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Abstract

This doctoral thesis aims to take a di erent look at stellar structure censuses in the Milky
Way. Speci cally, it aims to provide interpretable analysis methods to uncover both
previously unknown stellar structures and new members of known stellar populations,
providing astronomers with a more complete picture of the di erent stellar structures in
the local Milky Way.

The thesis contributions to the eld are twofold: rst, it introduces Uncover, an
extended membership analysis technique that integrates known members of star clusters
to search for yet undetected cluster membersUncover is successfully applied to two
di erent use cases, the recently discovered Meingast 1 stream, a Pleiades-age structure
covering about 120 of the sky, and the well-studied star-forming region Ophiuchus.
For these two very di erent stellar structures, Uncover increased the number of members
by tenfold and by about 200, respectively. Second, the thesis introduces Signi cance
Mode Analysis (SigMA, an innovative clustering algorithm that studies the topological
properties of the density eld in multidimensional phase space. The application ofSigMA
to Gaia EDR3 data of the closest young association to Earth, the Scorpio-Centaurus
(Sco-Cen) association, nds, for the rst time, 48 co-moving and coeval clusters in Sco-Cen,
many of them previously unknown. These 48 clusters are independently validated using
astrophysical knowledge unknown toSigMA

Both Uncover and SigMAare formulated in domain-speci ¢ language, use expressive
hyper-parameters, and allow for result validation to provide con dence in the results.
With these tools, we seek to contribute to changing the current culture of blind acceptance
of machine learning results and help astronomers build and modify models based on their
expertise.
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1. Motivation

The ESA/Gaia [44, 42, 43] mission is an unprecedented all-sky survey, providing as-
tronomers with high-precision positions and kinematic measurements 200 times more
accurate than the predecessor mission Hipparcos [92]. For the rst time, position and
kinematic information are available for over 1.6 billion stars, providing enough statistics
to study physical processes to a level of detail never seen before. One of Gaia's key science
objectives is to disentangle stellar populations in the Milky Way, by studying co-moving
and coeval populations, or star clusters. Star clustefsare systems of a few dozen up to
thousands stars that constitute the elementary building blocks of galaxies [75]. These
stars are created in the same formation event and from the same collapsing molecular
cloud and carry crucial information on star formation processes imprinted from their
birthplaces, like velocity and chemical composition. Star clusters are valuable probes for
studying fundamental processes such as the formation and evolution of the Milky Way
structure, stellar physics, and exoplanet evolution [86]. Still, pre-Gaia, this meant we
could only rely on the few high-contrast clusters, like the Pleiades, Hyades, or the still
forming Orion Nebula Cluster. Gaia has completely changed the eld, giving access to
cluster identi cation well below the average stellar density of the background [82, 83].
Both empirical evidence and theoretical modeling support the basic notion that stars
that were born together move together [61]. Hence, star clusters can be identi ed
via positional and kinematic analyses, which have gained signi cant traction with the
advent of Gaia and its high precision astrometric measurements. However, disentangling
and extracting stellar populations is notoriously di cult. Firstly, as a consequence of
interactions with the Milky Way potential and giant molecular clouds, these initially quite
compact objects are stretched into elongated, sometimes non-convex structures in position
space. This galactic-stretching leads to a variety of cluster shapes from very compact
overdensities (when young), to low-contrast, spread out, s-shaped clusters dominated
by the Milky Way tidal forces [81, 96]. Second, due to the low amount of available
radial velocities, about 0:4% in Gaia's second data release (DR2 [4%)], one is, for the

 This thesis uses the word cluster" to describe a stellar structure, or a cluster of stars, in the statistical
sense of the word cluster as an enhancement over a background, meaning, it does not discriminate
between physically bounded or unbounded cluster, itself a di cult distinction to make observationally.
These stellar structures include structures known in the literature as open clusters, associations,
moving groups, streams, clusterings, aggregates, subgroups, etc., i.e., coeval and co-moving stellar
populations.

2This work used Gaia DR2 data, and as soon as it was available, it switched to data from the early
data release three (EDRS3 [43]). EDR3 replaced the second data release on December 3, 2020. While
DR2 is based on observations from the rst 22 months of the mission, the EDR3 catalog summarizes
measurements from the rst 34 months. Regarding measurements related to this work, EDR3 features
about 10% more sources with the so-called ve-parameter solutions, i.e. celestial positions, parallaxes,



most part, restricted to two tangential velocity axes. Thus, even if we assumed perfectly
Gaussian distributed three-dimensional (3D) velocities within these groups, the on-sky
projection to the curved two-dimensional (2D) surface can distort original symmetrical
convex shapes into arbitrary, non-convex shapes depending on the size, orientation, and
distance to the stellar group. Complicating matters further, members of star clusters
make up only a tiny subset of the data, with eld stars generating background noise that
cannot be easily removed in 5D phase spateThe (usually) ve-dimensional phase space
is populated with stellar clusters of various shapes and densities embedded in a sea of
noise, making parametric clustering algorithms practically unfeasible. Such distributions
are too complex to be modeled precisely in a functional form, and the total number
of clusters is also unknown. These circumstances make extracting clusters with a high
signal-to-noise ratio a di cult task, especially in the low-density regime.

Nevertheless, Gaia has had a major impact on the discovery and characterization of
previously unknown clusters, and even uncovered an entirely new type of stellar structure,
Milky Way disk stellar streams [82, 96, 63, 81, 8, 69, 58, 94, 83, 59]. The origin of the
new shapes is not yet fully understood and is a hot topic of research, particularly for
young stellar clusters.

This work identi es two main modes of how stellar clusters are analyzed in the literature.
First, astronomers aim to uncover yet unidentied member stars of already known
stellar clusters. Typically, new star clusters' discoveries consist of small high-con dence
samples that minimize misclassi cation of stars. However, larger samples would not
only dramatically improve the quality of the derived cluster's physical parameters but
also uncover the so far unseen low-density regions of stellar clusters, containing precious
information on the cluster formation and evolution [12, 31, 40, 83]. Additionally, such
improved membership lists often add low mass stellar members, which are the less
prominent cluster members and are often not included in previous membership lists.
To know the complete stellar cluster membership, including low-mass stars, allows for
improved statistics, in particular on the shape of the initial mass function (IMF), which
gives a statistical overview of the probability of the mass distribution in Milky Way
stellar clusters. This thesis nds that the existing literature (see Sect. 1.2.1 for a detailed
analysis) on identifying new member stars often ignores previously identi ed members
which we aim to incorporate.

The second main mode is to discover yet unidenti ed stellar groups in the Gaia data

and proper motions. The full six-dimensional phase space is available for 7.2 million stars (about
0.4%) of the entire catalog, as crucial radial velocities are mostly missing (unchanged to DR2). The
upcoming Gaia data release three (DR3), planned for June 13th, 2022, aims to increase available
radial velocities to about 33 million, facilitating more detailed membership studies.

3The standard de nition of phase space is a set of coordinates required to determine the state of
a particular physical system. Thus, a point in phase space corresponds to a single system state.
In mechanics, the phase space is usually six-dimensional (6D) and consists of three position axes
and three axes that encode the momentum of a system along these axes. Here, similar to a star's
momentum, we consider its precisely determined velocity, the variable of interest in stellar cluster
analyses [61]. In case of missing kinematic information, we relax our de nition of phase space to a
5D feature space consisting of three positional axes and two velocity axes, as provided by the Gaia
astrometry.



set. The meta-study of Kharchenko et al. [64], which was published pre-Gaia, lists 2267
probable stellar clusters in the Milky Way disk. Although the census was believed to
be rather complete at the time, Gaia studies found that many established groups were
random uctuations, as well as new clusters [12, 11, 17, 16, 77, 105, 15, 22, 69, 63]. This
hints to a large population of yet undetected star clusters which have evaded detection,
most likely due to low phase-space density. This thesis nds that currently used clustering
tools are not well suited for the task of extracting stellar groups and aims to improve
upon existing techniques to provide e ective and interpretable methods to identify yet
unseen stellar groups.

1.1. Research aims

Disentangling and extracting stellar populations is notoriously di cult. However, the
payo is huge: a complete catalog of stellar populations in our Milky Way would serve as
a baseline for investigations on several fundamental properties of stellar physics. Star
clusters provide probes to tackle problems such as the assembly of the Milky Way, the
initial mass function, local gas star formation rate, and timescales for planet formation
(see also the reviews by McKee & Ostriker [80] and Kennicutt & Evans [62]).

Instead of a one-size- ts-all solution toward a complete catalog, research often happens
in a two-pronged approach: rst, star cluster discovery, and second, extended membership
analysis. Separating this work ow into two steps is advantageous because practitioners
can optimize tools for the speci ¢ use case. By improving currently used methods, this
work aims to further the journey towards a complete catalog.

This thesis considers both extended membership analysis and cluster identi cation
as machine learning problems. In both cases, the methodological perspective is to
develop tools that are interpretable by design while at least maintaining or improving
the e ectiveness and accuracy of existing methods. This work, rather than directly
working on astronomical research questions (RQ), aims to create resources that support
sense-making, exploration, and discovery of new knowledge in astronomical data. To
change the current culture of blindly trusting machine learning models, we focus on
two issues where we see opportunities for improvement. First, we identify the need for
comprehensible model selection procedures for existing powerful and e cient machine
learning models. Second, we aim to develop innovative tools designed with interpretable
hyper-parameters in mind to facilitate the model selection process. Further, this thesis's
immediate goal is to validate developed methods on astronomical data directly.

While this thesis focuses on the development of innovative methods in the domain
of astronomy, we expect our methods and ndings to generalize to other applications
with large unlabeled data with high noise, arbitrary cluster shapes, and heteroscedastic
measurement errors where modeling the data distribution from rst principles is tedious
to impossible.



1.2. Research questions

Given the vast amount of data Gaia provides and its high-dimensional search space,
recent analyses (almost entirely) are based on automated and computerized procedures.
These challenges have sparked the employment of a multitude of analysis methods from
the elds of data mining and statistical learning and the development of new tools
tailored to astronomical data. This thesis critically assesses their performance in extended
membership analysis (A) and clustering (B) and identify potential for further development.

1.2.1. A. Extended membership analysis

To uncover potentially new cluster members, star clusters are often subject to follow-up
studies. Especially the advent of Gaia has sparked many extended membership analysis
approaches, as it not only provides more precise positional and kinematic measurements,
but also data on very faint stars never seen before.

Current membership analysis approaches can be divided into either unsupervised
heuristics (e.g. Clusterix [6], [72], Meingast et al. [82], R6ser et al. [95]) or probabilistic
models (e.g. Sarro et al. [98], BANYAN [41], Cantat-Gaudin et al. [13], Gao [46],
Jaehnig et al. [57], ML-MOC [1]) which predominantly focus on modeling stellar clusters
as multivariate Gaussians in phase space. However, diverse non-convex star cluster
shapes caused by multiple initial conditions and complex interactions with the Milky
Way (e.qg., tidal tails [82, 96]) introduce signi cant deviations from Gaussianity. In
contrast, unsupervised methods ignore information obtained in previous studies, which
could increase the recall and accuracy of searches revisiting known populations.

To the best of our knowledge, we not nd in the astronomical literature any occurrence
of supervised learning techniques for identifying unseen cluster members. These methods
can incorporate a preliminary set of high- delity members and (depending on the employed
algorithm) provide enough exibility to estimate highly non-convex decision boundaries
in high-dimensional space. However, due to the lack of labeled outlier data, only novelty
detection methods (also called one-class algorithms) can successfully train a classi er
from a list of cluster members.

A powerful algorithmic choice that adapts to highly non-linear decision scenarios is
one-class support vector machines (OCSVM [99]). OCSVMs learn a tight and smooth
boundary around a target data set. By applying the kernel trick, this boundary is highly
exible and can describe non-linear, arbitrarily shaped boundary regions. However, its
extraordinary versatility quickly becomes its biggest drawback, as its performance depends
heavily on the choice of input hyper-parameters. We conjecture that OCSVMs, although
powerful, have not been applied to identify star cluster members because model selection
is tedious and requires a high level of expert knowledge of the algorithm itself. This
thesis identi es a need for comprehensible model selection procedures for OCSVM. These
considerations culminate in the following research questions:

A.1 How can members of previously studied star clusters guide the search for yet
undetected member stars?



A.2 How to apply novelty detection searches in the domain of astronomy with variously
shaped groups where the target class is a minority among a sea of outliers and the
available training data has unknown contamination from the outlier class.

A.3 How to e ectively provide an overview of the vast space of possible star classi cation
models.

A.4 How to decompose the membership identi cation process into small, interpretable
steps. Speci cally, how to support users to apply their domain expertise to assess
the goodness of trained models and e ectively build con dence in the nal classi er
among domain experts?

1.2.2. B. Cluster analysis

Finding coeval stellar populations amounts to a needle in a haystack-style search. Less
than 5% of all stars are clustered; the rest so-called eld stars form a non-uniform
background in phase space. Various shapes, space densities, and cluster sizes make it a
hard challenge to do right. This task is further complicated as (compared to supervised
learning) principled model selection techniques (such as cross-validation) cannot be applied.
The lack of labeled data means the lack of an optimization criterion. The unsupervised
nature also implies that partitioning data into meaningful clusters is, in general, an
ill-posed problem. Each clustering method comes with individual assumptions about
what the clustered space should look like. While parametric clustering algorithms such
as Gaussian mixture models (GMM [28]) are easy to interpret, non-parametric methods
such as popular star cluster extraction methods DBSCAN [35] and HDBSCAN [10]
have more complex selection functions. Although powerful, many heuristics use complex
or incomprehensible hyper-parameters. Since no optimization objective exists, many
practitioners fall back to manual trial and error searches, e ectively aimlessly wandering
through the hyper-parameter space. This challenging situation is also re ected in the
wide variety of methods used on Gaia data to identify groups. These methods can be
roughly separated into the following categories"

" Parametric approaches (e.g., Cantat-Gaudin et al. [13])

" Non-parametric machine learning methods (e.g., DBSCAN [35] by Castro-Ginard
et al. [16, 15], Zari et al. [119], Furnkranz et al. [39], Hunt and Re ert [56];
HDBSCAN [10] by Kounkel et al. [69, 70], Hunt and Re ert [56], Kerr et al. [63];
OPTICS [4] by Ward et al. [114]; SNN [34] by Chen et al. [22]; EnLink [104] by
Kos et al. [68] and Chen et al. [22])

Analysis and machine learning techniques designed toward stellar cluster discovery
(e.g. UPMASK [72] by Cantat-Gaudin et al. [12, 11], Pefia Ramirez et al. [91];
StarGO [118] by Tang et al. [108], Pang et al. [89, 90]; and other unnamed analysis

“The following lists are not exhaustive literature surveys but rather intend to provide a rough overview
of the current clustering landscape.



techniques by Kushniruk et al. [73], Oh et al. [87], Galli et al. [45], Meingast et
al. [82])

Given the plethora of analysis initiatives that pursue the same goal, we highlight the
following research directions. These directions address clustering challenges toward a
consolidated star clustering approach: (1) Visual solution space exploration alongside
clustering result validation options for domain experts (e.g., the Hertzsprung-Russell
diagram (HRD® [38]). (2) Meaningful and interpretable hyper-parameters that alleviate
or facilitate manual solution space exploration. (3) Internal validation criteria [79]
(e.g., Silhouette score [97]) based on heuristic measures such as cluster compactness and
separation, optimized for star cluster results, enable automatic model selection.

Of these three options discussed above, this work focuses on the second. It sees a-
priori intrepretable tools (or interpretable hyper-parameters) as the fundamental level
of model selection techniques. This thesis aims to achieve interpretability by modifying
crucial internal algorithmic decisions to conceptually simpler paradigms without sacri cing
accuracy. If this modi cation is not possible, the research directions (1) and (3) mentioned
above represent alternative research avenues.

The goal of this work is to facilitate the search for star clusters in phase space. Providing
meaningful clustering tools for star cluster extraction faces these challenges:

B.1 How to increase interpretability and robustness of model agnostic, density-based
clustering methods that generalize to variously shaped clusters with variable density,
in over 95% background noise with non-uniform background distribution, and
heteroscedastic measurement errors?

B.2 What constitutes a meaningful cluster? Or, how to automatically nd the number
of groups contained in a data set while using an interpretable measure of clustered-
ness .

1.3. List of contributions

The main contribution of this thesis is a set of two analysis tools that facilitate the
thorough study of stellar clusters in positional and kinematic data sets. In particular,
it aims to provide interpretable methods to combat the culture of blind acceptance of a
machine learning result. The two methods, which follow the two main modes of stellar
cluster analysis, are the following:

5The distribution of stars in the positional and kinematic feature space, alongside their distribution in
the Hertzsprung Russell diagram (HRD) provides evidence for or against a true (coeval) star cluster
hypothesis. The HRD shows the evolutionary distribution of stars. It is a scatter plot in which the
absolute magnitude of stars, a measure of their brightness, is plotted against the color, a measure of
surface temperature of the same stars. The position of a star on the HRD depends on several factors,
but notably, on its mass, chemical composition, and age. During its life, a star follows an evolutionary
path through the HRD. Stars in stellar clusters are born together, originating from large collapsing
molecular clouds and thus have the same age and chemical composition. Therefore, star cluster
members with di erent masses are found to lie on and around (due to errors in the measurement
process and the variability of especially young stars) a curve in the 2D plane.



A) Uncover, an interactive, visual novelty detection framework to identify unseen
members of given stellar groups. Suitable models are selected in three steps: First,
astronomers de nea priori knowledge about the star cluster. Second, they use
their domain expertise to quantify the goodness of the model. Third, the qualitative
assessment by the users creates the opportunity to update prior knowledge and
select appropriate models accordinglyUncover is explained in detail in Ch. 3, in
which this thesis aims to answer the research questioriRQ A.1 , A.2, A.3, and
A.4 . The contributions are summarized in the following points:

i) This thesis presentsUncover, an innovative model selection method for highly
exible novelty detection models aimed at extended star cluster membership
analyzes (see Sect. 3.4).

i) This thesis validates membership identi cation capabilities in two case studies.
The application to the recently discovered Meingast 1 stream [82] unveils
about 2000 new high- delity members, increasing the population size tenfold
(see Sect. 3.5). The application to the well-studied Oph region nds 191
new high- delity members, demonstrating the e ectiveness ofUncover (see
Sect. 3.18).

iii) Using the newly identi ed Meingast 1 members, this thesis corrects the original
age estimate, which was from 1 Gyr to 110 Myr, and determines it's mass
to around 2000M , making it by far the most massive stream in the solar
neighborhood. In addition, this work can assign several white dwarfs to the
Meingast 1 stream (see Sect. 3.5).

iv) Using the newly identied Oph members, this thesis reveals two main
populations that show slightly di erent ages (see Sect. 3.19).

v) This thesis embeddJncover into a visually assisted work ow for cases of vague
prior knowledge on the number and distribution of yet unseen member stars
and in the presence of training set contamination and high outlier fractions
(see Sect., 3.31.2).

vi) This thesis introduces an analysis and abstraction of data, tasks, and require-
ments for the star formation domain (see Sect. 3.33).

vii) This thesis provides a breakdown of the star classi cation process into small,
interpretable steps. This work ow supports users to apply their domain exper-
tise to assess the goodness of trained models, e ectively building con dence in
the nal classi er among domain experts (see Sect. 3.34).

viii) This thesis validates the visual interfaceUncover in two scienti ¢ use cases
that demonstrate the e ciency and e ectiveness of the Uncover interface in
nding new stars (see Sect. 3.38).

B) Signi cant Mode Analysis (SigMA, a density-based clustering method that aims
to nd modes in the data separated by density dips. The method studies the
topological properties of the density eld in the multidimensional phase space. The



set of critical points in the density eld gives rise to the cluster tree, a hierarchical
structure in which leaves correspond to modes of the density function. Typically,
however, non-parametric density estimation methods lead to an over-clustering
of the input data. We propose an interpretable cluster tree pruning strategy by
determining minimum-energy paths between pairs of neighboring modes directly
in the input space. We tested for deviations from unimodality along these paths,
which provides a measure of signi cance for each pair of clusterSigMAis explained
in detail in Ch. 4, in which this thesis aims to answer the research questionRQ
B.1 and B.2.

i) This thesis presentsSigMA a novel clustering method that takes density peaks,
separated by dips, as signi cant clusters. Using a graph-based approach, it
detects peaks and dips directly in the multi-dimensional phase space, providing
a measure of signi cance. The method is able to adapt to non-convex shapes,
variable densities, properly incorporates astrometric uncertainties, and is ne-
tuned to large-scale surveys in astrophysics (see Sect. 4.4.2)

i) This thesis identi es about 10* members in the Scorpius Centaurus association
(Sco-Cen) arranged in 48 clusters of co-spatial and co-moving young stars.
The HRD for each cluster shows a narrow and well-de ned sequence providing
a validation test to the ability of SigMAto extract coeval and co-moving
populations (see Sect. 4.5).

iii) This thesis nds a large fraction of clusters are (tentatively) associated with
well-known Sco-Cen massive stars, too bright to be in Gaia EDR3. Because
the proposed method is not aware of these massive stars, the association with
clusters also constitutes a validation test toSigMA(see Sect. 4.5).

iv) When comparing the 48 identi ed stellar populations in Sco-Cen to previous
results from the literature, this thesis nds mostly agreement; however, several
discrepancies exist. Visual selection methods used recently on Gaia data
of Sco-Cen produce a 15% larger number of candidates when compared to
unsupervised methods. On the other hand, the proposed methods are able
to nd more spatial and kinematical substructure for the same data set, and
produce samples with lower contamination levels (see Sect. 4.5.2).

1.3.1. Thesis structure

The remaining thesis is loosely structured into two parts following the two main modes
of stellar cluster analysis. In sections associated with part A, it discusses methods to
uncover unseen star cluster membetsin sections associated with part B, it covers the
identi cation of unknown star clusters These parts coincide with two main contributions
of this thesis, discussed in Sect. 1.3.

In Ch. 2, the state of research is brie y surveyed. Speci cally, Sect. 2.1 (A) discusses
model selection techniques in one-class situations and Sect. 2.2 (A) highlights related
work regarding visual and interactive model selection methods. In Sect. 2.3 (B), density
based clustering techniques are surveyed and its challenges are discussed.



Following the state-of-the-art discussion, the main research contributions of this thesis
are presented in Ch. 3 (A) and Ch. 4 (B). These chapters include a brief introduction
followed by the respective research works, which are presented without modi cations
to formatting and prefaced by an evaluation of contributions by individual co-authors.
Speci cally, Ch. 3 introduces the Uncover analysis method and its application and
validation on astronomical data. Furthermore, a visually assisted work ow for Uncover is
introduced that incorporates prior knowledge of the number and location of unseen star
cluster members. This work proposes strategies for updating (even vaguely formulated)
prior beliefs, which, in turn, e ectively provide means for model selection. This work has
produced the following papers:

Ratzenbock, S. , Meingast, S., Alves, J., Mdéller, T., & Bomze, |. 2020. Extended
stellar systems in the solar neighborhood - IV. Meingast 1. the most massive stellar
stream in the solar neighborhood. Astronomy & Astrophysics. Supplement Serigs
639, A64.

Grasser, N., Ratzenboéck, S. , Alves, J., Groyschedl|, J., Meingast, S., Zucker,
C., Hacar, A., Lada, C., Goodman, A., Lombardi, M., Forbes, J. C., Bomze, I.
M., & Mdller, T. 2021. The Ophiuchi region revisited with Gaia EDR3 - Two

young populations, new members, and old impostors. Astronomy & Astrophysics.

Supplement Series652, A2.

Ratzenbdck, S. , Obermidiller, V. Mdller, T. Alves, J. & Bomze, |. 2022. Uncover: To-
ward Interpretable Models for Detecting New Star Cluster Members inlEEE Trans-
actions on Visualization and Computer Graphics doi: 10.1109/TVCG.2022.3172560.
Accepted in April 2022.

Chapter 4 presentsSigMA a hierarchical, density-based clustering method with measures
of signi cance. This clustering technique is presented in the following manuscript:

Ratzenbéck, S. , Mdller, T., Groysched|, J., Alves, J., Bomze, I. & Meingast, S.
2022. Signi cance Mode Analysis SigMA for hierarchical structures: An application
to the Sco-Cen OB association

Major revision decision with Astronomy & Astrophysics in May 2022.

This thesis concludes with Ch. 5 where a summary of results is presented in Sect. 5.1
and future work is discussed in Sect. 5.2.






2. Methodology and state of research

Here, the state of research for each research question is brie y discussed, providing a
framework and guideline for this work's contributions. With the aim of interpretable
methods for star cluster searches, the research questions have interdisciplinary elds of
investigation. On the one hand, the methodological side of this thesis aims to contribute
to the eld of data science, or more precisely, data visualization and machine learning. On
the other hand, it seeks rst to validate this thesis' ndings in an astronomical context to
prove its viability and usefulness.

Related work this thesis builds upon that directly a ects the techniques developed
in this study are briey discussed. To addressRQ A.1 and A.2, one-class model
selection approaches are discussed in the context of stellar clusters in Sect. 2.1. Building
upon lessons learned from Ratzenbdck et al. [94] and Grasser et al. [51], this work
considers model selection techniques in cases where qualitative, visual inspection of
inferred stars can guarantee maximal con dence in the model, addressingQ A.3 and
A.4 in Sect. 2.2. Finally, in Sect. 2.3, it addresse®RQ B.1 and B.2 by discussing related
work in non-parametric, density based clustering.

Following the discussion on state-of-the-art methods in the domain of astronomy in
Sect. 1.2, this chapter will contextualize this work with modern data science practices
and achievements.

2.1. One-class model selection (A)

Due to the lack of labeled outlier data, traditional model selection techniques such as
cross-validation cannot be applied to one-class methods. Since no second class can restrict
model growth, models that encompass the whole feature space would achieve a perfect
test score. The optimal hyper-parameter selection for one class models remains an open
problem to this day [110].

To mitigate the non-trivial selection process of OCSVM hyper-parameters, automatic
hyper-parameter selection approaches have been proposed, which should provide suitable
results. Automatic strategies either provide selection heuristics, or focus on producing a
set of pseudo-outliers [110, 109, 29, 7, 32, 113]. These arti cial outliers are subsequently
used as an opposing class to the training data during cross-validation. Heuristics are
often limited to speci c kernel parametrizations. As radial basis function (RBF) kernels
bring a high degree of model exibility most heuristics usually focus on them [36, 65, 112,
116, 48].

Both automatic approaches, however, often assume a problem in which the target
class is su ciently represented while the other class has almost no measurements in
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comparison [110]. This class imbalance assumption towards the training set is in stark
contrast to stellar clustering where the target class is a minority embedded in, and
outnumbered by, a background of non-member stars. Furthermore, automatic methods
usually provide point estimates for hyper-parameters, providing only a single model to
infer new member stars with.

Even in the case of optimal model hyper-parameters, one-class algorithms are shown to
exhibit poor performance [109] which can be combated by using also non-optimal learners
in an ensemble approach, improving the performance and robustness of the prediction.
Additionally, point estimates are not able to adapt to speci ¢ user expectations. Moreover,
point estimates can also be troubling in the case of noisy training data. Since residual
contamination in the training sample from non-member stars is expected, one has to
consider that OCSVM classi ers can be sensitive to contamination from outlier data [55,
78]. In this case, the OCSVM classi ers tend to skew toward the anomalies. Amer et al. [2]
propose to mitigate the in uence of outliers by altering the OCSVM objective function
introducing training sample weights. Instead of tweaking the objective function, Ghafoori
et al. [47] introduce a pre-processing step which removes anomalies from the training
set and simultaneously tries to estimate suitable hyper-parameters. Both approaches,
however, need some form of outlier estimate, be it either through the distance to the data
centroid [2] or via a k-NN density estimate [47] implying that outliers occur towards the
border, or in low density regions of the training set. While this assumption is su cient
for many applications, it does necessarily generalize to star clusters where contamination
depends greatly on the training set selection method.

This work will focus on automatic model selection heuristics that are adopted to the
domain of star cluster extractions.

2.2. Visual model selection (A)

Although no ground truth information is available for individual stars, ensembles of stars
can be qualitatively validated by domain experts. The distribution of stars in phase
space, alongside their distribution in the HRD' provides evidence for or against a true
star cluster hypothesis.

Since solutions need qualitative veri cation, the process of nding appropriate and
e ective models is inherently unsupervised. The di cult problem of hyper-parameter-
nding of unsupervised algorithms has been addressed by the visualization community
and is known as the paradigm of visual parameter space analysis (VPSA [102]). VPSA
aims to replace the tedious manual process with a systematic approach that facilitates
the comprehensive visual exploration of the solution space.

A large body of previous work exists on interactive tools to support the exploration
of possible models; a summary is listed in the following paragraphs. General purpose
tools provide means for exploratory data and cluster analysis. The Hierarchical Clus-
tering Explorer (HCE [103]) is an early example of an interactive visualization tool that

1See footnote 3 in Sect. 1.2.2 for more details.
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improves the users' understanding of di erent clusters. HCE organizes the hierarchical
cluster structure as a dendrogram with heatmaps. DICON [14] introduced techniques
for comparing clustering results across di erent algorithms and even data sets. To fa-
cilitate cluster analysis DICON uses an icon-based cluster visualization that embeds
statistical information into a multi-attribute display. Clustrophile 1+2 [27, 18] is a cluster
analysis and exploration tool which guides a user through di erent choices of clustering
hyper-parameters and provides interpretable cluster explanations. Clustervision [74],
similar to Clustrophile 1+2, is a general purpose clustering tool which performs a meta
clustering analysis using multiple di erent clustering techniques and hyper-parameters.
Users can explore these solutions on the basis of ve summary statistics measuring cluster
compactness and separation with the goal of providing a domain independent comparison
of clustering results.

Extensive work has been done on incorporating user feedback into the clustering
process. VISTA [23] was developed with the understanding that human interaction is an
important factor in clustering. It is designed with the concept in mind, that clustering
is not nished without human interaction. Thus, users can interactively re ne clusters
while improving their understanding of the result and acceptance of the pattern applied.
ClusterSculptor [85] enables users to intervene in the clustering processes. Users can
iteratively re-organize and interact with clusters using expert knowledge. The system
aims to derive clustering rules from these examples. Schreck et al. [100] use user feedback
to inuence the result of self-organizing map (SOM) clusterings of trajectory data.
Matchmaker [76] extends ideas from HCE [103] allowing users to modify clusterings by
grouping data dimensions. Open-Box Spectral Clustering [101] is an interactive tool that
visualizes mathematical quantities involved in 3D spectral clustering. The system provides
hyper-parameter value suggestions and immediately reacts to user feedback to increase
the quality of image segmentation. Packer et al. [88] present a distance-based spatial
clustering approach and provide a heuristics computation of input hyper-parameters
that supports the search for meaningful cluster results. ReVision [117] allows users
to steer hierarchical clustering results by utilizing both public knowledge and private
knowledge from users. By reformulating this knowledge into constraints, the data items
are hierarchically clustered using an evolutionary Bayesian rose tree.

Conceptually similar research to ours include Geono-Cluster [26] and PK-clustering [93].
Geono-Cluster enables biologists to insert their domain expertise into clustering results.
The tool displays the expected clustering results to users based on a small subset of
data. The system estimates users' intentions and generates potential clustering results.
PK-clustering enables users to input prior knowledge and explore the space of clustering
results in the context of the provided prior knowledge. The study of consensus between
prior assumptions and cluster results allows users to acquire and update their prior
knowledge.

In contrast to previous works, this thesis aims to shift the focus from data exploration
and insight generation towards e ective model generation targeted at a single cluster.
Additionally, it nds that currently available systems fail to incorporate previously
identi ed members and no work has been done on visual parameter space exploration on
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novelty detection methods.

2.3. Non-parametric, density based clustering (B)

This thesis considers model agnostic approaches to identify stellar groups in positional and
kinematic data sets. Speci cally, it aims to study the structure of the density distribution,
considering its modes as stellar groups. Related research on non-parametric density-based
clustering methods is vast. In the following, a brief introduction is provided and critical
literature is discussed along the way. In the following, bold, lower-case variables denote
d-dimensional vectors.

2.3.1. Cluster de nition in density-based analyses

with x; 2 RY are drawn from an unknown density functionf . The goal is to understand the
structure of the underlying density function, which is estimated from data. Wishart [115]
provided an early interpretation, which de nes clusters as data samples associated with
modes inf . Koontz et al. [67] proposed a rst mode-seeking clustering algorithm, and
similarly, later works such as the widely used Mean-Shift algorithm and its variants [24,
25, 111] build upon Wishart's idea.

Hartigan [54] proposed an alternative cluster de nition in which clusters are the
connected components of the level-sets ¢f. Assumingf has compact supportX, the
resulting level-sets for the threshold can be formally written as the following:

L()="fx2X : f(x) g (2.1)

Thus, L( ) constitutes a set of connected components that are identi ed as clusters. The
connected components of the level-sdt (c) are the resulting clusters, while the remaining
data is treated as noise. See the second to last panels in Fig. 4.1 for four clustering
solutions, depending on various density threshold levels.

A single threshold, as is, e.g., employed in the DBSCAN [35] algorithm, cannot reveal all
peaks for many data sets containing clusters with variable densities. Instead, a hierarchy
of clustering solutions emerges by considering all possible threshold values in a hierarchical
clustering approach.

Hierarchical, density-based clustering

The set of critical points, wherer f = 0, in the density eld gives rise to the cluster
tree, a hierarchical structure in which leaves correspond to modes of the density function.
Conceptually, the cluster tree is obtained by sweeping the density threshold from 1
to 1 and tracking connected components at each step; see Fig. 4.1 for a schematic
illustration.

Similar to gradient estimation in mode-seeking algorithms, the computational realization
of cluster tree extractions faces several implementational challenges. Estimating the
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connected components, while easy in one dimension, gets nontrivial in higher dimensions.
To approximate connected regions in higher dimensions, implementations and theoretical
analyses [5, 107, 19, 71, 20] adopt a grap@( ) over the data samples where vertices

and/or edges are ltered according to , thus fx 2 X : f(x) .

However, Stuetzle & Nugent [107] point out that samples from the same connected
component inL( ) may end up in di erent connected components ofG( ). Additionally,
density estimates are inherently noisy; both e ects, thus, lead to an arti cial increase in
the number of clusters. To counteract this over-clustering, the resulting graph cluster tree
is usually pruned in a post processing step during which spurious clusters are identi ed
and merged back into the parent cluster [107, 71, 20].

Cluster tree pruning

Various methods for cluster tree pruning have been suggested. The popular HDBSCAN [10]
algorithm, for example, prunes the cluster tree in two ways; rst, clusters that have fewer
members than a given threshold value are merged back to the parent mode. Second,
HDBSCAN estimates the stability of each cluster in the hierarchy via the concept of
relative excess of mass (EOM) [84]. The EOM heuristic measures the lifetime and size of
a cluster and favors more prominent and stable clusters that live longer in the cluster
tree.

A related pruning heuristic comes from considering each mode's topological stability, or
persistence, inf', introduced by Chazal et al. [21]. Persistence is de ned as the lifespan of
each connected component, i.e., the di erence in density from a mode's birth to its death
by merging into its parent mode. The concept of persistence is an e ective measure to
prune the cluster tree, as it is stable under small perturbations to the underlying density
f [33, 120, 49, 21].

Similarly to persistence, Ding et al. [30] present thesaliency index, a mode's birth to
death density ratio. The cluster tree is generated by varying the saliency index between 0
and 1. Cluster con gurations that are unchanged for the longest time as the saliency is
varied are considered relevant results.

Both heuristics, persistence and salience, have the desirable ability to automatically
provide sensible hyper-parameter choices, i.e., largest value ranges where the clustering
remains unchanged. However, in the case of many clusters and large data sets, these
stable regions typically disappear and selecting the input parameters again warrants a
proper parameter search.

Compared to the heuristic notions of stability, there is also growing research to apply
statistical methods that test the modality structure of the data. These methods o er
the advantage of an interpretable and meaningful parameter , de ning the signi cance
level of a corresponding hypothesis test. The null hypothesis fHHcommonly assumes that
the data, or subsets of it, are sampled from a uni-modal density, whereas the alternative
hypothesis H suggests multi-modality. The null hypothesis is rejected at a signi cance
level if the p-value from the corresponding test procedure exceeds this signi cance level.

Hypothesis test procedures have been used to estimate the number of clusterskin
means and EM frameworks. G-means [52], PG-means [37], and Dip-means [60] employ
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the Anderson-Darling [3], Kolmogorov-Smirnov [66, 106], and Hartigan's dip [53] test
to estimate the number of clusters, respectively. Burman & Polonik [9] proposed a
conceptually similar approach, which examines the modality structure on a straight line
path between two candidate modes. Two neighboring peaks are true clusters in the data
if there exists no path between them that does not undergo a substantial dip in density.

This work proposes a meaningful cluster tree pruning method by employing a modi ed
version of the modality test by Burman & Polonik [9]. The integration into the hierarchical,
density based framework provides a highly accurate clustering algorithm with interpretable
hyper-parameters that alleviate practitioners from haphazardly trusting machine learning
output.
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3. Extended membership analysis (A)

How can members of previously studied star clusters guide the search for yet undetected
member stars? And: How to decompose the membership identi cation process into
interpretable steps such that practitioners can con dently build powerful novelty detection
classi ers themselves? This chapter answers these questions in three steps.

In the rst publication (A1), we ! developed a heuristic analysis framework we call
Uncover, which incorporates users' prior knowledge of yet unseen members to select
suitable novelty detection classi ers. We express prior knowledge as ranges of interpretable
summary statistics that trained classi ers have to adhere to, instead of directly tuning
model hyper-parameters. The method is validated by applying it to the Meingast 1 stellar
stream [82], increasing its size roughly tenfold. By considering the selection criteria that
led to the stream's discovery, we can place strict constraints on given summary statistics.

