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A B S T R A C T 

Understanding the formation and evolution of galaxy populations requires robust classification and characterisation 

techniques that jointly account for internal galaxy properties and environment. We analyse 5306 galaxies from the Galaxy 
And Mass Assembly survey, described by stellar mass, specific star formation rate, u − r colour, half-light radius, Sérsic 
index, and a combined environmental measure given by the optimal density. Unlike distance-based unsupervised cluster- 
ing methods, our framework provides a probabilistic characterisation of galaxy populations, accommodates heavy-tailed 
feature distributions, and captures dependence among observables through latent factors. We model the sample using 
a t-mixture of factor analysers with group-specific latent structures (M tFAD), and then apply model-estimated overlap- 
based syncytial clustering (MOBSynC) to merge weakly separated groups and recover higher-level population structure. 
The first stage identifies eight simple clusters. The third and the fourth groups lie on the red, low-star-forming sequence 
and correspond to environmentally quenched and mass-quenched systems, respectively, while the sixth group traces the 
massive end of the star-forming sequence, and the seventh group appears to represent a more heterogeneous population 

that may include transition objects. The remaining groups populate the low- to intermediate-mass blue sequence, including 
both compact and more extended star-forming galaxies. The second MOBSynC stage merges the simple clusters into two 
compound groups: a red sequence formed by the third and the fourth groups, and the rest merging to form a broad 
blue sequence. Our results show that the familiar red-blue bimodality of local galaxies contains additional physically 
meaningful substructure linked to quenching pathway, morphology, and environment. 

Key words: methods: data analysis –methods: statistical – surveys – galaxies: clusters: general – galaxies: formation –
galaxies: fundamental parameters. 
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 INTRODUCTION  

dentifying and distinguishing diverse galaxies in the local Uni- 
erse has long been of major interest in astrophysics, providing 
ey insight into the formation and evolution of galaxy popula- 
ions under the influence of their inhabited environments (M. 
ostman & M. J. Geller 1984 ; B. Moore et al. 1995 ; T. Naab &
. Burkert 2001 ; C. Park, J. III & Y.-Y. Choi 2007 ; S. Kelvin
t al. 2014 ; S. Turner et al. 2019 ). Traditional approaches for
lassifying the local-Universe galaxies rely on predefined mor- 
hological schemes, such as the Hubble sequence (E. P. Hubble 
926 ; A. Sandage 2005 ), that broadly separate galaxies into disc-
ominated and spheroid-dominated systems, followed by further 
haracterisation using individual astrophysical properties includ- 
ng star formation rates (R. Smethurst et al. 2015 ), galaxy colours
S. Kelvin et al. 2014 ), stellar masses (I. Baldry et al. 2006 ; A. Wel
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t al. 2014 ), and Sérsic indices over time (R. Lange et al. 2014 ).
hile informative, these approaches often treat galaxy proper- 

ies in isolation or impose rigid boundaries that may obscure 
ore complex, multidimensional population structure; more im- 
ortantly, with the rapidly increasing size and dimensionality 
f galaxy samples, such descriptive classification schemes be- 
ome increasingly inadequate and impractical. In contrast, stud- 
es highlighting the joint influence of mass and environment –
uch as the separation of mass-driven and environment-driven 
uenching processes identified by Y.-j. Peng et al. ( 2010 ) – moti-
ate the use of clustering-based methods that can simultaneously 
ntegrate multiple correlated features and reveal latent groupings 
f galaxies shaped by both intrinsic properties and environmental 
ffects. 
Advanced statistical techniques have therefore been adopted to 

mprove the classification of large and complex galaxy samples, 
oving beyond traditional, descriptive schemes toward data- 
riven approaches capable of handling multidimensional feature 
paces. Existing literature on galaxy classification has focused 
n supervised learning approaches built on visually labelled 
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raining samples. For example, N. Ball et al. ( 2004 ) utilize the
upervised artificial neural networks with Hubble-type labelled
amples to classify 104 ,619 galaxies from the Sloan Digital Sky
urvey (SDSS), while J. Aguerri et al. ( 2010 ) conduct the mor-
hological classification of around 70,000 galaxies from the SDSS
R7 spectroscopic sample using algorithms trained with visual
lassification results and R. Gravet et al. ( 2015 ) apply the convolu-
ional neural networks to classify about 50,000 galaxies and again,
ased on training samples that are visually classified. 
Supervised learning methods are capable of distinguishing
assive samples; however, by definition, they require labelled ob-
ervations to train the classification algorithms and consequently,
re inapplicable to cases with no existing labels, as often arises
n many scientific studies. Identifying groups of galaxies, for in-
tance, in the context of the studies in this paper, is done by
luster analysis, an unsupervised learning tool that has many
ifferent approaches and algorithms. One common technique is
ierarchical clustering that builds a hierarchy of clusters based
n dissimilarity measures between sets of observations, applied
n S. Ellis et al. ( 2005 ), which identifies two (early and late)
ypes of galaxies from the Millennium Galaxy Catalogue. An-
ther extremely common approach is k-means clustering, which
teratively assigns observations to k clusters based on the nearest
entroid (the mean of all the data points within the cluster). The
-means algorithm was used by J. Sanchez Almeida et al. ( 2010 )
o identify major and minor classes of all the galaxy spectra in the
eventh and final SDSS data release, and S. Turner et al. ( 2019 ) to
luster around 7000 galaxies from the Galaxy And Mass Assem-
ly (GAMA) survey. Other unsupervised approaches have also
een used to organize or represent complex galaxy populations,
ncluding self-organizing maps (SOM), which display similari-
ies among galaxies in a multidimensional feature space using
 two-dimensional representation (B. W. Holwerda et al. 2022 );
anifold-based representations for morphological classification
S. Cooray et al. 2023 ); and the Fisher expectation-maximization
lgorithm, which has been used to distinguish galaxies based on
agnitudes and spectroscopic redshifts (M. Siudek et al. 2018 ).
hese clustering methods, relying on measures of similarity or
istance between sample points, while easy to implement, are un-
ble to fully describe the underlying distributions of the grouped
ata. 
In contrast, model-based clustering (MBC; see, for instance, G.
cLachlan & D. Peel 2000 ; T. W. Anderson 2003 ; K. V. Mardia,
. T. Kent & J. M. Bibby 2006 ; V. Melnykov & R. Maitra 2010 ; S.
hattopadhyay & R. Maitra 2017 , 2018 ) is an attractive approach
o clustering because it provides a principled probabilistic-based
haracterisation of groups in a data set. Typically, the probabilis-
ic model is a mixture of component distributions with param-
ters to capture the central tendency and variation within the
roup, each of which characterizes different desired aspects of 
ach group. MBC approaches have been applied to cluster galax-
es in B. Kelly & T. Mckay ( 2003 ) by means of a Gaussian mixture
odel (GMM) to separate around 3000 galaxies in SDSS data,
r in W. Black & A. Evrard ( 2024 ) where the GMM is used to
haracterize the red and blue sequences of DES galaxies in the
OSMOS field. Separately, W. Black & A. Evrard ( 2022 ) proposed
n error-corrected GMM developed in the space of broad-band
ptical colours across redshift for galaxy population character-
sation while Y. Zhang et al. ( 2023 ) modelled the conditional
alaxy property distribution via the GMM. In each case, the GMM
rovides estimated ellipsoidal clusters of galaxies, which extends
he isomorphic-cluster idea underlying k-means by providing
NRAS 549, 1–13 (2026)
 likelihood-based framework where each galaxy population is
epresented by a Gaussian distribution with its own mean and
ispersion matrix. This yields ellipsoidal clusters, posterior mem-
ership probabilities, component-wise uncertainty estimates, and
ikelihood-based model comparison. 
A GMM is however, less effective in describing samples with

