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Abstract

Galaxy morphology combines measurable structural properties with subjective visual
interpretation, limiting strictly hard-label classifications. This study proposes a framework
designed to compare physically derived and human-based galaxy classifications while
explicitly accounting for uncertainty and interpretability. Using photometric and struc-
tural features from the Sloan Digital Sky Survey (SDSS), physical groupings are obtained
through Fuzzy C-Means clustering, enabling gradual transitions via soft memberships.
Human clusters are constructed from Galaxy Zoo 2 debiased vote fractions, capturing
aggregated perceptual judgments. Supervised models are trained to predict both physical
and human cluster assignments from the same set of physical variables, providing a quanti-
tative assessment of structural coherence and perceptual-physical alignment. SHAP-based
explainability identifies the relative influence of color and concentration parameters in each
scheme. Results show that physical clustering is driven by structural concentration and
bulge dominance, while human classification exhibits smoother decision boundaries and
greater sensitivity to photometric appearance. Discrepancies concentrate in transitional
and orientation-sensitive systems. An interactive visualization layer supports traceable
qualitative inspection. The framework provides a reproducible methodology for analyzing
classification consistency, uncertainty, and human-model alignment.

Keywords: Fuzzy C-Means; explainable artificial intelligence; galaxy morphology;
photometric features; human perceptual classification; SDSS

MSC: 62H30; 85A35

1. Introduction

Galaxy morphology has long been studied from two complementary perspectives:
quantitative structural measurements derived from large observational surveys and visual
classifications provided through human inspection. Surveys such as the Sloan Digital Sky
Survey (SDSS) offer detailed photometric and structural descriptors while citizen science
initiatives such as Galaxy Zoo demonstrate that collective human perception can capture
morphological subtleties not always reflected in global physical parameters [1,2]. These
two approaches, however, are not equivalent. Physical measurements are often interpreted
through discrete partitions imposed on intrinsically continuous structures, whereas human
classifications are inherently probabilistic and subject to perceptual uncertainty.
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Recent developments in artificial intelligence have emphasized the importance of
explicitly modeling uncertainty and interpretability, particularly in classification prob-
lems where boundaries are gradual rather than sharply defined [3]. In this context, fuzzy
clustering provides a natural mechanism to represent transitional regimes through soft
memberships, while explainable Al techniques enable transparent analysis of the contribu-
tion of individual features. In the present study, uncertainty is understood primarily in two
senses: as membership uncertainty in fuzzy clustering, where objects may belong partially
to multiple regimes, and as perceptual uncertainty in human voting, where Galaxy Zoo
classifications are represented by probabilistic vote fractions rather than fixed labels.

Despite the availability of both physical and perceptual classifications, systematic
comparisons between these representations remain limited [4,5]. It is still unclear to what
extent structural photometric properties align with, approximate, or diverge from collective
human morphological judgments, and how such differences should be interpreted.

In this work, we propose an interpretable framework to analyze the relationship be-
tween physical measurements and human perception in galaxy morphology. By combining
fuzzy clustering with supervised modeling and SHAP-based feature attribution, we quan-
tify both the degree of agreement between structural and perceptual classifications and
the variables that drive their correspondence or divergence. An interactive visualization
component linking clustering outcomes to SDSS imagery supports object-level inspection
and facilitates human interpretation of ambiguous and transitional cases.

The objective of this study is not to define a definitive morphological taxonomy, but
rather to provide a methodological framework for examining consistency, uncertainty, and
transitional regimes between physically derived and human-based classification systems.

The remainder of this paper is organized as follows. Section 2 reviews related work on
physical and perceptual classification in astronomy and recent advances in fuzzy clustering
and explainable Al Section 3 describes the proposed methodology. Section 4 presents the
results and visual validation. Section 5 discusses the findings and outlines future directions.
Section 6 concludes the study.

2. Related Work
2.1. Parallel Evolution of Three Methodological Traditions

Over the past decade, three research directions have progressed largely in paral-
lel: fuzzy clustering methodologies, explainable artificial intelligence (XAI), and inves-
tigations into discrepancies between human perceptual classification and measurable
physical properties.

Fuzzy clustering methods, particularly Fuzzy C-Means (FCM) [6], were originally con-
ceived to model gradual transitions and overlapping class memberships. Unlike hard clus-
tering approaches, FCM assigns degrees of membership, making it conceptually suitable
for systems characterized by continuity, ambiguity, or intrinsic uncertainty, properties com-
monly observed in complex physical domains where boundaries are not sharply defined.

In parallel, the widespread adoption of deep learning models raised increasing con-
cerns regarding interpretability, leading to the emergence of explainable artificial intelli-
gence as a structured response to the opacity of high-capacity predictive systems [7]. While
interpretability has become central in many domains, its integration with uncertainty-aware
methodologies remains relatively limited. A Web of Science topic search combining fuzzy
clustering with interpretability-related terms reveals a modest but noticeable increase in
publications after 2020 (68 records, 376 citations), suggesting a growing but still emerging
convergence between these areas (Figure 1).
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Figure 1. Publications (68) and Citations (376). TS = ((“explainable artificial intelligence” OR “XAI”
OR “interpretability”) AND (“Fuzzy Clustering” OR “Fuzzy C-Means”)).

A third line of research has examined the relationship between human classifica-
tion and quantitative physical measurements. A search combining human perception or
classification with physical properties retrieves a comparatively small body of literature
(18 publications, 301 citations; Figure 2). These studies consistently report divergences be-
tween perceptual judgments and measurable descriptors; however, they rarely incorporate
structured uncertainty modeling or interpretable machine learning as analytical tools.
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Figure 2. Publications (18) and Citations (301). TS = ((“human classification” OR “human perception”)
AND (“physical properties” OR “physical parameters”)).

Although conceptually complementary, these three traditions have largely evolved
independently, with limited efforts toward systematic methodological integration.
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2.2. Machine Learning in Astronomy: Performance over Interpretability

In astronomy and cosmology, machine learning has experienced substantial expansion
over the last decade. Convolutional neural networks, in particular, have been widely
adopted for galaxy morphology classification, frequently leveraging large citizen science
datasets such as Galaxy Zoo [1,2,8].

Beyond morphology, deep learning has been applied to photometric redshift esti-
mation, anomaly detection in wide-field surveys, cosmological parameter inference from
large-scale structure simulations, and reconstruction and analysis of Cosmic Microwave
Background (CMB) maps [9-11]. These approaches demonstrate strong predictive capabili-
ties and scalability across massive datasets.

Nevertheless, most implementations rely on highly complex architectures whose inter-
nal representations are difficult to interpret. When explainability techniques are introduced,
they are typically applied post hoc to supervised models rather than incorporated into
inherently interpretable or uncertainty-aware analytical frameworks.

In contrast, fuzzy methodologies remain sparsely represented in astronomical research.
Restricting bibliometric searches to fuzzy clustering within astronomical contexts retrieves
only four publications (84 citations; Figure 3), distributed over time without evidence of
sustained growth [12-16]. This limited adoption is noteworthy, given that astronomical sys-
tems frequently exhibit gradual morphological transitions, overlapping structural classes,
and significant observational uncertainties, conditions under which fuzzy approaches are
theoretically well suited.
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Figure 3. Publications (4) and Citations (84). TS = ((“Fuzzy C-Means” OR “fuzzy clustering”) AND
(“astronomy” OR “astrophysics” OR “cosmology” OR “galaxy classification”)).

Recent interest in XAI within astronomy shows clearer growth, with 31 publications
and 345 citations identified through topic searches (Figure 4). However, these contributions
predominantly focus on interpreting outputs from supervised deep learning models, and
their integration with uncertainty-aware methodologies remains largely unexplored.
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Figure 4. Publications (31) and Citations (345). TS = ((“explainable artificial intelligence”
OR “XAI” OR “interpretability”) AND (“astronomy” OR “astrophysics” OR “cosmology” OR
“galaxy classification”)).

2.3. Toward an Integrated Uncertainty—Interpretability Framework

When fuzzy clustering, explainable Al, and astronomical applications are combined
within a single bibliometric query, only two records are retrieved, highlighting the lim-
ited development of this intersection. In ref. [13], fuzzy clustering and explainable Al
are integrated in an astronomical context, but the study does not explicitly address the
relationship between physically derived galaxy groupings and aggregated human percep-
tual classifications within a unified analytical framework. The work therefore reflects an
initial step toward methodological convergence, rather than a structured and generalizable
framework for combining fuzzy uncertainty modeling with explainable machine learning
in astrophysical contexts.

