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GRAPHICAL ABSTRACT

The graphical abstract illustrates the end-to-end workflow implemented in the MATLAB-based GUI, including input selection, GoF evaluation,
cluster validation (Silhouette and DBI), model performance assessment using RMSE and KL Divergence, and final visualization of mixture distri-
bution results and clustering metrics.

Graphical Interface for Goodness-of-Fit Evaluation and Clustering of Probability
Distributions in Environmental Datasets
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ARTICLE INFO ABSTRACT

Goodness-of-Fit (GoF) tests are applied to assess the suitability of probability distributions for
environmental data. However, classical methods such as Kolmogorov-Smirnov (KS) and Ander-
son-Darling (AD) often yield inconsistent outcomes in heterogeneous datasets. Previous studies
employed clustering or mixture modeling separately, lacking integration with automated esti-
mation and adaptive weighting. This study introduces a unified framework combining GoF
evaluation, K-Means++ clustering, and a KS-weighted mixture model to enhance distribution
selection. Seventeen univariate probability distributions were tested on chlorophyll concentration
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data from the Black Sea, with adequacy assessed via KS and AD tests and five information criteria.
The framework was implemented via a MATLAB GUI to automate clustering, estimation, model
selection, and evaluation steps. Tested across multiple sample sizes and extended to variables, the
GUI demonstrated adaptability and robustness. Model performance showed that the KS-weighted
mixture model provided stable fits for complex datasets, improving interpretability and reducing
reliance on single-distribution assumptions. This study supports SDG 14 by enhancing tools for
monitoring marine ecosystem health through robust modeling of chlorophyll concentration, a key proxy
for marine environmental status.

Integrates GoF testing, clustering, and mixture modeling
Implements a reproducible workflow via MATLAB GUI

Enhances robustness and positions mixture modeling within environmental data analysis

Table 1
Probability distribution models and their parameters.
Distribution Distribution Model Parameters
Exponential 1 —X 0 = scale
flx) = gexp(—)
Gamma xa1 x a = shape
fo) = bT'(a) exp( N E) b = scale
Log Normal 1 —(logx — p)? p = location
f(x) = Xov/on exp %2 o = scale
Logistics

Log Logistics

Normal

Rayleigh

GEV

Weibull
Rician

Birnbaum Saundars

Extreme Value
Half Normal

Inverse Gaussian

Nakagami

Stable

t Location Scale

(", ")

c

exp(T

Inx —y)

e )
flx) =

1/x—p\2
()

e A B
19 eo(- D)
500 =1 (5) Zew - (S5%)
2
X é) X B
(68 .
fx) = ——exp— 5 o
i - (5 - ()

Fx) = ([
fx) =2( e
E(ei ) =

fla) ==

v (3)

exp( - 7H [1 + ipsign(t) ;ln(y\t‘)} " iﬁt)

[
v

A 2
2n:x3exp{ - 2y2x<x7ﬂ) }
VL 1) gy (TH
o) T (5

exp( — e [1 " i[}sign(t)tan% (mt\)l*”) - 1]) + it

(5 52 |

v+l
2

)

p = location
o = scale

= location
o = scale

=

1 = location
= scale

Q

b = scale

= location
= scale
shape

= scale

= shape
location
scale

scale
shape

R » R ™aAxT

= location
= scale
= location
= scale
shape
= scale

= shape
= scale
= shape
= shape
scale
= location
= location

W OAXR™IR ST T >ax® AT

Q
|
@
1)
2
=~
®

<
[
&
g
Y




F. Reba et al. MethodsX 15 (2025) 103586

Specifications table

Subject area Mathematics and Statistics

More specific subject area Goodness-of-Fit Evaluation, K-Means Clustering, Mixture Modeling, MATLAB GUI for Environmental Data.

Name of your method GoF-Clustering-Mixture Model Framework via MATLAB GUI

Name and reference of original =~ The method builds upon prior works integrating goodness-of-fit testing, clustering, and mixture e modeling. It is adapted
method from:

Van & Pham-Gia (2010), Clustering probability distributions.

da Silva et al. (2023), Mixture models of probability distributions applied to rainfall in the state of Pernambuco, Brazil.

Pata et al. (2024), Data-driven determination of zooplankton bioregions and robustness analysis.

These studies provided the statistical foundation and data-driven techniques extended in the present GUI-assisted framework.
Resource availability Raw chlorophyll dataset available from the Copernicus Marine Service: https://data.marine.copernicus.eu. MATLAB GUI

software and processed data available upon reasonable request from the corresponding author.

Background

Univariate probability distributions play a central role in diverse scientific fields, including wind analysis, extreme climate pre-
diction, environmental risk assessment, and health surveillance, by enabling clearer interpretation of complex univariate data [1-4]. In
marine studies, they are particularly valuable for modelling chlorophyll concentration, which serves as a proxy for plankton biomass
and ecosystem dynamics [5]. However, real-world environmental datasets often display heterogeneity, skewness, and multimodality,
making it difficult for any single theoretical distribution to accurately capture their characteristics [4].

This study evaluates the suitability of 17 continuous univariate distributions for modelling chlorophyll concentration data, an
indicator of plankton activity in marine systems [6,7]. The candidate distributions range from the Exponential and Gamma to the
Stable and t Location-Scale families, as listed in Table 1. Previous studies have frequently applied distributions such as Gamma,
Lognormal, Log-logistic, and Weibull in environmental contexts [4,8]. Goodness-of-fit (GoF) tests, including the Kolmogorov-Smirnov
(KS) and Anderson-Darling (AD) tests, are commonly employed to evaluate model adequacy [9-11]. However, these tests can produce
inconsistent results, particularly with small or skewed samples, introducing uncertainty into model selection [12].

Recent work has attempted to address these challenges, though important gaps remain. For instance, Pata et al. [13] employed
clustering techniques to delineate zooplankton bioregions based on species abundance but did not apply probability distribution
modelling to environmental indicators such as chlorophyll. Similarly, da Silva et al. [14] fitted mixture models of probability dis-
tributions to rainfall data in Pernambuco, Brazil. Although this study addressed heterogeneity through multiple candidate distributions
and the KS test, it did not incorporate information-theoretic scoring criteria such as the Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC), nor did it employ clustering to assess similarities among fitted models. Moreover, neither study
proposed a reproducible computational framework for environmental data modelling.

The present study addresses these methodological and practical gaps by introducing a multilevel framework that includes: (1) GoF-
based evaluation of 17 univariate distributions using KS and AD tests; (2) integration of AIC and BIC to enhance model robustness; (3)
application of k-means clustering to group distributions by statistical similarity; and (4) mixture modelling to account for distributional
heterogeneity. To support these tasks, a MATLAB-based graphical user interface (GUI) is developed, enabling parameter estimation,
GoF testing, model comparison, clustering, and visualization within a reproducible and user-friendly environment (Fig. 1). The
framework is applied to chlorophyll data to enable more consistent and flexible environmental modelling, with root mean square error
(RMSE) and Kullback-Leibler divergence (KL divergence) employed to quantitatively assess model fit quality.