onger tails, as exhibited by most of the features (after log 10 
ransformation except the u − r colour) of the 7187 galaxies (see
ig. 1 of our data set that is described in greater detail in Section
 ). Moreover, further investigation is required into the interde-
endencies among galaxy features and their dependencies on the
ocal environment. For instance, local environmental density has
een found to correlate with galaxy colour (I. Baldry et al. 2006 ; R.
. J. Burg et al. 2018 ; A. M. M. Reeves et al. 2021 ; P. C. Bhambhani
t al. 2023 ) and star formation rate (S. Barsanti et al. 2018 ; A. L.
chaefer et al. 2018 ; J. Trussler et al. 2019 ; J. Sande et al. 2021 ; D.
otillo-Ramos et al. 2021 ). Further, the existence of larger clusters
hat could arise from poorly separated groups remains unclear.
ddressing these open questions demands probabilistic, flexi-
le clustering frameworks that can capture intrinsic variability
mong galaxies while accounting for environmental effects and
otential hierarchical organization within galaxy populations. 
In this paper, we cluster and characterize the galaxy data using

 generalised t-mixture of factor analysers with variable numbers
f factors (M tFAD) developed by K. Kareem & F. Dai ( 2025 ),
lus a model-estimated overlap-based syncytial clustering (MOB-
ynC) adapted from I. A. Almodovar-Rivera & R. Maitra ( 2020 ),
. Chattopadhyay, S. D. Kawaler & R. Maitra ( 2022 ), and F. Dai
 R. Maitra ( 2024 ). The use of multivariate t-distributions offers
 more robust modelling of the mixture components, and the
actor analysers embedded in each t-distributed component can
ummarize all the data parameters using a few latent variables
alled factors, providing a better characterisation for the disper-
ion of the observations within the cluster. MOBSynC, on the
ther hand, uses measures of pairwise and generalised overlaps
R. Maitra & V. Melnykov 2010 ; V. Melnykov & R. Maitra 2011 ; V.
elnykov, W.-C. Chen & R. Maitra 2012 ) to create compound or
omposite groups by merging the simple clusters obtained from
 tFAD. We apply the methods to the galaxy samples described

n Section 3 , and identify eight simple clusters characterized by
istinct sets of factors, and two major clusters of the red and blue
equences, where the merged blue sequence is further described
ia its underlying factors. 
The remainder of this article is organised as follows. In Sec-

ion 2 , we introduce the M tFAD algorithm and the MOBSynC
rocedure. Section 3 describes the galaxy data set that is anal-
sed in Section 4 . Finally, Section 5 summarizes the paper and
iscusses possible avenues for further work. 

 A  MULTILAYERED  CHARACTERISATION  

RAMEWORK  

n this section, we present the statistical methodology underlying
he clustering analysis used in this paper. Our approach begins
ith model-based clustering of the data using a t-mixture of 
roup-specific factor analysers, together with efficient computa-
ional procedures for model parameter estimation. Building on
he resulting initial partition, we then adapt the overlap-based
erging framework of S. Chattopadhyay et al. ( 2022 ); F. Dai &
. Maitra ( 2024 ) to combine clusters according to pairwise and
eneralised overlap measures. The proposed methods are imple-
ented in our M t FAD ( t -Mixture of Factor Analysers in Data) and



Clustering and characterisation of GAMA data 3

Figure 1. Densities and scatter plots of the five features (after log 10 transformation except the u − r colour) for the 7,187 local-Universe galaxies from 

the GAMA survey. Correlations between features are shown in the upper panel. 
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OBSynC programs, both written in the open-source statistical 
oftware R (R Core Team 2024 ) and available at https://github.
om/fanstats/MBC-GAMA . 

.1 Clustering with t -mixtures 

 t-mixture model ( tMM; S. Chattopadhyay & R. Maitra 2018 )
as the same general mixture-model structure as a GMM, but 
eplaces the Gaussian components with p-variate t distributions, 
enoted by tp (μ,�; ν) , with mean vector μ, scale matrix �, 
nd degrees of freedom ν that allows each component to ac- 
ommodate heavier tails and potential outliers more robustly 
han a Gaussian distribution. Specifically, let x 1 , x 2 , . . . , x n be p- 
imensional observations arising from a tMM with K compo- 
ents, where x i belongs to the kth component with probability 
k , for k = 1 , 2 , . . . , K. Then, the observed data loglikelihood is 

 (�;X ) =
n ∑ 

i =1 
log 

{ K ∑ 

k=1 
ηk ft (x i ;μk ,�k , νk )

} 
, (1) 

here X = [x 1 
. . . x 2 
. . . . . . 