Similarly, incorporating machine learning into studies of perceptual-physical dis-
crepancies yields only three publications [17-19], none of which address astronomical
morphology or combine fuzzy logic with XAI methodologies. These studies are mainly
situated in other applied domains and focus on perception-aware modeling or soft metrol-
ogy, rather than on uncertainty-aware comparisons between human visual judgments and
physically measurable structure in galaxy classification.

Taken together, these findings point to a clear methodological gap. Although fuzzy
clustering, explainable Al, deep learning in astronomy, and perceptual-physical com-
parison studies have each advanced in parallel, there is still no unified framework that
reconciles human morphological classifications with physically derived parameters through
an interpretable, uncertainty-aware analytical structure. More specifically, previous stud-
ies have tended to address only part of the problem: some incorporate uncertainty but
not interpretability, others include interpretability but not explicit fuzzy modeling, and
others examine the relationship between perception and physical properties without pro-
viding a joint framework for systematically analyzing agreement, disagreement, and
transitional cases.

This gap is particularly relevant in astronomical morphology, where classifications
often depend on human perception, frequently through citizen-science labeling, while
physical parameters such as redshift, stellar mass, color indices, and structural descriptors
provide complementary quantitative information. Understanding how these representa-
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tions align, diverge, and transition across ambiguous regimes requires a framework that
jointly addresses uncertainty, interpretability, and the relationship between perceptual and
physical classifications.

Addressing this need motivates integrative methodologies such as the Fuzzy-Adaptive
System for Explainable Al (FAS-XAI) framework [20], which enables systematic analysis
of agreement, discrepancy, and transitional structures between perceptual and physically
derived classifications.

3. Materials and Methods

This section describes the methodological design adopted to comparatively analyze
physically derived galaxy properties and human morphological classifications. The ob-
jective is to establish a structured analytical procedure that integrates fuzzy clustering,
supervised modeling, and explainable artificial intelligence techniques to examine the
relationship between structural measurements and perceptual labeling.

Rather than treating physical and human classifications independently, the proposed
approach analyzes both domains within a unified uncertainty-aware framework. Physi-
cal parameters derived from spectroscopic and photometric measurements are evaluated
alongside aggregated citizen science morphological annotations. By modeling each repre-
sentation separately and subsequently comparing their structures, the methodology enables
systematic assessment of convergence, divergence, and transitional regimes between per-
ceptual and physically grounded descriptions.

The workflow is organized into a sequence of interconnected phases, each addressing
a specific analytical objective, from data harmonization to interpretability assessment and
visual validation. Figure 5 summarizes the overall methodological architecture.

Data Modelmg and Preparation
* Ac qummun Integration, and Feature Selection
. + Distributio nufPhyql '-tl'indHum an Variables

Fuzzy Clustering

. Phyel zal and Human Cluster Evaluation and Interpretation

. Supervised Predictive Model

* Evaluation of Cluster SF'pf-u ability and Predictive Consistency

Explalna ble Analytics

* SHAP-Based IntPrprPt'ablllty Techniques
V|suatand Interactive Validation

* Projection of Cluster Structures onto Celestial Coordinates

Figure 5. Methodological framework.

The methodological process unfolds as follows:

e Data Modeling and Preparation. Physical measurements obtained from SDSS are
combined with human morphological annotations from Galaxy Zoo 2 using unique
object identifiers to ensure one-to-one correspondence. Representative variables from
both domains are selected based on relevance and completeness. All features are
normalized to ensure scale comparability, and extreme outliers are removed to re-
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duce distortion in subsequent analyses. This stage establishes a consistent basis for
comparative modeling.

o  Exploratory Data Analysis (EDA). Prior to clustering, both physical and percep-
tual variables are examined through descriptive statistics and distributional analysis.
Histogram-based inspection and dispersion measures are used to identify skewness,
multimodality, and structural heterogeneity. This step informs clustering parameter
selection and provides contextual understanding of variable behavior.

e  Fuzzy Clustering. Fuzzy C-Means (FCM) clustering is applied separately to the physi-
cal feature space and the human annotation space. By assigning graded membership
values rather than hard labels, FCM captures transitional regimes between morpho-
logical categories. Cluster centroids and membership distributions are analyzed to
characterize dominant patterns. A correspondence analysis is then performed to
evaluate alignment between physical clusters and perceptual groupings.

e  Supervised Predictive Model. XGBoost classifiers are trained to assess cluster separa-
bility and predictive consistency using identical physical inputs. This stage quantifies
the internal coherence of physical clustering and evaluates how well structural vari-
ables reproduce human morphological classifications.

e  Explainable Analytics. Model interpretability is examined using SHAP-based feature
attribution. Both global importance rankings and local contribution analyses are
computed. This step identifies the physical variables that most strongly influence
cluster assignments and morphological predictions, clarifying the structural drivers
underlying each representation.

e Visual and Interactive Validation. Cluster assignments and membership degrees
are projected onto celestial coordinates (RA-DEC) to inspect spatial distributions.
An interactive visualization interface enables object-level exploration, linking SDSS
imagery with physical attributes and fuzzy memberships. Representative galaxy
images are also analyzed for each cluster correspondence category (1-1, 1-0, 0-1,
0-0), where the first index denotes physical clustering and the second corresponds
to human-based classification. This supports qualitative validation and facilitates
interpretation of transitional or ambiguous cases.

Through this workflow, uncertainty modeling, comparative analysis, predictive valida-
tion, and interpretability assessment are integrated within a coherent analytical framework.
The procedure enables systematic examination of correspondences and discrepancies be-
tween quantitative physical measurements and human morphological perception.

3.1. Data Modeling and Preparation

This phase establishes the structural foundation of the proposed analytical framework.
Rather than relying on predefined supervised morphology labels, the study integrates
two complementary representations derived from the Galaxy Zoo project.

The analysis is based on the publicly available Galaxy Zoo 2 (GZ2) data release,
which provides detailed morphological classifications and associated Sloan Digital Sky
Survey (SDSS) photometric and structural parameters for nearly 300,000 galaxies. The GZ2
project description, data reduction procedures, and debiasing methodology are presented in
Willett et al. (2013) [21].

The physical measurements employed in this work, including redshift, photometric
color indices, concentration index, and fractional de Vaucouleurs component, originate from
SDSS observations and are distributed within the GZ2 catalog. These variables provide
quantitative descriptors of stellar populations and structural morphology. Together, they
define a compact and interpretable set of physical features designed for direct comparison
with the human perceptual representation.
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Human perceptual information is represented through debiased vote fractions derived
from the GZ2 hierarchical classification tree. These probabilities encode the aggregated
judgments of volunteer classifiers across multiple morphological dimensions, including
smoothness, spiral structure, bar presence, bulge prominence, and shape characteristics.

The objective of this phase is to construct two well-defined feature spaces: a physical
feature space based on measurable photometric and structural parameters, and a perceptual
feature space based on aggregated human morphological probabilities. These spaces are
modeled independently and subsequently compared within a unified fuzzy analytical
framework, enabling systematic evaluation of correspondence and divergence between
structural measurements and collective visual interpretation.

3.1.1. Physical Feature Space Construction

Each galaxy i is represented by a vector of physically meaningful attributes extracted
from SDSS and distributed through the GZ2 catalog.

e  Redshift (z;) measures the cosmological displacement of spectral lines and provides
evolutionary context for the observed galaxy structure.

e Color index ((g — 7);) is defined as the difference between magnitudes in the SDSS
g (green) and r (red) photometric bands. Redder galaxies typically host older stellar
populations, while bluer galaxies indicate ongoing star formation.

e  Color index ((u — r);) measures the magnitude difference between the ultraviolet u
band and the r band, providing sensitivity to recent star formation and facilitating
separation between early, and late, type systems.

e  Concentration index (C, ;) is defined as follows:

Rog

Cri= R 1)

where Rgp and Rs5( denote the radii enclosing 90% and 50% of the Petrosian flux in the r
band. Larger values indicate centrally concentrated light distributions.

e  Fractional de Vaucouleurs component (fracDeV, ;) represents the fraction of r-band
light best fitted by a de Vaucouleurs profile rather than an exponential disk profile.