In paper two (A2), we discuss methodological updates in the case of vague and uncertain
prior knowledge in the application of Uncoverto the Oph region. In contrast to Meingast
1, Oph has been studied extensively. Its age and proximity to earth make it a vital
star formation probe. The region's prominence and treatment in the past provide an
edge case to thdJncover analysis pipeline. Compared to Meingast 1, estimating the
number and distribution of yet unseen members is not straightforward. Due to the vague
nature of prior knowledge, model selection becomes practically unfeasible as the space
of possible solutions cannot be constrained e ectively. We propose to sample the space
of prior assumption tuples and provide an updated automatic model selection approach
which reduces the contamination fraction of inferred stars.

Summary statistics, as demonstrated in the rst publication Al, provide an e cient
and precise model selection approach if su cient prior knowledge of undetected group
members is available. However, in reality, this knowledge is often vague and abstract.
In such cases, we have demonstrated that we can constrain possible models by limiting
the contamination fraction, which is determined using radial velocities. A downside
of this methodology is its dependence on radial velocity measurements. Less than one
percent of data instances across the Gaia DR2 (and EDR3) catalog have radial velocities
measurements. Thus, a small and typically uncertain subset of sources determines the
goodness of trained models, leading to many false rejections. We aim to nd alternative
or complementary model selection tools in the case of vague prior knowledge, which
considers a more holistic view of the solution space. To do so we have developed a visually
supported ve-step work ow approach in which we (1) provide a comprehensive overview

1 Throughout this work, we refers to the author team of respective articles. The individual contributions
of all co-authors are outlined in the corresponding publication sections, see Sect. 3.1, Sect. 3.14,
Sect. 3.29, and Sect. 4.1.
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of the vast solution space, (2) give users the opportunity to validate groups of similar
models, (3) derive rules for good models from users' judgements at the previous step,
(4) facilitate What-If analyzes where users can study the e ect of individual rules on the
nal set of inferred stars. We show in two case studies on Oph and Corona-Australis,
see Sect. 3.38.1, and a usability study, see Sect. 3.38.2, that users are e ectively, and
e ciently building models themselves.
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3.1. Extended stellar systems in the solar neighborhood - IV.
Meingast 1: the most massive stellar stream in the solar
neighborhood.

Full publication details

Ratzenbdck, S. , Meingast, S., Alves, J., Mdller, T., & Bomze, |. 2020. Extended stellar
systems in the solar neighborhood - IV. Meingast 1: the most massive stellar stream in
the solar neighborhood. Astronomy & Astrophysics. Supplement Serigs639, A64.

Credit: Ratzenbotck et al., A&A, 639, A64, 2020, reproduced with permissior® ESO.
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ABSTRACT

Context. Nearby stellar streams carry unique information on the dynamical evolution and disruption of stellar systems in the Galaxy,
the mass distribution in the disk, and they provide unique targets for planet formation and evolution studies. Recently, Meingast 1, a
120 stellar stream with a length of at least 400 pc, was dicovered.

Aims. We aim to revisit the Meingast 1 stream to search for new members within its currently known 400 pc exterGaisiDg2

data and an innovative machine learning approach.

Methods. We used a bagging classi er of one-class support vector machineSaittDR?2 data to perform a 5D search (positions and

proper motions) for new stream members. The ensemble was created by randomly sampling 2.4 million hyper-parameter realizations
admitting classi ers that ful Il a set of prior assumptions. We used the variable prediction frequency resulting from the multitude of
classi ers to estimate a stream membership criterion, which we used to select high- delity sources. We used the HR diagram and the
Cartesian velocity distribution as test and validation tools.

Results. We nd about 2000 stream members with high delity, or about an order of magnitude more than previously known, unveiling
the stream'’s population across the entire stellar mass spectrum, from B stars to M stars, including white dwarfs. We nd that, apart
from being slightly more metal poor, the HRD of the stream is indistinguishable from that of the Pleiades cluster. For the mass range
at which we are mostly complete0.2M < M < 4M , we nd a normal IMF, allowing us to estimate the total mass of stream

to be about 2000 , making this relatively young stream by far the most massive one known. In addition, we identify several white
dwarfs as potential stream members.

Conclusions. The nearby Meingast 1 stream, due to its richness, age, and distance, is a new fundamental laboratory for star and planet
formation and evolution studies for the poorly studied and gravitationally unbound star formation mode. We also demonstrate that
one-class support vector machines can bectively used to unveil the full stellar populations of nearby stellar systemsGata

data.

Key words. methods: statistical — open clusters and associations: individual: Meingast 1 — stars: luminosity function, mass function —
stars: massive — stars: low-mass — white dwarfs

1. Introduction variety of astrophysical processes. For instance, the similar

birth conditions in nearby moving groups have provided much

Coherently moving groups of stars in the Milky Way ar'f‘nsightintoindividual stellar properties (e.gorres et al. 2008

unique laboratories where we can coherently study a Iar@%gné et al. 2014Riedel et al. 2017and references therein).

? The full source catalo . ) . .|\/I0reover, while older stellar systems experience mass loss
g described in Table G.1 is only avaly - "0 th itati L int i ith the Galaxy'

able at the CDS via anonymous ftp todsarc.u-strasbg.fr due o the gravitational interaction wi e Lalaxys grav-

(130.79.128.5 ) or via http://cdsarc.u-strasbg.friviz-bin/ itational potential (e.g.Meingast & Alves 2019 Roser et al.
cat/J/A+A/639/A64 2019, young co-moving groups can give us important clyes

?? In our original discovery paper, we did not name the stream. TR& the governing star formation processes in the Milky
authors of the rst follow-up paperQurtis et al. 201pcontacted us re- Way.
garding a name for the structure but did not agree with our proposed nameRecently,Meingast et al (2019, the second installment in
and decided on their own to name the system the Pisces-Eridanus stregrg.series (hereinafter referred toRaper 1), discovered a 120
Theirchosenname, however, notonly does not capture the true size offi|ar stream that is currently traversing the immediate solar

stream (the stream stretches across at least 10 constellations and "Ilféhjhborhood at a distance of onlyL00 pc. For this paper, the
extends beyond these), itis ambiguous as it can Ieadtoconfusionwithémhors determined the age of the s stém to be 1G I’, Their
Pisces moving grougBinks et al. 2018 In general, given the number 4 yr-

of new streams being found Wyaia and the nite number of constel- _assumptlon was mostly based on_the presence of a single star
lations, it seems appropriate to move away from using constellationdiN€ir selection, namely the subgiant 42 Ceti. Shortly after the
name streams (e.ghata et al. 2019 An unambiguous remedy to this Stream’s discovenyCurtis et al.(2019 determined stellar rota-
particular situation is to name the stream after the original discoveré@n periods of stream members to be very similar to stars in the
which we do in this paper, naming the structure Meingast 1. Pleiades. Their application of gyrochronolgy thus sets the age of
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the stream at close to 120 Myr, implying that the star 42 Ceti3sl. Supervised member selection

likely an unfortunate interloper. . . . . .
y p To avoid the di cult task of clustering in the 5D posi-

The search criteria iPaper Ilwere based on the 3D spacg. d " d ised
velocities in a cylindrical coordinate frame derived from astr lon and proper moton Space, we pursued a supervise
approach based on one-class support vector machines

metric measurements provided with the secGmadéh data release (OCSVM: Scholkopf et al. 2001 Instead of nding a decision

(Gaia DR2; Gaia Collaboration 201620189. While space B - . ;
velocities provide a robust estimate on membership, evalu%?—qndary between distinct groups in the training sample like a

ing 3D motions of stars requires radial velocity measuremen %plca_l .SVM (Cortes &Vapn_lk 1995 an OCSVM constructs
a decision surface that attains a maximum separation between

the training samples and the origin. Consequently, the algorithm
fgrfers the properties of the input samples by enclosing the
support of its joint distribution with a hyper surface during
lpe training process. Depending on the position of unseen data
pint52 to this surface, a trained predictor acts as a binary
the completeness limit of th&aia DR2 data. To this end, we unction which groups new example points as either resembling

applied state-of-the-art machine learning tools, where we ugdBg previously seen training data or not. We aim to estimate the
thpeppreviously identi ed members as a t?aining set. The stru >_§ent of the Ste”’%" stream by using the OCSVM al_gprlthm and
ture of this paper is as follows: in Se@, we present the data''¢ alréady classied sources frofaper llas a training set.
used for the analysis. Secti@rsummarizes the method used t¢>UPSequently, we predict the membership of unseen stars to the
select potential stream member sources fron3h@ DR2 data stream within a 300 pc sphere around the S_ur_1 (see 8)ed_n

set. Finally, in Sectd, we present a nal high- delity source cat- 2d€" t0_nd a model that is capable of providing a physically

. : . aningful characterization of the stellar stream in the 5D fea-
gtkr)gaﬁ? which we determine the age and mass of the Melnga%?te space, the corresponding hyper-parameters of the OCSVM

classi er have to be set sensibly.

This requirement substantially limits the identi cation of mem
bers to a small subset @aia DR2, speci cally to stars with
G . 13mag, which in the case of Meingast 1 translate to stel
masses betweerD.5 and 1.5V .

The goal of this paper is to unveil the stellar population d
the Meingast 1 stream, from B stars down to mid-M stars,

2. Data 3.2. Parameter tuning
For the analysis, we used the 5D position (, $ ) and velocity We made use of the libsvn€han ; :

h ; h - . g & Lin201) OCSVM imple-
(", )information, provided bysaia DR2. Following the data e niation, which features two main hyper-parameters for the
selection inPaper 1] we preferred distance estimates pmv'deﬂBF-keme? and . The parameter de nes a region of in u-
by Ballle'r-\]li)nes et3aOIE)201E_9. The c:;stance .I';“t of |t|h$h$te_“af ence of the support vectors selected by the model. The variable
sample is kept at 300 pc in accordance witRaper Il This I ¢onirols the fraction of possible outliers as well as the fraction
motivated by the choice of our classi er, which predicts memb support vectors. Thus, and  are crucial hyper-parameters
stars within the limits of the previously determined extent of the .+ 4a ne the shabe of tHe enveloping hull.
stream. Furthermore, the subsequently described method wor SAdditionaIIy, these parameters, and subsequently the classi-

independently from quality criteria. Therefore, quality [ters aréy, ghape depend on the input variable range. Since the parame-
only applied for visualisation purposes. This selection results

& describes a support vector region of in uence, elient fea-
a data set of 18 692 951 total stars. . ture ranges lead to a varying model exibility within each input
For Paper | the sources were extracted in a 6D param@yjapie " To mitigate an asymmetric feature weighting, a com-
ter space spanned by three spatiél ¥, ) and three velocity o approach is to standardize each input variable to a common
dimensions ;v ; V7). Speci cally, the velocities were repre-y,ance by dividing each feature by its standard deviation. How-
sented in a galactocentric cylindrical coordinate system to b@(fer, as we are dealing with a combined feature space of posi-

ter represent the bulk motion stars. Consequently, the SOUfER, 414 proper motion information a certain weighting towards

identi cation in Paper Illdepended on radial velocity measureg .o of the two feature spaces might be bene cial to properl
ments, which are scarce aia DR2. Within the search region P 9 propery

o ’ characterize the joint probability of stream members. Conse-
of 300 pc, about 95% of all sources in the catalog were, thefganyy after scaling the features to unit variance, we added an
fore, not taken into account iRaper Ildue to missing radial ;qiional hyper-parameter;=c,. This parameter describes the
velocity data. scaling fraction between positional and proper motion features.
Whency=c, = 1 the variance in both feature spaces is the same.
3. Member selection In practice, we set, = 1 and varyck within a certain range.

As we chose a classi er via a set of hyper-parameters, we
As mentioned above, the bulk Glaia DR2 catalog sources werehave to be aware of existing contamination in the training set
not used in the original member identi cation of the strearfestimated to amount to a few percentRaper ). Additional
in Paper Il Omitting the radial velocity component yields &selection biases caused by the original clustering and parameter
much more complete source list, but at the same time limits agtyoice that in uence the nal obtained stream selection should
analysis to projected tangential velocities given by the propes considered. Therefore, only crude estimates about the true
motion measurements. While members of spatially con ned sgaint distribution of the sources in 5D are possible. Nevertheless,
clusters can be identi ed reliably in proper motion space, the
recently discovered stream encompasses at leastdi2@ky. 2 Starsin the data set are represented as points in a 5D space with three
This large extent introduces signi cant projectioneets in tan- position axes and two proper motion axes constituting the so-called fea-
gential velocities, posing a nontrivial problem for member ideiture space. Thus, in a machine learning context, we refer to stars in the
ti cation in 5D. data set as points in a feature space.
3 We conclude from extensive hyper-parameter searches that the RBF
1 We acknowledge the simultaneous publicatiorRiyser & Schilbach kernel always outperformed the alternative options. Hence we omit the
(2020, who have also studied member stars of the Meingast 1 streanfescription of other kernel types in this section.
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we have information about the resulting classi er shape, which
limits the space of possible solutions. Firstly, based on the
number of missing radial velocity measurements, we estimate
that the total number of member stars should roughly increase
twenty-fold. Secondly, due to a lack of a better description we
estimate that the true extent is comparable to the original selec-
tion in Paper || which found that the stream is roughly prolate
spheroidal with a length of about 400 pc and an equatorial diam-
eter of about 50 pc.

A trained classi er has to be able to capture these prior
assumptions. Therefore, we used the above mentioned character-
istics to eliminate predictions that seem un t to describe the stel-
lar stream in 5D. Since we cannot infer the true joint distribution
from the available stream members, and our prior assumptions
entail some allowable margin of variation, the model param-
eters cannot be tuned to optimal values. Instead, we aggre-
gated the predictions of multiple models that conform to our
prior assumptions into an ensemble of OCSVMs. This proce- X (pe) -
dure is referred to as bootstrap aggregating, also known as bag- ] ] ] ]
ging Breiman 199% A benet of using multiple aggregated Fig. 1. Schematic gure illustrating the eect of di erent hyper-
classi ers, in comparison to one single model, is an improvggrameters on the classi er shape in the Galactic X-Y plane. Black

. L . . - - ... points represent the training set, whereas the colored shapes depict the
ment in prediction stability. Due o its variance-reducing abIIIt)gounding surfaces of individual OCSVM classi ers trained with a dif-

bagging has been successfully applied, especially to noise-prefgn; set of hyper-parameters. The uni cation of multiple classi ers

classi ers, whose predictions vary signi cantly with small varivegyits in an ensemble classi er where overlapping bounding regions
ations in the training data. I6randvale(2004), the author sug- result in di erent levels of stability.

gests that bagging systematically reduces the in uence of outlier
samples in the training data. Furthermore, by bundling together
multiple models, a notion of stability for each star is obtained Since we cannot formulate an exact objective function to
as di erent regions of the 5D training space have varying pree minimized, we did not converge to a single, optimal hyper-
diction frequencies. Ideally, the ensemble of classi ers hasparameter selection. Instead, the models were assessed as either
higher prediction frequency towards the center region of tidausible candidates, which capture out prior assumptions about
stellar stream (in 5D) where sources are less likely to be rahe distribution of the predicted sources, or not. Therefore, for
domly selected eld stars. Bagging, therefore, automatically cremall ensemble classi ers with only a few models, the prediction
ates a hierarchy from more robust to less robust stream matepends on the sampling strategy in hyper-parameter space. To
bers, which reduces prediction variance compared to a singgeuce the dependency on the search strategy, we iterate through
classi er. 2.4 million random realizations of {, i, (cx=,);) within their

A schematic illustration of a small ensemble classi er isespective range in order to converge to a stable solution. Alto-
shown in Fig.1. The black scatter points represent the traimether, the nal classi er ensemble consists of a total of 8515
ing set, whereas the colored shapes depict the bounding surfatassi ers, which have passed the validation steps. Figlde
of individual OCSVM classi ers trained with dierent sets of shows the distribution of accepted models with respect to the
hyper-parameters. The uni cation of multiple classi ers resultByper-parameters, , andcs=c,. The software used to train the
in an ensemble classi er where overlapping bounding regioessemble classi er is publicly availadle
result in di erent levels of prediction frequency.

The nal bagging predictor is obtained in a two step pro; R
cess: Firstly, the actual training phase and, secondly, the \%F’ Limitations and caveats
idation phase, which rejects models that do not represent @y supervised model based on OCSVMs is limited by the pro-
expectations well. In the learning phase (see Apperdifor vided training data, because the shape of the decision surface is
more details) the model is trained using ten-fold cross validatigetermined by the input training set. As suggeste&anper ||
on a random set of hyper-parameters (i, (Cx=,)i). Before the stream's extent might potentially be much larger due to sen-
deploying the classi er on the full data set, we Itered out modsitivity limitations. The method used in this paper is not able
els below a mean accuracy score &,@r a standard deviationto infer the stream membership of stars outside the constructed
above 015 across the hold-out sets. Models passing this Itefecision boundary. Finding externally located stream members
criterion enter the validation phase, which assess the classi @/6uld require, for example, a transition to unsupervised meth-
capability of capturing our prior assumptions about the distribgds, which are not limited by a xed training set.
tion and quantity of predicted sources. We require the model to Additionally, the constructed decision boundary depends
comply with the following criteria. Firstly, the number of pre-heavily on the outermost points in the training sample as they
dicted stream membetds must not exceed a physically sensiare more likely to act as support vectors for the decision surface.
ble range, which is limited t&s 2 [500;5000]. Secondly, the As the density of points decreases towards these outer regions
extent of the predicted stream members in position and progigrsD), the decision boundary depends on random uctuations
motion space must be similar to the original ones. Thirdly, ths these border points present in the training set. Furthermore,
cylindrical velocity distribution of the stream members must ngfe suspect the fraction of contaminants in stream member stars
deviate too much from the training sample distribution. For a
full description on the implementation of these three validatien https:/github.com/ratzenboe/uncover and  http://
criteria, see AppendiB. uncover.cs.univie.ac.at/

Y (pc) =

N
P
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per unit volume increase towards border regions. Thus, outliergerion to clean our prediction sample. To determine the relia-
in the border region have an increasing chance of being a shibity of the predicted stellar sample, we estimated the level of
port vector de ning the shape of the decision surface. Thesentamination at various stability lters.
e ects, however, are somewhat mitigated by the choice of bag- We measured the contamination via the velocity dispersion
ging multiple predictors, which helps to reduce unstable decision3D, parametrized via;, v , andv,. However, due to con-
surfaces. tributions of random contaminants, the standard error of the
While omitting the radial velocity component opens up therediction set is largely dominated by outliers, regardless of the
possibility to search for more stream members, we lose, at 8tability Iter criterion. Hence, we describe the variability of
same time, an additional discriminative dimension. By neglethe velocity distribution with the median absolute deviation
ing the radial velocity distribution of the input data, the impleMAD), which is a robust estimate of statistical dispersion. For
mented classi cation scheme impacts the contaminant fractimeference, the training data distribution measures an MAD in the
of our nal source list. This leads to an increasing recall at tt&D velocities of 2L kms .
cost of reduced precision. Figure 3 displays the in uence of a variable stability Iter
criterion on the 3D velocity distribution. By moving in the plot
. . from left to right, we gradually added less “stable” sources to
4. Results and discussion the predicted data set. We identi ed two distinct sections in this
Using no pre- lter selection the classier ensemble predicteurve that are dominated by dirent slopes. Firstly, the section
a total of 4243 stream members. This source list does ndith stabilities from 100% decreasing to 4% is comprised of a
however, contain all members from the original training se®@ughly constant growing scatter around the expected 3D Carte-
Approximately 10% of the training data are not captured by ti%an velocity. Secondly, adding sources with a stability below
ensemble classi er. This reduction can be attributed to the modet% results in a rapid growth of the MAD. This sudden increase
validation phase, where we prioritized more conservative mdg-most likely caused by adding a signi cant number of contam-
els in an attempt to prevent over tting. To increase this retrievijating eld stars. Here, we assumed that these contaminating
rate, we would need to omit the bootstrapping step combiné&dd stars are more likely associated with the outer borders of
with the subsequent majority voting (see Appendikand use thg stream in the 5D parameter space, which is also where the
the entire sample to train individual classi ers. Also, to be seffained classi er ensemble is less con dent about the stream
sitive to more remote points, we would need to include moféembership of stars. This decrease in stability values of pre-
exible models in the classi er ensemble. However, these toofiicted sources towards the outer regions of the stream is also
and choices have been installed to prevent serious over tting Wigll visible in Fig.2. _ o
the training data and to dampen the in uence of outlier sam- In addition to the sudden increase at 4%, we identify another
ples in the training data. Since an important goal is to nd gharacteristic property of the MAD distribution in Fi8. Start-
robust model that minimizes the contamination fraction of tHeg at about 40%, we observe an extended at distribution up
inferred points, we tolerate a slightly reduced retrieval fractidd 24%. In this range, the amount of scatter remains nearly con-

of the original training set points. stant. This lter criterion étability 24%) yields a very sta-
To visualize our results, we implemented a series of qualije Subsample to the more leniestability > 4% criterion.
selections described in Appendix hereinafter referredtoas |- The Iter behavior can be observed in more detail in Fig.

ter Q1. For a direct comparison to the original training samplhere the successive cleaning of the prediction set is displayed
we implemented the lter criteria as iRaper ll(excluding the in each individual velocity component. The solid lines in the
criterion on radial velocities), hereinafter referred to as Iter Q2gure represent a kernel density estimation of the marginal
The quality lters Q1 and Q2 reduce the total number of clasgiistributions for various color-coded stability Iter criteria.
ed member stars to 2567 and 2913, respectively. This selectipeci cally, we sampled the distributions at constant intervals
contains, however, many sources that are predicted by onljnsstability with a step size of 5%. The hue change from red
marginal fraction of the 8515 classi ers in the bagging ensertp shades of blue indicates the transition from a contamination-
ble. Each individual classi er is associated with an individual sefominated to a more robust lter regime. In the marginal distri-
of classi ed stream members. Thus, considering all 8515 clasbistions, the disproportionately large reduction in the amount of
ers, each source can be assigned a prediction frequency. 9¢atter around mean velocities by applyingstability > 4%
de ne this prediction frequency, hereinafter referred to as stéer criterion becomes apparent. For subsequent lter criteria,
bility, as the fraction of classi ers in the bagging ensemble th#he contamination outside the training sample distribution (black
include a certain star in their prediction set. Fig@rshows the line) is reduced at a nearly constant rate, particularly invhe
5D distribution of the training sample (top row) and the streaandv observables. Moreover, we identify a kinematic substruc-
members classi ed by our trained OCSVM (quality Iter Q1),ture in the panel displaying, velocities. Sources identi ed with
where the color indicates the stability of each source for our nélis substructure have systematically larger vertical velocities by
classi cation. We observe that, on average, stability values teabout 5 km s' compared to the bulk motion of the stream. These
to increase towards the central parts of the stream. Additionagurces are only clearly separablevinand do not show any
we nd that when inspecting the new source set in the colopbvious correlation in other velocities or can be segregated in
absolute magnitude diagram (see F).sources with lower sta- spatial coordinates. We note here that this substructure accounts
bility numbers correlate with a larger scatter, while sources witbr the high MAD of the predicted sources and is removed only
higher stability values are more compactly distributed around t1 very conservative stability Iter criteria above 90%.
idealized isochronal curve. Therefore, stability can be used as aFollowing the above outlined characteristics in the velocity
measure to Iter out potential contaminant sources. distributions, we therefore implemented an additional criterion
Since the training process includes a validation step, evehstability > 4% orstability > 24% for a more conser-
stars with low stability values can be regarded as potential streeative approach. Depending on the quality Iter selection, the
members. Hence, stability constitutes not a probability estimaséability >4% Iter criterion reduces the number of predicted
but rather a quality feature for which we aim to nd a suitablstream members to 1869 or 2110 for Q1 and Q2, respectively.
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Fig. 2. Positional and proper motion projections of the training and prediction set are displayedrst tied second rowsrespectively. Using
a quality pre-selection (see Appendd, we nd a total of 2567 member starbdttom rov), compared to 256 in the training sévl§ row). The
color information highlights the stability of a given star, which tends to grow towards the central regions of the stream.

In order to quantify the contamination fraction in our source
catalog, we considered the fraction of outliers in the marginal 6-
3D velocity distributions. To do this, we de ned, for each veloc-
ity component, a region of inliers as the &round the training
sample mean. This de nition constitutes a very conservative esti-
mate, as the velocity distribution of the training data is by design —~
very narrow. Furthermore, the kinematic substructure invthe ',
component naturally leads to very large contamination fractions. £
For this reason, we only considered the radial and azimutha o
velocity components when estimating the contamination for var- <
ious stability lter criteria. Figure6 shows the outlier fraction 2
within each velocity component. Based on our assumptions, we
obtain a contamination estimate of roughly 25% and 20% for the 2-
stability criteria>4% and>24%, respectively. However, we note ) ]
again that this is a very conservative estimate that assumes & strict filter
intrinsic velocity dispersion of only around 1 km'sBy increas- 100 75 50 o4 70
ing the estimated velocity dispersion to 2 kr the contamina-
tion drops to roughly 10 15% which we suspect to be a more Stability quality criterion (>%)
realistic estimate. ) . - .

Since the ensemble classi er is trained on positional afgg: 3-Median absolute deviation of sources from expected 3D velocity
proper motion data, we can apply it to any survey that pr S a function of the stability quality Iter. The-axis is reversed display-

ides th ts. | ¢ 10 i th ng very strict Iter criteria on the leftmost side and lenient Iter criteria
vides these measurements. In arok [0 InCrease e SOUrCe, 5y 'the right side. A trend is visible where the amount of scatter over

list, especially toward brighter stars, we applied our ensemil sapility Iter is splitinto two parts, where each is characterized by a

classier to the Hpparcos(van Leeuwen 20Q7source cat- di erent siope. Suitable quality Iters are realizedstgbility > 4%

alog, see Appendi¥ for more details. In total, we nd 21 and, more conservativelgtability > 24%.

new potential stream members in thépiparcoScatalog, 10

of which we consider to be robust. We added the 10 pre- . . . .

dicted Hpparcossources to the HRD plot in Figs. Among With the isochronal age derived Meingast et al(2019), which

the prediction set, we nd Aquarii, the brightest star in the Was hinging on a single star, 42 Ceti, a subgiant. With the new

Aquarius constellation. Using the radial velocity informatiognd larger member list, we can now attempt to make a more pre-

from Soubiran et al(2008, we nd a galactocentric velocity Cise estimate regarding the stream's age.

of v=( 3:1522919;, 8:73)kms?, which is well within the We compared the stream to a selection of the Pleiades mem-

3 region of the training set. However, a comparison of paraters Gaia Collaboration 2018aBy introducing a slight color

lax measurements betwe&aiaand Hpparcoseveals a large 0 set of Ggp—Grp+ 0.03) to the stream, we nd that the source

systematic discrepancy of a factor of approximately two, whigtistributions in the HRD of the Meingast 1 stream and the

makes Aquarii a low- delity stream member. Pleiades match almost perfectly, as seen in Figmplying a
Using gyrochronologyCurtis et al.(2019 concluded that similar age between the two stellar systems. The small color

the stream has an age comparable to the Pleiades. This contraghiticould imply either the presence of dust extinction towards
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Fig. 4. Kernel density estimation of marginal 3D velocity distributions for various stability Iter criteria. The individual lines are color-coded by
the lter criteria and range from reds(ability < 4%) to dark blue, which represents the strictest lter criterion. The distributions are sampled

at constant intervals in stability with a step size of 5%. The hue change from red to shades of blue indicates the transition from the contaminati
dominated to the more robust Iter regime. In addition, we note a kinematic substructurezivéhecity distribution which is indistinguishable

from other sources in all features except
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Fig. 6. Outlier fraction in individual velocity components for a variable
4 stability Iter criterion. Due to a newly identi ed kinematic substructure
0 in v;, we estimate the contamination only in the radial and azimuthal
14- . . X velocity components (see Sed}. Based on this premise, the contami-
0 2 4 nation is estimated to be roughly 25% and 20% for the stability criteria
Ggp - Grp (Mag) >4% and>24%, respectively.

Fig. 5. Distribution of predicted sources in color-absolute magnitude
diagram. The shades of gray encode the stability information of each The three panels in Figl show the source distributions in
source. The hue change in the color map at 4% denotes the transifg® HRD of both, the Meingast 1 stream and the Pleiades, plot-
from_ (obust stream members in gray tones to lessreliable sources in [ga. on top of each other and highlighted by efient colors. In
Qg&'t;iﬂgilr% ;V:rﬁgg‘l’;slg Qren') ?ﬁ;_eprgglrég;a;]a:ggmbers, identi ed bt¥1e left plot, sources in the Meingast 1 stream are highlighted in
' red, while the Pleiades members selection are kept in gray. The
center plot displays both stellar populations, which are shown in
the Pleiades, or a lower metallicity of the stream, or both. Tigeay. The right plot displays the Pleiades in blue on top of Mein-
Pleiades are known to be ected by small amounts of extinc-gast 1 in gray. In order to make a fair comparison, we de ne the
tion. Additionally, we nd a slight metallicity di erence between stability Iter in such a way that the number of sources of the
the stream and the Pleiades measured by LAMQS&ilet al. stream is equal to that of the Pleiades. This results in the fol-
(2015, which is illustrated FigE.1 The plot shows a discrep-lowing lter criterion: stability =~ > 45:9. The particular simi-
ancy between the mean metallicity fraction of the two stellgarity of the two distributions suggests an approximately iden-
populations, where sources in Meingast 1 appear to be slightbal age. TheGaia collaboration Gaia Collaboration 2018b
more metal poor than the ones in the Pleiades, which could hegiimates the age and metallicity fraction of the Pleiades to be
to explain the reddening in color space. 110 My andZ = 0:017, respectively. Therefore, our age estimate
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(2]

10-

14- T " — " " . r T )
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Ggp - Grp (Mag)

Fig. 7. Comparison between predicted stream members and the Pleiades member selection. The three panels show the same two data sets pl
on top of each other and highlighted by drent colors. In théeft plot, the predicted stream members are highlighted in red, while the Pleiades
are kept in gray. Theenter plotdisplays both stellar associations in gray. Tight plot displays the Pleiades member selection in blue on top of

the predicted stellar stream in gray. We chose the stability cut to match the number of sources in the Pleiades sample in order to generate a
comparison. The CMD distributions of the Pleiades and the predicted stream matches almost perfectly.

108 - approximate mass of 2000 , as suggested iRaper Il To our
3000M o~ Tt~ knowledge, this makes the Meingast 1 stream the most massive
2000M -~ N stellar stream in the solar neighborhood.

© -

~ Finally, we can speculate on the origin of the Meingast 1
stream. InPaper || we put forward the possible cluster ver-
sus association scenarios for the origin of this extended struc-
ture, but opted not to favor one over the other, even though
we found evidence for the existence of at least four overden-

:\ sities in the structure. This ambiguity resulted mainly from the

N older age derived irPaper 1] which made it not obvious to

N favor one of the two scenarios without a proper simulation. The

N much younger age determined @urtis et al.(2019, that we

con rm in this work, allowed these authors to favor the associa-

tion scenario (becausel00 Myr is too short for cluster dissolu-

10-2 10-1 100 101 tion). The best and most obvious example is the Pleiades cluster,

Mass (M which is a relatively compact cluster with essentially the same
age as Meingast 1. The velocity substructure we found in this

Fig. 8.Mass function for Meingast 1 stream sources (light blue) and ti@per (see Figd) now allows us to make a stronger case favor-

training examples (dark blue). The dotted lines indicate model IMFisg the association scenario as the likely initial con guration of

within a cluster mass range of 1008000M . Meingast 1. Unlike compact clusters, stellar associations such as
Sco-Cen are known to have velocity substructures of a few to
several kms! (e.g.,Wright & Mamajek (2018, Goldman et al.

is within the expected error range, consistent vitintis et al. (2018). A more meaningful look into the origin of Meingast

(2019. 1, which would require n-body simulations and theeets of

We estimated the total mass of the selected sources in actloe-Galactic potential, will enable us to clarify the origin of this
dance withPaper Ilby using PARSEC isochrones. Using an ag@esmerizing structure.

estimate of 110 My and a metallicity fraction & = 0.016

results in the mass distribution shown in FigThe plot depicts ;

the mass distribution of the training samples (dark blue) vers%.sSummary and conclusion

the predicted samples (light blue). The dotted gray lines indicatée revisited the stream discoveredhteingast et al(2019 to

IMFs (Kroupa 200} for clusters masses of 1080 , 2000M , search for new members usiGpia DR2 data and a machine-

and 3000M . A comparison to the model IMFs suggests alearning approach. Using the original source selection as training

1000 M o~
102,

Count

Meingast 1
Training set
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data, we deployed a bagging classi er of one-class support v&eferences
tor maChm.es to the futbaiaDR2 d.ata’ Sea.rChmg fornew Streanl tropy Collaboration (Price-Whelan, A. M., et al.) 2028, 156, 123
members in position and tangential velocity space. The ensemMblger-Jones, C. A. L., Rybizki, J., Fouesneau, M., Mantelet, G., & Andrae, R.
classi er is created in a hyper-parameter search combined with @018,AJ, 156, 58
model selection that rejects models that do not meet a set of ks, A. S., Jgegriees, RH D, & Wagd, J.2Ié. 2018/INRAS, 473, 2465
it : H i eiman, L. 1 Mach. Learn., 24, 1

g(_)r:_dltlofns. The re?ultlng sgbtlof ctla55| ers crebatesta varlarl])_lehpﬁessan’ A Marigo. P. Girard, L., et al. 2018NRAS, 427, 127

Iction frequency Tor possibie stream member stars, Which W, ¢ .c. & Lin, C.-J. 2011CM Trans. Intell. Syst. Technol., 2, 1
used asa criterion to select high- de||_ly sources._Subsequent’,rysnes, C., & Vapnik, V. 19958ylach. Learn., 20, 273
we validated the newly found sources in the HR diagram and thetis, J. L., Agiieros, M. A., Mamajek, E. E., Wright, J. T., & Cummings, J. D.
Cartesian velocity distribution. 2019,ApJ, 158, 77

In total, we nd about 2000 stream high- delity membereagné, J., Lafreniére, D., Doyon, R., Malo, L., & Artigau, E. 20A#,), 783,

stars, increasing the source population approximately tenfodfhia collaboration (Prusti, T., et al.) 20468A, 595, AL
As the newly predicted stream members are no longer limitegdia Collaboration 2018a, VizieR Online Data Cataldg-+A/616/A10
by radial velocity measurements, the new selection substanti&iya Collaboration (Babusiaux, C., et al.) 20188A, 616, A10

extends the main sequence to unveil the stream's populat dn?grlwlagoraRtic?leBéowg'chbGa{cﬁ"ét a,vl'-())gr()lA%gA';ﬁéﬁn .
across the entire stellar mass spectrum, from B stars to M starggg 35 T T e 9. 1 '

including white dwarfs. In a comparison in the color-absoluigrandvalet, Y. 2004yiach. Learn., 55, 251
magnitude diagram, we nd that, apart from being slightly morgunter, J. D. 2007Comput. Sci. Eng., 9, 90
metal poor, the stream is indistinguishable from that of tHgata, R. A., Malhan, K., & Martin, N. F. 201%pJ, 872, 152

: ; iy roypa, P. 200IMNRAS, 322, 231
Pleiades cluster, suggesting a similar age. In the mass rang indegren, L. 2018Re-normalising the astrometric chi-square in Gaia PR2

which we are mostly complete0:2 <M < 4M , weiden- "~ rechnical Report GAIA-C3-TN-LU-LL-124-01
tify a normal IMF. This comparison allows us to estimate th@ndegren, L., Hernandez, J., Bombrun, A., et al. 2048A, 616, A2
total mass of the stream to approximately 200Q making itby Liu, X-W., Zhao, G., & Hou, J.-L. 2015Res. Astron. Astrophys., 15,

far the most massive stream we know. Additionally, we nd sey, l(i)r?r?ey W. 2010, in Data structures for statistical computing in python, eds
eral white dwarfs as members of the stream. We speculate witfg ", .| der Walt, & J. Millman®roc. 9th Python Sci. Conf, 51 '

more con den_ce, giver_1 the \{elocity substructure found in thiaeingast, S., & Alves, J. 2019\&A, 621, L3
work, that Meingast 1 is the likely outcome of a stellar associsteingast, S., Alves, J., & Fiirnkranz, V. 2018A, 622, L13 (Paper Il)
tion, but call for a full, state-of-the-art simulation to be done tBedregosa, F., Varoquaux, G., Gramfort, A., et al. 201Mach. Learn. Res.,

. .. . .. 12' 2825
characterize the origin of this mesmerizing structure. Riedel A R., Blunt, S. C., Lambrides, E. L., et al. 2082, 153, 95

Roser, S., & Schilbach, E. 2028&A, 638, A9
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Appendix A: Training process centroidv, dy is:
The training of each individual predictor in the full model LN
ensemble is summarized in the following two steps. dy = N iV Vi (B.2)

Firstly, we select a random pair of hyper-parameters ¢, i
(cx=c,)i) and train a model with tenfold cross validation (CV). _ _
Due to a contamination of eld stars of a few percenPiaper || We use these two structure parametgrandd, to determine the
we encourage stricter and more compact descriptions of #ent of the stream in position and proper motion space, respec-
stream (in 5D), ignoring potential outliers in the training santively. Our aim is to nd models whose predicted points retain a
ple. In a rst selection step, we Iter models with a low averagsimilar dispersion to the original ones. To avoid over tting, we
accuracy across the holdout sets<@f5 or a standard deviation compare the dispersion of the prediction set to the training set
of above 015. The standard deviation Iter helps to obtain fairlywhich acts as an upper limit:

conclusive predictors for derent subsamples on a xed set oL}rig ored

hyper-parameters. d >d- (B.3)
Secondly, models that pass the CV step are deployed on the ) N )
full data set (see Sec®). In an e ort to minimize contamina-  Lastly, we control the centroid position of the predicted

tion of nearby eld stars and thus boost robustness of the predigtream members to avoid systematic shifts. The predicted and
tion, we train the model on 10 bootstrap samples, with a samgféginal stream centroid must be reasonably close to each other
size of 80% of the training data size. The union of all 10 predigith respect to the average dispersion of training points.

tions is then considered the nal model. Before we add the newly

. —org
trained model (with the hyper-parameter set (i, (cx=cy):) into  iTc i< d” 01 (B.4)
the nalbagging classi er,we validate its performance againstour  —or
. L . A or Vprecﬁ <d [¢] 01 B.5
prior beliefs about the approximate model structure described/ta c <0y - (B.5)
Sect3.2

The third condition is implemented by examining the con-
tamination of predicted samples compared to the training sam-
ple. To get a rough estimate of the contamination, we compare
the galactocentric velocity distribution, meanwg (v;;V ;V,),

After training a classi er, we validate its ability to capture imporof the predicted sources to the training sample. Instead of com-
tant physical aspects about the estimated size and shape opgiég the velocity dispersion of both samples, we characterize
stellar stream. We require the classi er to capture at least tte level of contamination by considering the fraction of outlier
following criteria: sources. Thisway, we try to mitigate the in uence of large outliers,

1. The number of predicted stream membhigsmust not whichincrease the dispersion drastically for such alow number of
exceed a physically sensible range, which is limited\to 2  sources. In order to characterize outlier sources, we consider the
[500; 5000]. training examples. Assuming that almost all sources lie within the

2. The extent of the predicted stream members in positiod rangearoundthe mean, we consider the ratio of sources lying
and proper motion space must be similar to the original ones.outside of the 3 range compared to the total amount of sources.