. . . x n ]� is the data matrix, 
= { (ηk , μk ,�k ) , k= 1 , 2 , . . . , K} is the set of parameters
haracterizing the mixture model, and ft (·) denotes the 
MNRAS 549, 1–13 (2026)
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ultivariate t probability density function (PDF) for the kth
ixture component. 
For model parameter estimation, direct maximization of equa-

ion ( 1 ) is generally intractable, but can be carried out using
he expectation-maximization (EM) algorithm (A. P. Dempster,
. M. Laird & D. B. Rubin 1977 ; D. B. Rubin & D. T. Thayer
982 ; G. McLachlan & T. Krishnan 2008 ). To do so, an unob-
erved component indicator zi and a latent component-specific
amma random variable ui are introduced for each observed x i ,
ith P r (zi = k) = ηk and the conditional distribution of ui given
i = k specified to be the Gamma G ( νk 2 , νk 2 ) distribution. Then,
onditional on ui and that zi = k, x i is normally distributed as a
p-variate N ( μk ,�k /ui ) random vector. Then, the complete (or
ugmented) data loglikelihood for tMM is 

 (�;X ,Z ,U ) 

= 

n ∑ 

i =1 

K ∑ 

k=1 
1 (zi = k)

{
log ηk + log φ

(
x i ;μk ,

�k 

ui 

)
+ log fG 

(
ui ; νk 2 ,

νk 

2 

) }
, (2) 

here Z = (z1 , z2 , . . . , zn ) ,U = (u1 , u2 , . . . , un ) , 1 (·) denotes the
ndicator function, φ(·) and fG (·) represent the Gaussian and
amma density functions, respectively. 
Starting from an initial value of �, and given K, the EM algo-

ithm alternates between the E (or expectation)-step and the M
or maximization)-step until convergence to a locally maximum
ikelihood (ML) solution, as outlined in Algorithm 1. 
From the ML estimates obtained via EM, each observation is
llocated to the kth component for which γik in Algorithm 1
s maximized. Having introduced the t-mixture model and its
lustering framework, we now extend it to the t-mixture of factor
nalysers for richer characterisation of the component structure.

lgorithm 1 EM for tMM 

1: Propose a set of initial model parameter values. 
2: Given current model parameters, compute the conditional
expectations of zi and ui as follows. 

γik = E [1 (zi = k) | X] = ηk ft (x i ;μk ,�k , νk ) ∑ K 
k=1 ηk ft (x i ;μk ,�k , νk ) 

;

ζik = E [ ui | X] = νk + p 
νk + (x i − μk )� �−1 

k (x i − μk ) 
. 

3: Obtain model parameter estimates by maximising the ex-
pected complete data loglikelihood function, with updates
computed as follows. 

η∗
k =

∑ n 
i =1 γik 
n 

, 

μ∗
k =

∑ n 
i =1 γik ζik x i ∑ n 
i =1 γik ζik 

, 

�∗
k =

∑ n 
i =1 γik ζik (x i − μ∗

k )(x i − μ∗
k )

� ∑ n 
i =1 γik ζik 

, 

ν∗
k : obtained numerically by solving the equation 

− ψ
(νk 
2 

)
+ log 

(νk 
2 

)
+ 1 + 1 

nk 

n ∑ 

i =1 
γik ( log ζik − ηik ) 

+ ψ

(
νk + p 
2 

)
− log 

(
νk + p 
2 

)
= 0 . 

4: Iterate between Steps 2 and 3 until Eq.(1) converges. 
NRAS 549, 1–13 (2026)
The above formulation has provided the most general set-up for
he tMM. In many cases, the variability in each mixture compo-
ent can be specified by a few unobservable factors that also serve
o simplify the model by reducing the number of parameters. We
ntroduce such a model next. 

.1.1 A t MM with group-specific factor analysers 

e further characterize the K components in the tMM by adopt-
ng a group-wise factor-analytic representation (L. Thurstone
931 ; L. L. Thurstone 1935 ; T. W. Anderson 2003 ), in which the p
bserved variables in each ( kth) group are explained by qk group-
pecific latent factors, with qk < min (n, p) and (p − qk )2 > p +
k for identifiability. Specifically, for the kth component, 

k = �k �
� 

k + �k , (3) 

here �k is a p × qk factor loading matrix whose ( j, l) entry
epresents the strength and direction of the relationship between
he jth variable and the lth latent factor, where j = 1 , 2 , . . . , p
nd l = 1 , 2 , . . . , q . �k is a diagonal matrix of feature-specific
ariances. Then, conditional on ui and zi = k, x i can be modelled
hrough a linear equation 

 i = μk + �k F i + εi , (4) 

here given ui and that zi = k, F i is N
(
0 , I qk /ui 

)
distributed and

epresents the qk latent factors, and conditionally independent of 
i that is N ( 0 ,�k /ui ) distributed. 
Similar to the set-up in Section 2.1 , ML estimation of the model
arameters may be carried out by combining the EM framework
or tMM above with the classical EM approach for factor analysis
A. P. Dempster et al. 1977 ; J. Chen & Z. Chen 2008 ). However, in
ractice, these iterative procedures may converge slowly, and are
ften sensitive to local maxima. In addition, standard formula-
ions typically assume a common latent dimension (that is, qk = q )
cross all K components. To address these issues, we adopt the
 tFAD algorithm of K. Kareem & F. Dai ( 2025 ) that extends the t-
ixture of factor analysers to a more flexible version by allowing
omponent-specific numbers of factors ( qk ). The methodology
ncorporates (1) a profile likelihood strategy (F. Dai, S. Dutta &
. Maitra 2020 ; F. Dai et al. 2021 ) for efficient joint updating of 
k and �k using matrix-free computations and (2) a stochastic
nitialization scheme (R. Maitra 2013 ; E. M. Goren & R. Maitra
022 ) to reduce sensitivity to local maxima. The main steps of 
 tFAD are summarized in Algorithm 2. 

.1.2 Number of clusters and factors 

ur framework so far has assumed that K and all the qk s are
nown, a largely unrealistic scenario in most practical settings.
e therefore choose K and qk by using the Bayesian information
riterion (BIC; G. E. Schwarz 1978 ) calculated by running Algo-
ithm 2 for each of the candidate K and qk s, and then determine
he optimal values to be the set that yields the smallest BIC. 

