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ABSTRACT

Star clusters dissipate as internal and external gravitational interactions weaken its tidal radius,
causing smaller groups of stars to split apart in several directions while pushing other stars along
with it. The need for developing a machine learning model that can detect these runaway stars is
established in this research as it attempts to expand the domain of astrophysics to help
astrophysicists understand tidal tail formation and the theoretical dark matter subhalos’ effects on
celestial bodies. Data from the ESA’s Gaia DR 3 was utilized and noise was removed through
data cleaning with 4 parameters: RAdeg, DEdeg, PM, and Distance that were then factored into a
K-means clustering algorithm, which created the star clusters. These 4 factors were subsequently
compared and analyzed in various scatterplots. The findings revealed the model’s success in
identifying potential candidates of runaway stars by confirming the existence of high
proper-motion stars amongst other more similar proper-motion stars and the ability for stars to be
separate by vast distances across their cluster, indicating possible tidal tails. Future
improvements to work around various limitations encountered throughout this research focus on
the development of a hybrid clustering-nueral network model to automatically detect and predict
the likelihood of runaway stars from their clusters.

INTRODUCTION

Star clusters are groups of 10 or more stars that were formed from the same interstellar cloud and
are gravitationally bound to each other (10). The three types of star clusters are globular clusters,
open clusters, and embedded clusters (10).

Globular Clusters
Globular clusters were formed in the beginning of the universe, as they require gas and

dust from giant molecular clouds. They currently have exhausted most of their interstellar gas
and dust supply and new ones are less common in the universe. Globular clusters are spherical
groups of ancient stars that can contain millions of stars densely packed together around a central
mass. The star motions are determined by the sum of the mass of all stars, as well as their
“relaxation times,” which is the time it takes for stars to become disturbed by the gravitational
interactions with other stars around it. In globular clusters, star distribution is isotropic, and their
orbits are virtually random (2). This results in the globular cluster’s spherical shape, with their
individual motions preventing them from crashing into each other, while gravity ensures that the
“cluster does not fly apart” (3).

Although globular clusters are less likely to collapse, certain internal and external forces
can rip some stars out of a globular cluster. Overtime, stars in a globular cluster will get close



enough to interact gravitationally with each other. If two stars with starkly contrasting masses
come close to each other, with one star being faster than the other, the faster star will donate
energy to the slower star. The slower star in turn will gain a large amount of velocity and can
escape the cluster if in the right position. This also implies that massive stars slow down over
time, allowing gravity to pull them toward the center. As a result, the cluster segregates its stars
by mass, with the heavier stars in the center and the lighter faster stars on the outskirts (9). If
these stars are outside of the cluster’s tidal radius, then they can be stripped away from the
cluster (12).

Open and Embedded Clusters
Unlike globular clusters, open clusters are often irregular in shape, containing only

dozens or hundreds of stars. Since open clusters are generally located closer to the center of the
galactic disk, celestial bodies can easily pull them apart over long periods of time. As a result,
they are typically younger than globular clusters, and reveal numerous datapoints that can be
used for understanding star evolution. Meanwhile, embedded clusters are small groups of stars
surrounded by interstellar gas and dust. These are often newly born or are forming, producing
intense radiation. The current theory is that most stars originate from embedded clusters, and
then transform to group into open clusters and beyond (10).

The Dataset (ESA Gaia DR 3)
This research helps to improve our understanding of the formation of star clusters and

galaxies in our universe. It has several implications, including possible evidence of dark matter
sub halos, the improvement of n-body time simulations showing the evolution of star clusters,
and demonstrate the formation of tidal tails. The objective was to build a hybrid machine
learning model using data from the ESA’s Gaia Data Release (DR) 3 that could map the
kinematics of stars in their clusters accurately and then predict which stars would leave their
clusters. The primary variables utilized from the dataset were the right ascension degree
(RAdeg), declination degree (DEdeg), proper motion (PM), and distance (1/Parallax). The
RAdeg and DEdeg gave the positions (coordinates on the sky) of stars within their clusters, the
proper motion gave the velocity of the stars across the sky, and the distance provided would help
to identify the entire cluster’s location in the sky, as well as the specific stars being analyzed.

MATERIALS & METHODS
In this study, the Gaia DR 3 40-parsec and 100-parsec datasets were utilized and their

findings were compared. Noise from the datasets was reduced by removing all stars that had an
RUWE index greater than 1.4 (to ensure stars in the dataset did not have faulty parallax or PM
readings). In addition, data cleaning was applied to primarily focus on the 4 primary parameters
for determining cluster membership: right ascension degree (RAdeg), declination degree
(DEdeg), proper motion (PM), and distance (Dist), which was calculated by taking the reciprocal
of the Gaia DR 3 parallax readings. These 4 parameters were then factored into an unsupervised
K-means clustering algorithm to form the appropriate and optimal number of star clusters based
on the heuristic elbow method.

The Machine Learning (ML) Pipeline



Figure 1: The Machine Learning (ML) Pipeline above visualizes the flow of the entire research design.