The physical representation of galaxy i is therefore as follows:
h
xl(p vs) — {zi, (§—1)i, (u—r)i, Gy, fracDeV, ;| € R® ()
The complete physical dataset is as follows:
X(phys) c RNXS, ?3)

where N denotes the number of galaxies retained after preprocessing.

These variables were selected due to their established relationship with galaxy mor-
phology, jointly capturing stellar population properties, structural concentration, bulge
dominance, and evolutionary stage.

3.1.2. Human Perceptual Feature Space Construction

Human morphological perception is encoded using debiased vote fractions from the
Galaxy Zoo 2 decision tree. For each galaxy 1,

pij € [0,1]

denotes the debiased fraction of classifiers selecting perceptual response j.
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Twelve representative perceptual variables were selected, including smooth morphol-
ogy probability, edge-on probability, bar presence probability, spiral structure probability,
bulge prominence levels, shape descriptors (completely round, in-between, cigar-shaped),
and ring probability. Together, they define a compact and interpretable perceptual space
that captures the main visual dimensions of galaxy morphology in Galaxy Zoo 2. The aim
was not to reproduce the complete annotation tree, but to define a perceptual space directly
comparable with the physical representation.

The perceptual representation is therefore as follows:

(human)

X; = [pi, pins - - -, pim] € RM,where M = 12 4)
The full perceptual dataset is defined as follows:
X(humun) e RN x 12 (5)

The probabilistic nature of these variables inherently reflects classification uncertainty,
which is compatible with fuzzy modeling.

3.1.3. Dataset Harmonization and Preprocessing

The physical and perceptual datasets were merged using a shared object identifier
(OBJID-dr7objid). An inner join operation ensured that only galaxies with complete physi-
cal measurements and human annotations were retained. The resulting harmonized dataset
contains 243,500 galaxies. Preprocessing steps included:

e  Removal of incomplete records.
e  Filtering of extreme values to reduce distortion in distance-based clustering.
e Standardization of selected variables prior to fuzzy modeling.

Since Fuzzy C-Means relies on Euclidean distance, all features were standardized
using z-score normalization:
norm __ xl] — ;/l]
- 7

X
ij .
7j

(6)
where y; and 0 denote the mean and standard deviation of feature j, respectively.

This normalization prevents scale imbalances from dominating the clustering objective
function.

At the conclusion of this phase, the dataset consists of:

e  Five normalized physical variables per galaxy (plus RA and DEC for visualization).
e Twelve normalized perceptual variables per galaxy.
e A unique object identifier enabling traceability.

This prepared dataset serves as the input for the fuzzy clustering procedures described
in the following section.

3.2. Exploratory Data Analysis (EDA)

Prior to normalization and fuzzy modeling, an exploratory data analysis (EDA) was
conducted to examine the statistical structure of both physical and perceptual variables in
their original measurement scales. This stage aims to characterize distributional behavior,
identify dispersion patterns and skewness, detect potential multimodality, and evaluate
inter-variable relationships that may influence subsequent modeling. Such inspection
is particularly relevant, as fuzzy clustering relies on distance-based metrics that can be
sensitive to asymmetries and feature correlations.

The EDA was performed independently for the physical and perceptual feature spaces
and comprised two complementary analyses.
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https://doi.org/10.3390/ai7050159

Al 2026, 7, 159

10 of 33

First, marginal distributions were examined through histogram-based visualization.
This step enables identification of skewed distributions, concentration effects, heavy tails,
and polarization patterns that may influence normalization and cluster formation.

Second, correlation matrices were computed separately for each feature space using
Pearson correlation coefficients:

COZ)(Xj, Xk)
ook

Pjk = @)
where X; and X} denote two variables and 0, 0} their respective standard deviations.
This analysis provides insight into redundancy, linear dependence, and structural co-
herence within each domain, informing both the fuzzy clustering stage and subsequent
supervised modeling.

3.3. Fuzzy Clustering Process
3.3.1. Fuzzy Clustering

To model gradual morphological transitions and overlapping structural regimes,
Fuzzy C-Means (FCM) clustering was independently applied to both the physical and
human perceptual feature spaces. Unlike hard clustering approaches, which assign each
galaxy to a single class, FCM allows soft memberships, enabling a galaxy to belong to
multiple clusters with varying degrees of association [6].

Given a dataset X = {x1,%),..., x5} C R?, the FCM algorithm partitions the data
into c clusters by minimizing the objective function:

Yol x— e || 8)

k=1

1=

]m:

I
—

where

ujx € [0,1] denotes the membership degree of galaxy i to cluster k;
cx € R? is the centroid of cluster k;

m > 11is the fuzzification parameter;

|| - || represents the Euclidean norm.

In this study, the fuzzification parameter was set to m = 2, following the standard
choice in Fuzzy C-Means applications. This value provides a balanced compromise be-
tween overly crisp and overly diffuse memberships, which is appropriate for representing
gradual morphological transitions while preserving cluster separability. Euclidean distance
was adopted because all variables were standardized prior to clustering, making their
scales directly comparable and consistent with the centroid-based formulation of FCM.
Under these conditions, Euclidean distance provides a simple and interpretable measure of
proximity in the selected feature spaces. At the same time, both choices involve limitations:
the value of m influences the sharpness of the membership distribution, and Euclidean
distance may be less suitable for correlated variables or non-compact structures. Therefore,
the resulting clusters should be interpreted as an uncertainty-aware representation of the
dominant patterns in the standardized feature space.

The membership matrix U = [u;;] satisfies the constraint:

C
Y up=1, Viel,...,N )
k=1
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Optimization proceeds iteratively by alternating between centroid updates:

o — T i (10)

X:l 1 uzk

and membership updates:

1

_2
c (Hxi*CkH ) m—1
J=1\ [lxi—¢]]

until convergence of the objective function is achieved.

For interpretative purposes and correspondence analysis, dominant hard labels were
derived as
Ji = argmax ujy, (12)
k

while retaining the full fuzzy membership matrix U for uncertainty and overlap analysis.
This dual representation preserves soft-clustering information while ensuring compatibility
with supervised modeling and cross-tabulation procedures.

3.3.2. Selection of the Number of Clusters

The optimal number of clusters c was evaluated using internal validity indices. The
Fuzzy Partition Coefficient (FPC) [22]:

FPC =

Z\
] Mz

L Y v (13)

where larger values indicate clearer partition structure.
The Xie-Beni index (XB) [23]:

2
Yy Yo uill xi — e |

XB = L
N - min|| ¢ — g ||
k7

(14)

where lower values indicate compact and well-separated clusters.

According to these criteria, c = 2 was retained as the most consistent and interpretable
configuration for the purposes of comparative analysis. This solution captures a dominant
structural dichotomy broadly consistent with early type (bulge-dominated) versus late-type
(disk-dominated) morphological regimes while preserving transitional memberships.

3.4. Supervised Predictive Model

To quantitatively evaluate the structural coherence and separability of the fuzzy clus-
ters identified in Section 3.3, supervised classification models based on XGBoost were
trained using exclusively physical input features [24]. The objective of this stage is twofold:
to assess the internal consistency of the clustering structures and to quantify the correspon-
dence between physically derived and perceptually derived regimes.

Two predictive scenarios were examined. First, dominant hard labels obtained from
fuzzy clustering in the physical feature space were predicted using the same physical
variables. Second, dominant labels derived from clustering in the human perceptual space
were predicted using identical physical inputs.

Let x; € R denote the physical feature vector of galaxy i, and y; € {0,1} represent the
dominant cluster assignment obtained as defined in Equation (12). The supervised model
estimates a mapping,

f:R5 = {0,1} (15)
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optimized through gradient boosting by minimizing a regularized logistic loss function:

K

N
Z(0) = ;f(yi,f(xi)) + ) QTy), (16)

k=1

where Z denotes the binary cross-entropy loss, Ty represents individual decision trees,
) is a regularization term controlling model complexity, and K is the number of boosting
iterations. Stratified train—test splits were employed to preserve class balance and ensure
robust evaluation.

Predictive performance serves distinct interpretative roles. When predicting physical
cluster labels, high accuracy indicates that the fuzzy partition is structurally coherent and
well separated within the physical feature space. When predicting human-derived cluster
labels from physical variables, performance quantifies the extent to which measurable struc-
tural properties approximate perceptual morphological classifications. Lower predictive
accuracy in this setting suggests the presence of perceptual, nonlinear, or orientation-
dependent cues not fully captured by the selected physical descriptors.

