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Abstract

Estimating stellar ages remains a central challenge in astrophysics, particularly

for stars outside the narrow evolutionary phases where traditional methods like

isochrone fitting are reliable. This study explores the use of supervised machine

learning, specifically, the ExtremeGradient Boosting (XGBoost) algorithm, to infer

stellar ages from chemical abundance ratios derived from the GALAH DR4 spec-

troscopic survey. A training set of 20,303 Main Sequence Turn-Off stars was con-

structed using strict quality cuts and age labels obtained via Bayesian isochrone fit-

ting. The XGBoost model was trained on 15 elemental abundance ratios and tuned

through exhaustive hyperparameter optimization with five-fold cross-validation.

The final model achieves a root mean squared error (RMSE) of 1.38 Gyr on a

held-out test set, generalizes well across stellar populations not seen during train-

ing, and reproduces known chemical evolution trends such as the anti-correlation

between [Fe/H] and age and the positive correlation between [α/Fe] and age. Fea-

ture importance analysis reveals that [Mg/Fe], [Ca/Fe], and [Y/Fe] are the most

informative predictors of age, consistent with theoretical nucleosynthetic expecta-

tions. Residual analyses expose a tendency for the model to regress predictions

toward the mean age in underrepresented regions, particularly for very young and

very old stars.

These results demonstrate that machine learning can extract robust age infor-

mation from chemical abundance patterns and extend age-dating to stellar popula-

tions for which traditional techniques break down. This work highlights the power

of data-driven approaches in galactic archaeology and paves the way for scalable

age estimation in next-generation spectroscopic surveys.
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1 Introduction

1.1 Motivation

In recent years, machine learning (ML) has become an indispensable tool across

manyBranches of science, enabling researchers to extractmeaningful patterns from

complex, high-dimensional datasets (Jordan andMitchell, 2015; Carleo et al., 2019).

In fields such as genomics, materials science, and climatemodeling,machine learn-

ing techniques have unlocked new ways of analyzing large and noisy datasets that

defy traditional analytic approaches. Physics has been no exception, with machine

learningmethods now applied in condensedmatter, quantummany-body systems,

and cosmology (Mehta et al., 2019).

Astronomy, in particular, stands out as a data-rich sciencewheremachine learn-

ing is rapidly gaining ground (Baron, 2019; Fluke and Jacobs, 2019). The prolifera-

tion of large-scale surveys such as Gaia, SDSS, APOGEE, and GALAH has provided

unprecedented volumes of stellar data, challenging traditional analysis pipelines

and motivating the adoption of data-driven approaches. In this context, machine

learning has been applied to problems ranging from galaxy morphology classifi-

cation to photometric redshift estimation, and increasingly, to stellar parameter

inference.

One domain where machine learning shows exceptional promise is in deter-

mining stellar ages—a longstanding challenge in astrophysics. Stellar age is not a

directly observable quantity, yet it is a fundamental parameter for understanding

galactic evolution. Together with mass, age is also one of the two principal quan-

tities that govern stellar evolution. Several age-dating methods that do not involve

machine learning exist, but every method has advantages and shortcomings that

depend on stellar type, data quality, and data availability. These traditional meth-

ods and their specifics are discussed in Section 2.1.
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Recent work has focused on usingmachine learning tomodel the complex, non-

linear relationships between stellar properties and chemical abundances derived

from spectra. For instance, neural networks and data-driven models like The Can-

non have been used to estimate stellar parameters from spectral data (Leung and

Bovy, 2018;Ness et al., 2015; Fabbro et al., 2017). Other studies have applied super-

vised learning directly to abundance patterns to infer stellar ages, particularly for

stars in surveys such as GALAH (Hayden et al., 2022). Such approaches suggest

that chemical abundances, particularly ratios involving α-elements and neutron-

capture elements, can serve as empirical proxies, or chemical clocks, for age pre-

diction (Nissen, 2015; Feltzing et al., 2016).

1.2 Objectives

The primary objective of this project is to evaluate the effectiveness of supervised

machine learning, specifically the ExtremeGradient Boosting (XGBoost) algorithm

(Chen and Guestrin, 2016), for predicting stellar ages from chemical abundance

ratios in the fourth data release (DR4) of the GALAH survey (Buder et al., 2024).