.2 The MOBSynC algorithm for general-shaped groups 

he t-mixture of factor analysers models data as a collection of 
llipsoidally shaped groups characterized by latent factors. How-
ver, as pointed out, for example, by I. A. Almodovar-Rivera &
. Maitra ( 2020 ), by S. Chattopadhyay et al. ( 2022 ), or by F. Dai
 R. Maitra ( 2024 ), some weakly separated groups may in fact
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Algorithm 2 M tFAD for t-mixture of group-specific factor anal- 
ysers 
1: Propose a set of initial model parameter values. 
2: Given current model parameters, compute the conditional 
expectations of zi and ui as follows. 

E [1 (zi = k) | X] = ηk ft (x i ;μk ,�k �
� 

k + �k , νk ) ∑ K 
k=1 ηk ft (x i ;μk ,�k �

� 

k + �k , νk ) 
;

E [ ui | X] = νk + p 
νk + (x i − μk )� (�k �

� 

k + �k )−1 (x i − μk ) 
, 

where (�k �
� 

k + �k )−1 is evaluated using the Woodbury ma- 
trix identity ∼(Henderson & Searle 1981). 

3: Update ηk , μk , �k , and νk as outlined in Algorithm 1. 
4: Given �k and qk , update �k ,�k as follows. 

�∗
k = arg max �k 

Qp (�k ) , �∗
k = h (�∗

k ) , 
where 

• Qp (�k ) is the expected complete data loglikelihood 
obtained after profiling out � via h (�k ) . 

• h (�k ) is derived from the score equations and de- 
termined by the q largest eigenvalue–eigenvector pairs of 
�

−1 / 2 
k �∗

k �
−1 / 2 
k ∼(Kareem & Dai 2025). 

5: Repeat Steps 2, 3 and 4 until Eq.(1) converges. 
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Algorithm 3 MOBSynC for clusters from M tFAD 

1: Given the K estimated clusters from M tFAD, compute the 
K(K − 1) / 2 pairwise overlaps ωk1 ,k2 and the generalised over- 
lap ω̈ as follows. 

ωk1 ,k2 = P r 
(
ηk1 ft (x i | zi = k2 ;μk1 ,�k1 , νk1 ) 
ηk2 ft (x i | zi = k2 ;μk2 ,�k2 , νk2 ) 

> 1
)

+ 

P r 
(
ηk2 ft (x i | zi = k1 ;μk2 ,�k2 , νk2 ) 
ηk1 ft (x i | zi = k1 ;μk1 ,�k1 , νk1 ) 

> 1
)
, 

ω̈ = (λ∗
� − 1) / (K − 1) , 

where λ∗
� is the largest eigenvalue of the K × K matrix�with 

pairwise overlaps ωk1 ,k2 as its entries. 
2: Merge the k1 th and k2 th clusters if ωk1 ,k2 > κω̈ , where κ is a 
positive integer indicating merging reluctance, with a larger 
value indicating that fewer pairs are merged in this step. 
Selection of the κ value was discussed in Dai & Maitra (2024). 

3: Compute the probability that x i from the m1 th compound 
cluster Cm1 is misclassified to the m2 th compound cluster Cm2 

as follows. 

ωm2 | m1 = P r 

( 

∑ 

j∈Cm2 η j ft (x i | zi = m1 ;μ j ,� j , ν j ) ∑ 

l∈Cm1 ηl ft (x i | zi = m1 ;μl ,�l , νl ) 
> 1

) 

, 

which can be approximated via the following Monte Carlo 
methods ∼(Chattopadhyay et al. 2022): 
(i) Generate random samples x 1 , x 2 , · · · , x M 

( M is set to be 
106 in Section ∼4) from the mixture distribution of Cm1 , 
which is defined as ∑ 

l∈Cm1 
η∗
l ft (·;μl ,�l , νl ) , η∗

l = ηl /
∑ 

h ∈Cm1 
ηh . 

(ii) Estimate ωm2 | m1 as 

ˆ ωm2 | m1 =
1 
M 

M ∑ 

i =1 
1 

{ 

∑ 

j∈Cm2 η j ft (x i ;μ j ,� j , ν j ) ∑ 

l∈Cm1 ηl ft (x i ;μl ,�l , νl ) 
> 1

} 

. 

4: Compute the pairwise overlap between Cm1 and Cm2 as 
ωm1 ,m2 = ˆ ωm1 | m2 + ˆ ωm2 | m1 , and update the ω̈ following the 
approach described in Step 1. 

5: Repeat the merging steps 2, 3 and 4 until the current ω̈ , or its 
change compared to the previous stage, is below 10−3 . 
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epresent subgroups within a larger compound cluster. Indeed, 
. Chattopadhyay et al. ( 2022 ) provided a MOBSynC algorithm
or tMM clusters, while F. Dai & R. Maitra ( 2024 ) developed a
imilar algorithm for groups obtained using a Gaussian mixture 
f factor analysers model. Here, we adapt the same overlap-based 
rinciple to examine the propensity for merging among the clus- 
ers identified by M tFAD by computing pairwise and generalised 
verlaps using the fitted multivariate t component densities. The 
rocedure is described in Algorithm 3. 
The result of applying Algorithm 3 is that we can get a detailed
ultilayered characterisation of the galaxies in the GAMA data 
ase. 

 GALAXY  SAMPLES  

e are interested in clustering and characterizing the galaxy data 
sing the methods outlined in this paper. For this, we aim to use
 similar set of data as used by S. Turner et al. ( 2019 ). Those
ata were taken from the GAMA survey (I. K. Baldry et al. 2018 )
y selecting a galaxy sample at z < 0 . 06 . We use the same five
eatures as S. Turner et al. ( 2019 ) but add one additional envi-
onmental feature. To do this, we use a slightly higher redshift
ange ( 0 . 05 < z < 0 . 08 ) that is better suited for environmental
easurements. The data set therefore consists of local-Universe 
alaxies ( 0 . 05 < z < 0 . 08 ) from GAMA DR4 (S. P. Driver et al.
022 ; https://gama-survey.org/dr4/data/cat ). This corresponds to 
187 objects after removing observations with incomplete fea- 
ures and outliers. Each local object is described by five astrophys-
cal features that capture the essential properties associated with 
he formation and evolution process of galaxies, including stellar 
ass (in log 10 M�), specific star formation rate (in log 10 yr −1 ), 
 − r colour (in mags), half-light radius (in log 10 kpc ), and Sérsic 
ndex (in log 10 n ). All of which, except the u − r colour (a logarith-
ic flux ratio), are analysed after log 10 transformation because of 
he high skewness in their measurements. 
The features were obtained from the tables called MagPhysv06 