This supervised stage provides a quantitative assessment of cluster separability, struc-
tural consistency, and cross-domain alignment, establishing the basis for the interpretability
analysis presented in the subsequent section.

3.5. Explainable Analytics

To ensure interpretability and transparency of the clustering structures, SHAP (SHap-
ley Additive Explanations) was applied to the supervised XGBoost models introduced in
Section 3.4 [25]. Since fuzzy clustering does not inherently provide feature attribution, in-
terpretability is obtained indirectly by analyzing classifiers trained to predict both physical
and human cluster assignments from physical input variables.

Let f(x;) denote the trained supervised model and x; € R® the physical feature vector
of galaxy i. SHAP assigns to each feature j a contribution value cp/(i) such that the model
output can be expressed as follows:

5 ,
fo)=¢o+ Y 9/, (17)
=

where ¢ represents the expected model output over the dataset and 47]@ measures the
marginal contribution of feature j for instance i.
These contributions are computed as Shapley values from cooperative game theory:

o= ¥

SCP{j}

SRS = gy ) — St )

where F denotes the set of all features and S a subset of features excluding j.

3.5.1. Global Interpretability

Global SHAP values were aggregated across all galaxies to evaluate the overall im-
portance of each physical parameter in distinguishing both physical fuzzy clusters and
human-derived fuzzy clusters [26]. This analysis identifies which structural variables most
strongly contribute to cluster separability and whether similar physical drivers govern both
structural and perceptual regimes.

For comparison, model-based importance metrics from XGBoost were also examined,
allowing contrast between gain-based importance and SHAP-based attribution [27].
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3.5.2. Local Interpretability

At the instance level, local SHAP explanations were computed for selected galaxies,
enabling detailed inspection of how individual physical attributes contribute positively or
negatively to predicted cluster assignments [28].

Local analysis was particularly informative for:

e Transitional galaxies with balanced fuzzy memberships.
e  Cases exhibiting disagreement between physical and human clustering.
e  Representative galaxies selected for visual validation.

Instance-level attribution provides a fine-grained understanding of the structural
drivers underlying each classification outcome and facilitates interpretation of discrepancies
between physically derived and perceptual classifications.

3.6. Visual and Interactive Validation

To complement the quantitative analyses, a visual validation stage was implemented
to link clustering outcomes with direct observational evidence. This phase comprises
two components: image-based comparison across agreement and disagreement config-
urations, and an interactive visualization interface enabling object-level inspection in
celestial coordinates.

In the first component, galaxies are grouped according to the correspondence between
dominant physical and human cluster assignments, producing four cases, (1,1), (1,0),
(0,1), and (0,0), where the first index denotes the physical cluster label and the second
the human label. For each group, representative SDSS cutout images are displayed to
allow qualitative inspection of morphological consistency within agreement regimes ((1,1),
(0,0)) and targeted examination of mismatch configurations ((1,0), (0,1)). This comparison
facilitates identification of transitional morphologies and systematic divergences between
perceptual labeling and physically derived structure.

The second component consists of an interactive dashboard designed for exploratory,
human-centered analysis at the individual-galaxy level. Galaxies are projected onto celestial
coordinates (RA, DEC) in a Plotly based scatter visualization, with points colored according
to either physical or human cluster assignment. Selecting a galaxy retrieves an SDSS DR17
cutout image via the SkyServer ImgCutout service and displays it alongside its associated
attributes [29]. The information panel includes the object identifiers (specobjid, OBJID),
sky coordinates, physical variables (z, § —r, u —r, C;, fracDeV,), and the debiased Galaxy
Zoo 2 vote fractions used as perceptual descriptors. A direct SkyServer navigation link is
provided to enable external verification.

Together, these visual components support qualitative validation of clustering cor-
respondence and enable traceable inspection of how physical measurements and human
annotations relate to fuzzy membership structures. In particular, the interactive analysis
environment, implemented in Python using Plotly based visualization tools, facilitates the
exploration of ambiguous and transitional cases, supporting human interpretation and
enhancing transparency in the analysis.

4. Results

This section presents the empirical results obtained following the methodological
procedure described in Section 3. The analysis is organized according to the main stages of
the framework, enabling direct comparison between structural measurements and human
morphological classifications.

Quantitative metrics and visual evidence are reported at each stage to assess dataset
properties, clustering behavior in both feature spaces, cross-domain correspondence, pre-
dictive separability, and feature attribution patterns.
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Together, these results evaluate the internal consistency of the fuzzy partitions
and the extent to which structural parameters physically derived align with human
morphological classifications.

4.1. Dataset Overview After Cleaning

Following the integration and preprocessing procedures described in Section 3.1, a
harmonized dataset containing galaxies with complete physical measurements and human
perceptual annotations was obtained. The merge based on the correspondence between
OBJID and dr7objid yielded a final sample of 243,500 galaxies, which serves as the basis for
all subsequent analyses. The dataset structure is summarized in Table 1.

Table 1. Final dataset variables after integration and cleaning (243,500 galaxies).

Category Variable Description

Identification specobjid Spectroscopic object identifier
Identification OBJID Photometric object identifier
Spatial coordinates RA Right Ascension (degrees)
Spatial coordinates DEC Declination (degrees)

Physical features z Redshift

Physical features g_r Color index (g — 1)

Physical features u_r Color index (u — 1)

Physical features C.r Concentration index (R90/R50)
Physical features fracDeV_r Fractional de Vaucouleurs component
Human perceptual features t01_smooth_or_features_a0l_smooth_debiased Smooth morphology probability
Human perceptual features t02_edgeon_a04_yes_debiased Edge-on probability

Human perceptual features t03_bar_a06_bar_debiased Bar presence probability
Human perceptual features t04_spiral_a08_spiral_debiased Spiral structure probability
Human perceptual features t05_bulge_prominence_al0_no_bulge_debiased No bulge probability

Human perceptual features t05_bulge_prominence_all_just_noticeable_debiased Just noticeable bulge probability
Human perceptual features t05_bulge_prominence_al2_obvious_debiased Obvious bulge probability
Human perceptual features t05_bulge_prominence_al3_dominant_debiased Dominant bulge probability
Human perceptual features t07_rounded_al6_completely_round_debiased Completely round probability
Human perceptual features t07_rounded_al7_in_between_debiased Intermediate shape probability
Human perceptual features t07_rounded_al8_cigar_shaped_debiased Cigar-shaped probability
Human perceptual features t08_odd_feature_al9_ring_debiased Ring probability

All selected variables are complete after preprocessing, with only a negligible number
of missing spectroscopic identifiers. The resulting dataset defines two fully specified feature
spaces, physical and perceptual, ensuring consistency for the fuzzy clustering, supervised
validation, and interpretability analyses.

4.2. Exploratory Data Analysis
4.2.1. Physical Feature Space

Following the preprocessing and outlier filtering described in Section 3, an exploratory
analysis of the physical variables was conducted prior to fuzzy modeling. The results are
summarized in Figures 6-8.

Figure 6 presents the distributions of the redshift z and photometric color indices
g —rand u — r. The redshift spans approximately 0 < z < 0.25, with a clear maximum
around z ~ 0.07-0.10, corresponding to the region where the SDSS main galaxy sam-
ple is most complete. The decline at higher redshift reflects the expected behavior of a
flux-limited survey.

The color index g — r ranges approximately from —0.5 to 1.5, with a peak near
g —r =~ 0.8, indicating the coexistence of blue, star-forming galaxies and red, passively
evolving systems.
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Similarly, u — r spans roughly 0 < u — r < 4, with a peak around u — r ~ 2.7, reflecting
a predominance of evolved stellar populations while retaining a non-negligible fraction of
actively star-forming galaxies.
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Figure 6. Distributions of redshift and photometric color indices (z, g — 1, u —1).

Figure 7 displays the structural parameters C, and fracDeV,. The concentration index
Cr = Rgp/Rsp is primarily distributed within 2 < C, < 3.5, with a maximum around
C, =~ 3, distinguishing disk-dominated from centrally concentrated morphologies.

The variable fracDeV, exhibits a pronounced bimodal distribution, with peaks near
0 and 1. This indicates a clear separation between exponential disk profiles and bulge-
dominated systems, with relatively few intermediate cases.
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Figure 7. Distributions of structural parameters (C; and fracDeV _r).