Building on recentwork that has shownan empirical relation between certain abun-

dance patterns and stellar age (Hayden et al., 2022), this study aims to develop a

model that generalizes beyond stars for which a reliable age-dating method exists

and provides reliable age estimates for a broad range of stellar populations.

To accomplish this, the model will be trained on a subset of stars with well-

determined ages, using their abundance ratios as input features. The predictive

performance of the model will be assessed using cross-validation and its general-

ization will be evaluated by applying it to unseen stars of the same population and

those of other populations (stars in different evolutionary phases). The resulting

age distribution will be compared to known chemical-age trends in the Milky Way

as a qualitative validation.
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In addition to predictive and generalization performance, this project also aims

to interpret the model’s behavior through feature importance and residual analysis

to identify which abundance ratios contribute most strongly to age prediction and

find where the method begins to fail. The study will identify current limitations

and propose future improvements for extending abundance-based machine learn-

ing models to the next generation of spectroscopic surveys (surveys in which the

primary data product is the atomic spectra of the object observed).

1.3 Scope and Significance

This project focuses on the application and evaluation of the XGBoost algorithm

for predicting stellar ages from chemical abundance ratios, using high-quality spec-

troscopic data from the GALAH DR4 survey. The training set is restricted to high

signal-to-noise stars with both reliable ages and abundance measurements, while

the broader goal is to generalize these predictions across a wider range of stellar

evolutionary phases.

The significance of this work lies in both its scientific and methodological con-

tributions. By improving age estimation for stars that fall outside the regime for

which current age estimation methods exist, this study offers a complementary ap-

proach for reconstructing galactic evolutionary history. In particular, chemically

derived ages may provide a path forward in extending current age-dating methods

to stellar populations in which they currently do not work.

More broadly, this project contributes to the growing integration of machine

learning in astrophysical data analysis. As future spectroscopic surveys expand in

scale and complexity, robust, interpretable, and scalablemachine learningmethods

will be essential. The tools and insights developed here are intended to serve as a

foundation for that future work.
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2 Background

2.1 Stellar Ages and Isochrone Fitting

Determining the ages of stars remains one of the most persistent challenges in as-

trophysics. Unlike parameters such as mass, temperature, or chemical composi-

tion, which can be inferred directly fromobservations, stellar agemust be estimated

indirectly usingmodels of stellar evolution. Yet age is a critical quantity, as it under-

pins our understanding of stellar life-cycles, the formation history of theMilkyWay,

and the broader process of chemical enrichment in galaxies (Soderblom, 2010). Be-

cause of the importance of stellar age, multiple age-dating methods have arisen.

Asteroseismology is a powerful age-dating method that probes a star’s inter-

nal structure through the study of oscillation modes. These oscillations, detectable

as periodic brightness variations, are sensitive to fundamental stellar properties

including mass, radius, and age. In particular, observations from space missions

like Kepler and CoRoT have enabled precise measurements of solar-like oscilla-

tions in thousands of stars, greatly improving age determinations, especially for

Red Giants and Sub-Giants (Chaplin and Miglio, 2013; Hekker and Christensen-

Dalsgaard, 2017). Asteroseismic ages can reach precisions of around 10–20% in fa-

vorable cases, providing a significant improvement over isochrone-based estimates

alone. However, the requirement for high-quality, long-duration photometric time

series limits this method to relatively bright and nearby stars.

Gyrochronology is another technique that estimates stellar ages by leveraging

the relationship between a star’s rotation period and its age. Main sequence stars

gradually lose angular momentum over time via magnetized stellar winds, lead-

ing to predictable spin-down behavior that can be empirically calibrated against

cluster stars with known ages (Barnes, 2007; Meibom et al., 2015). In practice, gy-

rochronology ismost reliable for cool stars (spectral types later than F) and for ages
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up to a few gigayears, beyond which magnetic braking becomes less efficient and

calibrations become uncertain. Like asteroseismology, gyrochronology provides an

independent and physically motivated approach that, when combined with other

age-dating methods, helps break degeneracies and enhance our understanding of

stellar populations.

One of the most widely used methods—and the method that will be used in this

study—for estimating stellar ages is isochrone fitting, which involves comparing a

star’s observed properties to grids of theoretical models that describe how those

properties change over time. These models, known as isochrones, trace the pre-

dicted position of stars of a given age and metallicity across a range of masses on

the Hertzsprung-Russell (HR) diagram (Bressan et al., 2012; Dotter et al., 2008).