S. P. Driver et al. 2018 ), StellarMassesPanChromv24 (E. N. Tay- 
or & others 2011 ) (for rest-frame u − r), and BDModelsv05 (S.
asura et al. 2022 ). Notably we have updated the structural fitting
f galaxy profiles to those obtained by S. Casura et al. ( 2022 )
xcept we only use the single Sérsic profile fits. 
As the formation and evolution of galaxies are strongly in- 
uenced by their surrounding environment, three key measure- 
ents of the local galaxy environment are considered in our clus-
er analysis. These data, obtained from the GAMA DR4 file server
EnvironmentMeasuresv06), include the surface density, cylin- 
rical count, and adaptive Gaussian environment parameter. The 
escriptions of these environmental features are as follows: 

(i) Surface density� – based on the distance to the fifth nearest 
eighbour among the density-defining population in a velocity 
ylinder of + / − 1000 km s−1 , i.e. 5 

πd2 5 
(S. Brough 2020 ; P. C.

hambhani et al. 2023 ). 
(ii) Cylindrical count CC – measured as the number of (other) 
alaxies from the density-defining population within a cylinder 
f co-moving radius 1 Mpc and a velocity range of + / − 1000
m s−1 . The overdensity is given by Ncyl / (n̄ref Vcyl ) , where n̄ref =
MNRAS 549, 1–13 (2026)

https://gama-survey.org/dr4/data/cat
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Figure 2. Redshift–stellar mass distribution of the 5306 GAMA galaxies 
with complete environmental measurements. Points are colour-coded by 
optimal density, the combined environmental measure. The sample is 
restricted to 0 . 05 < z < 0 . 08 . 
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Table 1. Model-selection results for M tFAD over candidate numbers of 
groups K = 1 , 2 , . . . , 15 . For each K, the minimum BIC is taken over all 
possible group-specific qk configurations qK = (q1 , . . . , qK ) , with qk ∈ 

{ 1 , 2 } for k = 1 , 2 , . . . , K. Here �BIC = BIC K−1 − BIC K for K ≥ 2 . The 
selected model is highlighted in bold. 

K Selected qK Min. BIC �BIC 

1 (2) 43757.92 –
2 (2,2) 41452.73 2305.19 
3 (2,2,2) 40188.36 1264.37 
4 (2,2,2,2) 39250.83 937.53 
5 (2,2,2,2,1) 38500.60 750.23 
6 (2,2,2,2,1,2) 37960.88 539.72 
7 (1,2,2,2,2,2,2) 37857.39 103.49 
8 (1 , 2 , 2 , 2 , 2 , 2 , 2 , 1 ) 37489 . 09 368.30 
9 (2,1,2,2,2,2,2,2,1) 37747.81 −258.72 
10 (2,1,2,1,1,2,2,2,2,1) 37847.07 −99.26 
11 (2,1,1,2,2,2,2,2,1,2,1) 37921.59 −74.52 
12 (2,1,2,1,1,2,2,2,1,2,2,2) 37977.30 −55.71 
13 (1,2,2,2,1,2,2,2,2,2,2,2,1) 38025.69 −48.39 
14 (2,1,1,2,2,2,2,2,1,2,1,1,1,1) 38006.58 19.11 
15 (2,1,2,2,2,1,2,2,2,2,2,2,1,2,1) 37994.32 12.26 
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 . 00734 Mpc−3 is the average number density of the density-
efining population (S. Brough 2020 ; P. C. Bhambhani et al.
023 ). 
(iii) Adaptive Gaussian environment parameter AGE – com-
uted as 

GE = 1 √ 

2 πσ

∑ 

i 
exp 

{ 

−1 
2 

( 

r2 a,i 
σ2 

+ r2 z,i 
(AGEScale · σ)2 

) } 

, 

here ra and rz are the distances from the centre of the adap-
ive Gaussian ellipsoid in the plane of sky and along the line of 
ight in co-moving Mpc, respectively, σ = 2 Mpc, and AGEScale
s the adaptive scaling factor used to scale the value of σ along
he redshift axis by up to a factor of 3 for the highest density
nvironments to compensate for the ‘finger-of-God’ effect. This
arameter is equivalent to a weighted local volume density of 
alaxies, where closer galaxies receive more weight than more
istant ones (S. Brough 2020 ; P. C. Bhambhani et al. 2023 ). 

Within the GAMA sample, 5,306 galaxies possess complete
easurements for the three environmental parameters. To sum-
arize these effects, we adopt a combined environmental mea-
ure known as optimal density, proposed by P. C. Bhambhani
t al. ( 2023 ) and detailed below, which effectively captures the
ariation in the red galaxy fraction and provides a more reliable
easurement of local environmental influence. We therefore use
Optimal density � – computed as a linear combination of 

he surface density, cylindrical count, and adaptive Gaussian en-
ironment parameter: 

log � = log � + α log CC + β log AGE , (5) 

here log CC = −1 at CC = 0 . α and β are numerically deter-
ined to maximize the red fraction range of �. For our fully ob-
erved sample of 5306 galaxies, the best results are α = 0 . 76 and
= 1 . 41 , with the local optimal density � achieving the highest
ed fraction range (0.469) compared to� (0.397), CC (0.425), and
GE (0.391). 
In sum, our final data set consists of 5306 local-Universe galax-

es with complete records on six parameters: Stellar mass, star
ormation rate, u − r colour, half-light radius, Sérsic index, and
ptimal density. Fig. 2 shows that these galaxies lie within the
edshift range 0 . 05 < z < 0 . 08 and span approximately 7.5–11.5
n log stellar masses. The colour gradient indicates that environ-
ental density varies across the full sample, with higher optimal
NRAS 549, 1–13 (2026)
ensity values appearing more frequently among relatively mas-
ive galaxies. 