3. The cylindrical velocity distribution of the stream memA classi eris rejected if on average, across the individual velocity
bers must not deviate too much from the training sample distgiemponents, more than 25% of sources are considered outliers.
bution. The aim of this criterion is to remove models that extend into a

The similarity condition (2.) is achieved by requiring the disregion of feature space where the radial velocity distribution does
persion of the predicted to the original stream members in positiadt match our assumption of a co-moving structure.
and proper motion space to be approximately equal. We approx-
imate the extent, or dispersion of the stream in both spaces
single number, namely the mean distadoef its member stars
to the centroid of the full stream. For a point in position spacéhe hyper-parameter search in combination with a classi er

Appendix B: Validation process

b . .
Xp?pendlx C: Parameter tuning results

r = (x;y; 2) and its corresponding centroig, d, is selection and validation step (see Seg®) yields a set of
approvedparameter triples( i, (cx=,);) that make up the nal

_o W OCSVM bagging predictor. The distribution of accepted triples

d; = N it rei; (B.1) is displayed in Fig.C.1 The color information illustrates the

i accepted model faction within a certain hyper-parameter bin

range. A model is accepted if it passes the quality criteria pre-
whereN is the number of stars belonging to the cluster. Respesented in SecB.2 The model ensemble consists of 8515 indi-
tively, in proper motion space with a point= ( ; ) and vidual predictors.

5 Nearby refers to sources in the vicinity of the stellar stream in the
5D feature space.

A64, page 9 ofl0

28



A&A 639, A64 (2020)

30
02 04 06 08 02 04 06 08 12 3 4 s
L g L
L
< > g
S =
0| 0 | =]
10 4 10 20 <
3 3
2
g
107 2 0'{f 0 2
0 0 g
13
3
1 5%
Vo v ey = 2

0

Fig. C.1. Hyper-parameter search in parameters, andc,=c, yielding the one-class support vector machine bagging predictors. The color
information illustrates the accepted model faction within a certain hyper-parameter bin range. A classi er is accepted if it passes the qualit
criteria presented in Se@&.2 The model ensemble consists of 8515 individual predictors.

Appendix D: Quality criteria conversion from chemical abundance ratios /fjeto the

In general, the source identi cation method we present in thisetallicity fractionZ has been made in accordance with the

paper is independent of any quality criteria. However, in order RARSEC Bressan et al. 20)2olar value oZ = 0:015. Subse-

show the distribution of stars in the color magnitude diagramuently, we Iter out the most untrustworthy sources by requir-

we apply the following error criteria on data quality. Following that the error of the measured chemical abundance ratios

ing the description irLindegren et al(2018 the ve-parameter [Fe/H] is below Q05 and [FéH] > 1. Additionally, we only

solution depends on the number of visibility periods used feelect sources above aneztive temperature of 5000 K. These

a certain source. A visibility period is de ned as a group ofriteria yield 197 and 44 matched sources for the Pleiades and

observations separated from other groups by a gap of at lehst Meingast 1 stream, respectively. The metal content distri-

four days. Since a ve-parameter solution is accepted only fbutions of the Pleiades and stream members show a large scat-

visibility_periods_used > 6, we implement said criterion. ter, but the positions of their respective mean indicate that the
A recommended astrometric quality parameter is the rgteingast 1 stream members appear to be slightly more metal

normalised unit weight error (RUWE) described biydegren poor compared to the Pleiades member stars.

(2018. It is based on a re-calibration of the unit weight error

described inLindegren et al.(2018. We follow the advice Appendix F: H ipparcossource selection

in the technical notelL{ndegren 2018 and use the criterion L .

RUWEL.4 to select astrometrically reliable sources. Furth _oml_rI_Jared to the trammg san?ples from Baia SRZ cgtaléjg,

more, we implement additional astrometric quality measur € pparcossources have larger associated standard errors

astrometric_sigma_5D_max < 0.5 and$= s > 10, which © measured quantities. Considering the higher uncertainty in

reduce the numMber erroneous measurements the Hpparcosatalog variables, we adopt a more conservative
Finall, we adopt the following pho-tometric qual_stablllty Iter criterion of stability > 50%. Despite a rather

: o high stability cut, a large standard error increases the chance

g;r/mtcrrgerr:]%anpff}ai_%%érp%??o_rﬂuxg%er_error >10 and of contaminant stars falling into the selection. Therefore, we
- - - ’ adopt a second quality lter where we sample each data point

from marginal normal distributions centered on the provided

Appendix E: Metal content mean value with a standard deviation of the provided standard
35 error of each observable. We then draw 100 samples per source
M rallicit from these marginal distributions and count how often these re-
304 ~Mean metalicity sampled sources are again predicted to be a stream members
Meingast 1 Pleiades with stability > 50%. Eventually, this quality criterion yields
25 11 additional sources with a re-sampling fraction of over 50%.
£ 209 Appendix G: Table content
s}
O 154 _J Table G.1. Contents of the source catalog, which are available online
via CDS.
104
5 J Column name Description
rl_ru—' m il source_id GaiaDR2 source identi cation number
0 v v v v O ra RA (deg)
0.010 0.015 0.020 0.025 dec Declination (deg)
z X x-Position (pc)
Y yPos!t?on (pc)
Fig. E.1. Comparison of metallicity fraction of Pleiades and Meingast Z zPosition (EC)
1 memeber stars. The vertical lines indicate the mean metal content of Em;zc ér’;‘:: ){:1;
b_oth popu_latlons. We nd that the members o_f the Meingast 1 associta- Stability Stability percentage (%)
tion are slightly more metal poor than the Pleiades. ql Filter criterion Q1 (bool); see Appendix
q2 Filter criterion Q2 (bool); seBaper Il

Figure E.1 shows a comparison of the metallicity fractiorh . ) ) )
. i : otes. The positional data XYZ are measured in Galactic Cartesian
Z between a Pleiades member selecti@rif Collaboration vordinates centered on the Sun.

20183 and the stream members. A cross-match of the Pleiades
and stream source selections to the LAMOST DR5 et al. The content of the published source catalog is summarized
(2015 catalog results in 383, and 83 matches, respectively. TireTableG.1
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ABSTRACT

Context. Young and embedded stellar populations are important probes of the star formation process. Their properties and the
environments they create have the potential tect the formation of new planets. Paradoxically, we have a better census of nearby
embedded young populations than of the slightly more evolved optically visible young populations. The high accuracy measurements
and all-sky coverage dbaia data are about to change this situation.

Aims. This work aims to construct the most complete sample to date of young stellar objects (YSOs) @pheegion.

Methods. We compile a catalog of 1114 Ophiuchus YSOs from the literature and cross-match it wghithEDR3,Gaia-ESO, and
APOGEE-2 surveys. We apply a multivariate classi cation algorithm to this catalog to identify new, co-moving population candidates.
Results. We nd 191 new high- delity YSO candidates in th@aia EDR3 catalog belonging to theOph region. The new sources
appear to be mainly Class Ill M stars and substellar objects and are less extincted than the known members, while we nd that 28
of the previously unknown sources are YSOs with circumstellar disks (Class | or Class Il). The analysis of the proper motion distri-
bution of the entire sample reveals a well-de ned bimodality, implying two distinct populations sharing a similar 3D volume. The
rst population comprises young stars' clusters around tt@phiuchi star and the main Ophiuchus clouds (L1688, L1689, L1709).

In contrast, the second population is slightly oldet® Myr), more dispersed, has a distinct proper motion, and is possibly from the
Upper Sco group. The two populations are moving away from each other at about 4 1&naswill no longer overlap in about

4 Myr. Finally, we ag 17 sources in the literature sample as likely impostors, which are sources that exhibit large deviations from
the average properties of theOph population. Our results show the importance of accurate 3D space and motion information for
improved stellar population analysis.

Key words. astrometry — methods: data analysis — stars: formation — stars: pre-main sequence

1. Introduction a region's star formation history. Therefore, identifying the

) . . . young optically visible population is essential for reconstruct-
Since the development of millimeter-wave receivers and |nfrarﬁfb a star formation event. Moreover, sources in the unobscured
(IR) detectors in the 1970s, local star formation studies hayRyironments of nearby star-forming gas include some of the
mostly concentrated on the densest star-forming structure§gijest-mass objects (brown dwarfs and planetary-mass objects)
molecular clouds. Successive generations of instruments hgMg some of the closest proto-planetary disks we can study, the
opened a fundamental window into molecular cloud structuigier hecoming important targets for resolved ALMA studies
cloud fragmentation, and collapse and have unveiled the d 9.,ALMA Partnership 2015in the submillimeter wavelength
enshrouded young stellar object (YSO) populations in near )
cIc_Juds. This approach has generated an almost paradoxical Sit“‘OpticaI data from theGaia mission (aia Collaboration
ation where we currently know more about the very young dusly, g “yith its exquisite sensitivity and all-sky coverage, have
obscured populations than we know about the more evolved iy ngeq this situation. With its latest data release, the mission
optically revealed population in nearby star-forming regions. g made a breakthrough in terms of studies of gas shape and

More evolved YSOs show less IR excess emission afgiion GroRsched! et al. 2012027 and previously unknown

escape detection in IR surveys but are critical to reconstruct%ng stellar structuresMeingast et al. 20192021, signif-

? Interactive 3D version of Figures 6 and 7 are available online igantly improving upon its second data releasaia DR2

https://www.aanda.org 1320327312226/858314243 4538 QP!{@P&“E‘“Q” 2098In this work, we revisit one of the
?? The nal catalogis only availableattheCDSviaanonymougtp ~ nearest star-forming regions, theOphiuchi region, by using

to cdsarc.u-strasbg.fr ~ (130.79.128.5 ) or via http://cdsarc. the newly availableGaia Early Data Release 3 (EDR3) data
u-strasbg.fr/iviz-bin/cat/J/A+A/652/A2 (Gaia Collaboration 2021
Article published by EDP Sciences A2, page 1 o1
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The Ophiuchi ( Oph) star-forming regionWilking et al. results in a total of 1114 sources. We note that the same source
2008 is one of the nearest active star-forming regions, ean be presented in more than one work. We assign each paper
a distance of approximately 139 pd.ombardietal. 2008 a digit for citation purposes in our nal catalog. Some papers
Zucker etal. 202D It comprises the cluster of young starslso include sources from IR observations, which are essential
around the Ophiuchi star Pillitteri et al. 201§ and the young for a complete sample due to the high optical extinction in the
stars associated with the dense gas in the Ophiuchus cloegion and for identifying Class Il and earlier Class YSOs. The
complex, mainly the L1688, L1689, and L1709 cloudsren highest number of sources are provided/Miyking et al. (2008,
1989ab). Due to its youth and proximity to Earth, it has playe€anovas et al2019, andEsplin & Luhman(2020. Duplicates
an essential role in many star formation studies, in particulaere removed with an internal match within a 1.0 arcsec match
in the de nition of the YSO classesWilking & Lada 1983 radius and an internal match on tBaia source IDs. Our result
Lada & Wilking 1984 Andre et al. 1993 Greene etal. 1994 is a nal literature table of 1114 unigue sources.

The Ophregionis located in the foreground of the southeastern Sullivan et al. (2019 provide radial velocities on their
edge of Upper Scorpius, which is a subgroup of the Scorpiussurces, whileEDucourant et al(2017) provide proper motions
Centaurus OB association, and has a distance of around 146pc¢heir sources. Astrometric data (proper motions, parallaxes,
(Wilkinson et al. 2018 It has long been suspected that star foend radial velocities) for the remaining sources were obtained
mation in the Oph region was triggered by feedback from madby selecting three surveys for cross-matching with our liter-
sive stars from Upper Sc&/tba 1977 Loren & Wootten 1986 ature sample, which is essential for identifying new sources
Loren 1989¢; de Geus 1992 with the algorithm. TheGaia survey provides us with unprece-

The youngest stars in the region are associated with ifkented astrometry with improved quality and statistics com-
densest gas in the Ophiuchus cloud complex, mostly L16§fred to any previous comparable survey, such §BICos
with an average age of about 0.3 My&reene & Meyer 1995 (Perryman etal. 1997 Therefore, proper motions and par-
Luhman & Rieke 1998 while the stellar population on theallaxes were obtained fronbaia EDR3 (Gaia Collaboration
lower column density surface has an average estimated ag@@1). To complemenGaia astrometry and constrain the mod-
2-5Myr (Wilking et al. 2008 Erickson et al. 2011 There are els of the algorithm, we combined it with radial velocities
three main dark clouds in the Oph complex, the mentionedfrom APOGEE-2 [ajewski et al. 201, a large-scale spectro-
Lynds dark clouds L1688, L1689 and L1709/(ds 1962Loren scopic survey conducted in the near-infrared, @alaESO
1989ab). The large column density toward particular regions i(Gilmore et al. 201p, a spectroscopic survey by the European
these clouds, where the optical extinction can reach values of$guthern Observatory (ESO) combined with Ga&ia astrome-
to Ay above 40-50 magWilking & Lada 1983 Wilking et al. try catalog. Radial velocities from these surveys deliver superior
1989 Lombardi et al. 2008 make IR observations essential foresolution and statistics compared to radial velocities fdara.
studying the embedded young stellar population in the cloud. A cross-match of the literature sources with data filGaia
There is a rich embedded cluster of YSOs in L1688, which EDR3 yielded a total of 675 matches, which is 60.5% of the
mostly invisible at optical wavelengths, whose stars have not ygttire literature sample, leaving many sources withGaia
disperseducourant et al. 2037 equivalents. One explanation for this is ti@aia is only sensi-

In this paper, we apply the recently developed method fraiime to optical wavelengths, while many of the obtained literature
Ratzenbdck et a(2020 to Gaia EDR3 data, to unveil the mostsources are too embedded in the cloud and can only be observed
complete sample to date of YSOs toward th@ph region. at IR wavelengths. Additionally, several sources, such as from
The method uses the astrometric properties of known YS@splin & Luhman(2020, are brown dwarfs, which are often too
in combination with a bagging classi er of one-class suppofaint to be seen bysaia A cross-match of the total literature
vector machines (OCSVMs) oBaia EDR3 data to perform a sources with APOGEE-2 resulted in 188 matches, while a cross-
5D search (3D positions and 2D proper motions) for possitieatch withGaia-ESO data yielded 61 matches in our literature
new population members. The algorithm creates a hyper-surfaa¢alog. For sources with multiple measurements, higher prior-
around the positional and proper motion distribution of the inpity was given to surveys with higher accuracy. Therefore we use
samples in a 5D space to nd new sources with similar propeBaiaproper motions and parallaxes over those obtained from the
ties. Radial velocities of the input population are also necessétgrature. For sources with multiple radial velocity values, data
for constraining the models. We remove models that identiffom Gaia-ESO has the highest priority, followed by APOGEE-
stars with signi cantly di erent 3D velocities than the those oR and therGaia.
training set. The distances to the sources were calculated through the

In Sect.2 we present the data used in this work; this includesverse of the parallax, which is a good approximation for the
known sources from the literature, which we cross-matched witklatively close distance to the region of about 130-140 pc (e.qg.,
further astronomical surveys. In Se@.we summarize how Luri et al. 2018. Furthermore, the tangential velocities and
the classi cation algorithm operates to identify new sources., as well as their errors, were calculated through the proper
We present the results of the algorithm in Sektincluding a motions and parallaxes, as shown in Eds1§—(A.4). For a bet-
detailed analysis. In Sed.we discuss some implications of ourter overview, we list the symbols and abbreviations of frequent
ndings. parameters used throughout this paper:

— ; (deg): right ascension and declination
— 1;b (deg): galactic longitude and latitude
2. Data — $ (mas): parallax of the sources
— d (pc): distance to the sources, inverse of parallax
— (masyrY): cos(), proper motion along
In this section, we summarize how we compiled our literature-  (masyr): proper motion along
catalog of Oph sources. This work is based on studies®ph  — v, (km s 1): heliocentric radial velocity
and L1688 from 11 papers, which are summarized in Table — v ;v (kms 1): tangential velocities along and
including the number of sources utilized from each work, which- vi; v, (km s 1): tangential velocities alonigandb

2.1. Literature catalog
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Table 1.Overview of the literature that was used to collect young stellar members of@ph region.

Paper Method Sources used Ref
Greene et al(1994) Mid-IR photometric study 56 1
Haisch et al(2002 Near- and mid-IR observations 13 2
Padgett et al(2009 Multiband Imaging Photometer f@pitzer(MIPS) point-sources 46 3
Wilking et al. (2008 X-ray and IR photometric and spectroscopic surveys 316 4
Evans et al(2009 Spitzerc2d Legacy survey 292 5
Dunham et al(2019 Spitzerc2d and GB Legacy surveys 292 6
Rigliaco et al.(2016 Dynamical analysis witlGaiasESO survey 45 7
Ducourant et al(2017) Near-IR observations to determine proper motions 82 8
Cénovas et a(2019 Density-based clustering algorithms wiltaia DR2 831 9
Sullivan et al.(2019 Radial velocity survey with data from IR spectrographs 34 10
Esplin & Luhman(2020 Astrometry fromGaia DR2, proper motions frorpitzer 373 11

Notes.The table lists the used methods and the number of sources we obtained from each paper, resulting in a total of 1114 literature sources.
note that the same source can be presented in more than one work.

- X;Y:Z (pc): positions in Galactic Cartesian coordinateslassi ed by the OCSVM as members of a stellar population as
whereX, Y, andZ point toward the Galactic center, the direc*predicted” members. Based on the model quality, the prediction
tion of the Galactic rotation, and the north Galactic polset contains known and potentially new candidate sources. In the
respectively following we discuss means of selecting high quality models via

— U; V:W (km's 1): velocities in Galactic Cartesian coordinategrior assumption lters.

2.2. Impostors 3.1. Training set selection

We have discovered several sources within the literature cag-provide reliable sources for the classi cation algorithm, we
log that have properties that do not t very well to the region'greated a training set by removing outliers and applying quality
average astrometric values. In Appendixwe list the interval cyis. The quality cuts are described in Appendixwhere we
ranges in which most of the distance, radial velocity, and tagrso present the training set. To guarantee a high- delity training
gential velocity values in Oph are found, which were used taset, we limited our selection to sources with radial velocity mea-
create a training set (Se@.1). There are 28 sources that have arements. Since the hypersurface created by the OCSVM algo-
least one of these values outside our de ned intervals and smafié§m depends heavily on the distribution of peripheral sources,
errors than the upper limits listed in AppendixHowever, some t is susceptible to outliers. The use of a soft-margin SVM some-
of them have values that are still close to the interval limits aRghat mitigates this, but to further reduce theeet of potential
could therefore still be a part of Oph, since deviating motions ~gntaminants on the nal model shape, we removed the most
can be caused by interactions in the cluster or by multiple stelfireme outliers from the training set as well. To do so, we
systems. There are, nonetheless, several sources with very Igiggnated the local outlier factoBfeunig et al. 200pof each
radial velocity deviations from the average. Therefore, we ideggyrce in 5D and removed 5% of the training set with the high-
ti ed all sources with radial velocities; < 30 andv; > 20 and gt outlier factor. This removal lead to a nal training set of 150

errors<3 as uncertain members and labeled them as imposig{rces, which corresponds to 13.5% of the literature sample.
candidates in our catalog. We found 17 of such impostor can-

didates among the literature sources. However, it is important

to note that these deviating radial velocities could be causeddy. Model selection and prior assumptions

multiplicity, such as binary star systems, and could therefore still . . )

be members. Due to this uncertainty, and since our intervals k#¢e to the high model exibility of OCSVMs, choosing ade-

more or less arbitrarily de ned, we chose not to remove thegiate model parameters is critical to guarantee a suitable

impostors from our catalog. Instead, we created a separate 8§SCription of the stellar system. Instead of directly selecting

umn named “Impostors,” where they are labeled with a “1” arfjodels in the OCSVM hyperparameter spaatzenbock et al.

all others are labeled with a “0”. (2020 have suggested to constrain the models via prior assump-
tions they have to adhere to, implicitly tuning the model param-
eters. In addition, as summary statistics, prior assumptions

3. Methods are usually much easier to interpret compared to the original

' OCSVM parameters. Each set of prior beliefs corresponds to

In our work, we applied the classi cation strategy describedl distribution of allowed models in the input parameter space,

in Ratzenbdck et al(2020 for identifying new members of such that there is a mapping from a prior assumption tuple to

the  Oph region in theGaia EDR3 catalog. The goal of regions in the OCSVM parameter space that contain models that

Ratzenbdck et a2020 was to model the extent of the Mein-adhere to the given rule set. Instead of explicitly characteriz-

gast 1 stellar streamMgingast et al. 2019in the combined ing this map, we sampled uniformly from the OCSVM hyper-

space of proper motions and positions and subsequently use fiacameter space and removed un t models. To determine a set

identify new members iGaia DR2, while we use the latest dataof prior assumptions for identifying new high- delity Oph

release EDR3. The model consists of multiple OCSVM classitembers, we considered their applicationRatzenbéck et al.

ers in a bagging ensemble. In the following we refer to sourc2020. The prior assumptions were motivated by the training
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set selection process. Since only sources with radial velocit@mstrains the predicted extent to the training set extent, and 2,
were previously identi ed to be part of the Meingast 1 streanwvhere models can have twice the dispersion of the training set.
the authors formulated prior assumptions based on completenggsexplicitly separated the positional from the proper motion
arguments regarding radial velocities. Speci cally, the goal wases since both dispersion measures have physicallgreint
to nd still unknown members without radial velocity measuremeanings, and we might want to restrict one more than the other.
ments, which were con ned to the training set extent. However, To avoid systematic shifts of the predicted to the training
the Oph training set selection function is much more compleset distribution, we constrained the distance between the cen-
as we combined radial velocity information across multiple dagaids of the training and predicted sources. We measured the
surveys. This also means we have much less information abeeitroid distance in terms of the mean deviation of the training
potentially concealed Oph members. Therefore, we adjustedet sources. A value of one would correspond to a centroid shift
the previous assumptions to th@©ph population. In the follow- with a distance of one mean deviation from the training centroid.
ing, we brie y discuss the selection of the six prior assumptionfgain, nding a precise value is not straightforward, as the value
constraining models via the number and distribution of predictednnot be properly inferred for the unknowr©Oph population.
sources. Therefore, we limited the maximum shift parameter to a range
between 0.1 and 0.7, which we consider already a quite large

3.2.1. Population size systematic deviation from the training set.

Firstly, we aim to restrict the number of sources a model identi- o )
es. Because the Oph population has been studied extensivefy3- Building the - Oph classi er

— with some studies usin@aia data as well — we do not expectye subsequently searched for model ensembles within these
to nd a dramatic increase in overall population size. Based @Rree parameters, the mean deviation in position, proper motions,
the number ofGaia EDR3 sources in the literature catalog, W@nd the maximal systematic shift, while keeping the other two
estimated a very conservative upper limit of a maximum poprior assumptions, the maximum number of predicted sources,
ulation size of about twice the number of sources from the lind the maximum contamination fraction, xed. As stated in
erature catalog that havgaia source IDs to be predicted by agect.3.2.1, a prior assumption tuple corresponds to a model
single model, setting it to 1400 maximal members. We note hefgsemble that adheres to the respective beliefs. For each of these
that the prior assumption restrictions only apply to single modnsembles, we determined a stability threshold by minimiz-
els, meaning the model ensemble, as a nal classi er can excqgg the Kullback—Leibler (KL) divergenceliback & Leibler

individual or multiple prior assumption limits. 1951) between the 3D velocity distributions of training and
predicted Oph members (see Appendixfor more details).
3.2.2. Contamination fraction We randomly selected 100 prior assumption tuples within their

respective range, resulting in 100 model ensembles with a corre-
Secondly, we constrained the contamination fraction of preponding stability threshold.
dicted sources across models. The contamination fraction is To select single or multiple suitable classiers from this
determined via the 3D velocity distribution ofOph candidate space of model ensembles, we considered the following. We
sources. Precisely, we rst modeled the 3D velocity distributicsimed to maximize the number of predicte@ph sources while
of the training samples as a single Gaussian distribution. Tinimizing the number of contaminants in our nal prediction
mean and covariance matrix were determined by maximiziggt. Thus, we studied the distribution of the number of predicted
the likelihood of the training data. Subsequently, we de ned thgurces over the contamination fraction across the 100 model
contamination as the fraction of sources outside th¢®.7%) ensembles. The contamination fraction is determined via the
range of the training set. In practice, we observe very few radiatio of predicted sources outside the Bange of the training
velocities in the predicted set for a single model, and, therefot@locity distribution. The distribution of the 100 randomly sam-
the contamination fraction assumption has a minoeat for pled model ensembles can be seen in Bid. We observed a
removing single models. This ect is highlighted in FigC.1, clear trend for high-contamination models, which tend to have
where we see an almost constant and maximal number of modetger velocity dispersion and interestingly a rather low system-
adhering to the contamination rule for various maximal valuestic shift to “good” models. This sample of low-contamination
Since the in uence is small across such a large range, we sehiddels were identifying possibly new Oph members in a
to a value of 15%. nonsymmetric region around the training set. To construct the
nal classier, we combined the predictions of the 90 models
with the lowest contamination fraction &f28%4, correspond-
ing to the two left-most columns of models in the top row of
Lastly, we want to constrain the extent of predicte@ph mem- Fig. D.1. Finally, we determined a stability threshold for the
bers in position and proper motion space. This was done by me®! ensemble following the procedure outlined in Appenéix
suring the dispersion and systematic shift between training dnding so, we obtained a stability threshold of 4%. To prop-
predicted member distributions. We characterize the dispersinty validate the nal classi er, we had to consider the previ-
in position and proper motion space by the mean deviation @isly untouched information, the distribution of sources in the
its member stars to their centroid. The prior assumption cdtertzsprung-Russell Diagram (HRD). In order for the predicted
responds to a constraint on the ratio between the average pmrces to be actual members of thé@ph population, they
dicted deviation to the average training deviation. For furtherust follow the same isochrone as the training set. Therefore,
details, we refer to Appendix B iRatzenbock et a(2020. In  we determined the residuals of predicted sources to the best
the case of Oph, we cannot give a concrete estimate on thiing isochrone on the training set, where we obtained an age of
expected extent of unknown members in position and proper
motion space. Instead, we motivate a range of maximal valuésThe contamination fraction is determined without any quality Iters
We postulated a constraint on the parameter to be within 1, whigtplied.

3.2.3. Estimated extent and systematic shift
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Fig. 1. Venn diagram depicting the amount of sources in the literature
sample, the predicted sample, and the amount of sources both of them
have in common. In total, 791 sources were predicted by the algorithm. of e
Of these, 229 are new sources, with 191 having a stabifity562 of the 14
total predicted sources are already among the 1114 literature sources,
413 of those having a stability4. 552 literature sources were not pre-
dicted by the algorithm.

358 356 354 352 350
Galactic longitude (deg)

about 5 Myr, and compared them to the training set residuals g, 2. pistribution of Oph sources in galactic coordinates. The known
Fig. F.1 the standard deviation of the training set residuals agelurces from the literature are in blue, while new sources are in red.
predicted residuals can be seen, highlighting an almost perf8etirces from the training set are represented by black squares. The
agreement with the training data across the full stability rangeapproximate location of the extinction peak is marked by a yellow cross.

A probable reason for the relatively small overlap in Fig.
(the algorithm only predicts 50.4% of the known sources from
In this section we present the results of the algorithm. Sourdes literature) is the fact that many of the literature sources were
from the literature are labeled as “Known” while the new sourcebtained through IR surveys since embedded stars @ph
are labeled as “New.” The following plots in this section showannot be detected at optical wavelengths. Furthermore, some
the known sources in blue, the new sources in red, and a consmlirces in the literature are impostors, as described in Sect.
sample in gray, labeled as “Control,” which serves as a comp#ris also important to note that only 675 literature sources
ison. The control sample was selected in a relatively dust-fré69.6%) haveGaia EDR3 IDs. Therefore, the algorithm has
region to the Galactic west of Oph at the same galactic lati-e ectively recovered 83.3% of literature sources that afedia
tude, within346 | 349 and15 b 18. EDRS3.Gaiais an optical telescope, hence itis insensitive to high
extinction sources in the L1688 dense clump, where the peak of
the surface density of YSOs in the cloud complex is located (e.g.,
Ortiz-Ledn et al. 2017Ducourant et al. 2007 Sources not visi-

A total of 791 sources in th&aia EDR3 catalog were predictedble at optical wavelengths cannot be predicted by the algorithm.

by the algorithm as belonging to theOph region, based on

the properties of the training set. The predicted sources incl
a total of 229 new sources that are not in th®ph literature
catalog. A total of 562 of the predicted sources are already pBigure2 shows the distribution of the Oph sources in galactic

of the literature sample of 1114 known sources, meaning thwiordinates with the known sources in blue and the new ones
50.4% of the literature sources were recovered by the algorithmred. The 150 sources in the training set, labeled as “Train,”

Only the sources with stability4%, namely 191 of the are included as un lled black squares for comparison. As can be
new sources, are considered in the following results. These neen inthe gure, the new sources are more dispersed, with many
sources together with the known ones result in 1305 total soureéshem being shifted toward the Galactic north, west, and south
inthe Oph region, while when excluding impostor sources waf the known sources. Hardly any new sources were found near
end up with 1288 high probability members. In our nal catathe core of the cloud and toward the Galactic east. The extinction
log, we also include the new sources predicted by the algorithpeak of the L1688 cloud, marked by a yellow cross in the gure,
with a stability<4%, resulting in a table of 1343 total sourcedies ataround 3530 andb 167 (Alvesetal., in prep.). It
Figurel visualizes the amount of shared sources in the literatusamost likely responsible for the lack of new sources in the core
and the prediction set in a Venn diagram, showing sources wiiince sources with a high optical extinction cannot be detected
a prediction stability>4% and all stabilities. More information by Gaia. Furthermore, the core region is the most thoroughly
on the stability can be found in Appendix An overview of the studied part of Oph by previous surveys, thus it is unsurprising
nal numbers of sources per (sub)sample is given in T&la that few new sources were found near the core region.
column overview of the nal master catalog of theOph young Figure 3 shows a histogram of the distances to th®ph
stellar members is presented in AppenHix sources, which were determined through the inverse of their

4, Results

4.1. Predicted sources

ULFE. Astrometric properties
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Fig. 3. Histogram of distances to theOph sources. The distribution of Fig. 4. Tangential velocities of the Oph sources. The known sources
the known sources from the literature is in blue, and the new sourcesam shown in blue, and the new sources are shown in red.
inred.

parallaxes. Most of the sources are clustered around a mean dis-':Igures highlights the in uence of the Sun's re ex motion

tance of approximately 140 pc (see Talflel), which agrees ON the heliocentric proper motions. The top panels show the
well with the literature value of around 139 pZucker et al. d!rect!on ofmotl_on using the hell_ocentrlc velocities (Igft) athhe
2020. In general, the average astrometric properties of tH#€ction of motion when correcting for the Sun's motion (right),
known and new sources are very similar and overlap witin ~ Showing velocities relative to the local standard of rest (LSR).
(see Tablez.1), further con rming that they belong to the sameT he latter show a less clear separation between the two popula-
region. tions. To separate the two populations, we used the heliocentric
Figure 4 shows the tangential velocity distribution of theproper motion to avoid injecting in the nal selection uncertain-
Oph sources. The impostor sources (see Qedtfrom the lit-  ties related to the Sun's motios¢honrich et al. 20901n any
erature are not included in the diagram, to avoid the in uence e&se, making a selection of the populations;ifsg would not
outliers. Although the distribution of the new sources shows ahange the result signi cantly.
overlap with the bulk of the known sources arourii< v < 3 For further discussion, this second dynamically distinct pop-
and 19< v < 16, alarge part of the population is shiftedilation shall be referred to as “Pop 2,” while the remaining shall
toward more negative values of and less negative , hinting be referred as “Pop 1" sources, after excluding impostors (see
at more than a single population. These two separate dynaBect.2.2). We de ne the sources in Pop 1 to be all sources
cal populations can already be recognized in the known sourfiesn our Oph catalog excluding impostors and Pop 2 sources.
alone, while the new sources further add to the second dynamithis population comprises the clusters of young stars around the
subgroup around10<v < 6and 1l4<v < 18. Ophiuchi star and the main Ophiuchus clouds (L1688, L1689,
For further analysis of this distinct kinematic subgroup, wel709). Concluding, we identify 304 sources in Pop 2 and 1022
determined the proper motions in Galactic coordinates and theéPop 1 when including sources of all stabilities. When apply-
angles between the Galactic proper motion vectorg)(and ing a cut at stability>4% for the new sources, we are left with
thel-axis (.4eL) in the heliocentric reference frame, and adde2B6 sources in Pop 2 and 993 sources in Pop 1 (see 3pble
these values to our table in a new column for all the sources The 304 sources in Pop 2 coincide with the sources whose
with proper motion measurements. Analyzing these anglestamgential velocities create the second dynamical structure in
a histogram reveals the two dynamically drent populations Fig. 4. In other words, the two subpopulations seen in this gure
as two distinct peaks, as can be seen in the histogram irbFigand the bimodal angle distribution consist of the same stars.
in the bottom left image. To disentangle these two populatiorisl5 of these 304 sources (37.8%) are new sources identi ed by
we use the angle distribution as a visual aid and apply a cuttbé algorithm. Further examination of this subgroup reveals that
1HeL < 200, resulting in a subgroup of 304 sources for the seanlike Pop 1, Pop 2 sources are mostly dispersed and are dis-
ond population when excluding 2 impostor sources. Using tirébuted relatively evenly all around the core of the cloud (see
proper motion angles relative to the local standard of resgg)  Fig. 11). Their distances exhibit a similar distribution to the other
produces a similar result, as shown in the bottom right image ofOph sources, which shows that the two populations occupy
Fig. 5. However, using this method, the separation between thygproximately the same 3D volume.
two populations is not as evident, indicating that there might be Table 2 shows the average values of the distances, proper
more than two dynamical populations. For simplicity, we considrotions, radial velocities, Galactic Cartesian positiof¥; Z
ered only two populations in our work and refer to future stuénd Galactic Cartesian velocitiesV: W, and the standard devi-
ies on Sco-Cen (Ratzenbdck et al., in prep.) for a more detaikgibns of these parameters for the two populations (Pop 1 and
analysis. Pop 2) in the Oph region. The average 3D positions of the two
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Fig. 5. Analysis of the two populations inOph based on their proper moticfop row galactic distribution of the known and newDph members,
including all new sources (without stability cut), while impostors are excluded. Arrows represent the tangential velocity vectors, color-coded fo
the angle between the vectors and Hexis (1.4e. and g in left and right panel respectively) Left panel heliocentric tangential velocity
vectors (gL ), as derived fronGaia EDR3 parametersy( v,), right panel tangential velocity vectors relative to the local standard of ngsk(
based o, sr, ViLsr)- The black arrows in the bottom right corners indicate the vector length for velocities of 26 lamds5 km st for viug. and
VLsr, respectively. These reference vectors have an angle ofréBQive to thd-axis.Bottom row histograms showing the distributions of angles

1veL and . sr for the sources as in the top panels. The bins in the left histogram have a widtlamd in the right histogram of.2 since |, sr
covers a larger range of angles. The histograms are color-coded for the angles as in the top panels.