Figure 8 presents the Pearson correlation matrix among the physical variables. The
color indices (g — r, u — r) are strongly correlated (=20.87), reflecting their shared sensitivity
to stellar populations. Both colors show moderate-to-strong correlations with structural
parameters (C,, fracDeV,, ~ 0.63-0.70), indicating a close association between redder
populations and more concentrated morphologies.

The correlation between C, and fracDeV, is particularly high (~0.83), confirm-
ing structural consistency between independent morphological proxies. In contrast,
redshift shows weak correlations with the remaining variables, as expected given its
cosmological nature.
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Figure 8. Pearson correlation matrix of physical variables.

Overall, the physical feature space exhibits coherent structural relationships with
partial redundancy among morphology-related descriptors. This structure supports a sepa-
ration between disk- and bulge-dominated regimes while preserving gradual transitions,
making it well suited for fuzzy clustering.

4.2.2. Human Feature Space

An exploratory analysis was also conducted on the debiased Galaxy Zoo 2 probabilities
prior to fuzzy clustering. The results are shown in Figures 9-11.

Figure 9 presents the distributions of key morphological probabilities. The bar proba-
bility is strongly concentrated near zero, indicating that clearly barred systems represent a
minority of the sample. The smooth probability also peaks near zero, reflecting a predom-
inance of non-smooth (typically disk-like) morphologies. The “no bulge” probability is
similarly concentrated near zero, suggesting that most galaxies are perceived to contain
some bulge component.

The spiral probability exhibits a polarized distribution, with a strong concentration
near zero and a secondary accumulation toward unity, reflecting confidently identified
spiral systems alongside non-spiral galaxies.
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Figure 9. Distribution: barred, smooth, bulge not present, and spiral.
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Figure 10 displays additional perceptual variables. Ring classifications are rare, with
probabilities heavily skewed toward zero. The completely round variable shows a polarized
distribution, reflecting a mixture of inclined disks and spheroidal systems. Cigar-shaped
morphologies are uncommon, with a small high-probability tail. The dominant bulge
probability is also strongly skewed toward zero, consistent with the limited fraction of
clearly bulge-dominated systems.
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Figure 10. Distribution: ring, cigar-shaped, bulge dominant, and round.

Figure 11 presents the Pearson correlation matrix of the selected debiased probabili-
ties. The matrix reveals consistent morphological relationships, including strong negative
correlations between mutually exclusive categories (e.g., smooth vs. spiral) and positive cor-
relations between compatible traits (e.g., smooth with round or bulge-dominant). Several
weak correlations indicate complementary, rather than redundant, descriptors.

E o
&=
k) = % % 2 L=
=} L e o o > S =y
€ o © > ) o) o <
(7] " o o = o (5] o
Smooth -56.71 -31.43 [ik:] 0)elel-23.43 -20.44 100
Spiral B
50
Bar
25 o
=
BulgeDom o
s
0o 7
@
NoBulge s
--25 O
Round
-—50
Cigar
9 =75
Ring - -100

Figure 11. Pearson correlation matrix of selected debiased morphological probabilities.
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These results confirm the internal consistency of Galaxy Zoo classifications and demon-
strate that the probabilistic annotations provide a structured yet flexible representation of
visual morphology. This makes them well suited for comparison with physically derived
clustering regimes.

4.3. Fuzzy C-Means Segmentation

To identify latent morphological regimes, the Fuzzy C-Means (FCM) algorithm was
applied independently to the normalized physical and perceptual feature spaces. Unlike
hard clustering, FCM assigns graded memberships, allowing galaxies to occupy transitional
regions between structural classes, an appropriate property given the continuous nature of
galaxy morphology.

The number of clusters was determined using internal fuzzy validity indices, ensuring
that segmentation was data-driven rather than imposed a priori.

4.3.1. Physical Feature Clusters

Cluster selection was guided by the Fuzzy Partition Coefficient (FPC) and the Xie-Beni
index (XB). As shown in Table 2, the two-cluster configuration (¢ = 2) achieves the highest
FPC (0.7597) and the lowest XB (0.1544), indicating optimal compactness and separation.
Increasing the number of clusters produces a monotonic decrease in FPC and a marked
increase in XB, particularly for ¢ > 5, suggesting over-segmentation without structural
gain. Both indices consistently support a two-cluster solution.

Table 2. Fuzzy cluster validity indices: Physical Features.

c FPC Xie-Beni
2 0.7597 0.1544
3 0.5940 0.5630
4 0.5109 0.5228
5 0.4357 1.2422
6 0.3862 1.6172

The centroids of the optimal configuration, expressed in the original variable scale, are
reported in Table 3.

Table 3. Physical cluster centroids.

Cluster z g-r u-r C, fracDeV _r
0 0.0609 0.584 1.892 2.297 0.249
1 0.0914 0.923 2.718 2.977 0.919

A clear structural dichotomy emerges between the two clusters.

e  Cluster 0 exhibits bluer colors (g —r = 0.58, u —r = 1.89), lower concentration
(C, = 2.30), and a small de Vaucouleurs fraction (0.25), consistent with disk-dominated
systems characterized by ongoing star formation.

e  Cluster 1 shows redder colors (¢ —r = 0.92, u —r = 2.72), higher concentration
(Cr = 2.98), and a near-unity de Vaucouleurs fraction (0.92), indicating centrally
concentrated spheroidal systems associated with evolved stellar populations.

Redshift differences between clusters are modest and likely reflect sampling effects
rather than intrinsic morphological separation.
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The coherence between photometric colors and structural parameters confirms that
the fuzzy partition captures physically meaningful regimes. At the same time, membership
degrees preserve intermediate cases that would be forced into rigid categories under
hard clustering.

Figure 12 presents representative SDSS images from both clusters. Disk-dominated
systems typically display elongated or structured morphologies with bluer colors, whereas
bulge-dominated systems appear smoother, rounder, and redder. The figure also reports
the corresponding membership degrees (y, }1), where high values (4 ~ 0.9) identify
prototypical galaxies and intermediate values (¢ ~ 0.4-0.6) correspond to transitional
systems with mixed disk-bulge characteristics.

specobjid 327795784667916288
110=0.909, u1=0.091

specobjid 384079506022885376 specobjid 1825148676935280640 specobjid 2046957849925412864
110=0.593, u1=0.407 110=0.003, u1=0.997 110=0.244, 11=0.756

specobjid 2651588077599877120 specobjid 2991654116721190912 specobjid 872695886486988800 specobjid 1523421240763639808 specobjid 1610149342214121472
110=0.429, p1=0.571 10=0.923, p1=0.077 110=0.857, p1=0.143 10=0.043, p1=0.957 110=0.020, u1=0.980

Figure 12. Representative SDSS images of galaxies from the two physical fuzzy clusters.

specobjid 2034627920424626176
110=0.891, u1=0.109

Overall, the two-cluster solution recovers the well-known bimodal structure of galaxy
populations. The consistency between validity indices (Table 2), centroid statistics (Table 3),
and visual morphology (Figure 12) support the adequacy of the selected physical variables
for capturing the dominant structural dichotomy in an unsupervised framework.

4.3.2. Human Feature Clusters

The FCM algorithm was subsequently applied to the human perceptual feature space
derived from the debiased Galaxy Zoo 2 probabilities.

When all twelve perceptual variables were included, the clustering procedure did not
reveal a stable partition. The FPC remained close to its theoretical lower bound (~1/¢),
while the XB index exhibited extremely large values (on the order of 10'°-10'") across all
tested configurations (¢ = 2...6). The results are summarized in Table 4.

Table 4. Fuzzy cluster validity indices (full human perceptual space).

C FPC Xie-Beni

2 0.5000 ~0.5 x1010
3 0.3333 ~1.9 x1010
4 0.2500 ~4.5 x1010
5 0.2000 ~8.1 x1011
6 0.1666 ~5.8 x 101
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Additionally, cluster centroids were nearly identical across configurations, differing
only at high decimal precision. This behavior indicates weak compactness and separation
in the high-dimensional perceptual space.

These results suggest that aggregated vote fractions form a highly smooth rep-
resentation of morphology. Rather than discrete groupings, the perceptual space en-
codes gradual variation, consistent with the probabilistic aggregation underlying Galaxy
Zoo classifications.

To isolate dominant perceptual dimensions, clustering was repeated using three pri-
mary variables: smooth probability, spiral probability, and edge-on probability. Under this
reduced representation, clear structure emerges and validity indices improve substantially
(Table 5).