In order to determine the stars that could potentially leave their clusters, a sophisticated
procedure was followed. First, the stars needed to be accurately clustered and the tidal radii of
the star clusters needed to be calculated. Then, gravitational interactions with neighoring stars
would be factored in, implementing n-body simulations in a neural network to predict each star’s
path after a gravitational interaction. If a star is on the edge of the cluster’s tidal radius, has low
mass, and has a high proper motion compared to its neighboring stars, then it is a likely
candidate for leaving its cluster. Therefore, it would be assigned a high probability value for
leaving its cluster (stars that fulfill less of these deterministic factors get assigned lower
probability values for leaving their clusters).

RESULTS

Cluster Metrics
First, the optimal number of star clusters was calculated using elbow method (depicted

below in Figures 2a-2b). The curve seems to decrease linearly (elbow) upon reaching n=30
clusters for the 40 parsec dataset and at n=36 clusters for the 100 parsec dataset; hence, these
were the n-values for the k-means clustering algorithm for each respective dataset.

Figures 2a-2b: The Elbow Graphs provide the optimal number of clusters for each dataset (logarithmically
scaled). Figure 2a outputs the optimal number of clusters in the 40 parsec dataset, while Figure 2b returns the
optimal number of clusters in the 100 parsec dataset.

Cluster Plots



Upon running the K-means clustering algorithm on the datasets, each star cluster’s proper
motion vs. distance and RAdeg vs. DEdeg graphs were graphed (Figures 3a-3b, 4a-4b). These
graphs revealed key findings in building a machine learning model to predict the likelihood of
stars leaving their clusters. The Proper Motion vs. Distance graphs confirmed the existence of
abnormal fast-moving stars in the star clusters, while the RAdeg vs. DEdeg graphs demonstrated
“clusters of stars within star clusters” as they were separated by vast distances across the sky
coordinates. These findings are discussed in more detail in the following section.

Figures 3a-3b: The PM vs. Dist Cluster Plots show the relationship between the proper motion and
distance of stars of the same cluster with respect to their proper motions (logarithmically scaled). Figure 3a exhibits
this relationship with the 40 parsec dataset, while Figure 3b displays the 100 parsec dataset. Key findings are
indicated by the red circles.

Figures 4a-4b: The RAdeg vs. DEdeg Plots provide a map of stars’ locations in their clusters. Figure 4a
plots the positions of stars in their clusters for the 40 parsec dataset, while Figure 4b delineates star clusters in the
100 parsec dataset. Key findings are marked by the blue annotations.

Unfortunately, due to limitations (discussed in the next section), a neural network was
unable to be implemented in order to fully determine stars that could leave their clusters.
However, the plots above (Figures 3a-3b, 4a-4b) present valuable findings that can be used to
build machine learning models that can automatically detect stars leaving their clusters.

DISCUSSION

Key Findings & Implications



As stated in the previous section, Figures 3a, 3b, 4a, and 4b yield findings with key
implications: they confirm the existence of high proper-motion stars in the same cluster as other
more similar proper-motion stars and the fact that stars can be separated by location by large
distances in smaller groups, but can be still part of the same cluster (of any type such as globular
clusters, open clusters, etc.). Stars with higher proper motions than others in their cluster can be
ejected from their clusters if far enough from the cluster’s center (as the tidal force won’t be as
strong to keep these stars within the cluster). Also, the fact that stars of the same cluster can be
separated apart by relatively large distances, and be part of “mini-clusters” within their clusters,
confirm that tidal tails are forming (most likely on opposite ends of the cluster), with the star
cluster dissipating as portrayed in Figures 4a-4b. All of those stars in the tidal tail would
therefore be likely candidates for leaving their cluster. A neural network can factor in all these
determining factors by having appropriately adjusted weights to assign accurate likelihoods
accordingly.

Limitations
However, several limitations occurred throughout the research process. A neural network

was unable to be implemented due to time constraints and knowledge barriers, as well as a
dataset with limited variables. In addition, the K-means clustering algorithm utilized in this paper
could be improved to remove additional noise present in the dataset, and to ensure that the
model’s predicted clusters have accurate sizes (to ensure that certain stars are not missed or not
wrongly counted as part of a cluster). Utilizing more sophisticated unsupervised clustering
models such as DBScan and Guassian Mixture Models to complement a neural network (to form
a hybrid model) would help refine the model’s overall accuracy.

Next Steps
Ultimately, a model for determining stars that leave their clusters would never be fully

accurate due to the n-body problem in physics. This unsolved problem states that due to several
internal and external factors, it is impossible to predict the result of three or more celestial bodies
gravitationally interacting. Current models only serve as approximations, and therefore a
machine learning model would never be able to certainly predict the properties of stars (whether
they become more or less massive, gain or lose speed, etc.) after these interactions. However,
this paper attempts to inspire future attempts that strive to develop machine learning models that
can identify stars that can leave their clusters with as much accuracy as possible.
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