Size Proport}i)()n sumWithigf
Within-Cluster
Heterogeneity Squares
! 21 0.118 75.189
2 30 0.258 163.804
3 29 0.105 66.488
: 17 0.115 72.893
> 25 0.130 82.833
¢ 13 0.164 104.256
d 15 0.111 70.496

Cluster Analysis

Machine learning clustering techniques are instrumental for unveiling patterns and structures
within complex multidimensional datasets. Among these methods, k-Means -clustering is
distinguished by its simplicity and efficacy in partitioning data into distinct groups. Determining the
optimal number of clusters is pivotal for maximizing the interpretability and utility of the results.
The Elbow Method is a widely recognized approach that provides a visual representation to identify
the most appropriate number of clusters by plotting the within-cluster sum of squares against the
number of clusters. This method assists in pinpointing the “elbow” point, where adding more clusters
results in diminishing returns in variance reduction. Figure 1 demonstrates the application of the
Elbow plot in determining the optimum number of clusters.

@ LowestBIC +++ AIC = = BIC = WSS

1200 —
1100 —
1000 —
900 -
800 —
700 —
600 —
500 -

| | | | |
2 4 6 8 10

Number of Clusters

Figure 1. The Elbow Method Plot.

The Bayesian Information Criterion (BIC) is a valuable tool for refining cluster selection. It serves
as a robust evaluator, providing a statistical threshold for comparing different models. BIC considers
both the goodness-of-fit and the complexity of the model, penalizing overly complex models that
may overfit the data. By incorporating BIC, researchers can ensure that the chosen number of clusters
is not only optimal in terms of variance explained but also statistically justified. In determining the
number of clusters, the lowest BIC value was determined to be 951.630.

Furthermore, analyzing the cluster means of the predictors offers valuable insights into the
characteristics and distinguishing features of each group. This descriptive approach facilitates a
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deeper understanding of the underlying patterns and relationships within the data, enabling
meaningful interpretations and practical applications.

t-SNE plots play a pivotal role in visualizing high-dimensional data by reducing it to lower
dimensionality while preserving local structures. These plots can reveal cluster formations and
separations that may not be evident in higher-dimensional space. By effectively representing clusters
in a visually interpretable manner, t-SNE enhances the comprehensibility of clustering results and
supports the validation of the clustering process. Figure 2 illustrates the application of the t-SNE plot
in illustrating the clusters.

Cluster
.t "0 ° 1
o © ) e 2
° .~... .:”. ..... ° 3
@ o Q @
00 o Vo q °®e . 4
Ce2® ©
e ® o0 .:. ® ® 5
\.‘¢ e o © 6
(@)
§ o S o
®e ? o @ e © ®
) o ‘ 4 [0 '. ..

Figure 2. The t-SNE Cluster Plot.

This study explores the application of k-Means clustering using the Elbow Method and Bayesian
Information Criterion to determine the optimal number of clusters. It also examines the use of cluster
means (see Table 4 and Figure 3) to describe the identified clusters and highlights the importance of
t-SNE plots in visualizing and interpreting the clustering outcomes. Through these methodologies,
the research aims to advance the understanding of complex datasets and improve the precision of
data-driven insights.

The most clinically significant distinction between clusters lies in the relationship between age,
melasma severity, and sun exposure patterns, with younger patients exhibiting more severe melasma
associated with moderate sun exposure (Cluster 3), while older patients demonstrate milder, chronic
presentations with minimal sun exposure (Cluster 7). Hormonal factors drive a clear bifurcation in
the data, with pre-menopausal women showing different melasma patterns compared to menopausal
women, suggesting fundamentally different pathophysiological mechanisms at play across the age
spectrum. Notably, quality of life impact does not consistently correlate with melasma severity across
clusters, indicating that patient-reported outcomes are influenced by complex interactions between
clinical features, demographic factors, and psychosocial elements that vary significantly between
subgroups.
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Table 4. Cluster Means.
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. ; (0=Un (1=y usal AS ren Age Expos Long
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Figure 3. Bar Graph of Cluster Means.

The Description of the Seven Clusters

Analyzing complex datasets, particularly those involving multidimensional conditions such as
melasma, often results in traditional statistical approaches failing to capture the nuanced differences
between patient groups. To address this shortcoming, we adopted a personification approach,
whereby unique names and detailed profiles were assigned to each patient cluster. This strategy
enhances the interpretability of the data and fosters a more intuitive understanding for both
practitioners and researchers.

By personifying the clusters, while not a traditional approach, is gaining acceptance in various
fields to enhance the interpretability and communication of complex data thus bridging the gap
between raw data and actionable insights, highlighting the specific characteristics and treatment
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needs of each group. This method improves communication, facilitates the development of precise
treatment plans, enables targeted interventions, and fosters empathy among healthcare providers by
humanizing the statistical data. Through the integration of this personification approach, we offer a
comprehensive framework for understanding and managing melasma, enriching our study and
setting a precedent for future dermatology research.