Isochrone fitting is particularly effective for Turn-Off stars where age-sensitive fea-

tures aremore pronounced and the spacing between isochrones in parameter space

is larger than the errors in the observations.

Figure 1 shows an HR diagram, where stars are plotted by luminosity and effec-

tive temperature. The location of a star on this diagram reflects its current evolu-

tionary stage, with the Main Sequence, Sub-Giant Branch, and Red Giant Branch

each corresponding to the different phases in stellar evolution. Isochrones model

these phases, allowing astronomers to estimate stellar ages by finding the best-

fitting theoretical track for a given star or population.

Isochrones are generated using stellar evolution codes that simulate internal

processes such as nuclear burning, energy transport, convection, and mass loss

over time. Modern tools like PARSEC (Bressan et al., 2012), MIST (Choi et al.,

2016), and BaSTI (Hidalgo et al., 2018) provide extensive model grids covering a

wide range of stellarmasses, metallicities, and evolutionary timescales. From these

grids, theoretical luminosities and temperatures are computer for synthetic stars,

and their positions on the HR diagram are used to define isochrone curves. An

5



Figure 1: “In theHertzsprung-Russell diagram the temperatures of stars are plotted
against their luminosities. The position of a star in the diagram provides informa-
tion about its present stage and its mass. Stars that burn hydrogen into helium lie
on the diagonal Branch, the so-called Main Sequence.” Credit: ESO
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Figure 2: Amodel isochrone with solar metallicity and solar age. The near horizon-
tal line of points near the bottom of the plot denotes theMain Sequence. The region
in the red box is the Main Sequence Turn-Off. The diagonal line that extends up
and to the right is the Giant Branch. Each data point on this plot represents a star
with a unique initial mass, with initial mass increasing as you move along the Main
Sequence and up to the Giant Branch.

example solar metallicity isochrone is shown in Figure 2.

For individual field stars, Bayesian isochrone fitting techniques have become

increasingly common. These methods combine observed stellar parameters such

as effective temperature, surface gravity, andmetallicity with prior distributions on

stellar mass and age to derive posterior age estimates (Jørgensen and Lindegren,

2005; Serenelli et al., 2013). Turn-off stars, which are in a rapid phase of evolution

and exhibit significant changes in observable parameters over short timescales, are

particularly useful for these analyses because they allow for more precise age de-
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Figure 3: Periodic table of elements displaying the relative abundance from each
nucleosynthetic production site. Credit: Kobayashi et al. (2020)

terminations.

Despite their widespread use, isochrone-based ages are subject to significant

uncertainties in many regions of the HR diagram. On the Main Sequence and Red

Giant Branch, isochrones of different ages are tightly clustered, whichmakes is dif-

ficult to distinguish between stars of different ages based on their position alone

(Soderblom, 2010). These degeneracies, along with measurement uncertainties,

often limit the precision of isochrone-based age estimates to several gigayears for

individual stars. This limitation has motivated the exploration of alternative age-

dating methods that incorporate different information, such as asteroseismic data

or chemical abundances.

2.2 Chemical Abundances as Age Indicators

The chemical composition of the earliest gas clouds in the Universe was set during

Big Bang nucleosynthesis, which produced a mixture dominated by hydrogen and

helium, with trace amounts of lithium and beryllium (Fields et al., 2020). Heavier
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elements, referred to as “metals” in astronomy, were absent. The first generation

of stars, Population III stars, formed from this pristine material and initiated the

chemical enrichment of the Universe.

Because stellar lifetime is inversely proportional tomass, themostmassive stars

evolve and die quickly. Stars that are massive enough to end as core-collapse su-

pernovae (Type II, or SNeII) have lifetimes less than 30 million years. These early

supernovae contributed significantly to the enrichment of α-elements such as oxy-

gen, magnesium, silicon, and calcium. In contrast, lower-mass stars evolve more

slowly and, in some cases, end their lives as Type Ia supernovae (SNe Ia). These

result from interactions of a white dwarf and its binary companion and occur on

longer timescales, peaking at 1 billion years after star formation. These events are

the primary sources of iron-peak elements, including iron, nickel, and chromium

(Kobayashi et al., 2020).