populations only exhibit small deviations, showing that they adéstribution. Previously labeled impostors in S&are marked
not merely a 2D overlap, but mixed in all three spatial dimenvith black crosses in Figs. The elongation is most prominent
sions. As can be seen from the proper motions and tangensilming the line-of-sight, which is mostly caused by the larger errors
velocities in Table2, the Pop 2 sources exhibit slightly dirent in the parallax measurements compared to celestial coordinates,
dynamical properties, which set them apart. Althoughdhend while some of the elongation could be caused by outliers. It can
V velocities of the two populations hardly dér from each other, be seen in Fig6 that the new sources are rather distributed at
they occupy dierent regions in the) VW velocity space becausethe outskirts of the main cluster, indicating that they have been
of the larger dierences inW. The bimodality seen in Figd missed previously because they are more dispersed in space.
can also be seen in théVW space; however, only 55 sources In Fig. 7 we show the same Galactic Cartesian representa-
(18.1%) from the second population hav&/W velocities. By tion as in Fig.6, this time highlighting the 3D distribution of the
computing the dierence between thgVW vectors of the two Pop 1 and Pop 2 sources. It can be seen that the two populations
populations, we nd that they are moving away from each othérgely occupy the same space, while there is a lack of Pop 2
at about 4.1 km ¢ and will no longer overlap in about 4 Myr.  sources at very higd when compared to Pop 1, best visible in
Figure 6 shows the Galactic Cartesian coordinates of thke X versusZ panel. This distribution is consistent with the pro-
known and new Oph sources for a visualization of their 3Djected Galactic distribution in Figl1l, where a similar lack of
distribution. The literature sources exhibit a more elongat&bp 2 sources to the Galactic north can be seen.
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Table 2. Average astrometric properties, including their standard des, BP and RP passbands, to isochrones with solar metallicity
ations (1), for the two populations (Pop 1 and Pop 2) in th©ph from the PARSEC modelsBfessan et al. 20)2We use only

region. high- delity sources with stability>4, and quality cuts of ruwe
<1:4 and astrometric_sigma5d_mea&:5 (for de nitions of used
Dimension Pop 1 Pop 2 Gaiaparameters, see Talite1). With this we obtain an approx-
. . imate age of 10 Myr for the second population, which is older
((gggg)) 2244?3 cl)g 2;136’28 1‘21 than the average a)g/;e of about 5 Myr gf 51(9 whole sample.
$ (mas) 1 04 71 04
d (pc) 1404 80 1413 79 4.4. Analysis of infrared colors: Infrared-excess sources
(masyr?) 72 21 114 1.9
(masyr?t) 253 23 234 21 The evolutionary stages of young stars can be estimated by using
v (kms?) 47 11 76 12 IR measurements, which reveal the presence of protoplanetary
v (kms?) 170 1.4 157 1.2 disks and envelopes around the pre-main-sequence stars. Disks
v (kms ) 6:2 45 39 33 and envelopes emit light in IR wavelengths due to their warm
X (pc) 1328 77 1335 75 dust emission. Cross-matching our complet@ph catalog with
Y (pc) 162 2.0 163 29 data from WISE Yright et al. 2019, in our case the AlIWISE
Z (pc) 423 38 428 39 catalog, provides stars with the required IR photometry to ana-
U (kms?) 55 34 41 30 lyze IR excesses. We note that not all sources are represented by
V (kms1) 151 1.3 162 15 WISE. The cross-match yielded 1110 sources with WISE data,
W (kms 1) 94 14 57 15 which is 82.7% of our Oph sources. Th&/1, W2, andwW3 pass-

bands correspond to wavelengths of 3n, 46 m, and 13 m,
respectively. To use only high quality measurements in our dia-
gram, we only included sources above a speci ¢ signal-to-noise
ratio (SN). Sources had to ful llwlsnr> 10,w2snr> 10, and
Figure 8 (left) shows an observational Hertzsprung—RusseBsnr > 7 for the W1, W2, andW3 passbands. This cut was
Diagram (HRD) of the Oph sources with the known sourcesipplied to the Oph and the control sample, leaving 750 sources
in blue and the new ones in red. To create the diagram we @sethe diagram, which is 55.8% of the totaDph sample.
the Gaia EDR3 passbandG andGgp, for both the Oph and Figure9 shows a color-color diagram faVl W2 versus
the control sample. Sinc&aia EDR3 photometry is aected W2 W3, with the known sources in blue and the new ones
by systematic errors, corrections were applied toGhgand as in red. The control sample is included in gray, and the sources
described irRiello et al.(2021). Using the observed magnitude®f the second population (Pop 2) are marked by black sym-
mg in the G band and the individual distancdf the sources, bols. The extinction vector in thKs passband, labeled &,
we computed the absolute magnituddg in the G band with was determined using the reddening law for Y&, W2, and
Mg = mg+5 5log,od. Quality cuts as described in Appendix W3 passbands as Meingast et al(2018. A dashed line, serv-
were applied to th&aiadata of the Oph and control sample toing as a rough estimate, separates two regions in the diagram,
include only high quality photometry and astrometry. Isochroneamely those with and without IR excess, as similarly done in
from the PARSEC modeldVarigo et al. 201y for GaiaEDR3 Koenig & Leisawitz(2014. The functional form of the dashed
photometry are over-plotted in Fig.for 1, 5, and 10 Myr. An line is given byWwl W2= 1:05 0:8 (W2 WS3). Sources fur-
extinction vector in the/ passband, labeled &/, is shown to ther to the top and right in the diagram exhibit an IR excess and
visualize the direction and magnitude of extinction in this colom=se therefore most likely YSOs with envelopes or circumstellar
magnitude space using the reddening law fr@ardelli et al. disks, Class | or Class Il, while Class Il are similar to Classical T
(1989 andO'Donnell (1994 provided by PARSEC. Two equal- Tauri stars Greene et al. 1994
mass-curves for sources with 0.80 and 1M are over-plotted. Most of the new sources have little or no IR excess, which
The distribution of the known and new sources in the lefould be the reason why they have not been identi ed in any
panel of Fig.8 overlap, indicating similar ages and luminositiegrevious IR surveys. Sources below and to the left of the dashed
as also described in Se@t3and shown in FigE.1 This further line in Fig. 9 are either Class Il YSOs or main sequence stars.
con rms that they belong to the same region. Their distributioAs Fig. 8 con rms that Oph consists mainly of young stars,
is consistent with earlier work dfuhman & Rieke(1999 and this implies that the Oph sources below the line can only be
Esplin & Luhman(2020, who nd ages of 0.3—-6 Myr for Oph Class lll YSOs, which are associated with tenuous disks or bare
sources. Most of the new sources are low-mass stars, similapbmtospheres, therefore creating no detectable infrared excess
the known sources, probably consisting mainlyMtype spec- (Canovas et al. 2039
tral classes or substellar objects. As can be seen from the red sources above and to the right
In the right panel of Fig8 we show a similar observationalof the dashed line in Fig9, we have found 28 new sources
HRD as in the left panel, showing the two dynamical populavith IR excess, which are likely Class Il candidates. This cor-
tions in the Oph region. The rst population (Pop 1), whichresponds to a disk fraction of about 19.9% in the new sources,
comprises the clusters of young stars around th®phiuchi considering the displayed 141 new sources in the diagram. The
star and the main Ophiuchus clouds (L1688, L1689, L170%nown sources contain both Class | and Class Il candidates. The
is shown in red, and the second dynamically distinct populfiaction of sources with IR excess in the known population is
tion (Pop 2) is shown in yellow. One can see that the sewughly 48.6%, considering the 609 known sources within our
ond population appears to be slightly older than the rst and/ISE quality criteria, with 313 Class Il YSOs and 296 YSOs
aligns better with older isochrones. To determine the approwith IR excess. Further analysis of the 28 new YSOs with IR
mate age of the second population, we compute a least meaoess reveals that they are located further away from the core
square t to the data, as similarly done in Se8t3 using the of the cloud, which might explain why they have not been found

4.3. Observational HRD
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the known ones, as would be expected, since they were selectedlhe closest active star formation region to Earth, th@ph
based on th&aia catalog. region, remains a natural laboratory for star formation studies,
from core formation and collapse to disk formation and evolu-
. . tion into planets. Our work demonstrates how the unprecedented
5. Discussion astrometric precision oGaia is revealing the ne dynamical

In this work we applied the classi cation strategy developed I§fructure of this nearest star-forming regions.
Ratzenbdck et a(2020 to identify new members of the Oph
region in Gaia EDR3. This method yielded 191 new high stag 2 multiple young populations in star-forming regions
bility members with similar properties in position and motion to T ] T )
the 1114 known sources from the literature. From these resuf@$ir nding in this paper of a mixed population in Oph is
we were able to create a master catalog of all known sourcesiilar to the discovery of the foreground population in front
Oph, including our new sources fro@aia EDR3. This so far Of the Orion Nebula Alves & Bouy 2012 Bouy etal. 2014
most complete sample ofOph contains 1305 sources (or 134&hen et al. 2020 Unfortunately, two of the closest benchmark
when also including the new sources with a stabiit). star formation regions to Earth, theOph region and the Orion
Nebula Cluster, are now known to contain multiple young pop-
o . . ulations, either in projection or intermingled, which complicates
5.1. The  Oph region is a mixture of two young populations  the extraction of star formation observables. These two cases are
The tangential velocity distribution of the nal sample, presentdi/likely the exception. Mixed populations are to be expected,
in Fig. 4, reveals structure hinting at the presence of more thi@f €xample, in triggered star formation as a previous generation
one population. The bimodal distribution of the proper motigfPMPresses interstellar gas into a new generation of stars. Char-
angles presented in Fig. further asserts the existence of twecterizing the existence of multiple populations in nearby star

main populations in the surveyed area, which we call Popf@'mation regions is critical because it directlyets the funda-
and Pop 2. What is discussed in the literature as thoph Mental star formation observables, such as star formation history,

star-forming region” or “ Oph core” is in fact a mixture of rate, e ciency, and the_lmtlal mass function (IMF)_. Looking for-
at least two populations, with similar but distinct dynamicé{f’a"d' mu_ItlpIe p_opulatlons should be looked for m_other nearby
properties and ages, occupying approximately the same 3D &jr-forming regions, and for at leasbph and the Orion Nebula
ume. The rst (Pop 1), with ages 0.3-6 Mytghman & Rieke Cluster,_ they need to be disentangled for a precise description of
1999 Erickson etal. 2011Esplin & Luhman 202 as con- the basic star formation observables.

rmed in Fig. 8, comprises clusters of young stars around the

Ophiuchi star and the main Ophiuchus clouds, namely L16883 caveats
L1689, L1709 (see Figll). The second population (Pop 2)
appears more dispersed in comparison and has an older 8gme of the literature sources are locatedfmm the center
up to 10 Myr, a disk fraction of 16:3%, and 3D motions of of the cloud, in particular the ones that seem to trace the B44
U VW = 55 162, 57kms?. Given that the age, disk lament (L1689, L1712, L1759), away from the center of the
fraction, and 3D motion are similar to those of Upper Scgistribution and toward the lower Galactic east in FigThese
(UV,W = 51; 160; 7:2kms?, disk fraction 20%, age sources might be too far from the cluster center to be considered

10 Myr, Pecaut & Mamajek 2038.uhman & Esplin 2020 it by the algorithm, since the training set is only located near the
is possible that the 304 Pop 2 sources in the dispersed pegnter of the distribution (Fig2). Still, the sources seen in pro-
ulation originate from the much larger Upper Sco populatigaction onto B44 are also located at the edge of the proper motion
toward the Galactic north. However, we note that the souragdistribution, making them even less likely to be predicted. How-
from Pop 2 appear to be cut doward the Galactic north, as carever, since there are only a handful of sources located so far o
be seen in Figs7 and11. Considering that Upper Sco lies in thethis suggests that the algorithm is not missing a signi cant num-
north of Oph, it seems unclear if Pop 2 really originates frorher of sources toward the laments B44 and B45.
there. Still, the proper motion of Pop 2 is essentially the same as
the proper motion of Upper Scaghman & Esplin 202)) mak- . . . . .
ing it highly unlikely that Pop 2 is not associated with Uppe‘?"l' Comparison with previous work using Gaia data
Sco (same age, distance, and motions). More likely, becaused#ovas et al.(2019 applied several clustering algorithms
training set consists of 77.3% Pop 1 sources, it is possible tt@BSCAN‘OPT|CS7HDB$N\|identify new sources in the
this bias caused the algorithm to nd fewer Pop 2 sources, causQph region using theGaia DR2 catalog. We have found
ing the apparent cuto This will be further examined in future sources that were not identied as potential members by
work (Ratzenbdck et al., in prep.). Cénovas et a(2019, despite also running our search algorithm

The clear kinematic dierence between these two populasn theGaia DR2 catalog before the availability Gaia EDR3.

tions, only detectable because of the unprecedented accurac@@if search in onlygaia DR2 yielded around 150 new members,
GaiaEDR3, is the main nding of our study as it sheds light ornlepending on how strictly we set our prior assumptions. Find-
the genesis of the Oph star-forming region. The proper motioring so many new YSOs in the same data set suggest that our
distribution found in Fig5, in combination with RVs, translatesapproach is an ective tool for searching for new members of
into a 3D space motion derence between the two populationso-moving stellar structures.
of about 4.1 km s'. This relative space motion indicates that the Esplin & Luhman(2020 usedGaia DR2 data and derived
regions are moving away from each other and could imply thatoper motions with multi-epoch data from ti$pitzer Space
the origin of the Oph star-forming region is connected to thafelescope to nd 155 new young stars, 102 of these associated
of the Upper Sco population. A study of the space motion of tidth the Ophiuchus clouds and 47 with Upper Sco. Unlike our
two populations is called for as it will give insights on the origistudy, Esplin & Luhman(2020 did not use multivariate classi-
of the di erent motions. cation techniques to identify new sources, so we attribute the
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second population's age and proper motion suggest thatidtGeus, E. J. 19928A, 262, 258

may have originated from the Upper Sco population.

4 Myr.

7. Future studies of this benchmark region should treat thésens, N. J., Dunham, M. M., Jorgensen, J. K., et al. 2009, VizieR Online

. The two populations are moving away from each other @‘f
about 4.1km st, and will no longer be overlapping in about

Ducourant, C., Teixeira, R., Krone-Martins, A., et al. 208&A, 597, A90

nham, M. M., Allen, L. E., Evans, N. J., II, et al. 2014JS, 220, 11

rickson, K. L., Wilking, B. A., Meyer, M. R., Robinson, J. G., & Stephenson,
L. N.2011,AJ, 142, 140

Esplin, T. L., & Luhman, K. L. 2020AJ, 159, 282

two populations separately or risk biasing the star formatign PataCatalogyApJS181/321

observables, such as star formation history, ratesiency,
or the IMF.

. The algorithm used in this paper (OCSVRhktzenbock et al.
2020 has proven to be an ective method for identifying

stars belonging to a particular population, based on the préf§

erties of a subsample of known sources.
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Appendix A: Training set criteria Vi enr< 3kms L (A.8)
In this appendix, we describe the quality cuts determined for thel2kms?* <v <2kms?; (A.9)
training set, which were used in the classi cation algorithm tg o 3 gt A.10
identify new members. We used the tangential velocitieand —~ — L] . (A.10)
v and their errors for determining the cuts of the training set. 22kms~<v < 1lkms~ (A.11)
The tangential velocities were calculated through the parallaxes, < 3kms®: (A.12)
$ and proper motions and using the following formulas: -

v = 474047 =q$; (A1) As the sources are located around a distahas 140 pc, we

applied a symmetrical distance range of 100 to 180 pc for the

V _er = 474047 22t 2 $5=8Y (A-2) training set. A relative error-to-value cut was also applied for

v = 474047 =$; (A.3) the parallax$ . Radial velocities/; are mostly around a value of
5kms !, so we applied a symmetrical range df5 to 5 km s?.

V _en = 474047 2 782+ 2 $23,7%4 (A.4) A relative error cut is not sensible for the radial velocities since

o . . many of them are close to zero, which could lead to losing
The cuts for the training set were determined by using plots &syrces that actually belong tdOph. Therefore, we applied an
a visual aid. Figuré\.1 shows plots of various properties of the,psolute radial velocity error cut. Since the errors of the tangen-
complete literature sample in blue and sources that satisfy gdf velocitiesv andv are comparable to the radial velocity
chosen quality cuts in orange. We applied the following qualityrors, similar cuts can be made in all three velocity directions.
cuts for constructing the training set: We applied the same absolute error cut to the tangential veloci-

100 pc< d < 180 pg (A5) fies, since several values are also close to zero. These condi-

$enr=$< 02 (A.6) tions select sources that do not deviate much from the average
err o ’ values of the chosen properties, creating a suitable selection for
15kmst<v, <5kms?; (A.7) nding new sources with similar properties.
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There appear to be only small deviations between the prdgite column “Ref” serves as a reference for the literature sources,
erties of the known and new sources, which are not signiwhere each paper is cited by their reference number given in
cant within 1 . This further con rms that, on average, theyrable 1. Several sources were obtained from more than one
belong to the same region. The average values @fph for paper; therefore, some sources have more than one reference
$; ; ;X Y.Z agree relatively well with those determined by\umber.

Canovas et a(2019 within 1 . Since the known sources have proper motions and radial
velocities obtained from the literatur&aia EDR3, APOGEE-

2, or GaiaESO, we provide the column “Ref_pm_rv” for the
reference of the proper motions and radial velocity values,
In this appendix we present our nal catalog ofOph sources, respectively. Each row contains two numbers for citation of
which is available at the CDS. Itincludes all known sources frothese values, where “1,” “2,” “3,” and “4” signify measure-
the literature and all sources identi ed by the OCSVM, evements obtained from the literatur@aia EDR3, APOGEE, and
those with a stabilityc4, resulting in a total of 1343 sourcesGaiaESO, respectively. “0” implies that a source does not
TableH.1 shows an overview of the column names, their unitsave a corresponding proper motion, parallax or radial velocity
and their descriptions. In total, our catalog contains 67 colummseasurement.

Appendix H:  Oph catalog overview

Table H.1. Column overview of the nal catalog containing known and ne®@ph sources.

Column name Unit Description

source_id_edr3 - GaiaEDR3 ID

RA deg Right ascension (J2000)

Dec deg Declination (J2000)

| deg Galactic longitude

b deg Galactic latitude

parallax mas Parallax

parallax_error mas Parallax error

distance pc Distance, determined from the inverse of the parallax
pmra masyr!  Proper motion in ra direction

pmra_error masyt Errorin pmra

pmdec masyr  Proper motion in Dec direction
pmdec_error masyt Errorin pmdec

radial_velocity km st Heliocentric radial velocity
radial_velocity_error kmég Error in radial velocity

v_alpha km st Tangential velocity in ra direction
v_alpha_error kmg Error in v_alpha

v_delta kms?t Tangential velocity in dec direction
v_delta_error kmg Errorin v_delta

X pc Galactic CartesiaK position component

Y pc Galactic Cartesia¥ position component

4 pc Galactic Cartesiad position component

U kms? Galactic Cartesiab) velocity component

\% kms?® Galactic CartesiaN velocity component

w kms? Galactic CartesiakV velocity component
ruwe - Renormalized unit weight error
astrometric_sigma5d_max mas Longest principal axis in the 5D error ellipsoid
astrometric_params_solved — Which parameters have been solved for
visibility_periods_used - Number of visibility periods in the astrometric solution
phot_g_mean_ ux ds G-band mean ux

phot_g_mean_ ux_error és Error onG-band mean ux
phot_g_mean_mag mag  G-band mean magnitude
phot_bp_mean_mag mag Integrated BP mean magnitude
phot_rp_mean_mag mag Integrated RP mean magnitude

bp_rp mag BP-RP color

Train — =1 for sources in the training set

Predict - =1 for predicted sources iBaia EDR3

New - =1 for new sources iGaia EDR3

Stability - Stability of the sources, range: 0-100
Impostors - =1 for impostor sources

Notes.Column overview of the nal catalog of Oph sources, which includes the known sources from the literature as well as the new sources

identi ed by the algorithm. The complete table is available at the CDS.

A2, page 20 o1
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Table H.1.continued.

Column name Unit Description

pml masyr! Proper motion iri direction

pmb masyrl  Proper motion irb direction

v_| kms?®  Velocity inl direction

v_b kms!  Velocity in b direction

angle_I_hel deg Heliocentric proper motion anglé-&xis

pml_lsr masyrt  Proper motion il direction (LSR)

pmb_lsr masyrt  Proper motion irb direction (LSR)

v_|_lsr kms? Velocity in| direction (LSR)

v_b_lsr kms? Velocity in b direction (LSR)

angle_|_lsr deg LSR proper motion angld taxis

Pop - =1 for Pop 1 sources;2 for Pop 2 sources;0 if neither
IR_excess - =1 for YSOs with IR excess; 0 for Class Ill sources
designation_2MASS - 2MASS ID

m mag J-band magnitude

j_cmsig mag Uncertainty id-band magnitude

h_m mag H-band magnitude

h_cmsig mag Uncertainty iH-band magnitude

k_m mag K-band magnitude

k_cmsig mag Uncertainty in K-band magnitude
designation_WISE - WISE ID

wlmpro mag WISBN1 magnitude

wilsnr - W1 SN

w2mpro mag WISBN2 magnitude

w2snr - W2 SN

w3mpro mag WISBN3 magnitude

w3snr - W3 SN

Ref - Reference for literature sources, see Tabtange: 1-11
Ref_pm_rv - Reference for proper motions and radial velocity: literatlire

GaiaEDR3=2, APOGEE3, GaiaESO-4
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Uncover: Toward Interpretable Models
for Detecting New Star Cluster Members

Sebastian Ratzenbock, Verena Obermuiller, Torsten Moller, Senior Member, IEEE,
Joao Alves, and Immanuel M. Bomze

Abstract —In this design study, we present Uncover, an interactive tool aimed at astronomers to nd previously unidenti ed member
stars in stellar clusters. We contribute data and task abstraction in the domain of astronomy and provide an approach for the non-trivial
challenge of nding a suitable hyper-parameter set for highly exible novelty detection models. We achieve this by substituting the
tedious manual trial and error process, which usually results in nding a small subset of passable models with a ve-step work ow
approach. We utilize ranges of a priori de ned, interpretable summary statistics models have to adhere to. Our goal is to enable
astronomers to use their domain expertise to quantify model goodness effectively. We attempt to change the current culture of blindly
accepting a machine learning model to one where astronomers build and modify a model based on their expertise. We evaluate the
tools' usability and usefulness in a series of interviews with domain experts.

Index Terms —Interpretable models, model selection, novelty detection, star clusters

1 MOTIVATION

TAR clusters constitute the elementary building blocks
f galaxies [45]. They provide probes for studying fun-
damental processes such as galaxy structure formation and
evolution, stellar physics, and exoplanet evolution [55].
However, what astronomers know about stellar clusters is
limited by the discovery process itself. Due to complex inter-
actions with their dusty birthplaces, the tidal forces from the
Milky Way, and unavoidable imperfect measurements and
missing data, nding and extracting star clusters is challeng-
ing. Typically, new star clusters' discoveries consist of small
high-con dence samples that minimize misclassi cation of
stars. These high- delity samples are usually restricted to
the dense cluster centers. However, larger samples would
not only dramatically improve the quality of the derived
cluster's physical parameters, but they also uncover the
so far unseen low-density regions of stellar clusters. These
low-density regions contain essential information on cluster
formation and evolution [9], [23], [28], [52]. Although there

is no conclusive methodology to identify new cluster mem-
bers, the advent of deep, space-based all-sky surveys makes
it a timely topic.

The search for new stars faces the challenges inherent
to unsupervised clustering approaches. The absence of la-
beled data makes nding an optimal clustering result a
highly nontrivial task. The two main challenges are hyper-
parameter space exploration and result validation. To search
for meaningful solutions, users often fall back to a laborious,
manual trial-and-error process.

To mitigate the time spent blindly wandering through
the hyper-parameter space, interactive tools such as
Tuner [72], and Clustrophile 1+2 [13], [21] provide a system-
atic approach to hyper-parameter space navigation. Con-
versely, validation depends on the context of the analysis,
the users' goals, and expertise. General purpose systems
thus often make efforts to increase the interpretability of
results beyond so called internal validation measures [48]
based on cluster compactness and separation. These scores
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plex feature spaces. Notably, in the search for new member
stars of stellar clusters, we already have a set of previously
identi ed members which currently available systems fail to
incorporate. The given set of cluster members provides the
chance of employing powerful novelty detection methods
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Fig. 1. Uncover Interface. a) Dendrogram Tab showing the silhouettes of model groups from the selected difference threshold. b) Model Group Tab
showing the distributions of individual model groups. c) Prior assumption Tab to set accepted ranges for selected summary statistics. d) Stability
Tab showing the nal model ensemble and the prediction frequency of inferred members.

in which known stars are used as training samples.

Our goal is to enable astronomers to use their domain
expertise to assess the quality of novelty detection models
and in the process create interpretable (to astronomers) and
accurate star classi cation models.

Given these design considerations, we present a ve-
stage work ow approach in which users (1) specify a priori
knowledge in terms of constrained summary statistic ranges
which inuence the training of an ensemble of novelty
detection models. Models are (2) clustered into user-de ned
groups which are subsequently (3) judged on their quality
by domain experts. The users' quality assessment then up-
dates the range of valid summary statistics. Subsequently,
we support users to study and discover the effect of sum-
mary statistics on the shape of the predicted distribution
in the context of their qualitative assessment. This gives
users the opportunity to update their prior knowledge and
in uence the lIter range (4). The updated statistics in uence
hyper-parameter restrictions on which a nal large ensem-
ble classi er is trained. Finally, the user is able (5) to Iter out
individual stars based on the prediction frequency across
models, to nalize the novelty classi er. The contributions
can be summarized in the following:

We present a novel visually assisted work ow for
nding appropriate hyper-parameters for highly
exible one-class support vector machines in the
presence of training set contamination and extremely
high outlier fractions (see Sect. 2).

We introduce an analysis and abstraction of data,
tasks, and requirements for the star formation do-
main (see Sect. 4).

54

We breakdown the star classi cation process into
small interpretable steps. We support users to apply
their domain expertise to assess the goodness of
trained models, effectively building con dence in the
nal classi er among domain experts (see Sect. 5).
We validate our approach in two scienti c use cases
that demonstrate the efciency and effectiveness
of the Uncover interface in nding new stars (see
Sect. 9).

2 ALGORITHMIC AND DOMAIN BACKGROUND

Our goal is to enable users to select meaningful models
from the vast space of possible star classi cation solutions.
Instead of guiding users through the hyper-parameter space
we provide an overview of possible model con gurations.

To facilitate model selection, we aim to increase the
transparency and interpretability of individual models. To
provide trust in selected models, we provide means of vali-
dating their outputs. We substitute unintuitive model hyper-
parameters with a set of interpretable summary statistics
and provide means to study their effect on the model
outputs.

In the following, we discuss the necessary expertise to
validate star clusters. We highlight and motivate cluster-
ing challenges in the context of star clusters more deeply.
Subsequently, we discuss one class models and strategies to
validate them.

2.1 Domain Background

Star clusters are dense groups of at least a few dozen stars.
Although it is widely agreed that most stars form in stellar
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clusters [45] their exact formation history and subsequent
evolution is currently subject to ongoing discussion [44],
[76]. This discussion on fundamental star formation prin-
ciples is fueled by the Gaia mission [29], [30], [31] which
provides unprecedented positional and kinematic measure-
ments of over 1.6 billion stars in our Milky Way. Since its
public release the richness of the Gaia data has sparked a
wave of discoveries of star clusters [10], [12], [16], [51]. By
studying their size, age, and chemical compositions, stellar
clusters provide valuable insights into galaxy formation,
structure evolution, and stellar physics.

The precise study of physical processes and inference
of physical model parameters is, however, limited by the
discovery process. Star clusters appear as stellar over-
densities in the space of position and velocity [42]. Due
to physical processes such as complex interactions with the
galaxy, imperfect measurements, and missing data, nding
and extracting star clusters is challenging. Consequently,
discoveries of new star clusters are often accompanied by
a small high-con dence sample to avoid a high number
of misclassi ed stars. Thus, when a new star cluster is
discovered, domain scientists frequently sacri ce recall for
high precision.

To infer physical quantities or test hypotheses on stellar
physics and/or Galaxy structure and evolution, a suf-
ciently large sample of stars is needed. In these situations, a
high recall is equally important. To uncover potentially new
cluster members, star clusters are often subject to follow-up
studies [9], [23], [28], [52]. Even though a set of high- delity
stars already exists, these follow-up studies usually employ
fully unsupervised learning, i.e., in data sets without labels
indicating a class. Nevertheless, a common aim is to assign
new members to previously identi ed stellar groups. We
actually face a gray area between supervised and unsu-
pervised learning, in statistical jargon between classi cation
and clustering (not in the astronomy sense).

Recently however, novelty (or anomaly) detection ap-
proaches have been used to search for new member
stars [37], [59]. Speci cally, one-class support vector ma-
chines (OCSVM) [64] are trained on a set of high- delity
member stars which are then able to identify unseen mem-
bers. However, OCSVM classi ers are quite tedious to train.
Their high exibility and the lack of labeled outlier data
limits their ability to generalize well on account of the pro-
vided training data only. Due to the lack of a clear objective
function, domain experts usually fall back to manual trial-
and-error processes.

Although no ground truth information is available for
individual stars, ensembles of stars can be validated by
domain experts. The distribution of stars in the positional
and kinematic feature space, alongside their distribution in
the Hertzsprung Russell diagram (HRD) provides evidence
for or against a “true” star cluster hypothesis.

The HRD shows the evolutionary distribution of stars.
It is a scatter plot in which the absolute magnitude of
stars, a measure of their brightness, is plotted against the
color, a measure of surface temperature, of the stars (see
left side of Fig. 10). The position of a star on the HRD
depends on a number of factors but notably on its mass,
chemical composition, and age. During its life a star follows
an evolutionary path through the HRD. Stars in stellar clus-

ters are “born” together, originating from large collapsing
molecular clouds, and thus have the same age and chemical
composition. Therefore, star cluster members with different
masses are found to lie on and around (due to errors in the
measurement process) a curve in the 2D plane.

We aim to provide a visual interface that enables as-
tronomers to use their domain expertise to search for mean-
ingful star classi cation results.

2.2 Algorithmic Background

In this work, we focus on one-class support vector machines
following their recent success in identifying unseen mem-
bers in star clusters [37], [59]. The OCSVM method is an
outlier and novelty detection algorithm which learns a tight
and smooth boundary around a target data set. By applying
the kernel trick, this boundary is highly exible and can
describe non-linear, arbitrarily shaped boundary regions.
However, its extraordinary versatility quickly becomes its
greatest drawback, as its performance depends heavily on
the choice of input hyper-parameters.

Due to the lack of labeled outlier data, traditional model
selection techniques such as cross-validation cannot be ap-
plied. Since no second class can restrict model growth, mod-
els that encompass the whole feature space would achieve a
perfect test score. The optimal hyper-parameter selection for
one class models remains an open problem to this day [70].

2.2.1 Summary Statistics Heuristics

To formally quantify the goodness of a classier, a set of
labeled data instances is needed. In the case of one-class
models and unsupervised learning algorithms, principled
quantitative validation is impossible. Although the OCSVM
approach uses a set of training data in an extended sense,
the absence of data instances labeled as abnormal may lead
to a trivial model including all observations.

Instead, summary statistics such as the Silhouette
score [62] offer an automated model selection heuristics. A
set of summary statistics and respective prede ned ranges
provide straight-forward model Iters.

In contrast to the hyper-parameters of the classi er (e.g.,
the bandwidth parameter  in the kernel function or the
relaxation level , see below), statistics can be chosen by the
domain experts themselves and carry an immediate mean-
ing that can be interpreted by astronomers. Statistics such as
velocity dispersion, or the center of mass are metrics already
used to quantify star clusters [28], [51]. Such a domain spe-
ci c model selection heuristics was applied by Ratzenb 6ck
et al. [59] who initially motivated and described the use
of OCSVMs to search for new member stars. Instead of
tuning the model hyper-parameters directly, they compiled
six “interpretable” summary statistics and selected models
based on a priori de ned ranges of these statistics. The nal
star classi cation model results then from aggregating the
prediction of accepted models.

In the limit of suf cient statistics [27] a set of maximum
likelihood estimates for the parameters of the data gen-
erating model can be determined. This requires, however,
a-priori knowledge on the nature of the joint probability
distribution function. In reality, we are left with a set of
observed data and insuf cient but still informative statistics
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on the unknown population. Due to the unknown complex
interaction and physical model uncertainties, the nature of
the underlying star clusters distribution is indeterminate.
Domain expertise and a high- delity training set can be
used to create informed summary statistics for model se-
lection.

A major drawback of using summary statistics for model
validation is owed to the vague and abstract nature of prior
knowledge. For example, instead of specifying explicitly
how many stars domain experts predict to nd, a com-
mon answer would be: “The population is expected to in-
crease only slightly but not by much.” Qualitative feedback
provides an effective validation alternative over summary
statistics that is much less sensitive to vague knowledge.

2.2.2 Qualitative Validation

In qualitative validation, users directly assess the model
predictions. The goodness of star cluster models is tied
to the distribution of inferred stars in the positional and
kinematic features, respective to the training data. Especially
the HRD provides means to support this decision.

Although summary statistics provide a fast model |-
ter approach, visual analysis of inferred stars guarantees
maximal con dence in the model. However, the manual
inspection of up to millions [59] of models is practically
infeasible. We aim to combine the best of both worlds by
providing an update scheme on a-priori de ned summary
statistic ranges informed by manually validated models.

2.2.3 A Combined Approach

To enable astronomers to become model builders them-
selves, we provide domain experts with a variety of po-
tential model candidates for validation. We derive limits to
summary statistics from validated models, which provides
an automatic model lter for a subsequent exhaustive model
search.

The high exibility of OCSVM models results in a vast
space of possible star classi cation results. Thus, for consis-
tent results we have to properly sample the space of possible
solutions. To deal with a large number of model realizations,
we adopt a clustering strategy in which similar models are
rst grouped and then jointly evaluated. A similar strategy
can also be found in FluidExplorer [7] where similar frames
in a uid simulation are grouped together.

To account for different star cluster shapes and sizes we
cannot impose a strict clustering rule. Instead, our goal is
to enable domain experts to summarize models into user-
de ned groups. A reasonable and interpretable framework
to introduce user control is through hierarchical clustering
using a complete-linkage criterion [20]. Compared to other
popular linkage criteria such as single or average linkage,
the complete-linkage criterion provides an easy to grasp
conceptual framework for users. Complete-linkage trans-
lates the merge threshold domain experts are able to modify
into a maximal difference between individual models in
a cluster. In addition, models in a group are expected to
show characteristic properties, implying a small intra-group
variation. Single-linkage, however, can lead to a very high
intra cluster variation as it applies a local merge decision,
compared to the complete-linkage criterion.
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To represent the distance between two models we choose
the symmetric difference cardinality (SDC) between inferred
sets of stars. The SDC of two sets A and B is the number of
elements which appear in either A or B but not in both. To
deal with various cluster sizes we normalize the SDC by
the union of both sets, a modi cation which still preserves
the metric quality of the difference measure [81]. This metric
measures the relative difference between models, that is the
fraction of stars by which models differ. It provides an in-
terpretable difference compared to more complex distances
such as the Hausdorff distance [61] that is less sensitive to
border point uctuations.

By using a global-to-local [67] approach we essentially
cluster the solutions that allows a domain expert to inspect
groups of similar models instead of having to validate
each model individually. Each model group summarizes a
common classi er trait giving users a much more concise
overview of the solution space. Instead of qualitatively
inspecting models individually domain experts assess re-
sulting model clusters, thus, scaling to thousands of models.

The number of trained models affects the wait time for
the initial training phase and the interpretability of the hier-
archical model grouping algorithm in subsequent work ow
steps. This is contrasted by the need to properly sample
the space of possible star classication results. To cover
the hyper-parameter space quickly and evenly, we draw
samples from the Sobol sequence [2], [69] until convergence.
We stop the sampling process if the majority ( > 90%) of the
previous 50 hyper-parameter tuples lack signi cantly novel
models. Model novelty is de ned as a normalized SDC of at
least 0:05 from previously trained models.

To improve the chance of nding many suitable models
we pre- Iter models based on initially de ned summary
statistic ranges based on a priori assumptions. This step
limits the models presented to domain experts to plausible
solutions.

Models are then trained according to Ratzenbock et
al. [59] who have initially motivated and described the use
of OCSVMs to search for new member stars. We brie y sum-
marize the training steps here. To reduce over tting, models
are trained using ve-fold cross validation !, admitting only
classi ers above a test accuracy of 50% and a maximum
standard deviation of 20% across folds. Although cross
validation cannot be used to select an optimal model which
generalizes well, we can get rid of models that are unable to
identify already known members. To reduce the in uence
of potential contamination by outliers in the training set,
bagging is performed. To do so, individual models are
trained on a random subset using 80% of the initial training
set.

Subsequently, domain experts are tasked to assess the
goodness of self-de ned model clusters. We derive updated
ranges for the initially de ned summary statistics from
the user choices during the model validation step. Domain
experts then have the option to further examine and modify
the proposed ranges. Afterwards, a nal training step that
can be “run overnight” is performed where a much larger
number of models are trained. These models have to comply
to the user-informed, updated set of summary statistics.

1. The training data is randomly shuf ed before cross validation.
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In the second, more detailed, model training step we are
now able to narrow the hyper-parameter space which we
derive from user validated models and the nal summary
statistic range. Therefore, we reduce the number of samples
drawn from hyper-parameter space regions with un t mod-
els while densely sampling from hyper-parameter space
regions with a high acceptance rate. This strategy drastically
reduces training time compared to a manual selection of
initially vaguely informed summary statistic ranges [59].

3 RELATED WORK

Although OCSVM models require a training step, the lack of
labeled outlier data prevents us to quantify the goodness of
trained models. Since solutions need a qualitative veri ca-
tion, the process of nding appropriate and effective models

is inherently unsupervised.