In addition, this study contributes to Sustainable Development Goal (SDG) 14: Life Below Water, particularly Target 14.1, by
enhancing tools for monitoring marine ecosystem health. By improving statistical modeling of chlorophyll concentration, a key proxy
for plankton biomass and nutrient dynamics, the proposed framework aids in assessing eutrophication and pollution trends in marine

environments.
Chlorophyll Data Parameter Estimation Statistical Computation
Acquisition — using MLE —. (AD &KS)

Clustering of Statistical l

Values using K-Means Model Selection using
—, and Cluster Evaluation ¢ IC (AIC, BIC, AICc, CAIC,
with SH and DBI

RMSE and KL B GUI Designer Cluster Interpretation

Fig. 1. illustrates the structured workflow, beginning with chlorophyll data input and continuing through parameter estimation, Goodness-of-fit
(GoF) testing, model selection, clustering, mixture modeling, model fitting, and final interpretation using an integrated GUI-based system.

Mixed Distribution
Model
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Method details
Probability and probability distributions in environmental data

Chlorophyll concentration data in marine ecosystems frequently exhibit positive skewness, high variability, and long-tailed
behavior, which limit the applicability of discrete probability models such as the Poisson or Binomial distributions [5,15]. Contin-
uous probability distributions—such as Gamma, Lognormal, and Weibull—are generally more suitable because of their flexibility in
representing asymmetric patterns and heavy-tailed characteristics [16,17]. Similar considerations apply to other environmental
variables, including rainfall intensity, river discharge, and pollutant concentrations, which typically display non-negative values, high
skewness, and occasional extreme events.

Seventeen continuous probability distributions were selected based on their documented relevance in the environmental modeling
literature and their suitability for skewed, non-normal data. This set includes widely used models such as Gamma, Lognormal, Weibull,
Exponential, Gumbel, and the Stable distribution, among others (see Table 1 for the full list). Specific distributions were chosen for
their ability to represent particular data characteristics—for example, Gamma and Lognormal for highly skewed positive datasets;
Gumbel and the Generalized Extreme Value (GEV) distribution for modeling extremes; and the Normal or Student’s t distribution for
approximately symmetric data [16,17].

All models were fitted to the chlorophyll dataset using maximum likelihood estimation (MLE), implemented through custom
MATLAB scripts. Parameter estimation was conducted using MATLAB’s fitdist function [18], which generates initial parameter values
from the dataset’s descriptive statistics (e.g., mean, standard deviation, and skewness). These initial estimates were then optimized
iteratively to maximize the likelihood. To ensure numerical stability and physically meaningful results, lower bounds were imposed on
scale parameters to maintain positive values, while shape parameters were constrained within ranges informed by preliminary data
exploration (e.g., 0.1-10) and guidance from the literature.

For each fitted model, Goodness-of-fit (GoF) evaluation was performed using the Kolmogorov-Smirnov (KS) and Anderson-Darling
(AD) tests [9-11]. In addition, information-theoretic criteria such as the Akaike Information Criterion (AIC) and Bayesian Information
Criterion (BIC) were computed to support model comparison [19,20]. These metrics were used to assess fit quality and as input for
k-means clustering, which grouped structurally similar distributions (as elaborated in the clustering subsection). Among the models
tested, the Gamma and Lognormal distributions performed well in capturing chlorophyll variability, consistent with previous studies
linking these models to plankton dynamics and marine biogeochemical processes [20-22].

A MATLAB-based graphical user interface (GUI) was developed using App Designer to automate the entire modeling process,
providing a reproducible and user-friendly environment for fitting, ranking, and clustering models.

To select the most appropriate probability distribution model for chlorophyll data, this study applies multiple Information Criteria
(IC) to balance model fit and complexity. Specifically, we used the Akaike Information Criterion (AIC) [23], Bayesian Information
Criterion (BIC) [24], Corrected AIC (AICc) [25], Consistent AIC (CAIC) [26], and the Hannan—-Quinn Criterion (HQC) [27]. These
metrics support objective model comparison and form the basis for subsequent clustering analysis.

Clustering of probability distributions based on GoF statistics using K-Means

This study employed two Goodness-of-fit (GoF) tests—the Kolmogorov-Smirnov (KS) and Anderson-Darling (AD) tests—to
evaluate the statistical compatibility between observed chlorophyll data and theoretical distribution models [14]. The KS statistic
measures the maximum absolute deviation between the empirical and theoretical cumulative distribution functions:

Dcatcutated = supx|F(x) —H(X)‘ @

The AD statistic, which places greater emphasis on differences in the distribution tails, is given by:

1 & .
A2 =-n-— 0 Z (2i —1)[logF(x;)+1og(1 — F(xn11-1)] 2)
=1
Using both KS and AD values as clustering features provides complementary sensitivity: KS captures the largest absolute deviations
across the distribution, whereas AD is more sensitive to tail behavior.
Clustering was performed using the k-means algorithm, with Euclidean distance applied for computational efficiency:

m
dy = Z (25 — Cij)z 3)
j=1

To enhance clustering stability and avoid local minima, the k-means-++ initialization method was employed [18]. This approach
improves centroid selection and reduces the required iterations compared with standard random initialization. Each clustering run was
repeated with 9 replicates to balance stability with computational efficiency.

Clustering performance was evaluated for k values ranging from 2 to 10, reflecting a plausible range for grouping the tested
distributions while avoiding overfitting. For each k, the configuration with the highest Silhouette coefficient and lowest
Davies-Bouldin Index (DBI) was selected [28,29].

The average Silhouette coefficient is defined as:
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(€))

where a(i) is the average intra-cluster distance and b(i) is the distance to the nearest neighboring cluster. A higher Silhouette score
indicates stronger cohesion.
The DBI evaluates inter-cluster compactness and separation:

1 k
IDB = ¢ ZR,- (5)

where R; measures the average similarity between cluster i and its most similar cluster. Lower DBI values indicate superior clustering
performance.

The evaluation (Table 5) showed that k = 4 provided consistent optimal values for both metrics across all sample sizes and was
therefore selected as the final configuration.

Integrating GoF test statistics with k-means++ clustering enables grouping of probability models based on statistical behavior,
thereby enhancing both interpretability and reproducibility in model selection.

Mixture model

To improve clustering reliability when individual distributions yield similar Goodness-of-fit (GoF) values, this study applies a
mixture modeling approach. This method overcomes the limitations of selecting a single best-fitting distribution per cluster, which is
often inadequate for environmental datasets characterized by high variability.