This difference in timescales between the fast production of α-elements and the

delayed enrichment of iron-peak elements by SNe Ia forms the basis of the chemical

age diagnostic. As proposed by Tinsley (1979), early generations of stars exhibit el-

evated [α/Fe] ratios because they formed before iron-richmaterial released by SNe

Ia began enriching the interstellar medium. As the Galaxy evolves and more iron

from delayed SNe Ia accumulates, newly formed stars show progressively lower

[α/Fe] ratios and higher metallicity.

This time-dependent abundance patternmeans that chemical compositions, par-

ticularly ratios like [α/Fe], carry an imprint of a star’s formation epoch. These ra-

tios thus serve as powerful empirical proxies for age. Theoretical models, such as

those from Kobayashi et al. (2020), provide detailed predictions for how different

nucleosynthetic sources contribute to the chemical enrichment of the Galaxy over

time.

Figure 3 summarizes the dominant production sites for each element and shows
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the cumulative enrichment of the periodic table from the Big Bang to the present.

The left edge of each cell corresponds to t = 0, while the right edge marks the

present day. Elements produced by core-collapse supernovae appear early in cos-

mic history, while contributions from delayed sources like SNe Ia and asymptotic

giant Branch stars begin later, supporting their utility in tracing stellar ages.

By precisely measuring the chemical abundances of stars today, particularly

those involving α- and iron-peak elements, astronomers can infer the relative tim-

ing of their formation. These abundance patterns thus serve as reliable indicators

of stellar age, allowing us to understand the chronological chemical evolution of the

Galaxy.

2.3 Machine Learning for Stellar Age Determination

Traditional methods of determining stellar ages, such as isochrone fitting, have

been the standard in stellar astrophysics. As stated above, isochrone fitting com-

pares observed stellar properties, such as temperature, luminosity, and surface

gravity, to theoreticalmodels of stellar evolution, allowing for age estimation. How-

ever, this technique is most reliable for certain evolutionary phases, particularly for

Turn-Off stars, where stellar properties change significantlywith age. In large spec-

troscopic surveys like GALAH, where we have access to high-resolution chemical

abundance data, an alternative approach is to use machine learning to infer stellar

ages based on chemical abundances. This is useful for multiple reasons.

First, isochrone ages are highly uncertain forMain Sequence and giant stars be-

cause themeasurement errors on the stellar parameters are larger than the distance

between isochrones in parameter space. Put simply, the isochrones stack on top of

each other on the Main Sequence and Giant Branch but not on the Main Sequence

Turn-Off (Figure 4). This makes direct isochrone fitting unreliable outside of the

Turn-Off region. Machine learning models can be trained on a subset of stars with

10



Figure 4: A set of theoretical isochrones having the same metallicity. Notice how
the Main Sequence and Giant Branch are stacked on top of each other while the
data points in the Main Sequence Turn-Off are discernible.
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well-determined isochrone ages (Turn-Off stars) and generalize these age estimates

to the rest of the population using chemical signatures.

Second, the chemical composition of a star carries fossil records of its forma-

tion epoch. Abundance ratios such as [Fe/H] and [α/Fe] evolve over time due to

the different timescales of Type Ia and Type II supernovae. Machine learning can

recognize complex, nonlinear patterns inmulti-element abundance space, allowing

for improved age inference beyond traditional methods.

Lastly, isochrone fitting requires detailed spectroscopic and photometric data,

which can be computationally expensive to apply consistently across hundreds of

thousands of stars. Machine learning, once trained, can rapidly predict ages for

vast datasets, making it highly scalable for surveys like GALAH.

While isochrone fitting remains the best method for precise stellar age determi-

nation in Turn-Off stars, it becomes unreliable for other evolutionary phases. Ma-

chine learning provides a powerful alternative by leveraging chemical abundance

patterns to estimate stellar ages across amuch larger dataset, making it an essential

tool for large-scale studies of stellar populations and galactic archaeology.