Table 5. Fuzzy cluster validity indices for the reduced human perceptual feature space.

C FPC Xie-Beni
2 0.7288 0.2807
3 0.6928 0.1949
4 0.6271 0.4536
5 0.5788 0.7647
6 0.5500 0.8628

For ¢ = 2, the indices indicate compact and well-separated partitions. The correspond-
ing centroids are reported in Table 6.

Table 6. Centroids in the reduced human perceptual space (¢ = 2).

Cluster Smooth Spiral Edge-On
Cluster Ay 0.2057 0.6532 0.1273
Cluster A 0.6248 0.0929 0.1240

The two-cluster solution separates spiral-dominated systems (Ap) from smooth,
elliptical-like galaxies (A1), corresponding to the classical late-type (disk-dominated) versus
early type (bulge-dominated) distinction.

For ¢ = 3, an additional cluster emerges characterized by high edge-on probability
(Table 7).

Table 7. Centroids in the reduced human perceptual space (c = 3).

Cluster Smooth Spiral Edge-On
Cluster By 0.3180 0.1208 0.7666
Cluster By 0.6590 0.0871 0.0448
Cluster B, 0.1822 0.7176 0.0547

This three-cluster configuration differentiates smooth systems, spiral face-on systems,
and spiral edge-on systems. Notably, the explicit separation of orientation effects in
the perceptual space contrasts with the physical feature space, where inclination is not
directly encoded.

For direct comparison with physical clustering, the two-cluster solution (c = 2) is
retained as the primary perceptual partition.
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4.3.3. Physical-Human Cluster Correspondence

To evaluate the relationship between structural (physical) and perceptual (human) seg-
mentations, fuzzy memberships were converted into dominant assignments via maximum
membership selection. The resulting contingency matrix is shown in Figure 13.

Physical-human comparison (counts)

90,000

80,000

0

70,000
60,000

- 50,000

Physical cluster

- 40,000

—

- 30,000

=20,000
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Figure 13. Contingency matrix between physical and human two-cluster solutions.

The comparison reveals substantial agreement between both representations. Specifi-
cally, 82.5% of galaxies assigned to physical cluster 0 are also classified into human cluster
0, while 67.2% of galaxies in physical cluster 1 correspond to human cluster 1.

Agreement is stronger for disk-dominated systems, suggesting that spiral structure
and low concentration profiles are consistently identified by both physical parameters
and visual inspection. The lower agreement for bulge-dominated systems likely reflects
orientation effects and the presence of intermediate morphologies.

As observed in Section 4.3.2, the perceptual space explicitly isolates edge-on galax-
ies when ¢ = 3, whereas the physical feature space does not encode inclination. This
discrepancy provides a plausible explanation for residual disagreement between partitions.

Table 8 presents representative galaxies with dominant cluster assignments and fuzzy
membership degrees across both physical and perceptual spaces.

Table 8. Representative galaxies with cluster labels and fuzzy memberships in physical (c = 2) and
human spaces (c = 2, 3).

specobjid c_phys c_phys_ 0 c_phys.1 c¢_h2 ¢ h20 ch21 ch3 c_h3 0 c_h3 1 c_h3_2
327795784667916288 0 0.909326  0.090674 0 0.541977  0.458023 2 0.192059  0.380568  0.427373
384079506022885376 0 0.593500  0.406500 1 0.345340  0.654660 0 0.840389  0.102390  0.057221
1825148676935280640 1 0.003439  0.996561 1 0.046374  0.953626 1 0.009494 0.978013  0.012493
2046957849925412864 1 0.244207  0.755793 0 0.611142  0.388858 2 0.083417  0.376473  0.540110
2034627920424626176 0 0.891380  0.108620 0 0.518786  0.481214 0 0.813961  0.089651  0.096388
2651588077599877120 1 0.429393  0.570607 1 0.081087  0.918913 1 0.033256  0.926815  0.039929
2991654116721190912 0 0.923146 0.076854 0 0.785650  0.214350 2 0.062267  0.214990  0.722742
872695886486988800 0 0.856760  0.143240 1 0.252228  0.747772 1 0.066826  0.740180  0.192995
1523421240763639808 1 0.043213  0.956787 1 0.073138  0.926862 1 0.035150  0.912305  0.052545
1610149342214121472 1 0.019801  0.980199 1 0.043611  0.956389 1 0.009037  0.978720  0.012243

Rather than binary assignments, galaxies exhibit graded memberships, reflecting tran-
sitional morphologies and structural ambiguity. The fuzzy framework therefore captures
gradual variation that would be obscured under hard classification.
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Overall, the alignment between physical and perceptual partitions indicates that the
selected structural parameters recover, to a substantial extent, the primary morphological
dichotomy identified by human classifiers. At the same time, systematic discrepancies
highlight the role of perceptual and orientation-dependent effects not fully captured by
physical descriptors.

4.4. Supervised Cross-Space Prediction Using XGBoost

Following the fuzzy segmentation of the physical and perceptual feature spaces, super-
vised models were trained to quantify cross-space predictability. Extreme Gradient Boosting
(XGBoost) classifiers were fitted using the physical variables z, ¢ — r,u —r,C;, fracDeV,
as predictors.

Two prediction tasks were defined:

e  Physical self-consistency test: prediction of physical cluster labels from physical variables.
o  Cross-space prediction: prediction of human cluster labels (¢ = 2) from the same
physical variables.

Fuzzy memberships were converted into dominant labels via maximum membership
selection. Stratified 80/20 train—test splits were applied to preserve class balance, providing
a standard and balanced setting for training and evaluation.

4.4.1. Prediction of Physical Clusters from Physical Variables

As an internal benchmark, XGBoost was trained to reproduce the physical cluster
assignments derived from the FCM segmentation.

The classifier achieved an accuracy of 99.54% on the test set (Figure 14), with balanced
precision and recall across both classes. The confusion matrix shows 225 misclassifications
out of 48,490 test galaxies.

Confusion Matrix - XGBoost Physical Clusters
Accuracy = 0.9954
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Figure 14. Confusion Matrix-XGBoost Physical Clusters.
These results indicate that the two physical clusters are highly separable within
the original feature space. The near-perfect predictive performance confirms that the

fuzzy partition corresponds to a well-defined structural boundary rather than a diffuse or
unstable segmentation.
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4.4.2. Prediction of Human Clusters from Physical Variables

The second experiment evaluated whether structural photometric parameters could
approximate the perceptual clustering derived from Galaxy Zoo classifications.

When predicting the human two-cluster solution (¢ = 2) using only physical variables,
XGBoost achieved an accuracy of 75.36% (Figure 15), with a macro-average F1-score of
approximately 0.75.

Confusion Matrix - XGBoost Human Clusters
Accuracy = 0.7536

20,000
o 18,000
8
]
>
3 16,000
@
2 14,000
3
(@]
3
2 - 12,000
—
5 - 10,000
%)
=]
© - 8000
- 6000

1
Cluster 0 Cluster 1
Predicted Cluster

Figure 15. Confusion Matrix-XGBoost Human Clusters.

Class-wise performance remained balanced:

e  Precision: 0.738 (cluster 0), 0.766 (cluster 1).
e  Recall: 0.715 (cluster 0), 0.786 (cluster 1).

The observed performance indicates that a substantial portion of perceptual mor-
phological structure is recoverable from measurable physical parameters. However, the
remaining discrepancy suggests that human classification incorporates additional factors
not fully captured by the selected descriptors. These likely include orientation effects,
fine-scale visual features, and nonlinear perceptual cues.

4.5. Explainable Analysis (Global and Local SHAP Interpretation)

To interpret the decision structure of the supervised models, SHAP was applied to both
the physical-cluster classifier and the human-cluster classifier. Since both models use the
same five physical variables (z,¢ — r,u — r,C;, fracDeV ), differences in attribution reflect
differences in learned decision boundaries rather than differences in feature availability.

4.5.1. Global Interpretation

The SHAP summary and average importance plots for the physical model (Figure 16)
reveal a clear hierarchy of feature influence. The dominant driver is fracDeV ,, followed
by C,, while the color indices (1 — r, § — r) provide secondary but consistent contributions.
Redshift has comparatively minor impact.