Previous studies, such as da Silva et al. [14], have shown that no single distribution consistently captures rainfall characteristics
across different periods and locations in Pernambuco, Brazil. Building on this insight, we implemented a mixture model that combines
several continuous probability distributions into a single integrated framework:

e () = > i) ©

In this formulation, f;(x) is the probability density function (PDF) of the i-th distribution, w; represents its weight (subject to the
constraint ) w; = 1), and N is the number of selected distributions. The weights were normalized to ensure that the resulting mixture
remains a valid probability distribution, with each w; reflecting the relative contribution of its component.

In this study, the Kolmogorov-Smirnov (KS) statistic was chosen as the primary criterion for evaluating mixture models, owing to
its nonparametric nature and its ability to measure the maximum absolute difference between empirical and theoretical cumulative
distribution functions. This property makes KS particularly suitable for comparing complex distributional shapes—such as those
produced by mixtures—without assuming a specific underlying distributional form. Unlike information-theoretic measures (e.g., AIC,
BIC) that penalize model complexity, the KS statistic directly assesses fit quality across the entire data range, effectively detecting
discrepancies in both central and tail regions.

The mixture model was constructed using weights derived from KS-based GoF statistics, ensuring that the contribution of each
accepted distribution is proportionally adjusted according to its individual fit quality. Distributions that provide stronger statistical
support for the data exert greater influence on the final model, thereby improving representational accuracy and reducing the risk of
overfitting commonly associated with selecting a single best-fitting distribution. This approach simultaneously enhances flexibility in
capturing spatial and temporal patterns in the data, strengthens robustness, and enables more accurate characterization of environ-
mental variability, while supporting reliable statistical inference in distribution-based analyses.

Evaluation metrics for model comparison

To quantitatively compare the performance of the fitted single-distribution and mixture models, two statistical metrics were used:
the Root Mean Square Error (RMSE) and the Kullback-Leibler (KL) divergence. The RMSE measures the average magnitude of the
deviation between observed and estimated values [30] and is defined as:

1¢ ~
RMSE = \/;Z i =¥ )
i=1

where y; and y; denote the observed and estimated values, respectively, and n is the total number of observations.
The KL divergence measures the information loss between the observed probability distribution P and the model distribution Q:
P(i)

D (PIQ) = Y _P(i)log (W) )

where P(i) and Q(i) are the probabilities of the observed and model distributions at point i, respectively.
These metrics were used to assess the relative fit quality across different sample sizes and distribution models, offering
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complementary perspectives: RMSE emphasizes accuracy in value estimation, whereas KL divergence focuses on similarity in distri-
butional shape.

MATLAB app designer integration in the analytical workflow

This study employs the MATLAB App Designer to streamline and automate each stage of the analytical workflow. The graphical
user interface (GUI), developed as an application, enables integrated control of data handling, parameter estimation, statistical
evaluation, model selection, clustering, mixture modeling, and interpretation—within a single interactive platform [18]. The struc-
tured workflow consists of the following stages:

Chlorophyll data acquisition.

Parameter estimation using the Maximum Likelihood Estimation (MLE) method.

Goodness-of-fit (GoF) testing via Kolmogorov-Smirnov (KS) and Anderson-Darling (AD) statistics.

Model selection based on information criteria (AIC, BIC, AICc, CAIC, HQC).

Clustering of statistical values using the k-means algorithm, with cluster evaluation based on Silhouette coefficient and
Davies-Bouldin Index (DBI) scores.

e Application of mixture distribution models to accommodate heterogeneity in the data.

Evaluation of model fit quality using RMSE and KL divergence metrics.

Visualization and interpretation of final analytical outputs.

To enhance reproducibility and usability, the GUI incorporates predefined default parameters for each analytical stage, including:

Initial parameter values for distribution fitting (automatically generated from descriptive statistics).
Recommended bounds for scale and shape parameters to ensure physical validity (e.g., positive scale values, realistic shape ranges).
Optimal clustering settings such as iteration limits and k-value ranges.

Input fields are validated to ensure that entries remain within acceptable limits, thereby reducing computational errors. In addition,
the GUI allows users to modify initial estimates, adjust clustering parameters, and change the weighting scheme in the mixture model.
This flexibility enables both less experienced and advanced users to tailor the analysis without compromising reliability.

To further improve model reliability and minimize manual error, the GUI integrates clustering visualization through scatterplots of
KS and AD statistics, thereby identifying distributional clusters based on statistical similarity. Silhouette and DBI values are also
presented in tabular format to support clearer evaluation of cluster cohesion and separation.

Asillustrated in Fig. 1, the workflow begins with data acquisition and progresses through sequential steps: parameter estimation via
MLE, GoF evaluation, model selection using multiple information criteria, clustering with k-means++ (evaluated using the Silhouette
coefficient and Davies-Bouldin Index [DBI] scores), application of mixture models to account for heterogeneity, and final model fit
assessment using RMSE and KL divergence metrics. This process is executed within the MATLAB GUI, ensuring consistent, repro-
ducible, and automated application across different datasets while reducing manual errors.

Method validation
Research data

The chlorophyll dataset used in this study was obtained from the Copernicus Marine Service [31], focusing on a fixed point in the
Black Sea at coordinates 31.14015°E, 41.69411°N. Sampling was conducted at multiple depths and pressure levels to capture vertical
variability in chlorophyll distribution throughout the water column.

Prior to analysis, the data were filtered using a probability-domain approach to detect and remove outliers, thereby ensuring
statistical validity. The cleaned dataset was then evaluated against 17 candidate continuous probability distributions: Exponential,
Gamma, Lognormal, Logistic, Log-logistic, Normal, Rayleigh, Generalized Extreme Value (GEV), Weibull, Rician, Birnbaum-Saunders,
Extreme Value, Half Normal, Inverse Gaussian, Nakagami, Stable, and t Location—-Scale. Distributions whose domains did not cover the
observed range were excluded to avoid parameter estimation bias.

To assess the robustness of the model selection framework under varying data conditions, four sample sizes were tested: n =17,18,
29, and 56. These sizes were chosen based on observed environmental variability related to depth and pressure and align with standard
recommendations for statistical analysis in environmental modeling. According to Monte Carlo simulations reported by Yazici and
Yolacan [32], sample sizes in this range are sufficient to reduce inference error and ensure reliable distributional assessments.