 RESULTS  AND  ANALYSIS  

e applied the M tFAD algorithm to the 5,306 fully observed
AMA galaxies, each described by five intrinsic astrophysical
roperties and one combined environmental variable – the opti-
al density. The modelling considered up to fifteen mixture com-
onents and up to two latent factors (consistent with the max-
mum permissible number of factors for six observed features).
he resulting clustering structure and latent characterisation are
ummarized below. 

.1 M t FAD grouping 

ur algorithm when applied with BIC selected K = 8 simple
lusters (see Table 1 and Fig. 3 ). The optimal number of factors
or each group was qk = 1 for Groups 1 and 8, and qk = 2 for
he remaining groups. We also see that Groups 2, 3, 5, 6, and 8
re essentially normally distributed given that ̂ νk > 100 for these
roups. Table 2 lists the galaxy counts of the eight estimated
roups, where we see that Group 7 contains the fewest number
f galaxies which is around 12 per cent of the largest Group 5 in
erms of the sample size. Table 3 presents the mean and stan-
ard deviation for each of the six parameters within the iden-
ified groups, while Fig. 4 provides a visual summary of their
istributional patterns. Groups 3 and 4 are characterized by com-
aratively higher stellar masses, redder u − r colours, and lower
verage star formation rates, consistent with more evolved galaxy
opulations. Among them, Group 4 is particularly distinguished
y the reddest colours, the most suppressed star formation activ-
ty, and relatively large Sérsic indices with less variations, while
roup 3 stands out as the cluster with the highest optimal envi-
onmental density. In contrast, Groups 1, 2, 5, and 8 are generally
ssociated with lower stellar masses, bluer colours, smaller Sérsic
ndices, and higher average star formation rates. Among these,
roups 2 and 8 show the lowest optimal environmental densities.
roups 6 and 7 also exhibit relatively low optimal densities to-
ether with the largest half-light radii. In particular, Group 7 has
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Figure 3. Minimum BIC values for the M tFAD model over candidate 
numbers of groups K = 1 , 2 , . . . , 15 . For each fixed K, the plotted value is 
the smallest BIC obtained over all group-specific qk configurations, with 
qk ∈ { 1 , 2 } for k = 1 , 2 , ..., K. The overall minimum is obtained at K = 8 . 

t  

i
 

3  

w
t
m
l
s
s
S
t
a
t
p
s

4

W
c
t
w
m
a  

t
t  

t  

Table 2. Data with Optimal Density: Galaxy counts and astrophysical interpr
distributions in Fig. 4 and the 3D representations relative to the six feature dir

Group Galaxy count Approximate population 

285 Low-mass blue/star-forming sequence 

874 Compact low-mass blue/star-forming seq

604 Environmentally quenched red sequence

664 Mass-quenched red sequence 

1662 Extended low- to intermediate-mass 
blue/star-forming sequence 

496 High-mass end of a star-forming sequenc

209 Transition population and/or sources wit
large uncertainties 

512 Low- to intermediate-mass blue/star-form
systems 

Table 3. Data with Optimal Density: Estimated feature means and standard d

Feature
Cluster Stellar mass Star formation rate u − r colo

8.77(0.35) −10 . 15(1 . 00) 1.39(0.31
8.94(0.44) −9 . 59(0 . 54) 1.32(0.31
9.67(0.50) −11 . 25(0 . 96) 2.01(0.24
10.45(0.42) −12 . 17(0 . 72) 2.30(0.16
9.21(0.50) −9 . 58(0 . 35) 1.27(0.20
10.39(0.32) −10 . 28(0 . 46) 1.86(0.24
9.67(0.72) −10 . 73(1 . 17) 1.74(0.43
9.07(0.50) −9 . 48(0 . 37) 1.35(0.33
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he largest mean half-light radius and one of the highest Sérsic
ndices, with the greatest variation in both quantities. 
The simple clusters are further illustrated in Fig. 5 using the
D visualization framework of Y. Zhu, F. Dai & R. Maitra ( 2021 ),
here the cluster locations relative to the projected feature direc- 
ions highlight their main distinguishing characteristics, as sum- 
arized in Table 2 . The red-sequence galaxies are preferentially 
ocated towards higher stellar mass and larger Sérsic index, while 
uppressed star formation rates. Conversely, the blue-sequence 
ystems occupy regions characterized by lower stellar mass and 
érsic index, and exhibit elevated star formation activity. Collec- 
ively, the estimated simple clusters demonstrate clear physical 
nd environmental differentiation associated with galaxy forma- 
ion and evolution, and indicate that massive and red galaxies 
referentially inhabit denser environments, while lower-mass, 
tar-forming galaxies are more common in lower-density regions. 

.1.1 Latent structure analysis 

e further examined the latent structure within each simple 
luster using the estimated factor analysers. Table 4 presents both 
he numerical values and visual representations of the group- 
ise factor loadings, corresponding to the columns of the loading 
atrix�k described in Section 2.1.1 . To enhance interpretability, 
n oblimin rotation (A. B. Costello & J. Osborne 2005 ) was applied
o each loading matrix. Only loadings with magnitudes greater 
han 0.1 are displayed in the table. Each loading value reflects
he contribution of an individual feature to a specific latent factor,
MNRAS 549, 1–13 (2026)

etation of the simple clusters. The descriptions are based on the feature 
ections in Fig. 5 . 

Main distinguishing characteristics 

Low stellar mass, blue colour, relatively high SFR, low 

Sérsic index. 
uence Low stellar mass, blue colour, high SFR, compact sizes, low 

environmental density. 
 Red colour, low SFR, intermediate-to-high stellar mass, 

highest optimal density. 
Highest stellar mass, reddest colour, lowest SFR, high 
Sérsic index. 
Blue colour, high SFR, larger sizes than other blue groups, 
low Sérsic index. 

e High stellar mass, relatively large size, moderate colour, 
SFR above the quenched groups. 

h Broad feature distributions, largest sizes, high Sérsic index, 
intermediate colour and SFR. 

ing Blue colour, high SFR, low Sérsic index, lowest 
environmental density. 

eviations (in parenthesis) for simple clusters. 