A large variety of visual tools have been proposed to
explore the space of possible classi ers. These tools are often
based on visual hyper-parameter space exploration and aim
to improve machine learning performance.

Uncover speci cally focuses on one-class support vector
machines and draws from prior work on optimal hyper-
parameter selection.

3.1 Visual Clustering Analysis

A large body of previous work exists on interactive tools
to support visual clustering analysis. General purpose tools
provide means for exploratory data and cluster analysis.
The Hierarchical Clustering Explorer (HCE [68]) is an early
example of an interactive visualization tool that improves
the users understanding of different clusters. HCE organizes
the hierarchical cluster structure as a dendrogram with
heatmaps. DICON [11] introduced techniques for compar-
ing clustering results across different algorithms and even
data sets. To facilitate cluster analysis DICON uses an icon-
based cluster visualization that embeds statistical informa-
tion into a multi-attribute display. Clustrophile 1+2 [13], [21]
is a cluster analysis and exploration tool which guides a user
through different choices of clustering hyper-parameters
and provides interpretable cluster explanations.

Extensive work has been done on incorporating user
feedback into the clustering process. ClusterSculptor [54]
enables users to intervene in the clustering processes. Users
can iteratively re-organize and interact with clusters using
expert knowledge. The system aims to derive clustering
rules from these examples. Schreck et al. [65] integrate
user feedback to in uence the result of SOM clusterings
of trajectory data. Matchmaker [46] extends ideas from
HCE [68] allowing users to modify clusterings by group-
ing data dimensions. Open-Box Spectral Clustering [66] is
an interactive tool that visualizes mathematical quantities
involved in 3D spectral clustering. The system provides
hyper-parameter value suggestions and immediately reacts
to user feedback to increase the quality of image segmen-
tation. Packer et al. [56] present a distance-based spatial
clustering approach and provide a heuristics computation
of input hyper-parameters that supports the search for
meaningful cluster results. ReVision [80] allows users to
steer hierarchical clustering results by utilizing both public

knowledge and private knowledge from users. By reformu-

lating this knowledge into constraints, the data items are
hierarchically clustered using an evolutionary Bayesian rose
tree.

Conceptually similar research to ours include Geono-
Cluster [18] and PK-clustering [58]. Geono-Cluster enables
biologists to insert their domain expertise into clustering
results. The tool displays the expected clustering results to
users based on a small subset of data. The system estimates
users' intentions and generates potential clustering results.
PK-clustering [58] enables users to input prior knowledge
and explore the space of clustering results in the context
of the provided prior knowledge. The study of consensus
between prior assumptions and cluster results allows users
to acquire and update their prior knowledge.

In contrast to previous works we shift the focus from
data exploration and insight generation towards effective
model generation targeted at a single cluster. We also in-
corporate previously identied members which currently
available systems fail to consider by using a supervised
novelty detection approach.

3.2 OCSVM Hyper-parameter Selection

Optimal hyper-parameter selection for one class models
remains an open problem [70]. In the following, we discuss
automated as well as visually supported model selection
approaches.

3.2.1 Automatic Hyper-parameter Selection

To mitigate the non-trivial selection process of OCSVM
hyper-parameters, automatic hyper-parameter selection ap-
proaches have been proposed, which should provide suit-
able results. Automatic strategies either provide selection
heuristics, or focus on producing a set of pseudo-outliers [4],
[22], [24], [70], [71], [74]. These arti cial outliers are sub-
sequently used as an opposing class to the training data
during cross-validation. Heuristics are often limited to spe-
ci ¢ kernel parametrizations. As RBF kernels bring a high
degree of model exibility most heuristics usually focus on
them [26], [34], [43], [75], [78].

Both automatic approaches, however, often assume a
problem in which the target class is suf ciently represented
while the other class has almost no measurements in com-
parison [70]. This class imbalance assumption towards the
training set is in stark contrast to stellar clustering where the
target class is a minority embedded in, and outnumbered
by, a background of non-member stars. Furthermore, auto-
matic methods usually provide point estimates for hyper-
parameters, providing only a single model to infer new
member stars with.

Even in the case of optimal model hyper-parameters,
one-class algorithms exhibit poor performance [71], which
we can combat by using non-optimal learners in an ensem-
ble approach. Bagging estimators improve the performance
and robustness of the prediction [36]. Additionally, point
estimates cannot adapt to specic user expectations and
introduce errors in the case of noisy training data. Since
residual contamination in the training sample from non-
member stars is expected, we have to consider that OCSVM
classiers can be sensitive to contamination from outlier
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data [39], [47]. In this case, the OCSVM classiers tend
to skew toward the anomalies. Amer et al. [1] propose to
mitigate the in uence of outliers by altering the OCSVM
objective function introducing training sample weights. In-
stead of tweaking the objective function, Ghafoori et al. [33]
introduce a pre-processing step which removes anomalies
from the training set and simultaneously tries to estimate
suitable hyper-parameters. Both approaches, however, need
some form of outlier estimate, be it either through the
distance to the data centroid [1] or via a k-NN density es-
timate [33] implying that outliers occur towards the border,
or in low density regions of the training set. While this
assumption is suf cient for many applications, we cannot
generalize this to star clusters where contamination depends
greatly on the training set selection method.

3.2.2 Visual OCSVM Hyper-parameter Estimation

A different and more user-centered approach to nd a
suitable model was presented by Xie et al. [79] in which
the OCSVM classi er is trained in an active learning sce-
nario. User feedback on uncertain samples near the decision
boundary updates the decision boundary.

Although active learning is able to adapt to speci ¢ user
expectations, it fails in the context of star clusters. Data
instances can rarely, if ever, be assessed on an individual
basis. Conversely, however, it is very much possible for
domain experts to discern a genuine star cluster from an
incoherent system of stars.

4 DATA AND TASK ANALYSIS

We now discuss the data and tasks, and a derived work ow
to support the search of new star cluster members. The data
ow and work ow are schematically depicted in Fig. 2 and
Fig. 3, respectively.

4.1 Data

The main data source is the aforementioned Gaia data
set [29], [30], [31], a tabular data set containing measure-
ments of over 1.6 billion stars in our Milky Way. Fea-
tures relevant for this analysis constitute continuous, real-
valued measurements of position and velocity, and color
and absolute magnitude information which are used for
model tting, and validation, respectively. Users input two
separate data sources, a training set and a prediction set.
The latter is used to infer cluster membership with trained
models. We note here that the full 3D kinematic information
is available only for a small subset of stars in the Gaia data
set. As discussed in Ratzentbck et al. [59], during training
a reduced 2D velocity space is used, called proper motion
space. Stars that have the full 3D kinematic information are
used to validate models.
To speed up the inference process it is advised to provide

a small subset of stars in the positional vicinity of the
training set where new stars are assumed to lie in. Usually,
both the training and prediction set are subsets of the Gaia
catalogue. In principle, these two data sources can originate
from different star catalogues as long as the feature set is
identical 2.

2. In case two different source catalogues are used, special care must

be taken to correctly consider differences in statistical and systematic
errors between them.
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4.1.1 Model Abstraction

The OCSVM model can be abstracted as a basic determinis-
tic input-output model converting input tuples to outputs.

Given the input hyper-parameters , , and % and
the training set, OCSVM constructs a decision surface that
aims to maximize the separation between the training data
and the origin. The resulting model is a decision hyper
surface enclosing the training data in the input space which
constitutes a binary function that classi es new data as in- or
outliers. The hyper-parameter s related to the RBF kernel
and controls the region of in uence of support vectors. The
variable provides an upper bound on the fraction of out-
liers and at the same time a lower bound on the fraction of
support vectors used to construct the decision surface. The
hyper-parameter & provides a scaling relationship between
positional and proﬁer motion features [59]. Both subspaces
are weighted equally when %X =1in which case the variance
in both feature spaces is the ‘same.

The kernelized nature of OCSVMs provides an ex-
tremely exible model that adapts well to arbitrary cluster
shapes observed in star clusters. In extreme cases, a strongly
concave shape is observed resulting from projection effects
due to the lack of radial velocities.

Among the outputs are a Boolean member classi cation
for each star in the prediction set and a set of six informative
summary statistics derived from the predicted members.

4.2 Summary Statistics

Here we make use of the following summary statistics
de ned by Ratzenb 6ck et al. [59]:

The “number of predicted stream members” is the
amount of cluster members a trained model infers from the
given prediction set.

The statistics “positional extent” and “velocity disper-
sion” measure the mean deviation from inferred cluster
members from the training set centroid in position and
proper motion space, respectively.

The relative position or systematic shift of inferred stars
compared to the training set in these two subspaces is char-
acterized by “positional shift” and “velocity shift”. These
statistics characterize the distance between the centroids of
training and inferred stars.

Lastly, “fraction of outliers” utilizes information of stars
in the training set and inferred stars that have radial velocity
measurements. Models that show signi cantly different 3D
velocities than the training set are considered outliers. This
statistic measures the fraction of inferred stars with radial
velocities that are outside the 3 region of training set stars
in marginal 3D velocity distributions.

The authors referred to these summary statistics as prior
assumptiongPA) which we use synonymously in the follow-
ing sections.

4.3 Task Analysis

We aim to enable astronomers to update vague prior knowl-
edge on the number, location, and movement of unidenti-
ed stars, altogether six summary statistics. The assessment
of the goodness of multiple models should thereby provide
the necessary information to reduce the uncertainty in these
summary statistics.
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Fig. 2. Schematic data ow of Uncover.

To facilitate this transition the user has to be able to
validate and in uence the model selection process down to
the individual classi er. With this characterization in mind,
we carry out a task analysis. To facilitate comparison to
other works, we try to provide abstract reasoning why a
task is performed [5].

T1 Verify/Validate a trained model via its predicted
members. To validate models, summary statistics usually
provide too little information to inform a con dent decision.
Instead, domain experts use qualitative judgement to assess
the goodness of models, requiring the following. First, users
have to be able to assess the distribution of predicted stars
in the space of position and velocityT1.1) and compare them
to the training set. Second, the distribution of stars in the
HRD provides additional evidence for or against a valid
star cluster (T1.2).

T2 Identify suitable summary statistics ranges. Ranges
on summary statistics provide a Iter criterion during the
full training process (see Sect. 2.2.3) to automatically remove
unt models. We derive updated ranges for each of the
six statistics from the users' qualitative model assessment.
However, to provide insight into these lters, users have
to be able to study and discover their effect on the shape
of the predicted distribution ( T2.1). Users should also be
able to explore and analyze the distribution of assessed
models in the context of summary statistics (T2.2). This
gives them the opportunity to update and substantiate their
prior knowledge. Finally, users must be able to apply their
updated knowledge and interactively re ne Iter ranges on
summary statistics (T2.3).

T3 Explore the effect of stability Iters on the inferred
stars. Stability is the prediction frequency of stars across the
model ensemble. Stars with high stability are thus inferred
by most of the models and vice-versa. Ratzenbdck et al. [59]
have shown that removing stars with low stability values
removes disproportionately more contaminant stars than

Fig. 3. Schematic work ow of the tool.

genuine cluster members, effectively cleaning the sample.
We aim to facilitate the exploration of different stability
thresholds to study the effects on the ensemble model
prediction. Using their domain expertise, users should
thereby be able to select a meaningful stability threshold.

T4 Present the inferred cluster members of the nal
ensemble model. To validate the nal ensemble model we
present the distribution of training and inferred stars in
the space of position and velocity, in combination with the
HRD. In case domain experts see the nal model as unt,
users can go back to previous work ow steps and intervene
accordingly.

T5 Summarize the model ensemble in terms of their
hyper-parameters at different work ow steps. To provide a
transparent view on the OCSVM algorithm, users have to be
able to inspect the distribution at any time. To understand
the model selection effect on the hyper-parameters, we
present the distribution of hyper-parameters of models that
domain experts deemed t in comparison to the initially
trained, un Itered models.

5 UNCOVER INTERFACE

We now discuss the design of the tool starting with the
general layout, followed by descriptions of the individual
tabs and visualization components.

5.1 Layout

The prototype comprises six different views in total, one
for each work ow step as well as an additional view for
showing information on the hyper-parameters. At the top of
each view is a tab-bar, which enables the user to navigate be-
tween the different work ow steps and the hyper-parameter
view. The tabs are arranged in order of the work ow steps,
see Fig. 1 for an overview of the interface from the second to
the last work ow steps. The rst work ow phase is shown

in Fig. 4.

For each of the ve tabs, the same general layout (see
supplemental material Fig. 2) is used to create a consistent
interface throughout the tool. If users can already anticipate
where certain information will be presented, users can more
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in a bigger size. Both versions were presented to astronomy
experts in the course of iterative prototyping.

6.0.0.4 Why silhouettes in addition to points?: An
integral part of each step in the work ow is to compare
different distributions of stars. This can mean comparing
model groups or the nal ensemble model to the training
set to see if they are a good match or examining the models
with the smallest and largest permitted value of each PA to
see how much they differ. To facilitate this comparison, the
silhouettes of the distributions can provide a summary of
their overall shape that is easier to interpret [17].

6.0.0.5 Why scented widgets with heatmaps?: An
integral part of the work ow is to set accepted PA ranges
that result in a suitable nal classi er. To facilitate this task,
supplementary information is necessary to help the user
make an informed decision about how to best constrain the
PA. The corresponding sliders were therefore implemented
as scented widget$77], which feature additional visualiza-
tions in the form of heatmaps to show the number of models
for each PA value. Histograms were considered as an alter-
native to heatmaps. These would enable the user to read the
exact number of models in each bin more accurately. But
this comes at the cost of taking up more screen space, since
the histograms would need to be shown in an appropriate
size to discern the exact length of a bar. However, in this
context, communicating the exact number of models in each
bin of the PA range is not the goal. Instead, the user should
get an idea of the overall distribution of PA values to see if
many models are concentrated around a certain range and
then set the sliders accordingly. This can be accomplished
adequately with the help of heatmaps; therefore histograms
would only provide a level of detail that is not necessary in
this context at the cost of taking up more screen space.

6.0.0.6 Why histograms and scatter plots to show
kinematics?: Kinematic information is used during both
training and validation. As discussed, due to largely missing
radial velocity measurements, models are trained with two
instead of three velocity features. Although star clusters
are approximately normally distributed in Cartesian veloc-
ity space, the observed 2D velocities, i.e. proper motions,
are subject to sometimes drastic projection effects. The ob-
served, potentially highly concave shapes contribute to the
dif culties of traditional clustering approaches.

Since very few stars have radial velocity measurements
and, thus, 3D velocity information, stellar kinematics is
commonly displayed in proper motions space. Typically,
proper motion information is displayed in scatter plots as
discussed above.

Stars that have 3D velocities are used as model vali-
dation. Models that show signi cantly different 3D veloc-
ities than the training set are removed. This information is
guanti ed in the PA “fraction of outliers” which measures
the fraction of inferred stars with radial velocities that are
outside the 3 region in marginal 3D velocity distributions
of the training set. To validate models qualitatively, domain
experts are tasked to compare the training set distribution
against the distribution of inferred star cluster members. To
compare the velocity distributions, two design alternatives
were considered, scatter plots and histograms.

As discussed above, other designs such as parallel co-
ordinates are unfamiliar to the domain experts and were
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judged as confusing. Domain experts noted that both design
alternatives facilitate the comparison between distributions.
Due to the low number of stars, however, users noted that
histograms make it easier to reason on the distribution
shape. Especially determining if the data are approximately
normally distributed, and thus providing means of validat-
ing a model, was perceived to be easier with histograms.

Thus, three histograms showing the Cartesian, marginal
velocity distributions are provided alongside the HRD to
support model validation. We add them to the Model Group
Tab and Stability Tab, see sections 5.2.3 and 5.2.5, respec-
tively. In the PA Tab, see Sect. 5.2.4, the velocity histograms
are not included as model validation plays a secondary role
in this work ow step. Additionally, the summary statistic
“fraction of outliers”, whose in uence the user can interac-
tively explore already supports a quantitative evaluation of
3D velocities.

6.0.0.7 Why histograms for showing hyper-

parameters?: The distribution of hyper-parameters for the
accepted models could also be presented using the same
heatmaps as before. But an additional task is to provide an
overview on the OCSVM hyper-parameter distribution at
any time. This helps domain experts to gain insights on the
effects that model selection via summary statistics has on
the model hyper-parameters themselves (T.5). Therefore,
the chosen visualization type should support displaying
multiple distributions at once. When using heatmaps,
this can be achieved by juxtaposing several heatmaps to
show different distributions [35]. However, length can be
judged more accurately than color [53], which would be
an advantage of histograms. Instead of juxtaposing several
histograms, another option is to add a line corresponding
to each distribution that needs to be presented on the same
plot as shown in Fig. 8. Superimposing the distributions in
this manner also allows for easier comparison between the
heights of different bins [41].

7 IMPLEMENTATION

The front-end visualization components and interactions
are implemented in JavaScript and use d3.js and vue.js.
Additional data processing for building the dendrogram
and calculating the PA for the trained models has been
separated from the front-end and is implemented using
python and the web framework Flask.

We made use of the libsvm [15] OCSVM implementation
available in scikit-learn [57] library and the Sobol sampling
sequence implemented in SciPy [73]. The software is pub-
licly available to foster open science and reproducibility 3.

8 [EVALUATION

In the following, we discuss both formative and summative
evaluation steps we performed in the course of this design
study.

8.1 Formative Evaluations

During progressing from initial paper prototypes to the
nal implementation, the tool was repeatedly presented to

3. https://github.com/ratzenboe/uncover-tool
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experts in data visualization, statistics, as well as astronomy
and subsequently underwent changes based on their feed-
back.

In the rst stage of the design process, the paper proto-
types were reviewed in the group of co-authors featuring
a visualization expert, a domain expert, and an applied
mathematician and statistician. The feedback sessions were
held bi-weekly and lasted for 3 months.

After arriving at a nal design, the paper prototype was
implemented as an interactive wireframe tool which was
used during the second review stage. This interactive proto-
type was then tested and discussed in two interview session
with astronomy experts who had no previous involvement
in the design process. The two domain experts had different
levels of prior knowledge about the underlying algorithm.
One test user already had substantial experience using the
algorithm and could therefore con dently navigate through
the views of the prototype. The domain expert noted that
the proposed design would alleviate many challenges she
was facing when searching for new member stars. The
second user was less familiar with the inner workings of
the algorithm, but with the help of additional explanations
it was possible to correctly interpret the visualizations and
carry out the associated tasks. These interviews suggest
that additional documentation for the nal tool would be
helpful. The user tests also resulted in a number of feature
requests, which were taken into consideration when creat-
ing the implementation of the nal prototype. For a more
detailed description of the prototyping process see Sect. 2 of
the supplemental material.

8.2 Summative Evaluations

To evaluate the usability of the tool, the nal implementa-
tion was tested by nine domain experts in astronomy. Three
of the participants were experts in the eld of stellar clusters
while the remaining six test users classi ed their knowledge
as intermediary level knowledge of the subject. All test sub-
jects had previous experience in validating stellar clusters
via the HRD and 3D velocities. Six of the participants had
no previous experience using the algorithm, the other three
test users had worked with the algorithm at least once and
were familiar with the basic properties of it. One of the users
had already tested the interactive prototype in a formative
test, the remaining users were new to the tool.

Each test user was given 60 minutes to test the tool.
Every session started with a brief introduction to provide
some information on the aim of the test as well as the algo-
rithm itself. The participants were then asked to use the tool
and instructed to “think-aloud” while doing so. Additional
explanations for the individual steps were provided upon
request.

All users tested the tool with the same training set as
well as a subset of the Gaia DR2 catalogue as the prediction
set and were tasked with nding new member stars for
the given training data. Since the main purpose of these
tests was to assess the usability of the tool and creating
a suitable prediction for a stellar cluster might take more
re nement than was possible during the given time, the
resulting outputs were not checked for their correctness.

The last 20 minutes of each test were reserved for II-
ing out the SUS-questionnaire [6] as well as conducting a

short interview. The resulting SUS-score was 78.06 with a
standard deviation of 7.89, which would indicate acceptable
usability [3].

Participants, who were inexperienced with the underly-
ing algorithm, mentioned that providing more information
and explanations as part of the tool would be helpful.
Speci cally, the statistical foundations of the PA and sta-
bility were deemed as hard to interpret without additional
explanations. The dendrogram was considered the least
intuitive visualization component by test users regardless
of their experience level with the algorithm. All users re-
quested extra explanations but after its purpose and use
was explained, the information it provides was deemed very
helpful by all participants, for more details see supplemental
material Sect. 1. The intended purpose of the remaining
views was more straightforward to understand without re-
quiring supplementary clari cations. The overall work ow
and sequence of steps was judged as well thought-out.
They fully cover the necessary functionality for the required
data analysis according to all test users. All participants
considered the tool a helpful addition to the algorithm and
stated that they would prefer it rather than working directly
with the algorithm. This suggests that our main goal for the
tool was ful lled. One test user, who had made use of the
algorithm before, also expressed interest in using the tool
for their future work.

9 ScCIENTIFIC USE CASES

In this section, we showcase the ef ciency and effectiveness
of the Uncover interface in nding new stars to a given
stellar cluster in a case study and use case, respectively.
More details on the interactive session discussed in the case
study can be found in screenshots throughout this paper
and in the accompanying video.

9.1 Case Study: Searching for New Oph Members

Recently, Grasser et al. [37] have detected over 100 new
member stars for the  Oph cluster using an ensemble
of OCSVM models. Following model selection ideas from
Ratzendck et al. [59] the authors had to limit the result space
via prior assumption ranges that models have to adhere to.
Since the Oph cluster has been thoroughly investigated
in multiple earlier studies [8], [25], [60] their search for
new members was highly uninformed. Due to the lack of
substantial prior knowledge Grasser et al. had to resort to
randomly sampling different prior assumption ranges and
analyze the results manually. In the following we repeat
this study, using the same training and prediction set, and
showcase a more ef cient work ow using Uncover.

The target user is an astronomer who aims to nd addi-
tional sources in the  Oph cluster. Upon starting the tool,
the user speci es her prior knowledge on the yet uniden-
ti ed stellar population via range sliders, see Fig. 4. Since
the Oph cluster has been studied extensively in the past,
she suspects to nd new members predominantly outside
the currently known cluster region. She limits “positional
extend” and “velocity dispersion” to 0:5 2 and “number
of predicted members” to 1 10 times the training set
size. Having no speci c prior knowledge on limiting other
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4. Clustering analysis (B)

The main research question of this Chapter concerns: How to consistently search for
stellar populations? And: How to design interpretable methodologies that robustly nd
arbitrary shaped clusters in a sea of noise? To answer these guestions this thesis has
developed an innovative clustering techniqueSigMA which aims to extract clusters with

a measure of signi cance that can scale to millions of data points.

In the following publication (B1) the clustering pipeline SigMAis presented. Its main
methodological approach is to build clusters from the bottom up. FirstSigMAlocates
initial cluster candidates in the data set and subsequently iterates over them, merging
them in the process if a statistical hypothesis test on uni-modality cannot be rejected.
This work adapted the modality test procedure proposed by Burman and Polonik (2009)
[9] to handle randomly shaped clusters, astrometric uncertainties, and background noise
from a eld star population, taking projection e ects into account. To increase the
robustness of the result, the identi ed clusters are tracked through a space of smoothed
density elds where clusters are identi ed as structures that persist for a long time.

To showcase the performance of our clustering technique, this study appliegigMAto
the Scorpius-Centaurus OB associatioh Although Sco-Cen is the closest and best-studied
OB association to Earth this work has uncovered yet unseen detail in our kinematic and
positional study. Although Sco-Cen is traditionally subdivided into three main groups, it
found 48 groups of co-spatial and co-moving young stars that can each be validated via a
narrow and well-de ned sequence in the HRD. Compared to earlier studies on the region,
SigMAiIs able to un-mix populations previously thought to be single populations. This
provides the basis for assigning precise ages to individual groups of stars for the rst time
(‘high-resolution age dating ).

1The association gets its name from the spectral class of it's most prominent members, O and B stars.

67



4.1. Signi cance Mode Analysis ( SigMA for hierarchical
structures: An application to the Sco-Cen OB
association

Full publication details

Ratzenbock, S. , Moller, T., Groyschedl, J., Alves, J., Bomze, |. & Meingast, S. 2022.
Signi cance Mode Analysis (SigMA for hierarchical structures: An application to the
Sco-Cen OB association

Major revision decision with Astronomy & Astrophysics in May 2022.

Author contributions

The paper is co-authored by me, Torsten Moller, Josefa Groyschedl, Jodo Alves, Immanuel
M. Bomze, and Stefan Meingast. As the leading author, | conceived and develop&igMA
performed the analysis, and wrote the rst part of the paper including the methodology
section. The second part of the paper - the result comparison - was mainly performed by
Josefa Groyschedl, who also wrote most of it. Torsten Moéller supervised the methodological
development and provided suggestions and feedback along the way. Jodo Alves supervised
the domain application also contributed to the writing and interpretation of results and
discussion. Immanuel M. Bomze and Stefan Meingast helped revise the nal version.

Information on the Status

Submission date: 31 March 2022
Major revision decision: 10 May 2022
Accepted: TBD

68



Astronomy& Astrophysicamanuscript no. output ©ESO 2022
March 31, 2022

Signi cance Mode Analysis ( SigMA for hierarchical structures

An application to the Sco-Cen OB association

Sebastian Ratzenbdtk 3, Torsten Méllef 3, Josefa E. GroRschédlodo Alve$2, Immanuel Bomz&%, and Stefan
Meingast

1 University of Vienna, Department of Astrophysics, TiirkenschanzstraRe 17, 1180 Vienna, Austria
e-mail: sebastian.ratzenboeck@univie.ac.at

2 University of Vienna, Data Science at Uni Vienna Research Platform, Austria

3 University of Vienna, Faculty of Computer Science, Wahringer StrafB8&%\-1090 Vienna

4 University of Vienna, ISOR/COR, Oskar-Morgenstern-Platz 1, A-1090 Vienna

Received March 31, 2022; accepted...

ABSTRACT

We present a new clustering method, Signi cance Mode AnalySigNlA, to extract co-spatial and co-moving stellar populations

from large-scale surveys such as ESA Gaia. The method studies the topological properties of the density eld in the multidimensional
phase space. We apply the new method to Gaia EDR3 data of the closest OB association to Earth, Scorpio-Centaurus (Sco-Cen), and
nd about 10¢f co-moving young objects, about 7% of these sub-steigMA nds 48 co-moving clusters in Sco-Cen. These clusters

are independently validated by their narrow HRD sequences and, to a certain extent, by their association with massive stars too bright
for Gaia, hence unknown t8igMA We compare our results with similar recent work and nd that #igMAalgorithm recovers

richer populations being able to distinguish clusters with velocityetBnces down to about 0.3 ksrand reaching cluster volume
densities as low as 0.01 stgrs’. The 3D distribution of these 48 coeval clusters implies a larger extent and volume for the Sco-Cen

OB association than typically assumed in the literature. Additionally, we nd the association to be more actively star-forming, and
dynamically richer than previously thought. We con rm that the mostly star-forming molecular clouds in the Sco-Cen region, namely,
Ophiuchus, L134.183, Pipe Nebula, Corona Australis, Lupus, and Chameleon are part of the Sco-Cen association. The application
of SigMAto Sco-Cen demonstrates that advanced machine learning tools applied to the superb Gaia data will allow an accurate census
of the young populations, quantify their dynamics, and reconstruct the recent star formation history of the local Milky Way.

Key words. Methods: data analysis — (Galaxy:) open clusters and associations: — individual: Sco-Cen — (Galaxy:) solar neighborhood
— ISM: clouds

1. Introduction nated by Milky Way tidal forces (e.gMeingast & Alves 2019a
L . ) Roser et al. 201,9Meingast et al. 2019bBeccari et al. 2020
The ES.A Gaia m|s§|onC{a|a Collaboration et al. 203:6018 Kounkel & Covey 2019Jerabkova et al. 201 ®Ratzenbdck et al.
.20213. IS transfor‘mln_g our knpw!edg_e of the local Milky Way.202Q Meingast et al. 2021Jerabkova et al. 202XKerr et al.
n particular conS|_der|ng th‘.a distributing of_young stellar pOpu.I"’ZOZ:I; Kamdar et al. 20211 Secondly, due to the low number of
tions. However, disentangling and extracting coeval populatio, ilable radial velocities. about 0_’4% in Gaia DR2 and EDR3
remains notoriously dicult. This is re ected in the wide vari- databaseGaia ColIaboratfon et al. 20180213, one is, for the
ety of _methods appllgd to the Gaia d_ata (e@h et al. 2017 most part, restricted to two tangential velocity axes plus the spa-
Kushniruk et al. 2017 Zari et al. 2017 Castro-Ginard et al. 5| three coordinate axes as derived from Gaia positions, paral-
2018 Cant_at-_Gaudln et al. 291&33”' et al. 2018 Zari et al. laxes, and proper motions (5D phase space). Thus, even under
2019 Damiani et al. 2019Meingast et al. 20190Kounkel & -0 ‘55 mption of perfectly Gaussian distributed 3D velocities

here the stell \ati tracted. Firstl Ofientation, distance and size of the stellar cluster. To make mat-
where the steflar populations are extracted. Firstly, as a Conggz \yorse, stellar cluster members constitute a minute subset of
quence ofinteractions with the M'Iky W_ay potential, SP“'QI AMype Gaia data, with unrelated eld stars creating a background

and giant molecular clouds, these initially compact objects Gise that is not easily removable in the 5D space. The feature

stretched into elongated, sometimes concave structures in pgsk e consists of stellar clusters of various shapes and densities
tion space (e.gKKamdar et al. 2021 This “galactic-stretching embedded in a sea of noise

leads to a variety of clusteshapes from compact (when young),
to low-contrast, spread-out, sometimes S-shaped clusters dom'To tackle the challenge of identifying sub-populations in a
1 In this paper, we use the word “cluster” in the statistical sens&far-forming region, we developed a method that analyses the

namely, an enhancement over a background. This avoids creating a HR@logical structure of the 5D density eld spanned by 3D posi-
word for the spatidkinematical coherent structures we nd in Sco-Certions and tangential velocities. We apply a fast modality test pro-
None of the Sco-Cen clusters is expected to be gravitationally bounadtedure, which introduces a measure of signi cance to peaks in

Article number, page 1 of 31
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the density distribution, thus, providing an interpretable cluster The clustering is done in a 5D phase space, using the 3D

de nition. This clustering method is called Signi cance Modespatial coordinates XYZ in pc, and the 2D tangential veloci-

Analysis, orSigMA and it is designed to extract co-spatial anlesv andv in kms!. The di erent dimensions are scaled

co-moving stellar populations from large-scale surveys suchtaseach other, as described in S&28.3 The proper motions

ESA Gaia. ( = cos(), )aretransformed from mas yrto tangential
The goal of this paper is to present tBgMAmethod, apply velocities in km s* as follows:

it to the Scorpius-Centaurus OB association (Sco-Géamauw v = 474047 =%

1946 1952 196443b) to identify the di erent sub-populations, '

and compare results with recent papers attempting similar godfs= 474047 =%

Sco-Cen is the closest and best studied OB stellar associa(}ggdo not use the third velocity dimension, radial velocity,(

(e.g.,de Geus et al. 1989de Geus 1992de Zeeuw et al. oo Gaia only i ; :
= e > y includes radial velocity measurements for about
1999 de Bruijne 1999Preibisch & Zinnecker 1993le Zeeuw ¢ go4, of the sources with parallaxes. Adding auxiliary radial ve-

etal. 2001 Lépine & Sartori 2003Preibisch & Mamajek 2008 iy data would improve the statistics, but it would constitute
Makarov 20072008 Diehl et al. 2010P6ppel et al. 201Riz- 5 yery inhomogeneous data sample with 6D phase space infor-
zuto et al. 2011Pecaut et al. 203Pecaut & Mamajek 2016 1 4ti5n. Therefore, we restrict our clustering procedure to the 5D
Forbes et al. 2091 with an age 20 Myr (Pecaut, Mamajek, &Eghase space, as provided by Gaia, allowing us to create a homo-

@

Bubar 2013. These and many other papers in the literature ha\gne o5 and more complete overview of the existing clusters in

established Sco-Cen as an important laboratory for star for @gions like Sco-Cen. Moreover, by focusing on the 5D phase
tion, for t_he char_acterization of s_,tellar associations, and for ug; ce, we are able to .create a méthod that does not rely on radial
derstanding the impact of massive stars on the ISM and plajgf,ities, which then can be used more widely on larger data
formation. Since the advent of large-scale astrometric data fr ples. For validation purposes, in S&&we use Gaia DR2

the ESA Gaia mission that started in 201Bafa Collaboration dial velocitie4 (C t al. 201:8Gaia Collaborati t al
et al. 2019, there has been a renewed interest on this bem%%l'g 2\’8201‘; Itg rémrg\?gﬁgieseé' 1,8Gaia Collaboration et al.

mark region focusing on the kinematics and 3D structure of the To reduce the in uence from spurious measurements, we ap-

association\illa Vélez et al. 2018 Wright & Mamajek 2018 ; - P : s
Goldman et al. 20L:8Damiani et al. 2019Luhman & Esplin fr:)é tsheeiggtlletzjwl;rgg);(:quahty criteria to the Gaia EDRS data within

202Q Grasser et al. 202Bquicciarini et al. 2021Schmitt et al.

2021 Kerr et al. 2021 Luhman 2022p delity_v2 > 0:9
In this paper we present the meth8@MAIn Sect.3, us- $> Omas
ing Gaia EDR3 data (Sec2), with an application on Sco-Ceng g-g < (. 3
discussed in Sect, including comparisons to previous work —
(Sect.4.2). In Sect.5 we give a summary of our ndings. e_ ;e <z2masyr
The parameter delity_v2 is a classier to identify spurious
> Data sources in the Gaia EDRS3 catalog, developedripizki et al.

(2022, which can be used to select high delity astrometry. The
In this work we apply the newly developed method presentgdrallax-error and proper-motion-error cuts reduce additional
in this paper,SigMA to Gaia data of the Sco-Cen OB assockncertainties in distance and velocities. This leaves; W5l
ation. We select a box of about 8 from the Gaia EDR3 sources inside the box to which we apply BigMAclustering
Archive (Gaia Collaboration et al. 202),avhich extends well algorithm, as described in the following Se8t.See also Ap-
beyond the traditional and well studied Sco-Cen regions. SevepahdixA for details on the data retrieval.
hints in the literature suggest that the Sco-Cen OB association is
a larger complex than traditionally de ned Blaauw (1946 3. Methods
and outlined byde Zeeuw et al(1999, and it includes several ="
star-forming regions that have originally not been assigned |ipthis section, we rst give a brief overview of the basic de ni-
Sco-Cen (e.gl-épine & Sartori 2003Sartori et al. 2003Bouy  tions of several widely used clustering algorithms, which leads
& Alves 2015 Kerr et al. 2021 Zucker et al. 202R The box to detailed explanations on the buildup of the Signi cance Mode
is de ned in a Heliocentric Galactic Cartesian coordinate framgnalysis clustering algorithmSigMA in Sect3.2, as developed

(XYZ) within: in this work.
50 pc< X < 200 pc
200 pe< Y < 50 pc 1) 3.1. Clustering algorithms: a brief review
95pc< Z< 80pc Understanding the Milky Way, or any object in the Universe is

directly linked to the quantity and quality of the available data.
The 3D space positions (XYZare derived from the Gaia EDR3Paradoxically, the advent of large, high-dimensional data has
positions right ascension {deg) and declination ( deg), and led to an apparent problem: the more information we have, the
the parallax $ , mas). The distancel( pc) is derived from the less we seem to be able to grasp the big picture hidden in the
inverse of the parallax, which is a fairly good approximation afata. “Big data” usually contain extensive information, diversity,
the distance for sources within 200 pc and with low effors ~ and complexity and, thus, we require more complex methods to
model its observations. However, many traditional analysis tech-

? The observed positions are transformed to XYZ usingiques have time and memory complexities that fail to perform
astropy.coordinates.SkyCoord  from Astropyv4.0 .

3 For more distant sources, or intrinsically faint sources with high paf- The Gaia EDR3 catalog includes the DR2 radial velocities, while
allax errors, the distance estimate becomes a non-trivial inference prapdated RVs will be provided in DR3, increasing the RV sample by
lem (e.g.Luri et al. 2018 Bailer-Jones et al. 2021 about a factor 4.6.
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3.1.3. Hierarchical, density-based clustering However, the EOM criterion tends to produce too large clus-

. L ters in practice. If a large group persists in the hierarchy for a
The strength of level-set formulation now lies in the natur@dng enough time, its children are unlikely to exceed the par-
emergence of a cluster tree, a clustering hierarchy which ariggs EOM. Alternatively, the HDBSCAN implementation by
from sweeping the density thresholdrom 1! 1 . Under cinnes et al(2017) o ers the opportunity to extract the leaf
a continuous change of the number of connected componentgodes from the cluster tree. Since the leaf nodes are extracted
changes when the threshold passes through a critical pot ithnly considering theninimum cluster sizeriterion, the resulting
thusr f = 0. A new cluster is born when reaches the height of c|ysters lack any stability guarantee; thus, the clustering result
amode inf. On the other hand, a cluster dies whefraverses s highly susceptible to random density uctuations. In general,
a saddle point or a local minimum, in which case the two Cofhese methods ser from complex and hard-to-interpret prun-
nected components merge into a single one. The cluster creafigiprocedures and parameters, whicleets the con dence and
and merging process is schematically shown in Eig. interpretability of the clustering result.