A clustering-based validation strategy was also employed, in which distributions were grouped based on similarity in Goodness-of-
fit (GoF) test statistics, namely the Kolmogorov-Smirnov (KS) and Anderson-Darling (AD) tests. This approach reduces model selection
subjectivity and supports the identification of statistically consistent and interpretable clusters across different sample sizes. Validation
outcomes are detailed in the following subsections, including test statistics and clustering performance. To evaluate the generaliz-
ability of the developed GUI beyond chlorophyll data, the analysis was extended to include additional environmental variables such as
Colored Dissolved Organic Matter (CDOM) and seawater salinity, thereby validating the method’s applicability across diverse
oceanographic parameters.
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Test statistic values

The Goodness-of-Fit (GoF) test results presented in Table 2, along with the AIC-based evaluation in Table 3, demonstrate substantial
performance variation among 17 candidate probability distributions when applied to empirical chlorophyll datasets across four
different sample sizes (n = 17, 18, 29, and 56). The distributions evaluated include Exponential, Gamma, Log Normal, Logistic, Log
Logistic, Normal, Rayleigh, GEV, Weibull, Rician, Birnbaum-Saunders, Extreme Value, Half Normal, Inverse Gaussian, Nakagami,
Stable, and t Location Scale.

Most distributions exhibited consistent acceptance of the null hypothesis (Hp) under both the Kolmogorov—-Smirnov (KS) and
Anderson-Darling (AD) tests. A total of 14 distributions—namely Gamma, Log Normal, Logistic, Log Logistic, Normal, GEV, Weibull,
Rician, Birnbaum-Saunders, Extreme Value, Inverse Gaussian, Nakagami, Stable, and t Location Scale—were statistically accepted
across all sample sizes, indicating strong structural compatibility with the chlorophyll data. In contrast, the Exponential, Rayleigh, and
Half Normal distributions consistently failed the GoF tests due to extremely low p-values and high test statistics. These rejections were
further supported by performance assessments based on Information Criteria (IC) metrics.

As shown in Table 2, GoF conclusions were derived by comparing p-values and test statistics from both the KS and AD tests. These
values were calculated and visualized using the custom MATLAB GUI interface, as illustrated in Fig. 3, which provides tabular outputs
and statistical visualization for each sample size. This feature enhances clarity and transparency in the GoF evaluation process.

Further analysis was conducted using the information-theoretic criteria (IC) results presented in Table 3. Among the five IC metrics
applied (AIC, BIC, AICc, CAIC, HQC), AIC was identified as the most effective discriminative criterion. The same 14 Goodness-of-fit
(GoF)-accepted distributions also produced the lowest AIC values across all sample sizes, confirming their superior performance in
terms of fit quality and parameter efficiency. In contrast, the Exponential, Rayleigh, and Half Normal distributions not only failed the
GoF tests but also yielded the highest IC values, reinforcing their inadequacy as candidate models.

Overall, these findings highlight the limitations of single-distribution models in capturing the complexity and variability of
environmental datasets, while emphasizing the need for more adaptive approaches such as the mixture model, which is discussed
further in the section Results of the Mixed Distribution Model.

Clustering method and evaluation

This study implements a k-means clustering framework to assess similarity among 17 candidate probability distributions. As shown
in Table 4, the clustering process was conducted for each sample size (n = 17, 18, 29, and 56) using test statistics from the Goodness-of-
fit (GoF) tests—Kolmogorov-Smirnov (KS) and Anderson-Darling (AD). These values were used as clustering features to group dis-
tributions with comparable GoF performance.

The k-means algorithm was executed iteratively until a convergence threshold was reached, ensuring stable cluster assignments
across iterations. This procedure ensures that the final cluster structure accurately reflects statistical relationships among distributions
based on KS and AD results.

Once convergence was achieved, the clustering results were validated using two objective evaluation metrics: the Silhouette co-
efficient and the Davies-Bouldin Index (DBI). These metrics assess clustering quality in terms of compactness and separation, sup-
porting selection of the optimal number of clusters (k). As shown in Table 5, a configuration of four clusters consistently yielded the
highest Silhouette coefficient values (approaching 1.0000) and the lowest DBI values (as low as 0.0024) across all sample sizes,
confirming a robust clustering structure.

Table 4 presents the distribution-to-cluster assignments derived from these evaluations. A total of 14 distributions—Gamma,

Table 2
Results of KS and AD tests for various distributions.
Distribution Kolmogorov-Smirnov (KS) Anderson-Darling (AD)
n=17 n=18 n=29 n =56 n=17 n=18 n=29 n=>56

Exponential H,y H, H H; Hy H H H;
Gamma Hy Hy Hy Hy Hy Hy Hy H,
Log Normal Hyp Hy Hyp Hy Hy Hyp Hyp Hyp
Logistic Hyp Hyp Hyp Hy Hy Hyp Hyp Hy
Log Logistic Hy Hyp Hyp Hy Hy Hy Hy Hy
Normal Hy Hy Hyp Hy, Hy Hy Hy H,
Rayleigh H H H Hy Hy H, H H
GEV Ho Ho Hy Hy Ho Hy Hy H,
Weibull Hy Hy Hy Hy Hy Hy Hy Hy
Rician Hy Hyp Hy Hy Hy Hy Hy Hyp
Birnbaum Saundars Hyp Hyp Hyp Hy Hy Hyp Hyp Hy
Extreme Value Hy Hy Hy H, Hy Hy Hy Hy,
Half Normal H; H,; H; H H H H; H;
Inverse Gaussian Hy Hy Hy Hy Hy Hy Hy Hy
Nakagami H, H, Hy Hy, Hy, Hyp Hyp Hy
Stable Hy Hyp Hyp Hy Hy Hy Hy Hy
t Location Scale Hyp Hy Hyp Hy Hy Hy Hyp Hy
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Table 3
Results of AIC values across four sample sizes (n = 17,18,29,56) for various distributions. AIC was selected as the best-performing information
criterion among AIC, BIC, AICc, CAIC, and HQC.

Distribution AIC
n=17 n=18 n=29 n =56
Exponential —10.1842 —9.6936 —27.7631 —40.6920
Gamma —73.3305 —76.3531 —99.3453 —263.5631
Log Normal —73.4378 —76.2718 —99.5756 —264.3675
Logistic —70.9629 —74.6505 —95.7440 —259.3462
Log Logistic —71.4284 —74.6096 —96.6878 —261.1285
Normal —72.9520 —76.3289 —98.2471 —261.6158
Rayleigh —33.2669 —34.1321 —64.9200 —116.9839
GEV —72.6776 —75.4170 —97.8768 —266.9593
Weibull —71.7444 —75.9502 —96.9381 —251.0279
Rician —72.9848 —76.3583 —98.2986 —261.6339
Birnbaum Saundars —73.4895 —76.3189 —99.7033 —264.4006
Extreme Value —70.9928 —75.3483 —93.4036 —245.4716
Half Normal —17.3454 —17.3943 —40.6552 —68.9529
Inverse Gaussian —73.4901 —76.3185 —99.7052 —264.4035
Nakagami —73.1834 —76.3845 —98.9844 —262.6632
Stable —68.9825 —72.3577 —94.2647 —259.8689
t Location Scale —70.9826 —74.3578 —96.2647 —259.6249
Table 4
K-means evaluation with silhouette and DBI for various distributions.
Distribution Silhouette DBI
n=17,18,29,56 n=17,18,29,56