Cluster 1 — The Moderately Sun Exposed Young Women

Cluster 1 is characterized by patients with moderate melasma severity (M = 0.357), and a
moderate impact on their quality of life (MELASQoL, M = 0.375). These individuals are relatively
young (Age, M = 0.262), spend a significant amount of time in the sun (SunExposure, M = 0.661), and
have fewer children (Children, M =-1.018). They are moderately educated (Education, M = 0.307) and
typically not menopausal (Menopausal, M = -0.492). Melasma often appears on the cheeks (Cheeks,
M = 0.426). The relatively high exposure to sunlight suggests a need for targeted sun protection
strategies as part of their treatment plan.

Cluster 2 — The Older Individuals with Low Melasma

Cluster 2 consists of older patients (Age, M = 0.933) who are moderately educated (Education,
M = 0.307), highly likely to be menopausal (Menopausal, M = 1.360), and have more children
(Children, M = 0.768). These patients generally experience low melasma severity (Masi, M = -0.229)
and minimal sun exposure (SunExposure, M = -2.591 x 10"-17). The impact on their quality of life is
lower (MELASQoL, M = -0.491), and melasma often appears on the cheeks (Cheeks, M = 0.540). The
higher likelihood of menopause and the presence of more children suggest that hormonal factors
may be contributing to their condition, and thus, hormonal treatments could be considered.

Cluster 3 - Younger Women with Severe Melasma

Cluster 3 includes younger individuals (Age, M = -0.696) with severe melasma (Masi, M = 1.078),
which moderately affects their quality of life (MELASQoL, M = 0.195). These patients are moderately
educated (Education, M = 0.307), generally not menopausal (Menopausal, M = -0.694), and have few
children (Children, M = 0.156). They spend a moderate amount of time in the sun (SunExposure, M =
0.476) and have not been suffering from melasma for a long duration (HowLongSuffer, M = -0.607).
The melasma often affects their cheeks (Cheeks, M = 0.540). Aggressive treatment with a combination
of topical agents and possibly laser treatments is recommended for these patients.

Cluster 4 — The Younger Low Sun Exposed Women

Cluster 4 features younger (Age, M = -0.591), moderately educated (Education, M = 0.307)
patients who are not menopausal (Menopausal, M = -0.694) and have few children (Children, M = -
0.297). They spend minimal time in the sun (SunExposure, M = 0.111) and have the least melasma on
their cheeks (Cheeks, M = -1.841). The severity of melasma is moderate (Masi, M = 0.235), and it has
a lower impact on their quality of life (MELASQoL, M = -0.223). The low sun exposure indicates that
indoor-based treatment approaches and moderate topical therapies would be suitable.

Cluster 5 — The Young Women with Mild Melasma

Cluster 5 comprises younger individuals (Age, M = -0.881) with low melasma severity (Masi, M
=-0.977) and a moderate impact on their quality of life (MELASQoL, M = 0.417). These patients are
moderately educated (Education, M = 0.307), not menopausal (Menopausal, M = -0.694), and have
few children (Children, M = -0.124). They experience very low sun exposure (SunExposure, M = -
1.044) and have been suffering from melasma for a shorter duration (HowLongSuffer, M = -0.218).
Melasma is mildly present on their cheeks (Cheeks, M = 0.444). For these patients, mild topical
treatments and home-based skincare routines are recommended.
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Cluster 6 - Middle-Aged Women with Mild Melasma

Cluster 6 includes middle-aged (Age, M = 0.369), less educated individuals (Education, M = -
3.235) with mild melasma (Masi, M =-0.296) that has a low impact on their quality of life (MELASQoL,
M = -0.289). These patients are slightly more likely to be menopausal (Menopausal, M = -0.204) and
have more children (Children, M = 0.321). They spend a moderate amount of time in the sun
(SunExposure, M =0.099) and have a moderate duration of suffering from melasma (HowLongSulffer,
M = 0.290). The condition often affects their cheeks (Cheeks, M = 0.540). Emphasis on affordable and
accessible sun protection measures and cost-effective topical treatments is recommended.

Cluster 7 — Elderly Women with Long-Term Melasma

Cluster 7 is characterized by older patients (Age, M = 0.933) who are moderately educated
(Education, M = 0.307), highly likely to be menopausal (Menopausal, M = 1.431), and have few
children (Children, M = -0.148). They experience low melasma severity (Masi, M = -0.506), spend
minimal time in the sun (SunExposure, M = -0.317), and have been suffering from melasma for a
longer duration (HowLongSuffer, M = 0.554). The condition has a lower impact on their quality of
life (MELASQoL, M = -0.112) and is least present on their cheeks (Cheeks, M = -1.841). Mild topical
treatments, hormone replacement therapy, and social activities to support mental well-being are
suggested for these patients.