However, estimating the connected components of level-sets,

while easy in one dimension, gets nontrivial in higher dimen- .
sions. Consequently, algorithmic realizations of tHartigan 3:1.5. Topological methods
(1979 level-set idea rely on graph heuristics and graph theory i

. . ) tracting a at clustering from the cluster tree requires a notion
which connected components arise naturally. Early implemen

h T : “cluster stability. As discussed, the concept of relative excess
tions byAzzalini & Torelli (2007 andStuetzle & Nugenf2010 of mass, which iﬁherently depends on the [?runing process, can

and subsequent theoretical analyséfigudhuri & Dasgupta lead to too coarse clusters. A related pruning heuristic comes

2019 Kpotufe & von Luxburg 2011 Chaudhuri et al. 2074 from considering the topological persistence of each mode in
adopt a grapl@( ) over the data samples where vertices/and | 9 pological p e

. £ introduced byChazal et al(2013. Persistence is de ned as the
edges are ltered according tg thusfx 2 X : f(x) g lifespan of each connected component. The notion of persistence

However, the use of graphs to represent the connectivi§/shown to be stable under small perturbations to the inital den-
comes with its own limitations. This scheme guarantees that t&i@; f (Edelsbrunner et al. 200@omorodian & Carlsson 2005
samples from one connected componer®6f) are to be found Gpyist 2008.
in a connected component ir{ ). However, asStuetzle & NU- o yarjation on the persistence formulation is proposed by
gent(2010 point out, the reverse implication is not necessarilyin g et a|.(2016, who instead of thresholding the cluster life-
given. This means, samples from the same connected compog , use clustesaliency , de ned by the ratio of birth and
in L(') may end up in dierent cr(])nnec}ed cpmponenl}s@(f )-death density, as a cluster stability criterion. By varyinge-
Since density estimates are inherently noisy, usually to0 mafioen g and 1 the cluster tree is revealed and the most stable and

clusters arise from this iterative Itration procedure. To counte|; ng-lived con guration is chosen as an appropriate clustering
act this over-clustering, the resulting graph cluster tree is usu

pruned in a post processing step during which spurious clusters
are identi ed and merged back into the “mother clustestuet-
zle & Nugent 2010 Kpotufe & von Luxburg 2011 Chaudhuri
etal. 2013.

While easy to interpret, these stability parameters can get
quite tedious to select in practice. In the large data and cluster
regime, the separation between stable and unstable clusters be-
comes less apparent. In these limiting cases, selecting the input
parameters again warrants a proper parameter search.

3.1.4. The HDBSCAN algorithm

A well-known algorithm belonging to the family of hierarchica®-1:6- Extracting stable and signi cant clusters

level-set methods is the HDBSCAN algorith@gmpello etal. ~y ; ; ; ;
] h . ) . | pared to the notion of persistence, there is also growing re-
2013 (Hierarchical Density-Based Spatial Clustering of Applisearch to apply statistical methods that test the modality struc-

cations with Noise), which recently has been gaining attentigivo of the data. These methodses the advantage of an inter-

in the astronomical community (e.gépunkel & Covey 2019 etahle and meaningful parameterde ning the signi cance

Kounkel et al. 202pHunt & Re ert 2021 Kerr et al. 202).  |oyq| of a corresponding hypothesis test. The null hypothegis H
In order to prevent over-clustering, the authors introduce t

i h . - h Smmonly assumes that the data, or subsets of it, are sampled
minimum cluster sizparameter which provides an interpretablg,m an uni-modal density, whereas the alternative hypothesis

pruning strategy. _ o H suggests multi-modality. The null hypothesis is rejected at a
At each cluster split decision, the smaller cluster createdggyni cance level if the p-value from the corresponding test
merged back into the “mother cluster” if it has less thaimi- procedure exceeds this signi cance level.

mum cluster sizgoints, otherwise a new cluster is created. To e jgentify rst applications of hypothesis test procedures in
obtain a at clustering result from the cluster tree, HDBSCANhe ¢lustering literature in the context wrapper methods around
estimates the stability of a cluster in the hierarchy via the cofyg k-means and EM frameworks. G-meattamerly & Elkan
cept ofrelative excess of magEOM). Similar to the concept of 2004 employs the Anderson-Darling statistic to test the hy-
excess massVuller & Sawitzki 199)), it measures the lifetime hothesis that each cluster is generated from a Gaussian distribu-
and size of a cluster. The heuristic favors more prominent afgh |nstead of testing on a per-cluster basis, Pg-mefaasy &
stable clusters that live longer in the cluster tree. For examgl.fameﬂy 2007 tests the whole Gaussian mixture model (GMM)
a group that persists for a long time as a single connecf[ed CPonce. Dip-meank@logeratos & Likas 2012proposes an in-
ponent should be preferred over the two small clusters it breg¢gmental clustering scheme for selectinin k-means which
into that quickly vanish. employs Hartigan's dip statistitartigan & Hartigan 1985 In
case the distance distribution of one or more points to their co-
7 Edges are commonly assigned the minimum density sampled algiigster members exhibit a signi cant multimodal structure, the
the path connecting two vertices. cluster is split.
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Since Eq. $) processes a single point rather than a compléteSect.3.1.2 the cluster tree is obtained by varying the density
path, the modality test in Eq6) describes a pointwise proce-threshold from1! 1 -and registering modal regions when
dure.Burman & Polonik(2009 employ the test with samples passes through a peakirand their uni cation when passes
generated along the straight line connecting two modal canttirough the respective saddle point. To nalize the cluster tree
dates to determine the modality for an entire path. The null hye need to identify the saddle points between modal regions of
pothesis is rejected if any single test ful lls Ec)( However, M.
this procedure only applies to convex clusters and does not scalewe determine the saddle point between two modes via an
well as tens to hundreds of distance computations along eagfye search i. Speci cally, we consider edges which con-
path increase the run-time drastically. nect vertices that lie in dierent modal sets. We assume extracted

We aim to minimize the number of distance computationfiodal regions are proper ascending manifolds. Thus, the modal
while also extending the test procedure to concave clustegions are devoid of local minima on the inside, which only lie
shapes. To do so, we analyze the nature of possible connectigfishe border; consequently, saddle points are found at the com-
between modal candidates in the data. Of all possible paths hn boundary of both regions. The “saddle edge” represents the
tween two peaks, only the “minimum energy path” (MEP) neeggidge between two modal regions where the density is maxi-
to be considered. The MEP is the optimal solution for the profhal. We de ne edge density as the minimum density along the
lem of nding the continuous path from one peak to anothgfonnecting line segment. To account for density dips along the
through input spacX with highest minimal density. Thus, theedge path while limiting the number of distance computations,
density dip along the MEP is the minimal possible dip that caRe edge density is set to be the minimum density between its
exist between two neighboring peaks. . two vertices and the density at the geometric mean of the vertex

Given a set of initial modal candidate regionsfithe MEP positions. The corresponding saddle point density between two
leads over the connecting saddle point when moving from oadjacent modal regions is approximated by this edge density.
mode to another. At the saddle point position, the path reachesThe merging of spurious modes then proceeds by iterating
its global density minimum. Figur@ (panel 5) schematically over the set of predetermined saddle points sorted in descending
illustrates two possible paths, the MEP and a second arbitrgtygjue order. At each step, the uni-modality test in Ef).i§
path. evaluated and neighboring modal regions are merged if the re-

Instead of evaluating the test statistics in E). fultiple  spectivep-value exceeds the signi cance level Therefore, the
times, we aim to reduce the calculations to a single one. Singgni cance level provides an immediate and meaningful way
the test procedure is dominated by the pamthich maximizes to simplify the initial cluster tree.
the test statistic it needs to be evaluated onlg.dbue to the
test statistics proportionality to the distandgs), its value is ]
maximal when the density is minimal. 3.3. Parameter selection

For two neighboring modal regions the modality test procg; yhe following, we discuss various parameter choices which
dure can,_therefore, _be reduced to a single pointwise test at éh%ct the nal clustering result. The presented mode seeking
saddlttre]p0|nsdcci_rt1n$ctltng the two peaks. AIS the Shadﬁlte Eo'ntthgo}‘ﬁethodology is agnostic to the choice of (1) the graph used in
;erlrlls he rfno ality test, we can assigp-galueé which 1akes e e hjji_climbing step, (2) density estimator, and (3) scaling fac-
oflowing torm: tors between positional and velocity features. In the following,

__h i we will explain our decisions on these three algorithmic aspects.
p=1  d k2 logd(s) max(iogdk(c); logck(c) (7) P d P

Determining the saddle point is discussed in the following3.1. Graph
section. If all density minima lie on the boundary of modal r
gions, the saddle point of two neighboring modes lies at th
common border. Using this monotonous property assumpti
we aim to provide a fast and yet accurate test procedure to
amine the modality structure of the data.

'ipe choice of the graph directly acts the gradient approxi-
5ﬂation. For example, in a complete graph where every pair of
ggl_'tices are connected via an edge, the graph-based gradient
approximation loses its locality meaning entirely. In this case,
the hill-climbing algorithm merges each vertex with the dens-
est point in the data set on the rst pass. Thus, over-connected
3.2.2. Identifying and pruning modal candidates graphs lead to clusters that falsely merge numerous distinct
modes in the data set.
oI . Conversely, under-connected graphs such as minimum span-
graph-based, hill-climbing algorithm analogousinontz et al. ning trees restrict the gradient estimation too much, producing
(1979 where the vertex set of the grahrepresents the datay 5t amounts of spurious clusters. Furthermore, the low num-
X. The initial modal search is performed in one pass over i, o heighboring vertices greatly restricts the possible paths
vertices ofG sorted in descendinfrorder. between two initially formed modes. Thus, under-connected
A data pointis de ned as a local mode bif all its neighbor  graphs introduce signi cant errors in determining saddle points,
connections have lower densities. Alternatively, points are praghich drastically compromises the validity of extracted modal
agated according to their slope inEach point is iteratively as- regions.
signed to neighbors with maximuvalue, see Fig2 (panel 3) We consideempty region graphéERG) to strike a balance
for a schematic illustration. After this pass the data is separatsstween over and under connecting pointXinin an ERG, a
into mdisjoint modal setM = fMy;:::;Mng vertex between two points is created if a given region around
Since graph-based hill-climbing procedures are susceptitilem does not contain any other point, Saeomczyk & Tous-
to perturbations irf, a second pass is needed to merge insigniaint(1992 for a review.
icant modal regions into their stable parent mode. To determine The -skeleton Kirkpatrick & Radke 198% is a one-
the merge order we compute the cluster tre&ofAs described parameter generalization of an ERG whedetermines the size

To identify modal regions from the data s¢twe implement a
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of the empty region. For = 1 the graph becomes the Gabrielind topological features such as level sets. It is de ned in the
graph Gabriel & Sokal 196Q while for < 1and > 1 edges following:
are added or removed from it, respectivélyrrea & Lindstrom
(201)) nd that critical point searches (important for topological S
decomposition, clustering, and gradient estimation) are more gcryy =
- ? A m(X)
curate with -skeletons, with < 1 compared t&-nearest neigh-
bor graphs and the Gabriel graph. Since the number of vertices
grows very fast in size as gets smaller we choose a value ofvhereN(x) is the neighborhood point set fof sizek. In other
= 0:95. words, the distance to empirical measure takes the form of a
Adopting a -skeleton on our 5D data we nd that pointshean distance from the pointto its k nearest neighbors. The
have on average approximate]y 50 neighbors' To reduce @lﬁpSIty estimator is de ned via the inverse of this quantity:
chance of separate modal regions being connected via vertices Pr  pa k=
and, thus, erroneously merging in the rst hill-climbing step, w 1 =1 g
prune the initially computed graph in a post-processing step. \%E(X) ~ Ve Bk (x)
remove vertices that show a signi cant density dip as one moves
from one vertex to another. For simplicity, we assume that thgereV, denotes the volume of triedimensional unit ball and
saddle point lies at the arithmetic mean of the two vertex pointsis the number of data points.
Since in our use case the order of density values is important,
. o we can ignore constant normalization terms in EB¥. (
3.3.2. Density estimation The k-NN algorithm is not only used to estimate the den-
) ) . sity but also during the modality test procedure, see. Seztl
Such as the graph choice, density estimation is a core part Ofméce classical k-NN, as employed in the modality test, automat-
algorithmic pipeline that aects gradient propagation and, Concaly ignores points within its k-distanc&igMAhas a built-in
sequently, the initial mode nding step (see panels 2 and 3 jisit 1o the size of structures it can resolve. This allows us to
Elg. 2_). Since we cannot describe the complex stellar d_'S“"bHétermine a lower bound on the velocity dispersion of a popu-
tion via parametric models, we employ a model-agnostic, Nggjon thatSigMAcan identify. We nd the minimally resolvable
parametric estimator for the underlying density. velocity dispersion to be:Bkm s S by analyzing the distribution
The most popular non-parametric density descriptors ared{-k-distances with a lower bound dr= 15, which we also as-
nearest-neighbok{NN) and kernel density estimation (KDE).sume to be the minimum cluster size. Clusters with lower veloc-
KDE models the density by convolving the data with a symmaty dispersion get smoothed to at least this minimum dispersion.
ric kernel function. The bandwidth parameter can be thoughtBifiis value increases &gjets larger.
as the standard deviation of the kernel, which determines the
smoothing eect of convolution. A gradual increase in bandé 3.3 Scaling fact
width and its impact on the density is shown in FBgThek-NN =~ =" caling factors
method takes a more naive approach to estimate the underlyiig clustering analysis of co-moving populations in position and
density. The density value at any given point in the phase spacedfocity occurs in a combined positional and kinematic phase
inversely proportional to the distance toktsh nearest neighbor. space. Distance relationships among stars are needed to express
The KDE inherits the smoothness properties of the kern@gnsities and build a graph from the input data. Since tangential
Thus, the density becomes in nitely dérentiable for a Gaus- velocities are measured in kmsand galactic coordinates in pc,
sian kernel. Conversely, theNN density estimate is not smoothboth sub-spaces have eirent ranges. Signi cant range discrep-
and, in fact, not even continuous. Despite its non-continuous #éicies between dimensions in uence the clustering process as
ture, thek-NN density estimation method has several advantagkgirectly impacts the distance function. Individual 1D distance
for modal c|ustering. Notab|pasgupta & Kpotufézolég show contributions along fea?ure axes with nal’l’OW_ra_nges can be 19-
that point modes of B-NN density estimate approximate the tru@ored when features with large standard deviations are present.
modes of the underlying density function. Further, the approaki§nce, we consider scaling factors between positional and kine-
has e cient implementations due to fast kd-tree queries th@atic feature sub-spaces. ) )
provide desirable memory complexiténtley 1975. Further, Scaling factors; put weight on speci ¢ sub-spaces to in- or
choosing the number of neighbdeis more straightforward than decrease their importance in the clustering process. The multi-
the bandwidth parameter for KDE. Finally, the locality of the kPlicative factor aects the range of feature axes impacting the
NN approach provides a versatile method to determine densifsfance function. Thus, scaling factays> 1 increase the dis-
when structures exist at dérent densities scales. Since KDEance to objects in a given dimensionincreasing their im-
employs a constant bandwidth, it can only adapt to a single cha@rtance in the process. We apply the same scaljrtg both
acteristic density scale. A xed, “intermediate” bandwidth majangential velocity axes while leaving the positional axes un-
adequately resolve medium-density clusters when structures@tanged; thusg, = 1. SigMAis applied to the following set
present at various scales. However, ne-grained and large-sceiglimension®:
patterns will be over-smoothed or under-smoothed, respectlv%y.: IXYZe Ve Vg

We employ ak-NN estimator to approximate the density
function considering these advantages. Speci cally, we use a Theoretical considerations of the scaling relationsty,
density estimator based on the distance to an empirical measigpend on various initial cloud and cluster con gurations and
(DTM) described byBiau et al. 201}. Itis a weightedk-nearest interactions. However, the estimation of these in uences is
neighbor estimate which incorporates distandgs: :;di to all plagued by substantial uncertainties. Instead, we aim to deter-
nearest neighbors up to The DTM is a distance-like function mine a suitable scaling factor empirically by considering suc-
robust to the addition of noise and is used to recover geometessful past extractions. Since the tangential velocity is inverse

1 X
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the k'th neighbor of each initial modal candidate and the cofhe minimization is done over the tangential (v ) and ra-
responding saddle points for each resampled data set. The ndial (v;) velocities. The delta terms describe theset between
ber of resampled data sets limits the proposed procedure, as daterved and computed values at the speci ed velozitil-
generation is costly. Thus, we restrict the number of samplesthough we introduce an additional observational error due to the
50, which means that two modal regions are kept separate ipatallax uncertainty, we choose the tangential velocities to match
least one p-value falls below 50 which results in @01 for a the unit of radial velocities, the essential component in the sum
signi cance level of 5%. in Eq. (L1). Each term in the sum is weighted by its respective
uncertainty, which decreases the in uence of observations with
) large measurements errors. If all observations lack radial veloc-
3.5. Noise removal ities, then the last term is set to zero; if only a subset, sfare

Following the procedures described above, we obtain a data"8iSing, their values are imputed with the average of its comple-
segmentation into prominent peaks by iteratively merging mod8fnt
regions separated by insigni cant dips in density. This segmenta- For a perfectly co-moving population, the loss in Egyl)(
tion yields a list of non-overlapping areas in the data set withayis a global minimum with a value of 0 at the group motion.
a noise characterization in mind. In principle, each modal regigihservational uncertainties, contamination from eld stars, and
contains a dense core and background population correspondifthn-zero velocity dispersion will increase the minimum value
to the stellar group and eld content. In this section we aim tgccordingly. To search the 3D bulk motion that minimizes the
remove the Qld star component from the modal region to obtajitoposed loss, we use the quasi-Newton method of Broyden,
a nal clustering result. Fletcher, Goldfarb, and Shanno (BFG®yocedal & Wright

We aim to remove the eld star component in each modal rg999 with an initial guess of the mean 3D velodity We de-
gion separately. By assuming the density of eld stars and clustgite the velocity which minimizes the loss1j as the optimal
stars to be approximately Gaussian distributed, we can model gk motion (OBM).
observed density distribution in each modal region via a mixture . . . .
of two univariate Gaussians. Thus, one Gaussian component de-1© detérmine the group motion of the co-moving population
scribes the distribution of eld star densities and the other offé Our minimization approach, nding the OBM needs a large
describes the stellar group densities. In Figtiree show an ex- and pure selection of cluster sources; meaning truly co-moving

ample of two Gaussians tted to the density data of one modsiprs: We attempt to obtain a rather clean sample of cluster stars
region. via the aforementioned mixture model approach (B)gBy t-

ting a mixture of two univariate Gaussians to the density distri-
bution of a modal region we get a classi er that roughly sep-
3.5.1. Bulk velocity estimation arates cluster from eld stats Since the input density is one-
L . . . dimensional, the classi er —also referred to as cluster-noise clas-
The Gaussianity assumption of density components is approgfiar — pecomes a simple threshold classi er. Sources with a
ate only in the original Cartesian coordinate system. Densitigs,sjty greater than the threshold are classi ed as cluster mem-
computed from proper motions ser from perspective &cts pers As the classi er is trained on densities determined in the
leading to deviations from normality due to the non-linearity g space which experiences projection distortion, we only use
projections. We nd such distortions also empirically when anye ggos most dense stars in the cluster sample to determine the
alyzing distributions of various modal regions in projected 28g\. This density Iter is designed to remove likely eld star
(see, e.g,, the tangential velocity space in Bgcompared 10 conaminants (false positives) which are typically expected to be
Cartgsmn 3D v_elocmes. Thus, we aim to transfpym all data inf9ss dense than cluster members. In Figlvee show an exam-
the six-dimensional parameters space (3D positions and 3D ¥R of the contamination estimation.
locities) to facilitate e cient signal and background models. ) ) ) ) ) )

A transformation from proper motion space to a 3D Carte- The OBM is used to infer an “ideal” radial velocity which
sian velocity space is only possible if radial velocity informaMinimizes the Euclidean distance between the OBM and the
tion is available. However, only less than 5% of all sources Wglocity vector constrained by the measured proper motions.
our sample have radial velocity measurements from Gaia. N&Ye call the 3D motion resulting from measured proper motions
ertheless, we can exploit the co-moving property of stellar po?)nd the computed radial velocity th@nimally di erent velocity
ulations. We aim to adopt a similar strategyMeingast et al. (MDV) which we infer for sources without, measurements as
(2021), inspired by convergence point ideas (evgn Leeuwen well as _for cases with large relative uncer_tamtley@a‘ v < 2: _
2009. The expected radial velocity value can be determinéHter this step, all sources have an associated radial velocity, ei-
when the 3D bulk motion of stars alongside their positions {ger measured or inferred.

known. The 3D velocity information is used to determine cluster

However, compared to the method proposedMigingast membership in the following steps. We pre- lter unlikely mem-
et al. (2021, we cannot determine the bulk 3D velocity for albers via a kinematic selection before applying the cluster-noise
groups. Hence, before we can determine the individual radé#ssi er to the now complete 6D phase space including the com-
velocities in the rst place, we have to estimate the space motipntedy, estimates. The pre- Iter removes possible contaminant
of individual populations. We determine the space motion of itars that have vastly dérent 3D motion, namely more than
dividual populations of size by minimizing the following loss 10km s from the OBM.

function:
X BV V2 vZ - — ) _ )
L) = 5t (11) ' Ifnoradial velocities are available, our initial guess is the null vector.
i=1 Vii Vi Vri 11 We use a simple threshold classi er where both mixture components
Voi = VS 12) have equal c_Iass (post‘erior) p(oba}bility. The likelihoods and class frac-
X Xi X tions are estimated using a univariate GMM.
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Fig. 6. The distribution of the 4&igMAclusters in Sco-Cen projected in Galactic coordinates. Traditionally, the Sco-Cen OB association was
separated into US, UCL, and LCC, marked with gray dashed linesSigMAextracted clusters reveal a more complex substructure of Sco-Cen
than initially proposed bylaauw(1946, and they show a more extended spatial distribution that includes the CrA, Pipe, Cham, afidlB334
regions. The clusters are ordered in the legend by region, as given inlT&#e here amteractive 2D versionFor a better visualization of these
clusters see thiateractive 3D versiolfsee Fig.7).

per ) we discuss in more detail the ages of the individtigMA e.g.,Dobbie et al. 2010Damiani et al. 201p Groups older than
groups and the star formation history of the Sco-Cen complexX20 Myr are not discussed further here, although they might be
) o related to Sco-Cen at larger scales (e.g., “blue streaBmly &
In total SigMAextracts about 70 clusters inside the de negjves 2015. We will discuss these older groups in future work.
search box. Of these, approximately 20 clusters are older pop-
ulations with ages> 20 Myr, for example, IC 2602 (30 Myr,
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Fig. 7. 3D distribution of the 48igMASco-Cen clusters in Heliocentric Galactic Cartesian coordinates. The Sun is at (0,0,0). Colors and labels
are as in Fig6. See also thenteractive 3D versiowf the gure, which allows a better separation of the clusters (by double-clicking on a cluster
in the legend of the interactive version, the selected cluster can be isolated).

We nd that 48 stellar groups are associated spatially and In Figure8 we show the location of th8igMAclusters in the
kinematically with the Sco-Cen OB association, containing tangential velocity planev(/v ). Since the clusters partially oc-
total 9810 stellar cluster members, which will be discussed éapy similar velocity spaces in the/v plane, we also provide
more detail in this paper. In Figufiawe show the distribution of an interactive versiorof this gure, allowing a better appreci-
the 48 Sco-CeBigMAclusters projected in Galactic coordinatesation of 2D kinematical properties of the clusters in Sco-Cen.
and in Fig.7 in 3D space using a Heliocentric Galactic Cartesiafhe 48 young clusters all fall on a connected loop-like pattern
coordinate frame (see also theeractive versiorof the 3D g- in tangential velocity space, a pattern largely created by the re-
ure). The 48 clusters seem to form the continuous body of tlex motion of the Sun. This is highlighted in Fid>.1 in Ap-
Sco-Cen association, beyond Blaauw's original three subgroyendixD, showing that these projected motions are expected for
boundaries. stellar groups at Sco-Cen positions and distances, since they fol-

low the theoretical Galactic orbits of sources at these Galactic
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Fig. 8. Tangential velocity distribution of the 4BigMAclusters. The observed tangential velocities relative &md are strongly in uenced by
the Sun's re ex motion, while stellar groups at similar distances and with similar space motions are arranged along a loop-like pattern. Sources
| 0°are located in the lower right part of the gure, and sourcds a290° in the upper left part of the gure (see also Figlin AppendixD).
See thenteractive versiomf the gure for a better appreciation of 2D kinematical properties of the clusters in Sco-Cen.

positions when assuming the velocity of the local standard sdattered all over the sky, therefore, one can only con rm their
rest (LSR,Schonrich et al. 2070 dynamical membership by knowing the true 3D space velocities.
The majority of the 48 groups can be related to previously
identi ed groups from the literature, which are often larger
2Rale structures containing several of BigMAclusters (see
<act.4.2). The rich sub-structure as identi ed I8igMAalso in-
cludes clusters with no clear counterpart in previous works. We
gecided to name such clusters after their location in a constel-
tion, or after the brightest star that is part of a cluster or the

The Sco-Cen association, as extracted \@ithMA reaches
well below the Galactic plane, as was indicated by previo
works (e.g.,Kerr et al. 202} and is now further con rmed
here. This includes regions that are not traditionally associa
with Sco-Cen, like Pipe, CrA, Cham, and LY¥B483. Moreover,
other well know stellar groups, traditionally not assigned to Sc
SF? nb;’ Létl g:illti: I?klég%ﬁ:teg;g gﬁ dasc':s}?:a(\éegd V,\‘//I';%g} evl\:eéf ;)I'Clbgr_ htest star that is seen in projection to a clustgr. We often nd
1999 200Q Fernandez et al. 20p&r the' IID’ictoris moving-. b_nght B-stars towards cIL_Jster centers, at approximately the same
group ( Pic, e.g.Fernandez ét al. 2008liret-Roig et al. 202D distance and proper motion. We used Hipparcos astromery (

e ’ ’ Leeuwen 200yto tentatively associate bright B-stars to the new

We decided to not include the young nearby moving growusters and list them and their astrometric properties in Tble

Pic as part of our nal sample of 48 stellar groups. BigMA showing the HIP ID and the Hipparcos astrometry. This table
clustering extraction of Pic covers only one side of the knowrgllows a direct comparison with the average properties of the
population as de ned iMiret-Roig et al.(2020. This is likely SigMAclusters in Tablel. For the cases where there is a rea-
due to the relatively close distance to the Sun (average distafegable match, we name the cluster with the name of the bright
of about 40 pc) which makes it more diult to extract members B-star. Additionally, we index the stellar groups within this work
from the 5D phase space as usedigMAin this work. Gen- from 1 to 48 as given in Col.SigMA in Table 1.
erally, the observed proper motions of sources very close to the In Figure9 we show theSigMAcluster members in a Gaia
Sun are highly in uenced by the re ex motion of the Sun (seblRD (see AppendixE for details), con rming the youth of
also AppendiD), and sources of such nearby populations atke majority of the sources. We nd an excess of older low-
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Fig. 9. Gaia color-absolute-magnitude diagram (HRE)sversusBP RP of the SigMA stellar cluster membeiseft: SigMA cluster members

that pass the photometric quality criteria as given in Appedikiddle: Potential contamination from older sources (orange), selected with a

25 Myr isochrone from PARSEC (black line) and with two additional cuts (black dashed lines). The3zut at3 mag excludes the upper—main-
sequence. The bottom black dashed slope accounts for the larger scatter of faint sources. Looking at the left panel, one can see a clear separ
of an older sequence, which we attempt to separate with this cut, since the 25 Myr isochrone from PARSEC would be too conservative at tl
low-mass end. This indicates a contamination from older sources of aboWRig#t: Potential sub-stellar candidates (red dots) are selected with

a 009M iso-mass line (dark-red line) from PARSEC. This cut indicates that there are roughly 7% of sub-stellar sources in ti&ighing
Scon-Cen clusters. More details on the quality criteria, the selection borders, and the used PARSEC models are given irEAppendix

mass sources that clearly separate from the Sco-Cen populativaying with the larger Sco-Cen complex. Even if we assign each
which are likely false positiv&igMAsources. We use a 25 Myrstellar group to one of the seven subregions, we stress that this
isochrone (to allow for random scatter) plus two additional cutslassi cation should not be seen as physically distinct regions
as shown in Fig9 (middle panel), and explained in Appendix inside Sco-Cen, but simply to help compare our results with the
to have a rough estimate for the fraction of contaminants to literature.

about 4%. This contamination fraction is similar to the estimate

in the methods section (Se8t5.3. In AppendixE we give more )

details on the chosen photometric quality criteria and the seldct-1- Upper Scorpius (US)

tion conditions. In a follow up paper (Paper 1I) we will investi,414 Us we identify 11 clusters (2558 stellar sources), which
gate the individual ages of eaigMAcluster in more detail with e hartially extending beyond the traditional borders (EjgOf

the help of isochrone tting, allowing a more detailed investiganese 11 clusters, seven appear higher surface density and tend
tion of the star formation history of the Sco-Cen complex. ¢4 e associated with prominent B-stars, as already pointed out

When further investigating the yourigMASco-Cen mem- apove, namely Oph/L1688, Antares, Sco, Sco-South, Sco,
bers in the HRD in Fig9 (right panel), we nd that there are 5co, and Sco (see Tablek& 2).

about 6-7% sub-stellar objects (brown-dwarf candidates) within antares is the most extended among these clusters, show-

our sample (see also Append®). In the future, more com- jg gypstructure in velocity space. Moreover, Antares and
plete samples of the individual clusters can be obtained by ug

! L L1688 are the only clusters showing signi cant overlap
ing the known members as training sets (e.g., as demonstrqﬁa@ﬁe same volume in space within tisgMAclusters. In a

in Ratzenbdck et al. 2030allowing to get more complete ini- \ocent paperGrasser et al. 203we studied the OphL1688

tial mass functlons and a_bettercharactenzatlon of the sub-stellffsier with Gaia EDR3 data and identi ed two kinematically

population (e.g.Miret-Roig et al. 202 distinct populations within the same volume (Pop 1 and Pop 2).
These two populations are coincident with th@ph/L1688 and

4.1. Overview of the seven subregions in Sco-Cen Antares groups, respectively. In detail, the cross-matched Pop 1
sample contains 85% of the Oph/L1688 group (and 4% of

In the following, and to help comparingigMAresults with the Antares, 9% of Sco). The cross-matched Pop 2 sample con-

literature, we give a brief overview for each sub-region withitains 85% of the Antares group and also a fraction of the

Sco-Cen (US, UCL, LCC, Pipe, CrA, Cham and L13183). Sco group (11%). Luhman (20223 point out that “new”

We then give a more detailed comparison to recent works if©OphL1688 members iGrasser et a(2021) have already been

Sect4.2 The listed seven subregions include four regions thidenti ed previously by other literature as being part of US. We

are not a traditional part of the Sco-Cen OB association, namelgrify here that the “new” sources @rasser et a{202]) refers

CrA, Pipe, Cham, and L134183, while we nd them to be co- to sources that have not been assigned previously as members
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Table 1. Average parameters of the &gMAclusters in Sco-Cen.

SigMA  Region  Group Name Brightest star Nr. | b $ d v \ X Y z
(deg) (mas)  (pc) (magr) (km/s) (pc) (pc) (pc)
1 us Oph/'L1688 i Sco 463 353.20 16.99 7.195 139 -6.80 -25.97 -4.49 -16.98 131.69 -15.82  40.70
2 us Sco nu Sco 139 35456 2289 7.181 139 -848 -2435 -562 -16.12 127.55 -12.12  54.20
3 us Sco ome Sco 388 350.65 22.08 7.049 142 -11.69 -2399 -7.83 -16.20 12950 -21.40 53.29
4 us Sco HD144273 147 35340 2384 6.540 153 -9.67 -21.54 -7.01 -15.63 138.85 -16.09  61.80
5 us Sco-South HD146367 28 35221 20.26 6.449 155 -8.33 -2357 -6.15 -17.37 144.22 -19.80  53.85
6 us Sco c02 Sco 354 351.16 17.82 6.271 159 -10.60 -21.56 -8.03 -16.45 149.80 -23.50  48.90
7 us Antares HD146001 449 352.81 17.21 7.209 139 -11.16 -23.68 -7.35 -15.62 131.14 -16.51 41.24
8 us Scorpio-Body HD154310 315 349.15 721 6.997 143 -8.08 -26.64 -544 -17.69 139.78 -26.86  17.21
9 us US-foreground-3 HD151012 46  349.47 11.57 8.696 115 -17.71 -32.12 -9.43 -17.47 110.58 -19.29 22.84
10 us US-foreground-1 HD145964 170 34932 2059 9.151 109 -20.53 -31.72 -10.54 -16.59 100.72 -19.45 38.26
11 us US-foreground-2 HD140968 59 348.60 23.25 8.109 123 -18.83 -26.67 -11.15 -15.40 111.25 -22.55  48.17
12 UCL Lupus-3 LL Lup 139 339.56 9.44 6.277 159 -10.13 -23.48 -7.56 -17.86 147.34 -54.68  26.20
13 UCL Lupus-4 MY Lup 23 336.09 835 6.245 160 -11.11 -23.51 -8.39 -17.87 144.53 -63.75 23.43
14 UCL Norma eps Nor 69 335.65 5.02 5,512 181 -14.38 -19.82 -12.26 -17.34 164.14 -75.19  16.45
15 ucCL V1062 Sco mu02 Sco 794  343.30 458 5658 177 -12.01 -21.23 -10.08 -17.83 168.52 -50.84 14.15
16 ucCL Lupus-West HD125777 112 319.89 13.74  5.960 168 -20.16 -17.01 -15.98 -13.68 124.16 -105.68 39.97
17 ucCL Lupus-1 HD140817 110 338.78 15.76  6.728 149 -16.72 -23.44 -11.74 -16.60 133.55 -52.20  40.25
18 UCL 02Lup psi02 Lup 229 336.01 1144 7.833 128 -19.62 -28.99 -11.84 -17.41 113.27 -49.25  25.19
19 UCL Cen nu Cen 897 31541 17.77 7.365 136 -25.00 -19.89 -1599 -12.88 90.51 -90.76  41.40
20 UCL Lup rho Lup 116 321.22 1245 8.237 121 -25.42 -24.86 -1456 -14.26 91.09 -73.64 26.41
21 UCL V795 Cen V795 Cen 351 31428 1011 7.652 131 -26.25 -20.62 -16.16 -12.67 87.99 -91.35 22.77
22 ucCL Lup HD 143699 242 33942 1092 7.244 138 -17.53 -27.57 -11.45 -18.07 126.57 -47.55  26.16
23 ucCL bCen b Cen 546 33251 19.59 8.133 123 -24.00 -26.35 -13.98 -15.39 101.98 -53.45 41.88
24 uCL V1019 Cen HD132238 188 330.89 20.76 6.406 156 -16.61 -20.63 -12.27 -15.21 127.34 -70.68  55.23
25 UCL Lupus-East HD143022 87 33434 1044 5875 170 -16.10 -19.57 -12.98 -15.86 149.69 -71.93  30.86
26 UCL Sco HD150641 80 346.02 3.87 6.065 165 -11.74 -22.46 -9.22 -17.53 159.68 -39.90 11.16
27 UCL eLup elup 139 32785 12.07 6.851 146 -20.57 -21.89 -14.34 -15.17 121.38 -76.19  30.70
28 UCL 02 Lup HD137432 116 33499 16.98 7.028 142 -19.43 -2355 -13.02 -15.83 122.77 -57.51 41.21
29 ucCL Libra-South TYC-6762-602-1 38 33831 2751 6.558 152 -16.33 -20.81 -11.60 -15.33 123.84 -50.13  70.33
30 LCC Cham eta Cha 20 29246 -21.64 10.137 99 -30.05 26.89 -14.06 12.56 34.92 -84.67 -36.33
31 LCC Cham DX Cha 41 300.23 -1559 9.807 102 -41.03 -576 -19.79 -2.81 49.64 -85.09 -27.52
32 LCC Musca-foreground  HD104600 67 300.48 -10.02 9.748 103 -39.37 -9.40 -19.20 -4.50 51.54 -86.34 -17.73
33 LCC Centaurus-Far HD121808 24 31118 0.03 5523 181 -19.77 -14.27 -17.00 -12.23 118.93 -137.99 0.10
34 LCC Musca HD112383 64 302.47 -5.87 9.700 103 -38.10 -13.67 -18.63 -6.69 55.41 -86.51 -10.54
35 LCC Acrux zetCru 215 299.76 -1.51 9.347 107 -37.92 -10.56 -19.20 -5.33 52.62 -92.70 -2.87
36 LCC Cen sig Cen 1417 300.59 7.23 8795 114 -33.82 -12.66 -18.40 -7.15 57.79 -96.82 14.11
37 LCC f Cen fCen 326 306.63 12.69 8.258 121 -30.71 -17.18 -17.62 -10.03 69.67 -94.86  26.35
38 Pipe B59 AS 220 21 357.09 7.07 6.218 161 -035 -1894 -0.26 -14.42 159.67 -8.20 19.76
39 Pipe Sgr-West HD163296 15 7.24 136 9963 100 -595 -39.55 -2.80 -18.93 99.17 12.71 2.43
40 Pipe Pipe-foreground CD-25-12033 29 0.13 8.03 9.646 104 -13.37 -33.67 -6.49 -16.66 102.62 0.23  14.30
41 Pipe Pipe-North HD155427 22 485 1273 7554 132 -493 -23.36 -3.11 -14.60 128.37 10.87 28.91
42 Pipe Oph HD158704 82 359.88 7.04 6.768 148 -471 -21.70 -3.28 -15.37 146.72 -0.32  18.49
43 CrA Corona Australis HD176270 124 359.86 -17.66 6.485 154 4.36 -27.16 3.20 -19.81 147.07 -0.37 -46.80
44 CrA CrA-North HD172910 265 359.05 -13.66 6.753 148 0.84 -27.67 0.58 -19.43  144.02 -241 -35.12
45 CrA Scorpio-Sting HD159807 36 350.63 -596 6973 143 -765 -2954 -520 -19.82 140.06 -22.72  -14.71
46 Cham Chamaeleon-1 CV Cha 148 297.23 -1544 5231 191 -22.54 0.30 -20.32 0.27 83.99 -164.35 -50.00
47 Cham Chamaeleon-2 Hen 3-854 40 303.68 -14.71 5085 197 -20.22 -7.52 -1895 -7.01 105.35 -158.52 -49.73
48 L134 L134L183 HD141569 20 358.12 36.92 8854 113 -17.53 -20.28 -9.69 -10.85 90.57 -3.05 67.43

of the young Oph/L1688 star-forming event. In fact, the two4.1.2. Upper Centaurus Lupus (UCL)
intertwining distinct populations within the same volume have

been mentioned the rst time iGrasser et a(2021). We identify rich substructure within UCL, containing SiyMA
clusters (4276 stellar sources), as listed in Tabl&he most
The three groups US-foreground-1,2,3 are located in frontmfominent cluster in the region is V1062 Sdvdser et al. 2013
the more compact clusters, visible in 3D space (Pighence lying towards the far side of Sco-Cen. This cluster was picked up
the chosen names. Finally, the group called Scorpio-Body @asily by visual selection methods (e.g.,Dgmiani et al. 2019
tends from US toward the Galactic South, beyond the traditioralLuhman 2022asee Sect4.2.1, 4.2.5. We identify a second
borders of US, with a signi cant fraction located in UCL anctluster close to V1062 Sco, which we calEco, since its mem-
in the direction of CrA (Sect.1.5. It spans across the centrabers are scattered around that bright B-star. We nd that the po-
body of the Scorpius constellation, hence the name. The 11 clsisions and velocities of the tw8igMAclusters are very similar,
ters toward US reveal a complex star formation history, whignd members of both groups are part of V1062-Sco-selections
will be further discussed in a follow-up paper, where we analyz® previous work. The star01 Sco, which is the name giver of
the ages of th&igMAclusters (Paper I1). Sco lies in the center of the cluster, while the st@p Sco is
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Table 2. Hipparcos astrometry froman Leeuwer{2007) of bright stellar members in Sco-Cen.