Exponential Cluster 1 Cluster 1

Gamma Cluster 4 Cluster 4

Log Normal Cluster 4 Cluster 4

Logistics Cluster 4 Cluster 4

Log Logistics Cluster 4 Cluster 4

Normal Cluster 4 Cluster 4

Rayleigh Cluster 3 Cluster 3

GEV Cluster 4 Cluster 4

Weibull Cluster 4 Cluster 4

Rician Cluster 4 Cluster 4

Birnbaum Saundars Cluster 4 Cluster 4

Extreme Value Cluster 4 Cluster 4

Half Normal Cluster 2 Cluster 2

Inverse Gaussian Cluster 4 Cluster 4

Nakagami Cluster 4 Cluster 4

Stable Cluster 4 Cluster 4

t Location Scale Cluster 4 Cluster 4

Table 5

Clustering evaluation based on silhouette and DBI.
Number of Silhouette DBI

1

Clusters n=17 n=18 n=29 n=56 n=17 n=18 n=29 n =56
2 0.9861 0.9889 0.9536 0.9902 0.1437 0.1236 0.2301 0.1214
3 0.9777 0.9802 0.9994 0.9727 0.1557 0.1459 0.0265 0.1676
4 0.9992 1.0000 0.9999 0.9994 0.0129 0.0024 0.0040 0.0106
5 0.9331 0.8581 0.8835 0.9616 0.0660 0.1419 0.1576 0.1241

Lognormal, Logistic, Log-logistic, Normal, Generalized Extreme Value (GEV), Weibull, Rician, Birnbaum-Saunders, Extreme Value,
Inverse Gaussian, Nakagami, Stable, and t Location-Scale—were consistently grouped into Cluster 4. These distributions exhibited low
and stable KS and AD values across all sample sizes (n = 17, 18, 29, and 56), indicating strong statistical compatibility with the
empirical chlorophyll data.

In contrast, the remaining three distributions—Exponential, Half Normal, and Rayleigh—were assigned to separate clusters
(Clusters 1, 2, and 3, respectively), reflecting fundamental differences in model fit and statistical behavior. These distributions
exhibited higher test statistics and low p-values in the GoF evaluation, in agreement with earlier findings shown in Table 2.

The resulting cluster configuration and quality indicators are also visualized via scatter plots of KS vs. AD values and summaries of
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Silhouette and DBI scores (see Fig. 4). These visualizations provide intuitive insight into the distribution landscape and reinforce the
objectivity of the clustering outcomes. This clustering approach enhances model generalizability and ensures consistent grouping
across varied sample conditions, thereby supporting more reliable model selection.

Results of the mixed distribution model

As a continuation of the previous statistical analysis, a mixture distribution model was implemented to provide a more flexible and
representative characterization of the chlorophyll dataset. This approach offers an alternative to single probability distributions, which
often struggle to capture the structural complexity and heterogeneity inherent in empirical environmental data.

Fig. 2 presents overlays of the empirical data histograms with probability density functions (PDFs) from 14 individual distributions
that passed the Goodness-of-Fit (GoF) evaluation using both Kolmogorov-Smirnov (KS) and Anderson-Darling (AD) tests. Of the 17
candidate distributions initially assessed, only 14 are visualized. The remaining three—Exponential, Rayleigh, and Half Normal—were
excluded due to consistently low p-values and high test statistics, leading to the rejection of the null hypothesis (Ho). The mixture
model developed in this study was constructed solely from the accepted distributions, as these distributions demonstrated statistical
compatibility with the observed chlorophyll data.

To construct the mixture model, the contribution of each accepted distribution was weighted based on its KS-based GoF perfor-
mance. This weighting scheme ensures that distributions offering a better statistical fit exert greater influence on the final mixture
distribution. Table 6 summarizes the assigned weights for each distribution across the four sample sizes evaluated (n =17, 18, 29, and
56). These weight values were derived directly from the GoF statistics and reflect the relative compatibility of each distribution with
the empirical chlorophyll data.

These weights reflect the proportional contribution of each accepted distribution in shaping the final mixture distribution for each
sample size. The resulting mixture curves, derived from the GoF-based weighting approach, are further illustrated in Fig. 2. This figure
presents a visual comparison between the fitted mixture model and the individual component distributions across the four chlorophyll
sample sizes, providing insights into how well the composite model captures the empirical data behavior.

As shown in Figs. 2 and 3, the mixture model curves (highlighted in red) closely align with the empirical data across all four sample
sizes (n = 17, 18, 29, and 56). Several individual distributions, such as Inverse Gaussian, Nakagami, and Log Normal, demonstrate
similar behavior to the mixture model—particularly near the data’s central tendency. However, noticeable deviations remain, espe-
cially in the tails and peaks, reinforcing the limitations of using single distributions when analyzing environmentally variable data.

Importantly, the mixture model was constructed using weights derived from the KS-based GoF statistics. This weighting approach
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Fig. 2. Mixture model and individual distribution plots for four chlorophyll sample sizes (n = 17,18,29, and 56).
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Table 6
KS-based weights of candidate distributions used in the mixture model.

Distribution Weight

n=17 n=18 n=29 n=>56

Gamma 0.0709 0.0703 0.0705 0.0723
Log Normal 0.0738 0.0747 0.0736 0.0735
Logistic 0.0773 0.0721 0.0747 0.0787
Log Logistic 0.0789 0.0727 0.0741 0.0774
Normal 0.0716 0.0740 0.0715 0.0742
Gev 0.0794 0.0727 0.0725 0.0794
Weibull 0.0649 0.0753 0.0753 0.0574
Rician 0.0692 0.0697 0.0695 0.0729
Birnbaum Saunders 0.0716 0.0703 0.0715 0.0723
Extreme Value 0.0619 0.0686 0.0663 0.0517
Invers Gaussian 0.0716 0.0703 0.0715 0.0723
Nakagami 0.0702 0.0697 0.0700 0.0723
Stable 0.0695 0.0697 0.0695 0.0723
T location Scale 0.0692 0.0697 0.0695 0.0729