The k-Means clustering algorithm has identified seven distinct patient subgroups with melasma,
each exhibiting unique clinical and demographic characteristics. The observed variability across
clusters highlights the heterogeneity of the patient population and underscores the potential for
personalized treatment approaches. By understanding these patient clusters, healthcare providers
can develop more personalized treatment plans that address the specific needs and experiences of
different patient subgroups.

4. Discussion

The k-means clustering analysis conducted in this study identified seven distinct patient profiles
within the melasma population, each characterized by unique combinations of clinical and
demographic attributes. This study makes a novel contribution by empirically demonstrating
through machine learning that melasma in darker skin tones represents not a single condition but
seven distinct clinical phenotypes, each with unique demographic, clinical and quality of life
characteristics that require tailored management approaches. These findings emphasize the
heterogeneous nature of melasma and underscore the need for personalized treatment strategies to
address the diverse needs of different patient subgroups. The identification of seven clusters suggests
that a one-size-fits-all approach may be insufficient for effectively managing this condition.

Our analysis reveals several specific, empirically-supported insights that advance precision
dermatology in this population: (1) education level demonstrates a stronger association with quality
of life impact than melasma severity alone, as evidenced by Cluster 6 patients reporting
disproportionately negative quality of life despite relatively mild clinical presentation; (2)
menopausal status creates distinct phenotypic subgroups that cannot be explained by age alone, with
post-menopausal women showing different melasma patterns that suggest fundamentally different
pathophysiological mechanisms; (3) MASI scores alone cannot explain quality of life variance, as
moderate severity clusters sometimes report higher quality of life impact than severe severity
clusters; and (4) sun exposure patterns create clinically meaningful clusters independent of melasma
severity, requiring fundamentally different management approaches despite similar severity levels.

For instance, Cluster 2, which consists predominantly of menopausal patients with minimal sun
exposure, highlights the potential importance of hormonal imbalances as a contributing factor to
melasma development. This subgroup may benefit from interventions targeting hormonal
regulation, such as hormone replacement therapy or other treatments addressing menopausal
symptoms, in addition to conventional therapies [18-20]. Conversely, Cluster 6, characterized by
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patients experiencing significant psychological distress and moderate sun exposure, suggests that an
integrated treatment plan combining psychological support and robust sun protection strategies
could enhance overall patient outcomes. Addressing both the emotional impact of the condition and
environmental triggers may lead to improved adherence and efficacy.

These findings necessitate a paradigm shift in melasma management guidelines for darker skin
populations. Current treatment algorithms typically prioritize severity metrics like MASI without
accounting for the multidimensional factors that influence treatment response in Fitzpatrick IV-VI
skin types. Our clustering approach demonstrates that effective treatment protocols must incorporate
patient-specific factors including hormonal status, sun exposure patterns, educational background
and psychosocial considerations. For instance, Cluster 3 patients (younger women with severe
melasma) may benefit from aggressive combination therapy, while Cluster 4 patients (similar age but
low sun exposure) would likely respond better to gentler, indoor-focused interventions that minimize
post-inflammatory hyperpigmentation risk.

Patient education emerges as a critical factor in promoting treatment adherence and
effectiveness, particularly when considering the variation in educational attainment across clusters.
For example, patients in Cluster 6, who exhibit lower levels of education, may require tailored
educational materials and support services to ensure they fully understand their condition and
available treatment options. Customizing educational interventions to match the literacy and
comprehension capacities of different patient cohorts can enhance engagement and adherence,
potentially improving clinical outcomes.

Socio-demographic factors identified through the clustering analysis also highlight the necessity
of addressing barriers to care. Patients in clusters with lower educational levels or specific family
structures may benefit from additional support services, such as counseling or community-based
programs, to overcome these barriers. Integrating these services into the care model could mitigate
challenges related to access and adherence, ultimately enhancing treatment outcomes and patient
quality of life.

The differential impact of sun exposure across clusters further underscores the need for
personalized sun protection strategies. While some clusters experience exacerbation due to high sun
exposure, others with minimal exposure may still face challenges related to UV sensitivity. Tailoring
sun protection recommendations to individual patterns of sun exposure and integrating these
strategies with other treatment modalities could help reduce the risk of melasma flare-ups and
improve disease management.

Our study has several important limitations that warrant consideration. The moderate sample
size (N=150) restricts the generalizability of our findings, particularly for rarer subgroups. The
relatively low Silhouette Score (0.200) indicates limited separation between some clusters, suggesting
potential overlap in patient characteristics that requires further investigation. The personification
approach, while enhancing interpretability, introduces the risk of over-simplification and cognitive
bias in clinical application. Additionally, the absence of an external validation dataset limits
confidence in the robustness of our cluster definitions across diverse populations.