HIP Name SigMAR  SpT | b $ d°

(deg) (mas)  (pc) (magr)
80473  rho Oph 1 B2V 353.69 17.69 9.03 111 -553 -21.74
79374  nu Sco 2 B2IV 35461 2270 6.88 145 -7.65 -23.71
78401 del Sco 3 B0.2IV 350.10 2249 6.64 151 -10.21 -3541
78820 bet Sco 4 BO.5V 353.19 2360 807 124 -520 -24.04
80112 sig Sco 6 Bl 35131 17.00 4.68 214 -10.60 -16.28
80763 Antares 7 M1#B2.5V 351.95 1506 5.89 170 -12.11 -23.30
80582 eps Nor 14 B4V 336.00 098 6.15 163 -13.68 -19.89
81477 V1062 Sco 15 ApSi 34357 518 7.54 133 -10.25 -21.59
82545 mu02 Sco 15 B2IV 34620 3.86 6.88 145 -11.09 -23.32
76945  psi02 Lup 18 B5V 33848 16.08 897 111 -21.37 -29.98
67464 nuCen 19 B2IV 31441 19.89 7.47 134 -26.77 -20.18
71536  rho Lup 20 B5V 320.13 9.86 10.32 97 -28.26 -28.82
69618 V795 Cen 21 B4Vne 31413 3.96 6.77 148 -23.80 -20.92
78384 etalup 22 B2.5IV 33877 11.01 7.38 136 -16.96 -27.83
71865 b Cen 23 B2.5V 32590 20.10 9.62 104 -29.92 -30.68
72800 V1019 Cen 24 BN 327.93 1911 6.63 151 -20.48 -19.20
82514 mu0l Sco 26 B1.5WB 346.12 391 651 154 -10.58 -22.06
74449 e Lup 27 B3IV 327.83 1143 6.47 155 -22.01 -21.75
75304  phi02 Lup 28 B4V 333.84 1675 6.28 159 -18.24 -20.72
42637 etaCha 30 BIIV 29240 -21.65 1053 95 -2889 27.21
58484 epsCha 31 B9Vn 30021 -15.62 9.02 111 -40.34 -8.30
61585 alf Mus 34 B2IV-V 301.66 -6.30 10.34 97 -40.20 -12.80
60718  Acrux 35 BO.5IV 300.13 -0.36 10.13 99 -35.83 -14.86
60823 sig Cen 36 B3V 299.10 1247 7.92 126 -3236 -12.51
63945 fCen 37 B5V 305.47 1434 836 120 -29.85 -15.17
84970 tetOph 42 B2IV 046 655 7.48 134 -7.37 -23.94

Notes.Shown are mostly B-type stars that are either part oigdAselected clusters, or which are the name-givers of some cluétegsl. 3

gives the index of th&igMAcluster, that is likely related to the given sté. The distance is simply 1088 from Hipparcos, shown here for
completeness for an easier comparison with average distances $igféclusters as derived from Gaia parallaxes in Tabl&he Hipparcos
distance estimates should be treated with caution, since signi cant deviations to Gaia distance estimates are possible, while proper motions st
deviations on the order of abou® km s * when comparing sources which are both in Hipparcos and Gaia EDR3.

part of theSigMAselected members for V1062 Sco, located atstigated XYZ box, hence it needs more investigations in the
the periphery of this cluster. This suggests a possible connectioture, since it might be a larger cluster than 8igMAextracted
between the two clusters, but this statement is tentative at tbligster.

point. To the West of V1062 Sco, and also located towards the

far side of Sco-Cen, are the clustefdorma and Lupus-East.

The Lupus molecular clouds are located within UQleik-
eira et al. 202 SigMAextracts at least three clusters that mighw/e nd eight SigMAclusters (2174 stellar sources) toward the
be related to the clouds, which are Lupus-1,3,4. Lupus-3 ab@C region (see Tabl®), which is now reaching farther below
4 appear better correlated with regions of high dust columiie Galactic plane compared to most of the work in the literature.
density, matching with previous selections of Lupus-3 and 4 stéler theSigMAextraction, the young local associationSha and
lar members (e.gDamiani et al. 2019Kerr et al. 202). The  Cha are part of LCC, located at the Southern most tip, con-
Lupus-4 cloud matches well with estimated cloud distances frorming the results ofMamajek et al(1999 2000 or Fernandez
Zucker et al (2019 (both are located at about 160 pc; the dusét al.(2008. Toward LCC,SigMAextracted a cluster that seems
distance to Lupus-3 was not as directly measured as to Lupustdirelated to the main body of LCC, which we name Centaurus-
Lupus-1 is a more dispersed population, while members at Rar since it lies about 60 pc further away from it, at a distance
center seem to correlate with the Lupus-1 cloud (at about 155gimilar to that of the Chamaeleon clouds. This cluster was al-
from Leike et al. 2020Zucker et al. 2021while theSigMAclus- ready identi ed inKerr et al.(202J), as part of the TLC21 group
ter is at about 149 pc). (Cham-group) as EOM3, and named Cen-South (see £2ct.

At the heart of UCL lie the clustereLup and 02Lup, 2&nd Tablem.2).
which likely belong to the oldest parts of Sco-Cen, probably the
clusters where the rst supernovae in Sco-Cen originated frofty 4. pipe Nebula
(Zucker et al. 2022 To the North of the traditional UCL bor-
ders we nd a clustering, which has not been isolated in prevMthough not traditionally considered part of the Sco-Cen as-
ous works, named Libra-South, based on its location within thedciation, we nd ve SigMAclusters toward the Pipe nebula
constellation. The cluster lies at the northern borders of our i{1:69 stellar sources), including B59, Sgr-West, Pipe-foreground,

4.1.3. Lower Centaurus Crux (LCC)
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Pipe-North, and Oph. The group B59 seems to be closely resf the close-by young stellar group suggests that (1) the clouds
lated to the star forming B59 cloud (e.ggombardi et al. 2006 are remnants of a larger cloud that formed the newly identi ed
Brooke et al. 200/Roman-Zufiga et al. 2002010. This is SigMAcluster and (2) that the newly identi ed sources might
supported not only by projection in the sky towards cluster abe playing a role in the observed “cloudshine” phenomenon to-
cloud but also by the cloud distance of about 147-15%Zpcker wards this cloud$teinacker et al. 201@015.

et al. 202}, compatible within the uncertainties with the cluster

distance about 161 pc. Théph cluster, surrounding theOph . . )

B2 star, is located at about the same distance to B59 and is ctbge Comparison with previous work

to the stem of the Pipe Nebula cloud, giving ground to stug-
ies of a possible interaction between the B2 star and the CIQH
(Gritschneder & Lin 201 The other three groups in the Pip
Nebula are more dispersed and mostly located in-front of te
Pipe Nebula cloud.

he following we compare th8igMAselected stellar groups
ith recent results from the literature, includiB@miani et al.
019, Schmitt et al.(2021), Squicciarini et al.(2021), Kerr
al.(2021), andLuhman(20223. The studies bypamiani et al.
(2019, Schmitt et al.(2021), andLuhman (20223 discuss the
whole Sco-Cen region, slightly extending beyond the traditional
4.1.5. Corona Australis (CrA) Sco-Cen borders, while excluding the regions to the Galactic

South (CrA and Cham). These three studies select members

The possible physical connection between CrA and the Sco-Geithin broad selection borders decided by hand, which we call
association was already pointed out in previous studies {éag., in this paper visual selection metho@suicciarini et al(2021)
majek & Feigelson 20QPreibisch & Mamajek 2008<err etal. focus only on the US region and extract clusters using a com-
2021) and con rmed by our work. We identify a distinct clus-bination of a machine learning method and visual inspection.
ter projected on top of the CrA molecular cloud and the erkerr et al.(2021) present an all-sky study of young stars within
bedded Coronet clusters, which we simply call the Corona Awg33 pc, hence covering the new extended view of the Sco-Cen
tralis or CrA group. To the north we identify a second more exssociation, using an unsupervised machine learning approach,
tended group, called CrA-North, which was already discuss@ghich is more similar to our work then the aforementioned stud-
in Galli et al. (2020 or Esplin & Luhman(2029. Addition- jes. The literature samples are cross-matched withSigé1A
ally, we identify a third group to the north-west of the twalusters using the Gaia EDR®urce_id , as speci ed in Ap-
other groups, apparently building a bridge to the main body péndix A. We provide an overview of the discussed literature
Sco-Cen. This group we name Scorpio-Sting since its projectegimples in Tabl&, giving the total number of sources of each
location matches the sting of the Scorpio constellation. Sdnerature sample, the total number of sourceSigMASco-Cen
Sting has only one clear counterpart in the literature, nameyisters within the respective studied areas, and the number of
the TLC2ZEOM7 group inKerr et al.(2021) (see Sec#.2.4 total matches.
and Tabld-.2), while they identify a smaller sub-sample of this
group (12 members iKerr et al. 2021versus 36 members in
this work). In total, the three stellar groups contain 425 stell4r2.1. Comparison with Damiani et al. (2019)

Sources. Damiani et al(2019 (hereafter, DPP19) analyzed Sco-Cen with
the help of Gaia DR2 data. They used a traditional approach,
4.1.6. Chamaeleon (Cham) selecting by hand over-densities in velocity space and position
) space, followed by selecting pre—main-sequence (PMS) stars
The well-known star-forming molecular clouds of Chamaeleqrbm an HRD. Such an approach will deliver the most promi-
are seen through the same line-of-sight as the southern timght clusters. However, somewhat less dense clusters can not be
the LCC, but lie clearly towards the back of LCC when seen jgenti ed easily, when compared to unsupervised machine learn-
3D (Fig. 7). We identify two clusters with a total of 188 stellaling tools, likeSigMA and their method is less sensitive to pos-
sources, Chamaeleon-1,2, which are likely directly related to tkig|e spatial and kinematical structure in the Sco-Cen popula-
two molecular clouds of the same name and are already chasn. Their eld of view (FOV) was slightly extended beyond
acterized with Gaia (e.dRoccatagliata et al. 201&alli et al. the traditional borders of the association (see Tab)leThey
202Q Kerr et al. 2021 see also Seot.2.4. Due to their youth, discuss eight compact clusters, which are prominently peaked
position, and tangential velocities we assume that the Cham CW}Sprojection and in velocity space; these are UCL-1, UCL-2,
ters and clouds are part of the Sco-Cen star formation event, ggf) -3, Lupus 3, LCC-1, US-far, US-near, and the well studied
this must be con rmed by tracebacks of the young populatiqe 2602 (e.g.Randich et al. 1995Stau er et al. 1997 Dobbie
(see, e.g.GroBschedl et al. 2021Similar suggestions appear inet al. 2010 Meingast et al. 2021 AlthoughSigMAeasily detects
Lépine & Sartori(2003 or Sartori et al(2003. IC 2602, we do not discuss this cluster since its ag8@ Myr)
excludes it as a part of the recent Sco-Cen star formation event
(that we de ne as 20 Myr, as inPecaut et al. 20)2DPP19
4.1.7. L134/L183 also discuss four diuse populations (D1, D2a, D2b, US-D2),
The cluster L134.183 is a small, newly identi ed group to the which are generally distributed across large parts of the tradi-
Galactic North of US (with 20 stellar members). We assign thi@nal Blaauw Sco-Cen OB association. Moreover, their catalog
group to a separate region, since it does not t to any other #cludes sources, which have not been assigned to any group
the prede ned Sco-Cen subregions. This stellar group is likefigbeled with “N” in TableF.1). DPP19were not able to further
associated with the small molecular clouds L134 and L183 (@bstructure the duse populations with their methods.
MBM 36 and 37,Magnani, Blitz, & Mundy 1985, that are cur- The DPP19 catalog contains in total 1437 sources, of
rently non star-formingRagani et al. 2002004 2005. The dis- which 1734 are in their seven clustered Sco-Cen populations
tances to the clouds ifucker et al(2019 are about 105-120 pc, (350 in IC 2602), 8727 are in their four dise populations, and
which match the cluster distance of about 113 pc. The presetive rest 3626 have not been assigned to any population (labeled
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Table 3.Overview of the recent Literature to which we compare our results in more detail.

Reference Data Studied Area Number statistics
Ref2 SigMAR  Matche$
Damiani et al(2019¢ Gaia DR2 (=360 t0280,b=0 t030) _ 10,185 8919 7221
(=315 t0280,b= 10 t0o0) 1703 clustered (17%) 1539
FOV = 2750ded, d < 200 pc 8482 diuse ( 83%) 5682
Kerr et al.(2021)¢ Gaia DR2 The whole TLC22 stellar group 7394 9598 5135
Schmitt et al (2021 Gaia EDR3 & de Zeeuw et al1999 borders: 6190 8593 2614
eROSITA US (=343 t0360,b=10 t030)_ 65% vel-clustered 2614
UCL(1=312 t0350,b=0 to25)_ 30% vel-di use 0
LCC (=285 t0312,b= 10 to22), 5% IC 2602 0
FOV = 2050ded,d 60-200 pc
Luhman(20223 Gaia EDR3 =2 t0283,b= 12 t0 35, 10,509 9155 7713
FOV =3252ded,d 90-250 pc
Squicciarini et al(202)¢  Gaia EDR3 =236 to251, = 29 to 16 2745 1918 1857
(only US) (subsample FOV¥ 195ded,d 125-175pc 1442 clustered%3%) 1199
with RVs) 1303 di use ( 47%) 658

Notes.® Number of stellar members from the given reference. If there was a distinction in the literature between members in a more clustered
di use mode (which are generally @irently de ned in each reference), then the numbers are given b@dwmber of stellar cluster members

from SigMAin the given studied area (volume), out of the total 9Gi@MAstellar cluster member&) Number of matches between the given
reference and th8igMAclusters. If a distinct comparison with clustered orwue sources was possible, then the matches with these are given
below.@ For DPP19we only give the number of sources within their clustered oude populations within 108& gprs < 200 pc after a cross-

match with Gaia EDR3, and without IC 2602.For KRK21 we do not give the surveyed area, since they extracted the clusters from all-sky data
within 333 pc from the Sun. We show the comparison to their whole TLC22 group, while this group also includes somehwat older stellar groups
like 1C 2602, as furhter explained in the te®t.The X-ray selected sources frdBCF21lincluded velocity-clustered and velocity-dise sources.

The separation of these was applied by us by hand, guided by Fi&QR21 Hence, the fractions are only given roughly. The fraction of potential

IC 2602 members is also given. The SigMA clusters have only matches with their velocity-clustered pop@z8iGB21only studied the US

region, nding sources in a more clustered mode and sources in a marsedmode, while the latter are simply the residuals of their clustering
procedure. They study a subsample of sources withformation in the 6D phase space28%), which is not further discussed in this work.

with “N”). When cross-matching thBPP19Gaia DR2 sample tangle young populations that share the same volume but have
with EDR3 astrometry, we nd that 654 stars (4.5%) are rejectetightly di erent space motions.
when applying the distance criteria frodPP19(d < 200 pc), The rest of theDPP19compact groups are more clearly
due to updated parallaxes in EDR3. The majority of these ajérrelated with theSigMAgroups, with UCL-1 matching with
sources that have not been assigned to any group or that w962 Sco and Sco, UCL-2 with Lupus-West, UCL-3 with
long to their di use populations. When now considering only the02 Lup, LCC-1 with Acrux, and Lup lll with Lupus3. The
sources in the clustered and dse populations within 200 pc, unassigned sources BPP19(N) correlate with a large fraction
then there are 10,185 potential Sco-Cen membeb#iR19 (about 80%) of ouBigMAclusters, within thPP19FOV.
Regarding the comparison between BfféP19visual section
hénethod and th&igMAunsupervised clustering method, we rst
diote that the method used IDPP19starts with a selection of
stars by hand in velocity space, followed by a selection by hand
of PMS stars on the HRD. This approach will always nd more
candidates than an unsupervised method. For example, a look at
Figs. 2, 3, and 4 iDPP19will make clear that the total number
of member candidates using this approach is a strong function of
the size of the selection shapes used in tangential velocity space
and the HRD. These selection borders will necessarily select a
larger number of true positives than an unsupervised method,
Focusing on thédPP19compact groups (1539 matches ouwhile also the total number of false positives is likely higher.
of 1703 within 200 pc), we nd that their US-near and US-far We compare the number of sourceddRP19stellar groups
can not be assigned clearly to only one of igMAgroups (compact and diuse within 200 pc, 10,185 sources) to the num-
(see Tablé-.1). US-near is most closely related t©ph'L1688, ber of matchedSigMA cluster members (7221 within 200 pc)
while also containing signi cant fractions ofSco, Sco, and (see Table3). There are 2964 sources only BPP19 imply-
the Antares group. US-far correlates best wittsco, while ing that we could be missing about 29% of possible members
also containing signi cant parts of Sco, Sco, and Antares. if all 10,185 sources were good members. We did not perform
In particular, Antares is distributed almost equally among theaedetailed comparison but nd that the 2964 sources also con-
two groups. The Antares group is indeed quite extended tain sources that seem to be older thenSigMAclusters when
space, partially occupying the same volume @&ph'L1688 (see investigated in an HRD (similar as in Fig), hence the incom-
Sect4.1.1andGrasser et al. 2031The case of the Antares andpleteness based on this comparison is likely lower than 29% (see
Oph/L1688 groups highlights the capability &gMAto un- also comparison withuhman 2022a As mentioned above, we

In total there are 7419 cross-matches betweenSigA
clusters andDPP19 while 7221 of these belong to either t
clustered or diuse populations (198 are not assigned, “N”).
the 7221 cross-matches, 5682 belong to one of the foursi
populations. Comparing this number to their totalube popu-
lation (8482 within 200 pc), we nd that aboutf2are a match
with the SigMAclusters. In most cases, more than @fP19
group (both clustered or duse) ts to one of our groups (see
TableF.1), and vice versa. In particular, their dise groups each
contain sub-parts of about 10 to 20 of thiggMAgroups.
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expectSigMAto be missing possible candidates when comparadth distance, age, stellar masses, and the origin of the velocity-
with the method followed bypPP19(which is a method that se-di use population.
lects broad regions in various 2D planes of the phase space) butFinally, when concentrating on the velocity-coherent sample
also expect th&igMAsample to be less contaminated. A deepar SCF21(without IC 2602), we nd that there are about 35%
analysis is needed, although not warranted in this paper. in the wholeSCF21sample that could be additional Sco-Cen
candidate members, which are onlyS€F21and have similar

) ) ) velocities asSigMASco-Cen members. When investigating ad-

4.2.2. Comparison with Schmitt et al. (2021) ditionally older-star possible contaminants in an HRD (similar
. to Fig. 9), this fraction would reduce to about 30%. This rel-

Recentl;&SSchmm et al. (202]) (hereafter, SCF2) used atively high number is of interest, which might result from the
eROSITA™ (Merloni et al. 2020 to search for low-mass Sco- road selection conditions BICF21 based on all X-ray detected
Cen members by cross-correlating the eRASS1 source cat

with the Gaia EDR3 catalog. They discuss 6190 possible S BHrces within the Blaauw borders in a distance range of 60 to

Cen members within the traditional Blaauw bordets Zeeuw Zo pe (Tables), while restricted to low-mass stars (BRP> 1,

. according tdPecaut & Mamajek 20)3These broad conditions,

et al. 1999, which are both observed by eROSITA and Ga'@\vhich do not attempt to identify any underlying clustered struc-

Since X-ray emitting sources are expected to be young (e ; ; ;
Schmitt 1997 Feigelson & Montmerle 199%avata & Micela tggsi,ﬁ\\//vllel'lsngtsu;flalslg/gilgléuuspsg:joirneggti:;sdxvgllg also more false
A , . 2.

2003 Bouvier et al. 201} the sources detected by eROSITA]
as discussed i8CF21 are potential members of Sco-Cen. They
found X-ray sources down to about 0.1 Mand, unexpectedly, 4.2.3. Comparison with Squicciarini et al. (2021)

they also found the existence of a population of young X-raélquicciarir‘li et al(202)) (hereafter, SGB21) studied 2745 po-

emitting stars that appears to be morewdie in velocity spacé, ] :
calling into question search schemes relying on kinematic selfgdtial US members (see Takpby selecting subgroups solely
ased on kinematics. They divided the region into eight groups

tions. > : -
which they call the clustered population (1442 stars), and into an
We cross-matched the 61BICF21X-ray selected SOUrCes giqer di use population (1303), which is, however, diently

with the SigMAselection. We nd in total 2614 cross—matche%e ned then the velocity-diuse population irSchmitt et al
in their studied area (see Tal8§ while none of these belong- 2021). y Pop '

ing to their velocity-di use population. The latter is expected, \when comparing their selection to tiigMAclusters, we

SigMA only selects groups which are conned in position,y that there are 1857 cross-matches in total out of the 2745

velocity space, which naturally excludes any such velocity,rces inSGB21, matching with 11 of theSigMA clusters,

di use sourcesSCF21claim that the diuse population is yhile only severSigMAclusters have signi cant cross-matches.
largely composed of young stars, only somewhat older compaiggl jis the cross-matches GigMAwith SGB21in TableF.1in

to the kinematically con ned Sco-Cen members. We con rm thg,endix . We highlight more signi cant cross-matches here:
general youth of the sources by inspecting the two populatiog oup 1, 2, and 3, match best withOphL1688, Sco, and

in an HRD, however, we see a relatively clear age separatiogcy respectively. Group 4 matches best wifico and Sco-
between the velocity-clustered and velocity-gse populations. gqyth, while also Group 6 has signi cant matches witBco.
X-ray sources in the velocity space of the majority of SCo-Cefyoy5 matches best with Sco, while the majority of Sco
members have ages between 0.1-20 Myr, while X-ray Soures, thesGB21di use population. Group 7 and Group 8 match
that are velocity-diuse have ages between 10-1000 Myr, Witflet with Antares, while the majority of Antares is also in the

the majority at about 30-100 Myr. While these are technicalyggo14i use population. Generally, the Antares group seems
young stars, they seem too old to be related to the Sco-Cen ag§Qpjit up into more than one cluster, also in other previous work.
ciation. The four groups Sco-Body,02 Lup, and US-foreground-1 & 2
The origin of this co-spatial but velocity dise population have only a few matches with the dise population. ThR8GB21
remains mysterious. Since these sources are older than Sco-@efuse population is largely contained within theSco and
they are unlikely to result from stellar interactions in Sco-Cemntares groups, with some dise members distributed among
(an a priori unlikely process given the low stellar density of Sceach mentioned group (see TaBl#). This suggests that the dif-
Cen). The diuse population, or the co-eval part of it, could beuse population is not a separate older group but stars that were
related to a relatively older star-formation episode, sharing ot clustered by the methodology 8GB21
day the volume space of Sco-Cen, a plausible scenario in the Focusing on th&GB21candidate members in the clustered
Milky Way (Furnkranz et al. 20)9We posit here that tt@CF21 populations, there are 243 sources onlsi@B21( 9% out of
velocity-di use young sources are unlikely to be part of Sceheir total, or 17% out of their clustered). However, in total we
Cen, but represent a mystery that needs to be solve@G%21 nd more clusteres sources toward US (1918 in this work versus
point out, the sensitivity of eROSITA will allow in the near fu-1442 inSGB21in the same volume, see Taldp
ture to detect virtually all young Sco-Cen low-mass members. A The di erences in the nal cluster de nition in US likely
combination of eROSITA future releases and Gaia data in Segise from the dierent clustering methodologies. To better un-
Cen will be crucial to increase statistics and lead to a better werstand th&GB21approach we outline the basics he3&B21
derstanding of the relation between observed X-ray luminosiige a semi-automated approach based on iterative k-means clus-
tering on a 4D sample, using 2D sky positions and 2D tangential
13 Extended ROentgen Survey with an Imaging Telescope Array_v locities. The authors propagate the sky positions 15 Myr into .
wide- eld X-ray telescope on-board the Russian-German “Spectrufil® Past and future, producing a new 4D data set at each step;
Roentgen-Gamma” (SRG) observatory. tangential velocities are constant throughout individual data sets.
14 We applied the separation of kinematically clustered andst pop- BY studying the sky distribution of each sliceGB21visually
ulations by hand itv /v space, as indicated in Fig. 7 8CF21 since identify over-densities. These over-densities are extracted via k-
the selection conditions are not clearly outlined by the authors. means clustering in 4D space at a given time step. Subsequently,
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the clustered data points are removed from the data set, andignge clusters over their children when they maintain a long life-
process of looking for over-densities starts anew. The clusteritige in the density hierarchy. The resulting children fail to ex-
process terminates when the authors cannot nd any appareeéd the parent's EOM. Conversely, our pruning strategy does
density peaks in the sky distribution. not depend on cluster lifetimes but only cares about substantial
Besides the feature space dience SigMAhas signi cant density valleys between neighboring density peaks.
di erences compared ®GB21s iterative clustering approach.  The additional leaf separations KRK21 were applied to
First, the k-means algorithm cannot deal with the observed ndhe US, Lupus, and LCC regions, since they found that there are
convex cluster shapes in projected coordinates. The extractabstructures that have not been identi ed by the EOM method.
clusters are 4D Voronoi cellswhich can have very elongatedTheir leaf clustering is, however, often not a good match with
shapes. Second§§GB21 analyze 2D projections of the high-the SigMAclustering, especially concerning LCC. TB&gMA
dimensional data to identify clusters visually. Thus, cluster selusters are dierently separated within the larger LCC and they
lection is in uenced by projection eects and human judg- are also richer and mostly more extended when compared to
ment. ConverselySigMAemploys a modality test directly in KRK21 clusters. Compared to the EOM heuristic $igMAs
the high-dimensional phase space, taking into account muitiulti-modality considerations, leaf clusters do not come with
dimensional relationships between data axes. These rather slifitistical guarantees. The clustering result is highly suscepti-
ferent approaches to extract clusters in US make it clear that tie to random density uctuations since leaf nodes are extracted
results can not be compared at face value, while fractions of thrly considering the minimum cluster size criteri@tetzle &
most robust clusters Oph/L1688, Sco, Sco, Sco, Sco, Nugent 201} see Sects3.1.3and3.1.4for more details. With-
and Antares) have been identi ed by either method. out any additional pruning strategy which deals with spurious
clusters, leaf clustering results need to be taken with a grain of
. . salt. Nevertheless, some of the leafs in U®pHL1688, Sco,
4.2.4. Comparison with Kerr et al. (2021) Sco, Sco) show good agreement with tBegMAUS cluster

RecentlyKerr et al.(202]) (hereafterKRK21) presented a study Separations, |nd|c§t|ng the robustness of these cIu_sters.
of nearby young stellar populations within 333 pc from the Sun. When comparing the TLC22 group (7394) with our Sco-
They use the HDBSCAN clustering algorithm (see Sgdt4 CenSigMAextraction (9598 without Cham) we nd 5135 cross-
on Gaia DR2 parallaxes and proper motions, on a pre-selectegfches in total (Tablg). Hence, 2259 (31%) sources are only
sample of PMS stars with ages50 Myr. They identify 27top- in TLC22, and 4463 are only iSigMA We nd that theKRK21
level clusters(TLC), including Chameleon as TLC 21 and th@nly sample contains older stellar groups, which gets also appar-
Sco-Cen association as TLC 22. The latter was further brok@ft from their Table 6 (including, e.g.,Pic or IC 2602). How-
down into another 27 sub-groups based onekeess of masseVver, a clear separation of the younger Sco-Cen stellar groups
(EOM) method, selecting the most persistent clusters in the cl@§-discussed in this work, and the somewhat older groups is not
tering tree. Three of these EOM sub-groups (EOM 12, Lupusfaight forward, since about 50% of the sources in the TLC22
EOM 17, Upper-Sco; and EOM 27, LCC) where further broke@foup have not been assigned to a separate sub-cluster (EOM
down intoleafs which are nodes of the clustering tree. or leaf). The somewhat older sources can also be estimated
The TLC22 covers the Sco-Cen region KRK21 and when investigating the HR or the velocity space. There are
TLC 21 covers the Chamaeleon region. These two groups cotUrces that have deviating motions fr@igMASco-Cen mem-
bined show a similar extent to our Sco-Cen extract®igMA bers, which largely coincide with teéRK21 older EOM groups.
nds more groups (48 in this work versus 44KRK21), while We try to estimate the “older-star contaminationRK21 by
the TLC 22 sub-groups iIKRK21 also include older populationstaking into account all these points, resulting in a lower frac-
(e.g., IC 2602 or Platais 8), which are not in our nal Sco-Cefion of TLC22 only sources, which could be young candidate
sample, since we do not discuss older groups (yet). Therefdfi€mbers missed bBigMA( 23%). The reason for these extra
only 38 of theKRK21 groups toward Sco-Cen fall within theSource in theKRK21 TLC22 group is similar to the mentioned
younger selecteBigMAclusters from this work. reasons above (e.g., in Se¢2.1). The TLC22 group represents
In TableF.2 in Appendix F we show an overview of the & cluster root, enveloping the whole Sco-Cen region and some-
matches ofSigMAgroups with correspondingRK21 groups. what beyor_ld, and no additional substructure was extracted (yet).
Overall, theSigMASco-Cen groups are more richly populatell @ following stepkKRK21 use the EOM and leaf methods to
compared to th&RK21 groups. In most cases, there is at leatgentify |nd|V|(_iu_aI clusters, while in this step they lose almost
some overlap between our groups and their main TLC 22 grog? of the original TLC22 group, as mentioned above. )
(and with TLC 21, Cham), while some of our groups also dis- Generally, the TLC22 group seems to be overall more in-
tinctly correspond to EOM subgroups (or leafs). For about 408gMplete compared to tiéigMASco-Cen extraction, since we
of the SigMAgroups, a clear accordance with a single EONM in total more members, while also nding more substruc-
group (or leaf group) is not possible, due to overlaps with motdre. In conclusion, the comparison witRK21 highlights the
than oneSigMAgroup, or due to no or only insigni cant over|ap.dl erences that‘ can arise with dirent unsupewlsed machlne_
Some di erences of theSigMAand KRK21 clustering re- learning clustering tools, and a careful choice of the appropri-
sults might arise from the derent data input, since we use Gaidte clgsterlng algorithm should be considered for the scienti c
EDR3 andkRK21 use DR2, while this would only create mi-duestion at hand.
nor deviations if DR2 data would have been used SggMA
AIt_hough both HDBSCAN an(S_igMAappr_oximate the_hierar— 4.2.5. Comparison with Luhman (2022)
chical cluster tree, we expect discrepancies in clustering results.
The primary reason for this derence is the cluster tree prunind-uhman(20223 (hereafterl 22A) recently investigated the Sco-
strategy discussed in Se8t1.4 The EOM heuristic prioritizes Cen region containing selections for US, UCCC, V1062 Sco,
Ophiuchus, and Lupus (the Southern parts of Sco-Cen are not
15 As far as we know, scaling between sky coordinates and tangential
velocities was not considered. 16 TheKRK21 PMS selection includes sources up to about 50 Myr.
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discussed inL22A), and using Gaia EDR3 data to identifytraining sets to th&ncover method Ratzenbdck et al. 2020a
10,509 candidate members of Sco-Cen (see T3ble22A con-  validated bagging classi er of one-class support vector machines
centrates on established stellar groups in Sco-Cen to guide tiigére application ifRatzenbotck et al. 2020 Meingast-1Mein-
selection. The visual selection approachL@®RA is not suitable gast et al. 2019bIn the near-future, improved membership lists
to separate the underlying kinematical substructure of the SeoH allow a more precise analysis of the star formation history
Cen population. For example, it is clear from Fig. 4LB2A of Sco-Cen, the initial mass function of each cluster, and the dy-
(bottom panel) that the UGLCC group contains several over-namical state of the Sco-Cen complex.

densities inl=b space, but these are not extracted or identi ed.
The L22A selection is based on global kinematic criteria, ex-
tracting candidates exhibiting proper motions similar to expected

proper motions of known members. _ In this paper, we preseSigMA a method that explores the topo-
Cross-matching the 10,5022A Sco-Cen candidate mem-|ggical properties of a density eld to de ne signi cant structure.

bers with theSigMAclusters gives a total of 7713 matches, 279 test and validat8igMA we apply it to Gaia EDR3 data of the

L22A only sources, and 1443igMAonly sources within the nearest OB association to Earth, Sco-Cen. The main results of

L22A studied area (Tablg), where theSigMAsample contains thjs work can be summarized as follows:

9155 sources in total. When investigating the 2122A only

sources, we nd that they do not show signi cant signs of bel. We presenBigMA a novel clustering method that takes den-

ing older than 20 Myr, or of having signi cant deviating motions ~ sity peaks, separated by dips, as signi cant clusters. Using a

from SigMASco-Cen cluster velocities. These extra sources, or graph-based approach, we detect peaks and dips directly in

part of them, could be Sco-Cen members, meaning we might the multi-dimensional phase space.

be missing up to about/4 of the candidates ih22A. This is 2. SigMAis ne-tuned to large-scale surveys in astrophysics.

not surprising because methods based on visual selection, usingrhis new method is able to identify co-spatial and co-moving

broad selection borders, will naturally nd more candidates as groups with non-convex shapes and variable densities, with

discussed in Sect.2.1 a measure of signi canceSigMAIs able to properly incor-

porate 5D astrometric uncertainties, does not need any pho-
. . tometric pre- Itering, and scales to millions of points.
4.2.6. Concluding remarks on the comparisons 3. SigMAis capable of nding clusters in Gaia EDR3 data,

In general, the visual selection methods used recently on Gaia'®aching stellar volume densities as low as 0.01 Atats
data of Sco-Cenlfamiani et al. 2019Luhman 2022p produce g&itt::‘sgem'al velocity dierences of about 0.3 Ksibetween

in total a 15% larger number of candidates (Tal¥pwhen h S )
compared to unsupervised machine learning methods within tﬁeS|gMA|dent| es abqut 16 Sco-Cen_members arranged in 48
same area (e.gKerr et al. 2021.and this work). This is mainly ~ clusters of co-spatial and co-moving young stars. The HRD
because these methods select by eye broad regions in projecte@r each c_Iuste_r shows a narrow anc} we_II—de ned sequence.
sub-spaces of the multi-dimensional phase space to identify Sco-5EC2USESIgMAIs not aware of a star's brightness nor color,
Cen candidates. On the other hand, unsupervised machine Iearnthe. We_II—de ned stellar sequences in the HRD constitute a
ing methods nd more spatial and kinematical substructure in Validation test to the ability oSigMAto extract coeval and
the Sco-Cen population, and produce samples with lower cop- col-mowfng p_opulafncl)ns. ) ds wellk
tamination level when compared with visual selection methods.’ A large fraction of clusters is seen towards well-known Sco-

. Cen massive stars, too bright to be in Gaia EDR3, and are
When compared to other unsupervised methods that stud- . N . . >
ied the whole Sco-Cen area (in particul&err et al. 202}, the (tentatively) associated with them. BecauSigMAIs not

. ; ) o aware of these massive stars, the association with clusters
SigMAclusters are often richer. More importantly, for describing also constitutes a validation testSigMA

the formation process of OB associations such as Sco-Cen, g1e

SigMAmethod reveals not only more clusters but a more com- When comparing the 48igMAstellar populations in Sco-
9 : Y f Cen to previous results from the literature we nd mostly
plex velocity structure across the entire Sco-Cen.