@ MATLAB App - 0 X @wweae - 8 x
Osttuion g OsttonFang
Data NulUAIL(KS) | p-Value (KS)  Kolmog-Smim.  Crit.Val. (KS) | NulVAlt (AD) | p-Value (AD) EAHG'D-“HV Ciit V. (AD) (Cluster Data. NulUAIL(KS)  pValue (KS)  Kolmog.-Smim.  Crit. Val. (KS)  NulVAIt(AD) | p-Value (AD) And.-Darling | Crit. Val. (AD) Cluster
1 02248 | Exponential 1000 0000 0588 0318 1.000 0001 6409 2504 Exponential L 1 02256 | Exponential 1000 0000 0572 0309 1000 0.000 6134 2500 Exponential 34
2 0233 |camma oo a0 oz o318 000 e o 2808 ‘Gamme ' 2 02278 [Gamma o s o2 o oo i o3 2503 ‘canma [
3 omw| Lgoma a0 oa  ome T Logtamal 1 s s ghome com om0 wn ow s o am Cophomai i
4 025 Logistc 0000 o518 ods8 oste 0000 o3z [osst 2504 Logiste 1 . 02002 | Logistic oo 03 o7 08 000 ) 0% 250 Logistic 1
5 02008 |Loglogistc 0.0 047 0185 ot 0000 o4t Jos0r 2500 LogiLogistc 1 5 02951 |Logogiste 0000 ot o116 038 0000 082 038 2500 Log-Logistc 1
s 02270 Normal |0.000 0420 0204 o318 0.000 0.386 [oas 2504 Normal 4 6 02462 Normel 0000 0953 0114 0309 0000 0923 0318 2503 Normal 1
i 02336 | Rayleigh 1.000 0.000 0531 0318 1000 0002 5.166 2504 Rayleigh . i 02628 | Raylsigh 1000 0000 0510 0309 1.000 0002 5380 2503 Rayleigh 4
o | oz omv o oms s jomo  jomo jome 2 a T | s e wn o Jums wn o s ow e v i
o | o w0 o oms o owe  aaw  [ws  asw e . D T I T oo fom fam oo ez
0 | oz |Remn ww o Jum T A O sthowe |4 S W oz men wn o um o owe ew  osw o sivovs [ 4 [E
I - TR I e B S TR I B o)
12 0279 12 02020 L ==
w | ] Setlstr | | Bestloc: AC w | o E st lustr | [oestos: G
" 02847 - - 14 0.3066,
N swpe  sae  Jlcon  on NoslCr. AC) |Woce G () ComAC  Coms.ACe | H-um it e swpe s Jocan  [son NoslCrL AC) WadoCr (B) ComAC  Com.ACe | H-aum it
] W oz v o - ponetal g asn asms ame oow o DR O v o - Bponantal o awm amw ame  asm
o o oo [ o | canma . ) i o o v | canma Toas Hem e mww e
Coghormat N oo s v | | [CopNomat Jan]  ao mew e mam o oot N on s Vv || Logomat Jeams  aen  dses s dee
Lot W oo e | Logee Tows|  wmes o emss Logstc ) N Logstc )
LogLogite W o awn o || LogLogite T w0 wsn mww|  aiam Logtogitc W oo aam Wan | LogLogste s mmw s nms s
o NN oo oz o ot L ) Norma N oo W | omat Toam wsw mssm masi e
R W o [ | Rayiign wze|  wew  mon  anm a o C) [ | Foyigh I )
o s wom| oz | orv 726718 o s mae o e o om | [omv Tsam| e mnm ] asewr
> aoult 0.2688 112095 Na NaN | | Welbull 17444 700780 708673 06111 5788 > weibun LB 18291 NaN NaN | |Weibull 759502 741695 751502 748863 57047
s | [rcn N omm amw o - e T mwe awn s e putdss | [fcn N oomaam o -| R Tosms s aswe amw e

(a) For sample size n =17 (b) For sample sizen =18

4 MATLAB App - 8 X @ MATLAB App. - 8 X
st g cemnri
o A1) e ) oS G5 NAALD) pie 101 A = o ALY (5 Fons-Snn G751 WAAR D) ) - 0 v
T R T R R T RS o e we om  em  om m uw me aw - G
t o eem o e am ew w e aw | oem IR e el e B B S - T
s g e s aw ow e ws em | oo T lwems om  ow  em em um em wm e | pom
) g e s lew s e e em ma | e D e o w em om e e e | e
S o e o e am om  m om e e e TR o e e e T P (e T e
O I R R —— O T B S . N ™ I
T ok e o wm s e e sw  mo | wen E e S - S O B 7B )
T T T R T TR O e T A N R
0 o Riean 000 oszr o121 o bon0 o0 (3 2803 Sihouste == = o Ren 0000 032 o1z o oo o 1110 201 Sihauste gE
R R e . B = B T 1T N/ S DR
12 021, L] ) al Ll - b
R s et Ac R Ere— | Bt
R
s e Shape Scale Location Beta Model Cr. (AIC) | Model Crit. (BIC)  Corr. AIC Cons. AICe | H-Quinn Crit £l = ‘Shape. Scale Loeation Beta Model Crit (AIC) | Model Crit (BIC) | Corr. AIC Cons.Alce  H-Quinn Crit.
o oar | | Eponental NN 0.2658 NN NaN - Exponential 9693 83033 4436 93536 45700 2 0% exponental Na 02513 NaN NaN - | Exponential 406920 38,6667 406180 405457 399068
T oz Samma 1041544 0.0026 NN NaN - Gamma 783531 74512 155531 752692 76075 el L r 1215088 00020 Na NaN | |Gamma 263,563 2595124, 263.3367 263150 2619827
Mo T am | |owomal NeN| 01011 13296 NaN | Log-Normal 78218 4491 154718 754878 760263 £ 02 L ogNormal Nal 0.0888 43851 NaN | | Log-Nomal 264.3675. 2603166 2641411 2638203 2627971
» o |Logste NeN 00158, 02659 NeN | Logistic 746505 128698 73,8505 785667 44050 & 0% Logistc Nal LLE 02487 NaN | Logistic 250.3462 2552955 2591198 2588989 2511157
5 oo | |“owogistc Nel. 00509, 13219 NeN - Log-Logistic. 74609 128289 73,6096 735257 743681 = 02 LogLogistic Nal 00521 1.38% NaN | Log-Logistic 2611285 2570778, 2602021 -260.8613 -250.5581
B oo | Nomal NeN. 00267 0.2658 NeN " Normal 763289 745482 75,5288 752451 76,0834 7 O omal Nal 00228 02513 NaN " Normal 2616158 2575651 261,384 2611686 -260.0454
5 o | Ravesh Nt 01689 [ NeN | Royiigh ka2t as2e17 e aze 340093 » 0% | e Nat o17es Nt Mol | Rapiign sems Sneosss| esoes  amesws  ieiem
| oV 04829 00219 02503 NeN | GEV 54170 ) 73708 734047 Ta047 B | 0| fopy oarss. oot 02400 NN | GEV 269503 260883 sedoTs 2680418 264805
. ‘Weibull 0277, 15201 NN NaN | Weibull 759502 741695 75,1502 748683 57041 L Welbull 0.2620 10.9405 Nal NaN | Welbull 2510219, 2469772, 2508015 250.5607 2494575
aons | i T - s e wmelasen| - wavws | i [ — — o amn s oz -

(c) For sample size n = 29 (d) For sample size n = 56

Fig. 3. (a—d) MATLAB GUI Designer interface displaying the evaluation of distribution fits based on goodness-of-fit statistics, parameter estimation,
and information criteria, along with clustering results and best model selection across different sample sizes (n = 17, 18, 29, and 56).

proportionally adjusts the contribution of each accepted distribution to the final mixture model based on their individual GoF per-
formance. By doing so, distributions that provide a better statistical fit to the data have a greater influence on the resulting model. This
enhances the accuracy of the distributional representation and mitigates the risk of overfitting commonly associated with selecting a
single best-fitting distribution.