 

ur Half-light radius Sérsic index Optimal density 

) 0.47(0.17) 0.03(0.13) −0 . 72(1 . 90) 
) 0.21(0.21) 0.26(0.27) −1 . 27(1 . 99) 
) 0.43(0.20) 0.23(0.19) 1.16(1.38) 
) 0.61(0.29) 0.66(0.14) 0.01(1.92) 
) 0.64(0.16) 0.05(0.15) −0 . 97(1 . 81) 
) 0.77(0.28) 0.36(0.23) −0 . 94(1 . 83) 
) 1.10(0.61) 0.80(0.26) −0 . 39(1 . 60) 
) 0.46(0.20) 0.00(0.12) −1 . 80(1 . 92) 

e-article/doi/10.1093/m
nras/stag983/8691587 by guest on 25 June 2026
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Figure 4. Data with optimal density: densities and scatter plots of the six features: stellar mass, star formation rate, u − r colour, half-light radius, Sérsic 
index, and optimal density, for simple clusters (indicated by colours). Correlations between features are shown in the upper panel. 
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ith the sign ( + or −) indicating the direction of the relationship

etween the feature and the factor. 
Group 1 is characterized by a single factor that is primarily
riven by stellar mass, with additional smaller contributions from
alf-light radius and u − r colour, which are opposed by smaller
o minor components from star formation rate and optimal den-
ity. 
In Group 2, the first factor is dominated by half-light radius,
ith a minor part of stellar mass and small opposing contribution
rom Sérsic index. While the second factor is primarily defined
NRAS 549, 1–13 (2026)
y a strong negative loading from u − r colour, accompanied by
ubstantial to minor components from stellar mass, Sérsic index
nd optimal density on one side, against a dominant contribution
rom star formation rate on the other. 
For Group 3, the first factor is mainly explained by stellar mass,

ogether with substantial to moderate contributions from half-
ight radius and u − r colour, opposed by a minor component
rom optimal density. The second factor contrasts a strong con-
ribution from star formation rate and a moderate part from half-
ight radius, against opposing loadings from Sérsic index, u − r 
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Figure 5. Data with optimal density: 3D star coordinates plots for simple clusters. 

Table 4. Data with Optimal Density: Estimated factor loadings (in the correlation scale) for simple clusters, along with a heatmap for reference. For 
clarity of presentation, values in the interval ( −0.1,0.1) are suppressed in the table, but displayed using light colours in the heatmap representation. 
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olour, and optimal density, whose magnitudes decrease from 

oderate to smaller to minor. 
The first factor in Group 4 is primarily driven by half-light

adius, with additional moderate and smaller contributions from 

tellar mass, Sérsic index, and optimal density on the same side.
he second factor reflects a contrast between strong positive con- 
ributions from u − r colour and stellar mass, together with a 
inor part from optimal density, and opposing smaller to minor 
omponents from star formation rate and Sérsic index. 
Group 5 has the first factor dominated by half-light radius, 
long with moderate to smaller contributions from Sérsic index 
nd stellar mass, and a minor opposing component from optimal 
ensity. The second factor contrasts substantial to small contri- 
utions from star formation rate and Sérsic index, against a dom-
nant part of u − r colour, which is accompanied by moderate to
mall components of stellar mass and optimal density. 
In Group 6, the first factor is mainly explained by half-light

adius, together with moderate to minor additional contributions 
rom stellar mass, Sérsic index and optimal density on the same
ide. The second factor is dominated by a strong loading from
 − r colour, accompanied by moderate to small contributions 
rom the stellar mass and Sérsic index, which are opposed by a
ajor part of star formation rate. 
For Group 7, the first factor contrasts star formation rate 
gainst u − r colour, stellar mass, optimal density, and Sérsic in-
ex, whose contributions decrease from dominant to moderate to 
maller. The second factor is primarily driven by half-light radius, 
ith an additional moderate contribution from Sérsic index and 
maller to minor components from stellar mass and star forma- 
ion rate. 
Finally, Group 8 has a single factor that is dominated by star

ormation rate and a smaller part of Sérsic index, contrasted with
trong contributions from u − r colour and stellar mass, together 
ith a smaller component from half-light radius. 
We also computed the unbiased estimates of the factor scores 

 i specified in equation ( 4 ) using the Bartlett method (M. Bartlett
937 ; S. L. Hershberger 2005 ; C. Distefano, M. Zhu & D. Mindrila
009 ). The results are given in Table 5 , where the mean score
MNRAS 549, 1–13 (2026)
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Table 5. Data with Optimal Density: Mean factor scores for simple 
clusters. 

Cluster 

Factor 1 0.07 0.22 0.03 0.01 −0 . 03 −0 . 03 0.01 0.01 
Factor 2 – −0 . 01 0.01 −0 . 02 0.05 −0 . 07 0.18 –

Figure 6. Data with optimal density: pairwise overlap measures between 
any two of the simple clusters. The generalised overlap is ω̈ = 0 . 123 . 

Figure 7. Data with optimal density: heatmap of the estimated factor 
loadings for compound clusters. 
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Figure 8. Data with optimal density: flowchart illustrating the appli- 
cation of MOBSynC on simple clusters. Clusters are ordered vertically at 
each stage according to the average u − r colour of their member galaxies. 
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alues represent the average importance of the latent factors as
rated’ by its member galaxies within the group. For Groups 2, 3,
 and 6, Factor 1 contributes more strongly than Factor 2, while
roups 5 and 7 show the reverse trend. Overall, the distinct factor-
oading patterns across the eight simple clusters reveal diverse
ariability within the galaxy group and reinforce the colour–star-
ormation dichotomy as a key latent dimension among the clus-
ers. 

