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Introduction
We use machine learning to build a constrained multiple regression model for

rapidly estimating the fundamental stellar parameters of main-sequence solar-like stars
[1]. We train a random forest of decision trees [2] with scikit-learn [3] on a matrix of
stellar models generated with MESA [4] that we varied quasi-randomly in mass, initial he-
lium and metallicity abundances, mixing length, the strength of convective overshooting,
and the efficiency of gravitational settling. We additionally compute frequencies of each
stellar model using ADIPLS [5] and summarize them to obtain averaged large and small
frequency separations and frequency ratios [6].

We supply the global asteroseismic properties and other observable quantities of our
stellar models to the random forest algorithm and produce a statistical model relating
observable quantities to fundamental stellar parameters (Fig. 1). We validate this
technique on a hare-and-hound exercise (Fig. 2) and the Sun (Fig. 3), and then apply it
to 16 Cyg A & B (Fig. 4) and finally 34 planet-hosting candidates (Fig. 5).
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Fig. 1: A schematic representation of a random forest for inferring fundamental stellar parameters.

Hare-and-Hound

− 0.2

0

0.2

0.4

2 4 6 8 10

(τ
T

ru
e

−
τ M

L
)

τ T
ru

e

True Age  τ/Gyr

− 0.1

− 0.05

0

0.05

0.8 0.9 1 1.1 1.2 1.3 1.4

( M
T

ru
e

−
M

M
L
)

M
T

ru
e

True Mass M/M☉

Fig. 2: Relative differences between predicted and true ages (left) and masses (right) for a blind
hare-and-hound test.

The Sun
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Fig. 3: Predictions from machine learning of stellar parameters for degraded BiSON [7] data of the Sun.
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Fig. 4: Predictions from machine learning (- - -) on 16 Cyg A and
B are in agreement with interferometric measurements (↔, 2σ)
from White et al. [8].
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Fig. 5: Predictions from machine learning plotted against pre-
dictions from the Kepler Ages (KAGES, [9]) project on 34 planet-
hosting candidates observed by Kepler [10].
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