Notably, this approach aligns conceptually with the work of da Silva et al. [14], who applied mixture distribution models to
monthly rainfall data in Pernambuco, Brazil. While both studies emphasize the importance of addressing heterogeneity through
composite distributions, the present work expands this framework by integrating visual overlay validation, GoF test statistics (KS and
AD), and comparative mixture modeling across multiple sample sizes. Moreover, the use of chlorophyll as an environmental indicator
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introduces a marine-focused dimension that differs from rainfall-based hydrological modeling. Consequently, these findings reinforce
the research direction toward adopting mixture-based approaches as a more robust alternative to classical single-distribution methods
in environmental data modeling.

Although the mixture model is designed to offer a more flexible representation of heterogeneous data, the evaluation results
revealed that some single distributions—particularly those ranked highest based on information criteria such as AIC or BIC (e.g., top
1-2)—yielded lower Root Mean Square Error (RMSE) and Kullback-Leibler (KL) Divergence values than the mixture model. This
outcome is expected, as those single models demonstrate strong compatibility with the observed data under specific conditions. In
contrast, for lower-ranked single distributions (e.g., ranked 3 or lower), the mixture model consistently produced lower RMSE and KL
Divergence values, indicating superior generalization and flexibility across variable data structures.

Furthermore, it was also observed that RMSE and KL Divergence values occasionally diverged in direction, where one metric
favored the single model and the other favored the mixture model. This behavior is considered normal, given that RMSE measures
pointwise deviations between observed and estimated values, while KL Divergence assesses distributional dissimilarity on a proba-
bilistic scale.

This pattern is illustrated in Fig. 2, which overlays the component distributions within the mixture model along with the empirical
data. A specific example highlighting the comparative RMSE and KL Divergence outcomes between the mixture and a selected single
distribution is shown in Fig. 6.

Role of the MATLAB GUI designer

This study utilizes a custom-designed MATLAB GUI to streamline and integrate model evaluation and clustering for empirical
environmental data characterized by distributional heterogeneity. As outlined in the structured workflow (Fig. 1), the GUI supports all
core analytical stages—chlorophyll data acquisition, parameter estimation via Maximum Likelihood Estimation (MLE), Goodness-of-
Fit (GoF) testing (Kolmogorov-Smirnov and Anderson-Darling), model selection using Information Criteria (AIC, BIC, AICc, CAIC,
HQCQC), clustering using k-means, and mixture model implementation.

All functionalities are embedded into an interactive GUI created with MATLAB App Designer, as illustrated in Figs. 3, 4, and 5. The
GUI consists of two principal components. The left panel provides interactive access to statistical outputs (e.g., p-values, test statistics,
IC values), cluster assignments, and metrics such as Silhouette and Davies-Bouldin Index (DBI). Meanwhile, the right panel visualizes
clustering results using scatter plots of KS vs. AD values. This enables clear empirical comparisons across different sample sizes (n =

17, 18, 29, and 56), facilitating more consistent and transparent evaluations of distributional similarity (Fig. 4).
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Fig. 5. (a—-d) Mixture and component distribution visualizations with KS-based weights across sample sizes (n = 17, 18, 29, and 56), generated via
MATLAB GUI Designer to reflect each distribution’s contribution to overall density.

Compared to prior implementations, the GUI offers significant advantages in analytical depth and usability. For instance, past
studies such as [13] employed clustering for bioregional definition but lacked visual tools for model validation. Similarly, da Silva et al.
[14] applied mixture models to rainfall data using the KS test alone without clustering support. In contrast, the present GUI fully
integrates GoF testing (KS and AD), K-Means clustering, IC evaluation, and visual diagnostics. This integration enables simultaneous
statistical evaluation and graphical interpretation, increasing transparency and reproducibility in model-based decisions.

Fig. 5 focuses on the final module of the GUI, which presents an overlay of Probability Density Functions (PDFs) from individual
distributions and their composite mixture model plotted against empirical histograms. The overlay highlights comparative model
accuracy and emphasizes the superior alignment of mixture models, particularly in central and tail regions. This capability is especially
useful for environmental datasets, such as chlorophyll concentration, where single distributions often fail to capture spatial and
temporal variability. Furthermore, the mixture weights used in these overlays were derived from the GoF statistics (KS-based),
reinforcing the statistical foundation of the approach.

Taken together, this GUI-assisted framework supports a robust, visually guided, and data-driven methodology for environmental
modeling, facilitating reproducibility and enhancing insight into distributional dynamics.

Demonstration of GUI on additional environmental datasets

To demonstrate the broader applicability and robustness of the proposed methodology across diverse marine environmental
contexts, the analysis was extended beyond chlorophyll concentration to include additional environmental datasets . One such dataset
comprises measurements of Colored Dissolved Organic Matter (CDOM) in seawater, expressed in equivalent mass fractions of quinine
sulfate dihydrate (unit: 1e-9). This dataset was obtained from the EU Copernicus Marine Service (Product ID: INSITU GLO. -
PHYBGCWAV _DISCRETE_MYNRT 013_030; Dataset ID: cmems_obs-ins_glo_phybgcwav_mynrt na_irr), and includes in situ observational
variables such as geographic coordinates, time, depth, pressure, and recorded CDOM values. In total, 29 observations (n = 29) were
selected for analysis in this study [31].

The inclusion of this dataset highlights the methodological flexibility of the proposed framework and demonstrates its capability to
handle heterogeneous environmental data characterized by varying statistical distributions and structures. This cross-application
further validates the generalizability of the developed GUI and supports its use in broader marine data analysis scenarios.