.1.2 Physical picture of the eight simple clusters 

he eight simple clusters are displayed in feature space in Fig. 4 ,
nd their approximate astrophysical interpretations are summa-
ized in Table 2 . Specifically, Groups 3 and 4 stand out as being
oth red in u − r and with low specific star formation rate (SFR).
hese can be associated with quenched populations (Y.-j. Peng
NRAS 549, 1–13 (2026)
t al. 2010 , 2012 ). Given the higher values for the environmental
easure, Group 3 represents environmentally quenched galaxies
hile Group 4, with log stellar masses � 10 , represents mass-
uenched galaxies (R. K. Cochrane & P. N. Best 2018 ). 
There are two intermediate clusters. Group 6 has high mass
nd while it is quite red, the SFRs are significantly higher than the
uenched population. This cluster represents the high-mass end
f a star-forming sequence (J. Brinchmann et al. 2004 ). Group 7
traddles a wide range of physical feature space values. This may
epresent a combination of effects, for example, a transition pop-
lation and/or sources with large uncertainties in feature space.
he high Sérsic index and large sizes for some of this space may
ndicate poor single Sérsic fits. Note this is the smallest cluster in
umber. 
The four remaining clusters of blue galaxies (Groups 1, 2, 5, and
) cover low to intermediate masses of the star-forming sequence.
he two largest in number of these clusters separate into a com-
act galaxy sample (Group 2) and a more extended galaxy sample
Group 5). There is no obvious difference in environmental den-
ity between these two groups suggesting this size difference is
elated to secular evolution. 
The absence of a cluster corresponding to the classical ‘green-
alley’ population is also informative. Galaxies with intermediate
olour or star-formation properties are not recovered as a dis-
inct group, but are mainly distributed across Groups 6 and 7.
his suggests that, in the present six-dimensional feature space,
reen-valley galaxies occupy a transitional region between the
uenched and star-forming populations. 

.2 MOBSynC grouping of the M t FAD simple clusters 

sing the simple clusters identified in Section 4.1 , we further
nvestigated the presence of compound clusters using MOBSynC
escribed in Section 2.2 . Fig. 6 shows the pairwise overlaps
mong the eight clusters, with a generalised overlap of ω̈ = 0 . 123 .
sing the selected threshold κ = 1 , Groups 3 and 4 merge to form
ne compound cluster, while the remaining groups combine into
nother cluster, resulting in two compound clusters at the final
tage, with the factor-loading representation shown in Fig. 7 . The
erging phases and outputs are visualized in Fig. 8 , where at each
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Figure 9. Data with optimal density: densities and scatter plots of the six features: stellar mass, star formation rate, u − r colour, half-light radius, Sérsic 
index, and optimal density, for compound clusters (indicated by colours). Correlations between features are shown in the upper panel. 
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hase, the clusters are ordered vertically by average u − r colour

o that the reddest to bluest galaxy groups are shown from top to
ottom. 
Fig. 9 shows the final feature distributions, demonstrating the 

wo main galaxy populations. Specifically, the compound cluster 
ormed by merging Groups 3 and 4 exhibits substantially higher 
tellar masses, redder u − r colours, and larger Sérsic indices 
nd optimal densities, together with a much lower specific star 
ormation rate, compared to the other compound cluster (formed 
y Groups 1, 2, 5, 6, 7, and 8). Both compound clusters show
he largest variation in optimal density, whereas the half-light 
adius appears to be the least distinctive galaxy property between 
hem. 
We further characterized the two compound clusters using a 

actor model. Because the groups formed by merging simple clus- 
ers are no longer normally distributed, we first applied a Gaus-
ian distributional transform (GDT; Y. Zhu et al. 2021 ; F. Dai & R.
aitra 2024 ) to normalise the results, and then performed factor
nalysis in the Gaussianized space. Fig. 7 presents the resulting 
actor loadings. For the blue sequence (given by the compound 
MNRAS 549, 1–13 (2026)
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luster formed by merging Groups 1, 2, 5, 6, 7 and 8), the single
actor reflects a contrast between star formation rate and strong
o moderate to smaller opposing contributions from u − r colour,
tellar mass, Sérsic index, half-light radius, and optimal density
n that order. For the red sequence (that is the compound cluster
ormed by merging Groups 3 and 4), the first factor contrasts star
ormation rate against stellar mass, u − r colour, half-light radius,
nd Sérsic index, whose magnitudes decrease in that order. The
econd factor is largely dominated by optimal density, opposed
y a minor part from Sérsic index. In sum, MOBSynC clearly
istinguishes between the red and blue galaxy systems, consistent
ith the well-known colour bimodality. 

 CONCLUSIONS  

n this paper, we applied a t-mixture of group-specific factor anal-
sers to cluster local-Universe galaxies from the GAMA survey,
haracterized by five astrophysical features and one combined
nvironmental parameter. We identified eight simple clusters that
xhibit distinctivenesses in galaxy properties and in optimal den-
ity, revealing valuable insights into the diversity of galaxy popu-
ations. These simple clusters provide a finer-level description of 
he galaxy population, separating, for example, environmentally
uenched and mass-quenched red-sequence systems, as well as
everal star-forming sequence groups that differ in stellar mass,
ize, morphology, and environment. We further employed MOB-
ynC to identify larger composite structures by merging less well-
eparated groups, ultimately yielding two major galaxy classes
orresponding to the red and blue sequences. Thus, the famil-
ar red–blue bimodality is recovered as a higher-level structure,
hile the eight simple clusters reveal additional substructure
ithin this broader bimodality. Each identified cluster was fur-
her characterized by latent factors, revealing additional differ-
nces in internal galaxy variability and the underlying physical
rocesses. 
The two-stage analysis, therefore, supports a hierarchical inter-
retation of the local-Universe GAMA galaxy population. At the
rst level, M tFAD identifies simple clusters that capture detailed
ariation in stellar mass, star formation activity, colour, size,
orphology, and environment. At the second level, MOBSynC
erges overlapping clusters and recovers the dominant red–blue
ivision. This suggests that the global bimodality remains a major
rganizing feature of local galaxies, but that each side of the bi-
odality contains physically meaningful substructure associated
ith quenching pathway, morphology, size, and environment. 
From a machine learning perspective, the M tFAD clusters are

nterpreted as model-based probabilistic components in the 6D
eature space. This differs from k-means clustering, which pro-
uces a distance-based partition, and from SOM, which provides
 primarily visualization-focused low-dimensional organization
f the data. In the present analysis, each M tFAD component rep-
esents a region of feature space with its own centre, covariance
tructure, tail behaviour, and latent factor representation. The
ubsequent MOBSynC analysis then assesses the overlap among
hese components and merges weakly separated groups to cap-
ure the higher-level structure of the feature space. 
Although the final galaxy samples excluded incomplete fea-

ures and outliers, these components can provide useful informa-
ion on the intrinsic data structure and generative mechanisms.
ncorporating measurement errors, missing values, and outliers
nto statistical modelling therefore, remains important. Future
ork should focus on developing robust, model-based clustering
NRAS 549, 1–13 (2026)
pproaches that naturally accommodate these complexities, of-
ering a more complete and realistic characterisation of the data.
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