High values of fracDeV, and C, strongly increase the probability of belonging to the
bulge-dominated cluster, indicating that the physical segmentation is primarily governed
by structural concentration and bulge prominence.

https://doi.org/10.3390/ai7050159


https://doi.org/10.3390/ai7050159

Al 2026, 7,159 24 of 33
Average importance |SHAP| - physical model SHAP summary - Physics Model (cluster_phys) High
rracDev_r  [— fracDeV s e
o
cr I cr LS e — 2
>
ur [ ur el e ——-- 2
2
or [ ar — ——— - - i
- I z —— i —
1 1 1 1 1 1 1 1 | f \ f | | | Low
0.0 0.5 1.0 1.5 2.0 2.5 3.0 35 -6 —a _2 o 2 a 6
mean(|SHAP value|) (average impact on model output magnitude) SHAP value (impact on model output)

Figure 16. SHAP Summary and Average Importance: Physical Model.

In contrast, the human-cluster model (Figure 17) exhibits a different ordering. The
dominant variable becomes ¢ — r, followed by C;, while fracDeV, has reduced relative
influence. This shift indicates that perceptual clustering places greater weight on chromatic
contrast and visually salient morphology than on detailed structural decomposition param-
eters. The modest but non-negligible contribution of redshift likely reflects observational
or sampling effects rather than intrinsic morphological information.

SHAP summary - Human Model (cluster_h2)

Average importance |[SHAP| - human model High
| or —e————
[
cr I o ———- - 3
>
- [ z —~ii—————- ¢
2
ur [ ur —n— g
fracDev_r | fracDeV_r R o
i 1 1 1 1 [ i | | I ] Low
0.0 0.1 0.2 0.3 0.4 0.5 -2 -1 0 1 5

mean(|SHAP value|) (average impact on model output magnitude)

SHAP value (impact on model output)

Figure 17. SHAP Summary and Average Importance: Human Model.

From an astronomical perspective, this difference is physically coherent. In the phys-
ical model, fracDeV, and C, dominate because both variables are directly linked to the
integrated structural organization of the galaxy, particularly bulge—disk dominance and
central light concentration. In the human-cluster model, however, color becomes more
important because human observers respond first to the global visual appearance of the sys-
tem. Redder galaxies are more often perceived as smooth, evolved, and bulge-dominated,
whereas bluer galaxies are more readily associated with spiral or feature-rich morpholo-
gies. The concentration index C, remains relevant because the distribution of light also
affects visual compactness, but parameters such as fracDeV, are not directly perceived in
the same explicit way; rather, human classifiers capture the visible consequence of those
structural properties.

The global SHAP comparison shows that both models capture the same broad mor-
phological separation, red, concentrated systems versus blue, extended systems, while
assigning different relative importance to structural and photometric features.

4.5.2. Local Interpretation

Local SHAP explanations (Figures 18 and 19) provide instance-level insight into how
physical variables influence predicted cluster membership. Both models receive identical
inputs; the difference lies in the target labels (physical versus human-derived clusters).
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Figure 18. Local SHAP explanation for the physical cluster prediction (XGBoost model).
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Figure 19. Local SHAP explanation for the human-derived cluster prediction (XGBoost model).

For galaxy specobjid 1453702302119520256, predicted as cluster 1 in both models, the
dominant positive contributions arise from high fracDeV, = 1.0, elevated concentration
(Cr = 3.05), and red colors (g —r =~ 0.89, u — r =~ 2.64). These features jointly drive the
prediction toward the bulge-dominated regime.

Conversely, for galaxy specobjid 2899268469834934272, predicted as cluster 0 in both
models, low concentration (C, ~ 1.95), fracDeV, = 0.0, and bluer colors (g — r ~ 0.70,
u — r = 1.95) shift the prediction toward the disk-dominated class.

The SHAP decompositions are qualitatively consistent across both prediction tasks,
indicating that overlapping physical signals underlie both structural and perceptual clas-
sifications. However, differences in the magnitude of contributions reflect the distinct
weighting of features observed in the global analysis.

These instance-level explanations reinforce the broader finding that measurable struc-
tural parameters encode a substantial portion of the morphological information captured
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specobjid=2478139570441447424
hys=0.0 | hum=0.0

specobjid=3113177639934781440
phy: =00

by human classification, while also revealing systematic differences in how these signals
are prioritized.

4.6. Visual and Interactive Validation Results

While quantitative metrics, clustering validity indices, and explainability analyses
provide strong statistical support for the proposed framework, visual inspection remains
essential in astrophysical morphology studies. To further validate the coherence between
structural (physical) and perceptual (human) segmentations, a two-stage validation strategy
is introduced.

First, a structured visual comparison of representative galaxies grouped by agreement
and disagreement between physical and human cluster assignments enables direct morpho-
logical interpretation of concordant and discordant cases. Second, an interactive exploration
environment supports dynamic inspection at the individual-galaxy level, linking physical
descriptors, perceptual annotations, and clustering outcomes.

4.6.1. Visual Cluster Correspondence Analysis

To examine correspondence patterns, galaxies were extracted from the physical-human
contingency space and displayed as SDSS cutouts. Two categories were considered: agree-
ment cases, including the (1,1) and (0,0) groups (Figures 20 and 21), and disagreement
cases, including the (1,0) and (0,1) groups (Figures 22 and 23).

In the (1,1) group (phys = 1, hum = 1), galaxies typically exhibit centrally concen-
trated, smooth light distributions with reddish tones and minimal visible spiral struc-
ture. These properties are consistent with bulge-dominated systems and early type
perceptual classifications.

In the (0,0) group (phys = 0, hum = 0), galaxies are predominantly extended disk sys-
tems, including both face-on and edge-on configurations, often displaying visible structure
and comparatively blue colors. These objects align with late-type regimes in both physical
and perceptual representations.

The disagreement groups reveal the origin of residual discrepancies. In the (1,0) group
(phys = 1, hum = 0), many galaxies exhibit disk-like morphologies, frequently edge-on or
dust-affected systems, whose integrated photometric properties (redder colors and higher
concentration) resemble early type objects. Projection and attenuation effects therefore bias
structural indicators relative to visual interpretation.

specabud 3094107757410357488
=0.0 | hum:

spemm id= 1359073332573328095
=0.0 | hu

spemmm 2498A31850639379325
=0.0 | hum:

spembm zzgszsages3azszsses specobjid=1124821330160543744
phys=0.0 | hum=0.

Figure 20. SDSS cutouts for agreement cases between physical and human clusters (0-0).

specobjid=: 2410677382902999040
phys: =0.0
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specobjid=1477272808533813248 specobjid=576502567165519872 specobjid=322146769993492480 specobiid=2479295076125261624
ys=1.0 | hum=1.0 phys=1.0 | hum=1.0 phys=1.0 | hum=1.0 phys=1.0 | hum=

Figure 21. SDSS cutouts for agreement cases between physical and human clusters (1-1).
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Figure 22. SDSS cutouts for disagreement cases between physical and human clusters (0-1).
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Figure 23. SDSS cutouts for disagreement cases between physical and human clusters (1-0).
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Conversely, in the (0,1) group (phys = 0, hum = 1), galaxies often appear visually
smooth but retain structural or photometric properties consistent with disk-dominated
systems. These cases likely reflect limited angular resolution, low-contrast spiral features,
or transitional morphologies.

There is greater consistency in early and late-type prototypical systems, while dis-
crepancies are concentrated in transitional and orientation-sensitive regimes. These visual
patterns are consistent with the SHAP analysis, which demonstrated that both representa-
tions are based on similar physical cues, but differ in their relative weighting and in their
sensitivity to appearance-related cues.

4.6.2. Interactive Morphological and Structural Exploration

To complement static visual comparison, an interactive exploration environment was
implemented to enable dynamic inspection of the galaxy sample. Objects are displayed in
celestial coordinates (RA, DEC) and color-coded according to physical cluster assignment.
Selecting a galaxy retrieves its SDSS image and displays its structural parameters together
with the corresponding Galaxy Zoo vote fractions.

This interface enables simultaneous inspection of:

Physical descriptors (z,¢ —r,u —r,C_r, fracDeV _r);
Unsupervised physical cluster assignment;
Human perceptual classification;

Detailed vote distributions.

The examples shown in Figures 24 and 25 illustrate both concordant (1,1), (0,0) and
discordant (1,0), (0,1) regimes. In agreement cases, structural parameters, clustering results,
and visual morphology form a consistent interpretation. In disagreement cases, the interface
allows immediate identification of orientation effects, dust reddening, compact transitional
morphologies, or ambiguous visual features.