The application of the GUI-based methodology to the CDOM dataset further reinforces the validity of the proposed approach in
terms of both robustness and adaptability to varying environmental data. As illustrated in Fig. 7, the distribution evaluation module
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Fig. 6. (a-d) Comparison of Mixture Model and Single Logistic Distribution Fitting across Different Sample Sizes (n = 17, 18, 29, and 56), Based on
RMSE and KL Divergence Metrics, as Visualized Using the MATLAB GUI Designer.

consistently identified the same 14 candidate distributions that had previously passed the Goodness-of-Fit (GoF) tests for the chlo-
rophyll dataset, while the remaining three distributions—Exponential, Rayleigh, and Half-Normal—were again rejected due to
consistently low p-values. This cross-dataset consistency highlights the general reliability of these 14 distributions when applied to
univariate environmental data, particularly within the context of distributional behavior analysis.

Furthermore, the weighting scheme used in constructing the mixture model (Fig. 7c) demonstrates the methodological flexibility of
the developed GUI. The weights were derived based on the statistical performance of each distribution according to the KS test,
allowing those with better fit to contribute more substantially to the overall mixture. The evaluation results reveal that the mixture
model derived from the CDOM dataset delivered statistical performance that was comparable to, or better than, the best-fitting single
distribution (Fig. 7d), consistent with previous findings from the chlorophyll dataset. This mixture-based approach consistently
produced a smoother and more representative distribution curve, particularly in capturing subtle characteristics of the empirical data.

The lower KL divergence and RMSE values further confirm that the mixture model offers a more comprehensive and accurate
characterization of the data compared to a single distribution approach. These findings indicate that the proposed methodology is not
only valid for a single dataset but can also be effectively transferred to other marine environmental parameters without compromising
statistical rigor.

Ecological and statistical implications

Methodologically, the development of the MATLAB-based Graphical User Interface (GUI) in this study enhances conventional
approaches by providing a transparent, practical, and reproducible analytical platform. Unlike previous studies [13] and [14], which
did not incorporate clustering techniques or visual diagnostics, the proposed framework offers a more comprehensive means of
exploring and validating distribution models. The GUI integrates scatter plot visualisation, statistical summaries, and clustering results
to improve model interpretability, particularly in cross-disciplinary applications where users may have varying levels of technical
expertise.

Numerous MATLAB-based GUI frameworks have been developed across scientific fields to support domain-specific analysis and
data visualisation. For example, [33] introduced a GUI for generating hydrogeochemical diagrams, thereby improving efficiency in
geochemical interpretation. In rock mechanics, RSFit3000 [34] enables the estimation of rate-state frictional parameters from
experimental data. The MBA-GUI developed by [35] supports chemometric analysis through multi-block data visualisation, regression,
classification, and preprocessing tools. In bioacoustics, DetEdit [36] provides a robust platform for annotating and editing long-term
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metrics (RMSE and KL divergence) for the CDOM dataset.

acoustic monitoring data. Similarly, CFLab [37] offers a GUI-based tool for analysing sediment grain-size distributions using Weibull
functions, thereby advancing sedimentological studies.

Collectively, these tools highlight the adaptability and value of MATLAB-based GUI environments in delivering interactive and
domain-specific analytical workflows. They also provide relevant benchmarks for the integrated statistical GUI framework introduced
in this study.

Methodological limitations and adaptation conditions

Although the proposed workflow demonstrated strong performance on the tested dataset, several methodological limitations
should be considered when applying it to other contexts. The approach assumes that the input dataset is sufficiently large and
representative to enable reliable parameter estimation and model comparison. When sample sizes are small, data are strongly skewed,
or distribution tails are underrepresented, the statistical power of Goodness-of-fit (GoF) tests and the stability of parameter estimation
may be reduced.

The method also relies on the assumption of independence among observations, which may be violated in datasets exhibiting strong
temporal or spatial autocorrelation. In such cases, adjustments such as block bootstrapping, pre-whitening, or alternative GoF mea-
sures may be required to maintain validity. For mixture models, the Kolmogorov-Smirnov (KS)-based weighting scheme may require
recalibration when data characteristics differ substantially from those examined in this study—for example, in multimodal distribu-
tions or when extreme outliers dominate the tails.

To adapt this workflow to a variety of environmental datasets, users should evaluate model assumptions early in the analysis and
adjust parameter bounds, clustering ranges, and weighting criteria as necessary. Incorporating additional model selection approaches,
such as cross-validation or Bayesian methods, may further improve reliability under complex data conditions. These adaptations
ensure that the workflow remains applicable across diverse datasets while maintaining interpretability and reproducibility.

Conclusions

This study introduces a MATLAB-based graphical user interface (GUI) framework that integrates parameter estimation, goodness-
of-fit (GoF) testing, information criteria, K-means clustering, and mixture modeling to enable rigorous and reproducible univariate
distribution analysis for environmental data. When applied to chlorophyll concentration datasets across multiple sample sizes (n =17,
18, 29, 56), the framework demonstrated strong capability in addressing data heterogeneity and improving model selection accuracy.

14



F. Reba et al. MethodsX 15 (2025) 103586

Fourteen distributions consistently satisfied GoF criteria, while Exponential, Rayleigh, and Half-Normal were rejected due to poor fit.
Clustering results were robust, as indicated by high Silhouette scores and low Davies-Bouldin Index (DBI) values, with an optimal
cluster number (k= 4) consistently identified. Mixture models weighted by Kolmogorov-Smirnov (KS) scores also outperformed or
matched the best-fitting single distributions in terms of RMSE and Kullback-Leibler (KL) divergence, particularly for capturing
multimodal behavior and complex distributional features in chlorophyll data.

The generalizability of the framework was further validated using additional datasets, including colored dissolved organic matter
(CDOM) and seawater salinity from the EU Copernicus Marine Service. Across these datasets, 14 distributions were consistently
retained, reaffirming the reliability of the model selection approach. The GUI’s modular design ensures transparency, reproducibility,
and ease of use for researchers in both environmental and marine sciences. Its integrated visual outputs, clustering analytics, and
support for multiple sample sizes make it an adaptable tool for analyzing a wide range of univariate environmental datasets. The
flexibility of the platform also allows potential future extensions to spatial modeling, time-series analysis, and other oceanographic
parameters.

In addition to its methodological contributions, this study supports the realization of Sustainable Development Goal (SDG) 14: Life
Below Water, particularly Target 14.1, which aims to reduce marine pollution and eutrophication. By improving statistical modeling of
key marine indicators—such as chlorophyll and CDOM—the framework contributes to more accurate monitoring of ocean health and
data-driven marine conservation efforts. This positions the proposed GUI not only as a robust analytical tool but also as a practical
support mechanism for sustainability-focused research and policy implementation in marine environments.

Limitations

The method may be less effective for environmental datasets that do not exhibit heterogeneity or multimodal behavior. It assumes
the availability of continuous variables with sufficient sample sizes. Application to discrete or sparse datasets may limit performance.
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