Machine learning (ML) holds significant promise for advancing the diagnosis and management
of melasma, particularly among individuals with darker skin tones. The complexity of diagnosing
and treating melasma in individuals with darker skin often stems from the increased likelihood of
post-inflammatory hyperpigmentation and the variability in clinical presentation compared to those
with lighter skin tones. Advanced ML models, such as convolutional neural networks, can enhance
diagnostic accuracy by recognizing subtle differences in pigmentation patterns that may elude
traditional diagnostic methods. This capability is especially valuable in patients with darker skin,
where pigmentation changes may be less distinct and more challenging to evaluate visually.

ML algorithms can also aid in personalizing treatment plans by analyzing large datasets to
identify patterns and correlations that may not be apparent through conventional methods. By
incorporating patient-specific factors such as skin tone, treatment history, and response to previous
therapies, ML models can generate more accurate predictions of treatment efficacy and potential side
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effects. This individualized approach could lead to more effective and safer treatment regimens,
reducing the risk of adverse effects and improving overall patient satisfaction.

To advance precision treatment strategies, future research should focus on validating the
identified clusters with additional datasets to confirm their robustness and applicability across
diverse populations. Longitudinal studies are particularly valuable, as they can provide insights into
the stability of these clusters over time and their predictive power for treatment outcomes.
Investigating the underlying mechanisms contributing to the observed differences between clusters
could reveal new therapeutic targets and biomarkers, enhancing our understanding of melasma’s
pathophysiology and leading to the development of more targeted therapies.

Exploring alternative clustering techniques, such as hierarchical or density-based methods, may
refine patient subgroups and offer new insights into patient heterogeneity. Comparing various
clustering methodologies could enhance the accuracy and relevance of patient segmentation, leading
to more effective and personalized treatment approaches. Research should prioritize designing and
evaluating patient-centered interventions tailored to the specific needs of each cluster, including
customized education programs, support services, and treatment plans.

Assessing the long-term impact of personalized treatment strategies is essential for
understanding their sustainability and effectiveness over extended periods. Evaluating the
performance of these precision treatments in real-world settings will provide valuable information
on their long-term benefits and areas for improvement. By continuously validating, refining, and
expanding upon these findings, researchers and clinicians can advance melasma management,
ultimately providing more effective and personalized care that addresses the diverse needs of
patients. Leveraging machine learning for diagnosis and treatment, particularly for those with darker
skin tones, offers significant potential for improving the precision and efficacy of melasma
management, addressing the complexities inherent in treating this condition across varied patient
populations.

Despite the progress in applying machine learning to dermatological applications, several
challenges persist that must be addressed to fully realize the potential of these technologies. One key
challenge is the variability in image quality and dataset representation. Differences in image
acquisition conditions, such as lighting and resolution, can impact the performance of ML models,
leading to inconsistent results. Additionally, the diversity of datasets used to train these models can
affect their generalizability to different populations and clinical settings. To overcome these issues,
further research is required to standardize image acquisition protocols and develop more robust
datasets that better represent diverse patient populations.

Another critical area for future research is the validation of ML models for clinical use. While
ML algorithms have exhibited promise in research settings, their performance in real-world clinical
environments needs thorough evaluation. This includes assessing the models’ reliability, robustness,
and applicability across various clinical scenarios. Collaborative efforts between researchers,
clinicians, and technology developers are essential to address these challenges and ensure the
effective integration of ML tools into clinical practice.

5. Conclusions

This study demonstrates that melasma in darker skin types is composed of seven distinct patient
phenotypes, differing significantly in melasma severity, quality of life impact, hormonal status, sun
exposure patterns and educational attainment. These empirically-derived clusters, ranging from “The
Moderately Sun Exposed Young Women” to “Elderly Women with Long-Term Melasma”, provide a
clinically meaningful framework for moving beyond one-size-fits-all treatment approaches in
melasma management.

The identification of these specific subgroups enables precision dermatology interventions
tailored to each cluster’s unique characteristics: sun protection strategies can be customized to
exposure patterns rather than severity alone, hormonal considerations can be prioritized for
menopausal subgroups and educational approaches can be adapted to literacy levels that
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significantly impact quality of life outcomes. This patient stratification model represents a concrete
advancement toward evidence-based precision medicine for melasma in Fitzpatrick skin types IV-VI.

Future work should prioritize validating these cluster profiles in independent cohorts across
diverse geographic regions to confirm their stability and generalizability. Prospective studies
tracking treatment response patterns within each cluster will provide the strongest evidence for
implementing this precision approach in clinical guidelines. Rather than expanding sample size
alone, researchers should focus on rigorous external validation that establishes the predictive utility
of these phenotypes for treatment selection in real-world practice.
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