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What is a Compact Star?

Compact stars (CSs) are the final stage in the evolution of ordinary stars,
they are formed when a star ceases its nuclear fuel. This star must have
between 8-20 M⊙ to form a neutron star (NS). Below this, we get a
white dwarf.

Figure 1: Cassiopeia A (SNR)
[Chandra, 2017]

Figure 2: Ilustration of Hydrostatic
Equilibrium
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Neutron Star Composition

Figure 3: Internal composition of neutron stars (schematic) [Weber (2005)].
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How to model such objects?

Equation of State (EoS) Observable Mass-Radius

The Tolman–Oppenheimer–Volkoff (TOV) equation constrains the structure
of a spherically symmetric body of isotropic material which is in static
gravitational equilibrium [h = G = c = 1].

dp

dr
= −(ε+ p)(M + 4πr3p)

r2 (1− 2M/r)
M(r) = 4π

∫ r

0
ε(r ′)r ′

2
dr ′ (1)
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Why DM in NSs?

The proto-cloud may already present traces of DM

DM could be accreted by the main sequence star

In the supernova explosion, DM might be created and accrued inside
the remnant

DM is trapped in the gravitational field of a NS [Brito et al.

(2015); Kouvaris and Tinyakov (2011)]
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Initial Dataset

Our inital dataset have 17810 nucleonic (without DM) and 66002
with DM mass-radius-Λ (MRΛ) observables.

Figure 4: Nucleonic MRΛ Figure 5: With DM MRΛ
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Generation of Datasets

From the intial data, it was randomly selected 17000 nucleonic and
17000 with DM MRΛ observables.

Training and Testing Class Prediction

30k (15k+ 15k) ⇐= 34000 EoSs =⇒ 4k (2k+ 2k)

The train and test and the class prediction datasets were constructed by
extrating 5 random MRΛ points ([1,Mmax] M⊙), in which

It it doesn’t have DM =⇒ y = 0

If it has DM =⇒ y = 1

Xi = [M1, ...,M5,R1, ...,R5,Λ1, ...,Λ5, y ]

[Carvalho et al. (2023)]
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Generation of Datasets

Xi = [M1, ...,M5,R1, ...,R5,Λ1, ...,Λ5, y ]

[1,Mmax] M⊙

Figure 6: Nucleonic 5p MRΛ Figure 7: With DM 5p MRΛ
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Train and Test Dataset

This dataset was mixed up randomly in order for the training to not be
bias.

Xi = [M1, ...,M5,R1, ...,R5,Λ1, ...,Λ5, y ]

Random Forest: 80% (24k) Training and 20% (6k) Testing
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Random Forest Classifier

A random forest is a meta estimator: fits a number of decision tree
classifiers on various sub-samples of the dataset.
A decision tree is a flowchart-like structure in which each internal
node represents a ”test” on an attribute of the dataset =⇒ It uses
classification and regression tasks
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Train and Test Dataset - 30k

The accuracy obtained with the default parameters1 was 99.967 %.

1max depth: None, n estimators: 100
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Train and Test Dataset with Best Hyperparameters

The accuracy obtained now with the the best hyperparameters2 was
99.983 %.

2max depth: 19, n estimators: 191
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Features Importances

Provides a way to rank the features based on their contribution to
the final prediction

⇓

How effective each feature is at reducing uncertainty!

LAM(M3): 0.2358

LAM(M4): 0.1781

M1: 0.1253

LAM(M2): 0.1219

M2: 0.0751

R(M5): 0.054
...

R(M3): 0.004
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Learning Curve

train scores mean: [1. 1. 1. 1. 1. 1. 1. 1. 1. 1.]

test scores mean: [0.99907 0.99938 0.99962 0.9996 0.99973 0.99968
0.99983 0.99985 0.99985 0.99985]
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Validation Curve - max depth

Recall: max depth = 19

Figure 8: max depth validation curve
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Validation Curve - n estimators

Recall: n estimators = 191

Figure 9: n estimators validation curve
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Class Prediction - 4k

Figure 10: Class Prediction dataset
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Final Results

The trained model was able to correctly predict 97.975 % of the
MRΛ observables selected.

False Positives: 2.025 %
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Conclusion

Using the Random Forest Classifier, the model got an accuracy of 97.975 %

The ”freedom” of the model allows for a fine-tune of the hyperparameters,
resulting in a high accuracy and preventing over-fitting

Regarding the physics:

The false positives and the matrix confusion allows to state that the points
collected from the nucleonic observables mimic the behaviour of the
DM observables

From the features importances, it’s clear that the main distinction between
NSs with and without DM will be on the tidal deformability (Λ)
behaviour, especilly at high mass configurations3

The model had predicted all the DM observables correctly!

3LAM(M3), LAM(M4)
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