. - agreement, however, several discrepancies exist. Visual se-
Focusing on the US region, we nd generally good agree-

mentfor US clusters ror8GB21 KRK21, andSightANot s gue s oo Imid 8 TR 1208 B e e g

prisingly, the denser clusters in USQph/L1688, Sco, SC.O' to unsupervised methods. On the other hand, unsupervised
Sco) have been all recovered to some extend by therdit methods likeSigMA nd more spatial and kinematical sub-

approaches. The Antares cluster and also tl8eo cluster are structure for the same data set, and produce samples with

slightly more dispersed, especially $igMA and they have less lower contamination levels ’

clear matches across the methods. The newly identi ed veloc- '

ity substructure in the US region, as revealed with Gaia data, |n the future, in particular with the radial velocities in the

is relevant to understand the star formation processes at playjzoming Gaia DR3 data release (plus auxiliary radial velocity

OB associations like Sco-Cen and will be an obvious target wg[]rveys), a detailed comparative study of theedent clustering

future Gaia releases, where the additional radial velocity infGfrethods is fully warranted. The application®igMAto upcom-

mation (increasing by a factor of about 5 for Gaia DR3) will bgyg Gaia data releases promises the unveiling of detailed clusters

critical to further characterize these clusters. distributions like the one presented here but for all the nearest
_ Finally, SigMAappears to miss candidates when comparggnchmark star-forming regions. Reconstructing an accurate and

with visual selection methods (of the order of 25%), while, at thggh-spatial resolution Star Formation History of the last 50 Myr

same time, nding signi cant numbers of sources not present i the Local Milky Way with Gaia data is within reach.

those samples. More work is needed to understand the sources

B : nowledgementd/NVe acknowledge fruitful discussions with Naria Miret-
SigMAmisses, but at face value, the way forward toward am ig, Catherine Zucker, Alyssa Goodman, and Charlie Lada. J. GroBsched! ac-

com'plete _sample_ of SCO"(?en members is to use 3D velocCiti@Swiedges funding by the Austrian Research Promotion Agency (FFG) un-
(by including radial velocities) an8igMAcluster members asder project number 873708itps://www.ffig.at/ ). This work has used
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Appendix A: Gaia EDR3 data retrieval Eqg. B.2) describes the case of single-modality, which consti-

. . . tutes the null hypothesis we aim to reject. For general pairs of
The Gaia EDR3 data was downloaded from the Gaia Arcéhiv ; : .
using the following ADQL query: ®nodal candidates it becomes:

SELECT * FROM gaiaedr3.gaia_source f(rt)) min(f(xy); f(x2)) 8t2(0;1] (B.3)
WHERE (1000./parallax*COS(I*P1()/180)*COS(b*PI()/180))>-50
AND (1000./parallax*COS(I*P1()/180)*COS(b*P1()/180))<250

AND (1000, /parallax*SIN(*PI()/180)*COS(6*P1()/180))>-200 An equivalent and useful formulation is obtained by taking the

AND (1000 /parallax*SIN(I*PI()/180)*COS(b*PI()/180))<50 logarithm on both sides; after that the left side is subtracted from
AND (1000./parallax*SIN(b*PI()/180))>-95 the inequality.

AND (1000./parallax*SIN(b*PI()/180))<100

AND (parallax_error/parallax)<0.2 SB(t) := logf(r(t)) + min(logf(x1); logf(x2)) (B.4)

AND parallax>0.

AND 2. . . .
AND Sﬂ&ize'é?rfrq, Using the variable SB), we can formulate the null hypothesis

The parameter delity_v2 fronRybizki et al.(2022 was re- as follows:

trieved with the following ADQL query, using the Topcat TAP, . .

Query and the GAVO serviéé Ho:SBO 0 812(01) (B.5)
SELECT mine.source_id, gaia.* Rather than testing ¢hcross the full path a point-wise tesgH
EORRIMtage%’ﬁzg‘ér-tTaA“S Amsingea'a SB() O for some values dfis employed.

USING (source id) Since we do not have access to the underlying derfsity

. . . we cannot test the hypothesis in E®.%) directly. Instead,

In Sect.4.2we compare th&igMAclusters with recent liter- e have a data set a-dimensional random variables drawn
ature samples. To this end we cross-match the samples using#h f. Given proper normalization of the coordinate axes (see
Gaia EDRasource_lq . This cross-match is st_ralght forward fOfSect.3.3.3, Burman & Polonik(2009 show that the follow-
the samples oSchmitt et al (2021, Squicciarini et al(2021), ing expression is asymptotically standard normal distributed and
and Luhman (20223, who also used Gaia EDR3 data. In th@onverges — up to a constant factor — to $B6 the number data
case ofDamiani et al (2019 andKerr et al.(2021), who used samples approaches in nity:

Gaia DR2 data, we rst retrieve the Gaia EDRG8urce_id us-

ing thegaiaedr3.dr2_neighbourhood catalog from the Gaia p—

Archive, since the DR2 and EDR®urce_id s are notgenerally SB® = d ' k=2 log d(r(t)) max(logdk(x1); log d«(x2)

the same. Such a cross-match delivers few sources that have sev- (B.6)

eral possible matches of EDR3 wit DR2 sources {(E&ea et al. ) )

2021; Gaia Collaboration et al. 202)Ldn such cases we chooseieredy(x) denotes the distance to thih nearest neighbor of

the closer match, using the providedgular_distance pa- the pointx. The distance is an approximation to the density

rameter. Due to their inverse proportionality the sign is ipped between

Eq. B.4) and Eg. B.6); and the minimum is replaced with the

. . maximum function.

Appendix B: Modality test procedure by Burman & Since the corresponding test stati8iB() is approximately

Polonik (2009) standard normally distributed, the null hypothesis is rejected at

Here we highlight the work oBurman & Polonik(2009 more Signi cance level if
closely, who's modality test procedure we adopt in this work, 1
The modality procedure is tied to the notion of a density di BO (O (B.7)
along a path between two points in the data set. In the followi
we aim to de ne the concept of such a path formally. - S
We consider directed, continuous paths from to x, [ulllscondition (B.7), Hois rejected. . .
through input spac. By assuming there exists a parametriza- DUe to the employment dfnearest neighbor technique, this
tion r(t), with t 2 [0;1], the path becomes the image Kf). test procedure applies naturally to multivariate data without the
With this map, we can uniquely express every point on the p ged of projecting the data onto a one-dimensional line, as is
via the parameter For example, its start and endpoints are givefi® case for most modality tests. Furthermore, nearest neigh-
by x; = r(0) andx» = r(1), respectively. or queries have access to very@ent algorithms such as the
Let f be the underlying density function and andx, two <d-tree @entley 1973 which reduces neighbor searches to only
O(logN) distance computation. Thus, these considerations allow

candidate modes of. We assume, without loss of generality, . ;
that f(x1) < f(xo). If all possible paths undergo a density dify'S to study the modality structure of the data set at Gaia data

when moving fromx, to x,, both points are found in two distinct Scales without careful projection loss considerations.

r]\I(r?here is the standard normal cdf. Therefore, if ang (0; 1)

modal regions: Burman & Polonik(2009 describe the iterative application
of the test procedure to modal candidates to cluster the data into
9t2(0;1): f(r(®) < f(xa) (B-1) signi cant modal regions. However, the test is employed along

Conversely, if we can nd a path between andx, where the straight line path connecting two modes, which limits the
all points have a higher density thag, both points are part of Procedure to convex cluster shapes only. Moreover, to detect sig-

the same modal region: ni cant dips reliably, enough samples need to be tested along the
. path.

fr®)  fix) 8t2(01] (B-2) We aim to provide a natural extension to the presented pro-

17 https://gea.esac.esa.int/archive/ cedure, which applies to arbitrary cluster shapes while reducing

18 German Astrophysical Virtual Observatorjittps://dc.zah. the number of point-wise tests to a single one; see Sefor a

uni-heidelberg.de/ detailed description.
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Fig. D.1. Tangential velocities in the /v plane of theoretical sources with circular Galactic orbits and LSR velocities. Shown are sermti
cases, while each of the lines represents sources hpablitions. The six cases are for two drent distances (100 pc, dashed lines; 200 pc,
dash-dotted lines), and for three drentb positions b= 20, greenb = 0, blue;b = 25 , magenta). The indicated longitude positions=at0

(box symbols) andl= 290 (diamond symbols) roughly mark the eastern and western borders of Sco-Ce3igh#&selected Sco-Cen members
are shown with gray dots. See also Fdgor a separation of the clusters.

while being at the same time con ned in 3D velocity spac€hen et al. 20142015 Marigo et al. 2017 Riello et al. 202},

(UVW). assuming solar metallicity (metal fractian= 0:0152) and no
extinction. To get a measure for the contamination from older
Appendix E: The Gaia EDR3 HRD sources (older than the expected20 Myr), we select sources

to the left of a 25Myr isochrone, allowing for random scat-
The HRD in Fig.9 in Sect.4 shows a color-absolute-magnitudder around the 20 Myr isochrone. Additionally, we do not con-
diagram using the magnitudes from the Gaia EDR3 passbasifer sources at the upper-main-sequence (UMS), since there
G versusBP RP. TheG band is corrected as recommended ithe trend reverses (younger sources are to the left of the UMS).
Gaia Collaboration et a(202152%, and the absolute magnitudeHence, we apply a cut &aps > 3 mag, only selecting fainter
Gapsis calculated with the distance modulus using the inversesifurces as older-source candidates. An additional selection cut
the parallax as distance. We applied the following quality criterigapplied at the low-mass regime, where we nd that a sequence
to the photometry, which mainly &cts faint sources. of older sources is clearly discernible, while the majority of low-
mass stars is scattered around the 25 Myr low-mass—isochrone

. Gerr < 0:906 and at younger ages. Since the models for low-mass stars are not
Perr < 0:1 (E-1)  as well developed as for intermediate- and high-mass stars, and
B
N RPyyr < 0:02 the overall uncertainties for fainter sources are generally higher,

e apply an additional cut, as shown by the bottom dashed slope
1 ,Fig. 9 (middle panel). This slope is de ned as follows, select-
INg older sources to the left of it:

This cut reduces lower quality measurements, mostly found s
tered at the low-mass regime. The magnitude errors are cal
lated as follows:

Gerr = 1:0857phot_g_meanflux _over_error Gaps>3 (BP RP T7:4)+1:95 (E-3)
BPe;r = 1:0857phot_bp_meanflux _over_error (E.2) The combined conditions deliver 333 out of 8392 sources
RP. = 1:0857phot_rp_meanflux _over_error with applied photometric quality criteria, hence about 4%, which

are possible contaminants from older populations within the
SigMA clusters. Considering the chosen borders, we like to
stress that this separation can only be seen as rough estimate,

The isochrone in Fig.9 shows a 25Myr PARSEC
isochroné* for Gaia EDR3 passbands (e.Bressan et al. 2012

2 https://github.com/agabrown/ in particular because we made the additional slope cut by hand
gaiaedr3-6p-gband-correction (Eqg. €E.3), hence, the contamination by old sources is likely at
24 http://stev.oapd.inaf.it/cgi-bin/cmd least about 4% or somewhat higher. Without the cut in EqR)(
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and using only the 25 Myr isochrone plus the cut at the UMS, the
contamination fraction from older sources could be up to 15%.
Finally, to get an estimate of sub-stellar sources in our sam-
ple, we use a 0.09 Miso-mass line in Figo (right panel), which
is again extracted from PARSEC models using ages frohtd.0
10%%r, to get a wide range. The lowest masses in the PARSEC
models are given for 0.09 M hence we select sources below
this line to get sources with masses of about 0.0dMdrogen-
burning limit) and lower (e.gBara e et al. 1998Burrows et al.
2001, Dieterich et al. 2013 The uncertainties at the low-mass
regime make this selection only a rough estimate. With the cut
we nd that there are 552 out of 8392 (6.6%), or out of 8059
(6.8%) sources (considering either all sources from the left panel
or only the younger sources from the middle panel in Big.
This selection indicates a fraction of sub-stellar objects of about
6—7% within theSigMAclusters.

Appendix F: Comparisons with selected literature
samples

Here we provide two additional tables, giving an overview of
the literature comparisions between BigMAclusters and the
Sco-Cen samples iDamiani et al(2019 andSquicciarini et al.
(202)) in TableF.1, andKerr et al.(202]) in Table F.2 More
details on the comparissons can be found in the main part of this
paper in Sect4.2
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Table F.1.Comparing theSigMAclusters with stellar group selections frddamiani et al(2019 and fromSquicciarini et al(2021). Only those
SigMA groups which have cross-matches with either of the two literature samples are given here.

SigMA Name SigMA Nr2  Matches with DDP19 Matches with SGPZ1
1(Us) Oph/L1688 463  US-f(3)US-n(287)US-D2(57)N(14) G1(404)G4(1)D(27)

2 Sco 139  US-n(59)US-D2(62)N(2) G2(105)G3(2)G6(8)D(19)
3 Sco 388  US-f(22)US-n(49)D1(29)US-D2(254)N(1) G1(6)G2(1)G3(330)G4(3)G5(10)G6(2)G8(1)D(26)
4 Sco 147  US-f(51)US-n(1)US-D2(80)N(3) G3(4)G4(100)G6(33)D(5)
5 Sco-South 28  US-f(3)US-n(10)US-D2(9) G4(19)G5(1)D(6)

6 Sco 354  US-f(141)US-n(2)D1(5)D2a(1)US-D2(162)N(3) G4(1)G5(79)D(250)

7 Antares 449  US-f(68)US-n(48)D1(50)D2a(4)US-D2(210)N(15) G1(11)G3(3)G7(41)G8(27)D(308)
8 Scorpio-Body 315 D1(2)D2a(208)US-D2(22)N(5) D(1)

9 US-foreground-3 46 D1(37)N(1)

10 US-foreground-1 170  D1(124)US-D2(1)N(10) D(1)

11 US-foreground-2 59  D1(35)US-D2(2)N(8) D(12)

12 (UCL)  Lupus-3 139  Luplll(67)D2a(25)D2b(27)N(1)

13 Lupus-4 23 D2a(2)D2b(21)

14 Norma 69  D2a(58)D2b(1)N(1)

15 V1062 Sco 794  UCL-1(528)D1(8)D2a(109)N(8)

16 Lupus-West 112 UCL-2(47)D1(4)D2b(47)N(2)

17 Lupus-1 110 UCL-3(1)D1(55)D2a(19)D2b(12)N(3)

18 02 Lup 229 D1(169)D2a(8)D2b(12)N(1) D(3)

19 Cen 897  D1(23)D2b(684)N(33)

20 Lup 116  D1(32)D2b(64)N(4)

21 V795 Cen 351 D1(48)D2b(247)N(4)

22 Lup 242  D1(214)D2a(2)D2b(2)N(2)

23 bCen 546  UCL-3(2)D1(354)D2a(1)D2b(82)N(18)

24 V1019 Cen 188  D2a(12)D2b(141)N(2)

25 Lupus-East 87 D1(5)D2a(48)D2b(19)

26 Sco 80  UCL-1(51)D1(2)D2a(7)N(1)

27 eLup 139  D1(122)D2b(4)

28 02Lup 116  UCL-3(40)D1(48)D2a(3)D2b(13)N(3)

29 Libra-South 38  D1(5)D2a(6)D2b(15)US-D2(2)

32 (LCC) Musca-foreground 67 D2b(28)N(1)

33 Centaurus-Far 24 D2b(20)

34 Musca 64  D1(1)D2b(55)

35 Acrux 215 LCC-1(84)D1(1)D2b(107)N(1)

36 Cen 1417 D1(25)D2b(1116)N(41)

37 f Cen 326  D1(8)D2b(265)N(3)

38 (Lupus) B59 21 N(15)

40 Pipe-foreground 29 D1(8)D2a(1)

42 Oph 82  D2a(32)US-D2(2)N(2)

Notes.® Number of sources from this work, for a direct comparison with the cross-matches as given in brackets in COIS HeBPP19group
shortcuts are given for eight compact clusterings (UCL-1, UCL-2, UCL-3, Lupus 3, LCC-1, US-far, US-near), for fase gopulations (D1,

D2a, D2b, US-D2), and for sources that have not been assigned to any of these groups (N), while the number in brackets gives the cross-maitc

with the respectivésigMAcluster.) The SGB21groups (G) are numbered from 1 to 8, and theirudie population is given with D. Again, the
number of cross-matches is given in brackets. The eight groupSBR21lare associated with the brightest star in each group as follows:S&b+-
G2- ScoB; G3bSco; G4-HD 144273; G5-HIP 77900; G6—-HIP 78968; G7-HIP 79910; G8-HD 146467.

Article number, page 30 of 31

98



Sebastian Ratzenbdck et al.: Signi cance Mode AnalySigKIA for hierarchical structures

Table F.2.Comparing theSigMAclusters withKerr et al.(202]) clusters toward Sco-Cen.

SigMA  Name GigMA Nr2  TLCP EOM® LEAF? Name (KRK21}

1 OphL1688 463 22(275) 17(249) 1(102) UpperSdo-Oph
2 Sco 139  22(85) 17(83) E(53) UpperSco-E

3 Sco 388 22(260) 17(258) H(90)I(1) UpperSco-H

4 Sco 147  22(106) 17(105) G(28) UpperSco-G

5 Sco-South 28 22(12) 17(10) UpperSco

6 Sco 354  22(228) 17(194) C(16)D(22) UpperSco-C,D
7 Antares 449  22(309) 17(257) A(3)B(10)F(25) UpperSco-A,B,F
8 Scorpio-Body 315 22(164) 16(12)17(41) UpperSco

9 US-foreground-3 46 22(20) 9(1)

10 US-foreground-1 170 22(76)  13(26) EOM13

11 US-foreground-2 59 22(27) 13(3)17(1)

12 Lupus-3 139  22(95) 12(81) A(46) Lupus-IV

13 Lupus-4 23 22(20)  12(19) B(14) Lupus-Ill

14 Norma 69  22(47) 14(17) EOM14

15 V1062 Sco 794 22(409) 14(3)15(337) LowerSco

16 Lupus-West 112 22(50)  11(33) UPK606

17 Lupus-1 110  22(59)  23(5)

18 02 Lup 229 22(110) 17(7) UpperSco

19 Cen 897  22(294) 11(1)24(107)26(3) EOM24

20 Lup 116 22(53)

21 V795 Cen 351 22(186) 11(2)21(11)25(11)

22 Lup 242 22(161) 22(101) EOM22

23 bCen 546  22(182) 23(1)

24 V1019 Cen 188  22(45)

25 Lupus-East 87  22(50)

26 Sco 80 22(37) 15(31) LowerSco

27 eLup 139 22(85)  20(73) EOM20

28 02Lup 116 22(37) 23(5)

29 Libra-South 38 22(10)

30 Cham 20 22(16) 18(16) Cham

31 Cham 41 2227)  27(23) A(16) LCC/ACham

32 Musca-foreground 67  22(46) 27(37) B(13) LCC-B

33 Centaurus-Far 24 21(18) 3(18) Cen-South

34 Musca 64  22(44)  27(36) B(1)C(10) LCCKCrux-South
35 Acrux 215 22(153) 27(132) B(1)C(80) LCO@ux-South
36 Cen 1417 22(823) 27(441) C(4)D(12)E(47) LCC-CD,E

37 f Cen 326 22(191) 26(36)27(2) EOM26

38 B59 21 22(10) 6(9) Pipe

39 Sgr-West 15 22(3)

40 Pipe-foreground 29 22(13) 9(12) EOM9

41 Pipe-North 22 22(10)

42 Oph 82  22(41)  10(28) Theia67

43 Corona Australis 124 22(71) 8(70) CrA

44 CrA-North 265 22(173) 7(1)8(162) CrA

45 Scorpio-Sting 36 22(17) 7(10) EOM7

46 Chamaeleon-1 148  21(93) 1(93) Chamaeleon-1
a7 Chamaeleon-2 40 21(26) 2(26) Chamaeleon-2
48 L1341.183 20  22(5)

Notes.® Number of sources from this work, for a direct comparison with the number of cross-matches as given in brackets in C3I$hé—6.
numbers give th&RK21 TLC group, with the number of cross-matches in brackets. There have been only cross-matches with the TLC groups
21 and 229 The numbers give thERK21 EOM sub-group, with the number of cross-matches in brackets, wile each EOM represents a sub-
clustering within the lower level TLC grouf) The letters give th&RK21 LEAF sub-group, with the number of cross-matches in brackets, wile

a LEAF group represents a sub-clustering within the lower level EOM gr8u@roup names fronikKRK21, if signi cant overlap with SigMA
clusters was present. Only the (sub)group with the most signi cant number of cross-matches is given, as apparent from the numbers in brackett

Cols. 5-6.
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5. Conclusion

In the following, the main results of this thesis are summarized in Sect. 5.1 and an outlook
on future work and follow-up projects are discussed in Sect. 5.2.

5.1. Summary of results

The main results of this thesis are two-fold: First, the thesis proposes two analysis
techniques for the detailed study of stellar structures. Second, the application of these
tools to Gaia DR2 and EDR3 update stellar cluster catalogs from which several domain
results can be derived.

1. In this thesis, the analysis pipelineUncover was developed, facilitating the use
of powerful one-class support vector machines for extensive membership searches.
Since principled model selection for one-class models remains an open problem [110],
this work proposed selection heuristics involving interpretable summary statistics.

In Ratzenbdck et al. [94], we de ned six complementary summary statistics based
on the number and distributional characteristics of yet unidenti ed cluster members.
These statistics, such as expected ranges on velocity dispersion and positional extent,
are speci ed in relation to high- delity members used to train OCSVM models.
This work showed that by sampling random hyper-parameters and rejecting models
if they do not adhere to a priori-de ned summary statistics ranges, e ectively builds

a bagging classi er of one-class support vector machinés

2. Building on results from Ratzenboéck et al. [94],Uncover was extended to work
with vague prior knowledge. As summary statistics ranges could not be determined
a priori, in Grasser et al. [51] we searched for suitable model ensembles and the
corresponding summary statistics ranges. This work determined an objective
that aimed to maximize the number of inferred members while minimizing the
contamination fraction de ned by comparing the 3D velocity distribution of training
and inferred members. Finally, suitable ensembles were selected in the number of

'In cases of high model exibility and unknown eld star contamination content in the training set,
bagging improves accuracy and reduces variance in the prediction [50]

2The contamination fraction is determined by comparing the 3D velocity distribution of training
members to inferred candidate sources. Precisely, the training samples are rst modeled as a 3D
Gaussian distribution in velocity space (mean and covariance matrix are determined by maximizing
the likelihood of the training data). The contamination fraction is the number of candidate members
outside the 3 (99.7%) region of training sources compared to the total number of inferred sources
(with a valid radial velocity measurement). Since only stars with radial velocity measurements have
access to the full 3D velocity information, the contamination fraction is a very rough estimate of the
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candidates and contamination fraction plane. The selected model ensembile, i.e.,
the nal classi er, was validated by considering the distribution of inferred sources
in the HRD, which was previously untouched information. Inferred members can
also be validated via their isochronal age in comparison to training set sources.
The residual distribution of inferred candidates and training set sources to the
best tting isochrone (to the training set) provided strong evidence that uncovered
sources are actual members of the Oph system.

3. The application of Uncover to the recently discovered Meingast 1 stream [82]
found about 2000 high- delity stream members, increasing the source population
approximately tenfold. As the newly predicted stream members are no longer limited
by radial velocity measurements (as was the case in the discovery paper), the new
selection substantially extended the main sequence to unveil the stream'’s population
across the entire stellar mass spectrum, from B stars to M stafs including white
dwarfs. The comparison in the HRD of the newly identi ed stream members with
the Pleiades cluster (apart from being slightly more metal poor) suggested a similar
age, correcting the original age estimate which was from 1 Gyr to 110 Myr. In
the massrange of 0:2< M < 4M |, this work identi ed a normal IMF which
allowed an estimation of the total mass of the stream to approximately 2000/
making it by far the most massive stream in the solar neighborhood. In addition,
this work was able to assign several white dwarfs to the Meingast 1 stream.

4. The application of Uncoverto the Oph region found 191 new young stellar object
(YSO) candidates in Gaia EDR3 belonging to the Oph system. An analysis of
stellar types revealed that these new sources appear to be mainly Class Ill M stars
and substellar objects. A total of 28 new members showed excess infrared emission
suggesting the presence of circumstellar dusty disks. The proper motion analysis of
the Oph region revealed a bi-modal structure, suggesting the presence of two main
populations: the rst population (1022 sources) comprises clusters of young stars
around the Oph star and the main Ophiuchus clouds (L1688, L1689, L1709). The
second population (304 sources) is slightly older and more dispersed, with a similar
but distinct proper motion from the rst. Both populations occupy approximately
the same 3D volume. The second population's age and proper motion suggested that
its origin may have originated from the Upper Scorpius (US) population. Finally,
the velocity di erence of about 4.1 km/s between the two populations suggested a
de-mixing of both populations in 3D space in about 4 Myr.

5. In this thesis a design study was performed which resulted in the visualization tool
Uncover, a further re nement of previously developed extensive membership analysis
methods. This tool expands on the quantitative model selection process of previous
versions of Uncover by introducing astronomers' qualitative judgement of inferred

true contamination.

3The spectral classi cation of stars is subdivided into seven groups using the letters O, B, A, F, G, K,
and M. This sequence describes a gradual decrease in temperature, mass, and size from hottest (O
type) to the coolest (M type) stars.
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cluster candidates into the analysis pipeline. Although no ground truth information
is available for individual stars, systems of multiple stars can be validated by domain
experts (e.g., using tools such as the HRD). Typically, qualitative model assessment
is able to create maximal trust in the nal classi er. Further, although we have
demonstrated that model selection can be achieved by limiting the contamination
fraction, this methodology depends on radial velocity measurements, which are
scarce in Gaia EDRS3.

To support interactively building interpretable and powerful models in unsupervised
scenarios where qualitative model validation is possible, this thesis devised a work ow
with the following general guidelines: rst, provide an overview of possible model
solutions. In the design study, the vast space of possible model con gurations was
concisely summarized using a hierarchical clustering approach. Dierent model
clustering solutions could be explored by users who control the granularity of model
groups. Second, to support the model evaluation additional validation tools such as
HRD and 3D kinematic information were provided. Third, Uncover facilitates prior
knowledge declaration and updating on yet unseen cluster members via interpretable
summary statistics ranges. To update and substantiate the initial, potentially vague
prior knowledge, this work provided the following: the users' qualitative model
assessment is translated into updating initial summary statistics rules. Further, users
were able to explore correlations between summary statistics via linked heatmaps
and perform What-If analyzes to study the e ect of individual summary statistics
on inferred stars.

In a usability study with nine domain experts and two use cases, users were able to
e ciently build e ective and high-performance novelty detection models. Further,

in a case study we e ciently recovered the second population discovered in Grasser
et al. [51] in a single session ofincover.

. This thesis developed an innovative clustering algorithmSigMAthat identi es
density peaks, separated by substantial dips, as clusters. By using a graph-based
approach, SigMAdetects peaks and dips directly in the multi-dimensional phase
space. The method tracks clusters though a family of gradually smoothed density
elds, creating a scale space of clustering solutions. The clustering solution is
obtained by identifying unchanged and stable clusters in scale-space that are
independent from a single density estimate. To integrate observational uncertainties
into the clustering procedure, SigMAemploys a re-sampling strategy from which
density deviations in the dip depth across samples are derivedsigMAdeals with
eld stars in a two-step approach: rst, the cluster's bulk 3D motion is determined.
This work de ned an objective function that measures the di erences in observed
proper motions and idealized proper motions given a random bulk motion. By
minimizing this objective function SigMAis able to approximate the cluster's 3D
bulk velocity. Second, the bulk motion is used to compute optimal radial velocities
for cluster candidates, which permits a full 6D phase-space analysis to remove eld
stars based on their phase-space density. Thu§igMAis ne-tuned to large-scale
surveys in astrophysics. As shown in Ch. 4, this new method is specialized to identify
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co-spatial and co-moving groups with non-convex shapes and variable densities,
with a measure of signi cance. SigMAdoes not need any photometric pre- ltering
and scales to millions of points. It is capable of nding clusters in Gaia EDR3 data,
reaching stellar volume densities as low a:01 stars/pc® and tangential velocity

di erences of about 0:3 km/s between clusters.

7. SigMAidenti ed about 104 Sco-Cen members arranged in 48 clusters of co-spatial
and co-moving young stars. The HRD of each cluster showed a narrow and well-
de ned sequence. Becaus&igMAis not aware of a star's brightness nor color,
the well-de ned stellar sequences in the HRD constitute a validation test to the
ability of SigMAto extract coeval and co-moving populations. This work found
that a large fraction of clusters towards Sco-Cen have massive stars, too bright to
be in Gaia EDR3, which are (tentatively) associated with them. BecausesigMA
is not aware of these massive stars, the association with clusters also constitutes
a validation test to SigMA based on the fact that massive stars are often found
at the centers of rich clusters. When comparing the 4&igMAstellar populations
in Sco-Cen to previous results from the literature we found mostly agreement,
however, several discrepancies exist. Manual selection heuristics (via on-sky and
proper motion cuts) used recently on Gaia data of Sco-Cen produce al5% larger
number of candidates when compared to unsupervised methods. On the other hand,
unsupervised methods likeSigMAfound more spatial and kinematical substructure
for the same data set, and produce samples with lower contamination levels.

5.2. Future work

The tools and stellar cluster catalogs originated from this thesis have already sparked
some potential future work which will be presented in the following section. Several of
these projects are currently (as of May 2022) in active development and their preliminary
results are brie y outlined.

In Sect. 5.2.1 age determination of the groups identi ed in Sco-Cen is discussed. In
Sect. 5.2.2 the value ofuncover and SigMAfor future clustering applications to the local
Milky Way is highlighted. In Sect. 5.2.3 possible extensions to the membership analysis
approach of Uncover are presented. Finally, in Sect. 5.2.4 further work onSigMAin the
direction of visual hyper-parameter space exploration is highlighted.

5.2.1. The star formation history of Sco-Cen

Sub-populations encode di erent star formation events and o er a path to understand
how the formation process proceeds in time and space inside a cloud, as well as an
understanding of the origin of the global velocity dispersion in clusters and associations,
critical for the dispersal of young populations into the Galactic eld. Knowing the age,
motion, size, and mass of these sub-populations will open a new window on how nature
forms bounded clusters and associations, by allowing a reconstruction of the sequence of
events in a star formation region.
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In a next step, the SigMAidenti ed clusters can be used for a precise age study of the
48 stellar groups to reveal the star formation history of the OB association. In a rst pilot
study we nd that the HRD of each cluster shows a narrow and well-de ned sequence from
which we extract an isochronal age. Thus, we produce a high-resolution age map of the
association revealing an older population at the core of Upper Centaurus-Lupus (UCL),
and sequential, age ordered branches reaching to outer edges of the 3D distribution of
sources in Sco-Cen. Further, we can now precisely date stars inside US, solving its age
controversy. What is normally taken in the literature as US consists of 12 clusters with
ages between 4 and 17 Myr, naturally explaining the wide age spread. Finally, using this
high-resolution age map we compile a catalog with over thousands of Sco-Cen brown
dwarf candidates.

5.2.2. Application of SigMAand Uncover to the local Milky Way

SigMAcan disentangle populations that are moving with velocities as small a8:3 km/s.

In a complementary approach to identifying stellar structures, the application of Uncover
ensures a complete source catalog; together with isochronal age dating, these tools can
provide an unseen high-resolution age map of the local kpc. Together with Gaia DR3, the
legacy value of such a catalog would be huge; its accurate time scales could feed many
science cases such as the study of the initial mass function (IMF), star formation history,
the origin of associations, timescales for planet formation, and the dispersion of clusters
into the Galactic eld.

5.2.3. Iterative model design

As shown throughout this thesis, OCSVMs are a powerful novelty detection method for
extensive analysis of star cluster membership. Their ability to incorporate previously
identi ed star cluster members into the search for new candidates gives them a powerful
advantage over fully unsupervised searches. However, the training set also limits the
model itself. The decision boundary created during the training process can reach beyond
the given training set only to a certain extent. In cases where the training set covers a
small sub-region of the entire population,Uncover is likely not able to nd large portions

of the remaining sources.

To adapt the current analysis work ow to these situations, an iterative and expanding
model procedure may be promising. A straight-forward way to facilitate an expanding
model is to allow the training set itself to grow in size. Thus, when the classi er infers
new candidate members after each training iteration, a second work ow step is added in
which a set of new high- delity cluster members is determined. To automate the process,
some quantitative measures (e.g., based on external factors such as HRD position or 3D
velocity in relation to the initial training set) are needed to identify these new training
set members.

If and under which conditions this procedure converges needs to be evaluated in future
research.
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5.2.4. Comprehensive visual parameter selection

When discussing the research goals in Sect.1.2.2, this thesis discussed potential research
avenues toward a consolidated star clustering approach. To recap, these were: (Ijsual
solution space exploration  alongside clustering result validation options for domain
experts (e.g., HRD), (2) meaningful and interpretable hyper-parameters that
alleviate or facilitate manual solution space exploration, and (3)internal validation
criteria [79] optimized for star cluster results that enable automatic model selection.

This work focused on the second avenue, which resulted in the development of the
innovative SigMAanalysis pipeline. Although model selection becomes easier with inter-
pretable hyper-parameters, depending on the complexity of input data, the output of
SigMAstill needs some context to handle properly. In particular, exploring the scale-space
hierarchy and the in uence of di erent alpha values can become overwhelming without
proper visual presentation.

As discussed in Sect. 2.2, this thesis nds that available visualization tools are not
transparent about the e ects of di erent input parameters, but rather focus on the
clustering results itself. Since a blind trust in machine learning methods and their results
can lead to erroneous interpretations of data, interpretable white box tools are highly
needed in the scienti c community. This work identi es the potential to implement the
clustering tool SigMAIn a visual support system. The tool should support the analysis of
the sensitivity of di erent density smoothing parameters, i.e., the scale space, as well as
the in uence of di erent signi cance levels on the clustering solution.

By providing the environment mentioned above, astronomers may be able to properly
re ect on the machine learning approach and the results it provides. In October 2021,
a pilot study was started together with master student Johannes Preisinger, in which
a series of interviews with eight domain scientists were conducted, which resulted in a
list of requirements such a tool has to ful ll. In end of April 2022, a rst high- delity
prototype was presented to a group of 7 (4 completely new to the tool) domain experts
who interacted with the tool and provided further feedback towards a successful nal
version. Future work is needed to deploy a nal working version to facilitate large-scale
cluster analysis of Gaia data.
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RQ Research Question.

Sco-Cen Scorpius Centaurus association.
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TBD To Be Determined.

UCL Upper Centaurus-Lupus.
US Upper Scorpius.

VPSA Visual Parameter Space Analysis.
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Appendix

|. Kurzfassung

Die vorliegende Doktorarbeit beschéftigt sich mit dem Au nden stellarer Gruppen
in der Milchstraye und beabsichtigt es, neue Blickwinkel auf gebrauchliche Methoden
in diesem Bereich zu erd nen. Insbesondere sollen im Zuge der Arbeit transparente
Analysemethoden bereitgestellt werden, um bisher unbekannte Sternhaufen sowie neue
Mitglieder bekannter stellarer Populationen aufzudecken. Ziel ist es, Techniken fur
Astronom*innen bereitzustellen, welche ein vollstdndigeres Bild verschiedener Sternhaufen
in der lokalen Milchstraye darstellen kénnen.

Im Rahmen der Dissertation wird zunachst das VerfahrerJncover vorgestellt. Uncover
ist ein Verfahren zur umfangreichen Mitgliederanalyse stellarer Gruppen und kann zuvor
entdeckte zugehdorige Sterne dieser Gruppen einbeziehen, um nach bisher unentdeckten
Sternen zu suchen. Die Methode konnte erfolgreich in zwei Anwendungsfallen durchge-
fuhrt werden: bei der kirzlich entdeckten Meingast 1 Gruppe einem Sternhaufen,
das gleichzeitig mit den Plejaden geformt wurde und etwd20 des Himmels einnimmt

und bei der bereits sehr eingehend erforschten SternentstehungsregionOphiuchus.
Fur diese beiden sehr unterschiedlichen Sternsysteme konnténcover die Anzahl der
gefundenen zugehdrigen Sterne um das Zehnfache, somit um etwa 200 Sterne erhéhen. Bei
der zweiten Methode zur Au ndung stellarer Gruppen handelt es sich um einen innova-
tiven Clustering-Algorithmus, Signi cance Mode Analysis (SigMA, der die topologischen
Eigenschaften der Dichteverteilung im mehrdimensionalen Phasenraum untersucht. Durch
die Anwendung von SigMAauf Gaia-EDR3-Daten der Scorpius-Centaurus-Assoziation
(Sco-Cen) konnten zum ersten Mal 48 sich gemeinsam bewegende und gleichaltrige Cluster
in Sco-Cen gefunden werden, von denen viele bisher unbekannt waren. Diese 48 Haufen
wurden unabhéngig voneinander mit Hilfe von astrophysikalischem Wissen validiert.

SowohlUncover als auch SigMAsind in einer doménenspezi schen Sprache formuliert,
verwenden aussagekraftige Hyperparameter und ermdglichen eine Ergebnisvalidierung,
um zuverlassige Ergebnisse sicherzustellen. Mit diesen Werkzeugen méchten wir dazu
beitragen, die derzeitige Kultur des blinden Vertrauens in Machine-Learning-Tools zu
verandern und Astronom*innen dabei helfen, Modelle auf Grundlage ihrer Fachkenntnisse
zu erstellen und zu modi zieren.
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