Rather than constituting a separate analytical step, the interactive environment func-
tions as a traceability layer that links data-driven segmentation with direct morphological
inspection. It provides transparency at the object level and supports qualitative validation
of statistical findings, reinforcing the interpretability of the proposed framework. The
processed dataset and the interactive notebook supporting this object-level exploration are
provided in the Supplementary Materials.

@ B specobjid=1879144594302593024
SDSS-style map - click on a galaxy to see its image

@ Bl specobjid=1645002212553811968
SDSS-style map - click on a galaxy to see its image

(206.9654, 50.20779)|

=== Identification ===
specobjid : 1879144594302593024
0BIID  : 5.58018055647527e+17
RA, DEC @ 206.96539, 50.20779

2212553811968
.880171145117042¢+17
9514994, 45.91419

(198.1499, 45.91419)] specob;

=== Physical variables ===
: 0.1307
: 1.098

in 07_s17)
clgar (t07_a18)
ring (t05_319) : 0.000

Figure 24. Visual examples of concordant physical and human classifications (1-1 and 0-0 regimes).
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Figure 25. Visual examples of discordant physical and human classifications (1-0 and 0-1 regimes).

5. Discussion and Future Work
5.1. Discussion

The results obtained in this study indicate a substantial degree of coherence between
structural photometric parameters and human perceptual classifications. However, several
methodological and conceptual aspects warrant further consideration.

First, the physical feature space was intentionally restricted to five primary variables
(z,g —r,u—r,Cy, fracDeV ). While these parameters capture key aspects of stellar popu-
lations and structural concentration, they do not exhaust the morphological information
available in contemporary surveys. Additional descriptors, such as non-parametric mor-
phological indicators (e.g., asymmetry, Gini coefficient, M20), spectroscopic diagnostics
(e.g., star formation rate, metallicity), or kinematic measurements were not included. Con-
sequently, physical clustering reflects a reduced structural subspace rather than a fully
comprehensive morphological representation.

Second, the selection of ¢ = 2 emphasizes the classical early-late dichotomy. Although
this choice is supported by validity indices and interpretability, galaxy morphology is
inherently multi-dimensional. The exploratory analysis with ¢ = 3 in the perceptual space
revealed orientation-driven segregation (edge-on systems), suggesting that additional phys-
ically meaningful regimes may exist beyond the binary partition. A systematic evaluation
of cluster stability across different values of ¢ could further reveal substructures such as SO
galaxies, barred spirals, or compact transitional systems.

Third, the supervised stage relies on hard labels derived from fuzzy memberships.
While this enables classification and SHAP-based interpretation, it necessarily discards part
of the uncertainty encoded in the membership matrix. Future extensions could incorporate
fuzzy memberships directly into the supervised objective, preserving transitional states
more faithfully.

Fourth, discrepancies between physical and human clusters highlight the influence of
projection effects, dust attenuation, and image resolution. The physical feature space does
not explicitly encode inclination, whereas human observers are highly sensitive to pro-
jected morphology. As a result, some disagreements reflect differences in representational
dimensionality rather than classification errors.

Finally, although Galaxy Zoo probabilities were corrected for known biases, perceptual
classifications remain influenced by survey depth, observational conditions, and collective
voting dynamics. The perceptual space should therefore be interpreted as an aggregated
cognitive signal rather than a definitive morphological ground truth.

https:/ /doi.org/10.3390/ai7050159


https://doi.org/10.3390/ai7050159

Al 2026, 7, 159

30 of 33

Taken together, these observations indicate that the proposed framework should not
be interpreted as defining a definitive morphological taxonomy. Instead, it provides a struc-
tured methodology for comparing complementary representations of galaxy morphology
and for systematically analyzing their agreement, divergence, and transitional regimes.

Beyond its specific application to galaxy morphology, the broader contribution of this
study lies in the proposal of an interpretable framework for relating physical measurements,
human perception, and Al-based analysis within a unified analytical setting. In astronomy,
as in many other domains, working with data involves prediction, interpretation, and
learning. The framework developed here makes it possible to examine how measurable
structure, collective human judgment, and explainable machine learning interact, sup-
porting a more transparent reading of the data. In this sense, its value lies in identifying
agreement between physical and perceptual classifications and in turning disagreement
into interpretable and analytically meaningful information.

5.2. Future Work

From an astronomical perspective, future research may incorporate a broader range
of physical descriptors, including non-parametric morphological indices (e.g., asymmetry,
Gini coefficient, M20), spectroscopic diagnostics, stellar mass estimates, and environmental
indicators. Expanding the feature space would enable evaluation of the robustness of the
physical-perceptual correspondence when additional structural and evolutionary informa-
tion is considered. Similarly, exploring alternative values of ¢ and systematically assessing
cluster stability may reveal substructures beyond the classical early-late dichotomy.

Methodologically, an important extension involves integrating fuzzy memberships
directly into supervised learning, avoiding hard assignment simplifications and enabling
a more faithful representation of transitional galaxies. In addition, comparing tree-based
explainable models with interpretable deep learning approaches may clarify how different
modeling paradigms capture structural signals and decision boundaries.

A particularly promising direction lies in representation learning methods capable
of capturing morphological patterns that are not fully reflected in aggregated tabular
variables. Vision transformer architectures applied directly to galaxy images may enable
detection of visual features such as spiral structure, bars, inclination effects, and more
subtle morphological characteristics. In this context, multimodal approaches combining
structural parameters with imaging data could provide a more complete and unified repre-
sentation of galaxy morphology, bridging the gap between physical descriptors and human
perceptual interpretation.

Beyond astronomy, the proposed framework is extensible to domains in which auto-
mated systems and human judgment coexist. In medical imaging, for example, machine
learning models extract statistical patterns from pixel-level data, while clinicians rely on
perceptual and experiential cues. A structured comparison between data-driven segmen-
tation and expert perception, supported by explainable Al, may help identify systematic
agreement and disagreement regimes in diagnostic processes. Similar principles may apply
in radiology, pathology, and other image-based decision contexts.

More broadly, future research may formalize the interaction between automated
pattern recognition and human interpretation, not only to improve predictive performance
but also to better understand the conditions under which algorithmic and perceptual
reasoning converge or diverge. As a more exploratory direction, alternative clustering
paradigms, including quantum-inspired approaches such as quantum k-means, could be
evaluated to assess whether non-classical representations enable the identification of novel
grouping structures. Given the current limitations in interpretability for such models, their
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analysis may rely on surrogate modeling techniques combined with post hoc explanation
methods such as SHAP or LIME.

6. Conclusions

This study introduced a structured framework (FAS-XAI) for comparing physically
derived and human-based classifications of galaxy morphology through the integration of
fuzzy clustering, supervised modeling, and explainable artificial intelligence.

Using a reduced but physically meaningful set of photometric parameters, the physi-
cal clustering recovered the dominant early—late morphological dichotomy observed by
human classifiers. The strong agreement in prototypical systems indicates that global
color and structural concentration encode a substantial fraction of the information used in
visual classification. At the same time, systematic divergences in transitional, inclined, or
low-contrast systems indicate that structural photometry and human perception capture
complementary aspects of galaxy morphology.

The incorporation of XGBoost and SHAP enabled identification of the structural
drivers underlying both physical and human-derived clusters. Although both representa-
tions rely on the same physical variables, differences in their relative importance reveal
distinct sensitivities to structural concentration and visually salient features. Importantly,
the proposed framework makes explicit not only where classifications coincide, but also
where they diverge and why.

While the present analysis focuses on a limited feature set and a two-cluster configura-
tion, the methodology is modular and extensible. Its main contribution lies not in proposing
a definitive morphological taxonomy, but in providing a transparent and reproducible
approach for analyzing agreement, discrepancy, and transitional regimes between physical
measurements, human perception, and interpretable machine learning. Beyond the specific
astronomical application, the proposed methodology has strong potential for domains in
which physical measurements, human interpretation, and Al-assisted decision-making
need to be integrated in an interpretable and transparent way.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/ai7050159/s1. The repository includes the processed dataset
(df_clean.csv) and an interactive Python notebook (Interactive Galaxy Images.ipynb) that enables object-
level exploration of the galaxy sample, linking SDSS imagery with physical features, clustering
assignments, and perceptual annotations.
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