3 Data

3.1 GALAH Data Release 4

The dataset used in this project is derived from the GALAH (Galactic Archaeology

with HERMES) Data Release 4 (DR4) Buder et al. (2024), which provides detailed

spectroscopic information for nearly one million stars in the Milky Way. GALAH

is a large-scale stellar survey conducted using the High Efficiency and Resolution

Multi-Element Spectrograph (HERMES) spectrographon the 3.9mAnglo-Australian

Telescope, and it aims to explore the chemical anddynamical evolution of our galaxy

by measuring high-resolution spectra of stars across a wide range of positions and

12



stellar types. The survey provides precise measurements of stellar parameters such

as effective temperature (Teff ), surface gravity (log g), and elemental abundances

for up to 32 elements.

3.2 Data Selection

For this project, the full GALAH DR4 catalog was initially downloaded, containing

917,588 stars in total. However, not all of these stars have high-quality measure-

ments for the parameters required in this analysis. While the overall goal of this

project is predicting stellar ages from surface abundances, actually getting the ages

for the training set necessitates accurate estimates of log g and logTeff . GALAH

includes quality flags for these parameters (flag_sp), allowing users to filter for

reliable data. By requiring that both log g and log Teff be flagged as reliable, the

dataset was reduced to 663,075 stars. Figure 5 shows a Kiel Diagram (log g on the

y-axis instead of luminosity) of the sample after the flag_sp cut.

Because the elemental abundances will serve as the features for the machine

learning model used in this project, it is important that all of the elemental abun-

dances used are reliable. GALAHprovides reliability flags for each elemental abun-

dance in the dataset (flag_X_fe being the quality flag for [X/Fe]). However, there

are several elements in the dataset that have few reliable measurements. Because

an unreliable abundance measurement for a single elemental would remove the

row that contains it from the dataset, it is not wise to include every elemental abun-

dance. To ensure a balance between investigating as many elements as possible

and having a sufficient amount of data, 14 elemental abundances (with respect to

iron) were selected to serve as features for the model: [Mg/Fe], [Ca/Fe], [Ti I/Fe],

[Si/Fe], [Mn/Fe], [Na/Fe], [K/Fe], [Y/Fe], [Ba/Fe], [Cr/Fe], [Zn/Fe], [Al/Fe], [Sc/Fe],

and [O/Fe]. Additionally, the iron-to-hydrogen abundance ratio ([Fe/H]) was also

required to be reliable (flag_fe_h). Requiring that the abundance measurements

13



Figure 5: A Kiel Diagram of 663,075 stars having flag_sp = 0 from the GALAHDR4
dataset. Notice the Main Sequence, Main Sequence Turn-Off, and Giant Branch.
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Figure 6: A Kiel Diagram of 421,934 stars having good measurements for the de-
sired elemental abundances.
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Figure 7: A Kiel Diagram of 412,405 quality-ensured stars having−1.0 ≤ [Fe/H] ≤
0.5 (disk stars).
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Parameter Value
flag_sp 0
flag_fe_h 0
flag_X_fe [X/Fe] 0
χ2 ≤ 4
SNR ≥ 30
[Fe/H] −1.0 ≤ [Fe/H] ≤ 0.5

Table 1: Quality cuts used to select data from GALAH DR4.

be reliable further restricted the dataset to 421,934 stars. Figure 6 displays this

smaller sample in a Kiel Diagram. Evidently, abundance measurements are less

reliable for the hottest stars.

While the quality flags indicate that nothingwent catastrophically wrong during

the data reduction pipeline, they do not directly reflect the quality of the spectral

fit or the precision of the derived measurements. To ensure a good fit between

the observed and synthetic spectra, a chi-square threshold of less than 4 was re-

quired (χ2 < 4). This helps ensure that the model accurately reproduces the ob-

served spectrum, leading to more reliable estimates of stellar atmospheric param-

eters and chemical abundances. In addition, a minimum signal-to-noise ratio of

30 (SNR > 30) was required. A higher SNR improves the precision of measure-

ments by reducing the impact of random noise, effectively shrinking the error bars

on flux values and leading to more tightly constrained parameter estimates. These

cuts reduced the dataset to 415,343 stars.

A final cut wasmade that ensured only disk stars be present in the dataset,−1 ≤

[Fe/H] ≤ 0.5. Stars outside of the disk, e.g. halo stars, have unique chemistry and

kinematics as they have often formed elsewhere, such as other galaxies, and were

gained through mergers with these satellite systems. Including objects that do not

share formation pathways would lead to unnecessary spread. This metallicity cut

reduces the dataset to 412,405 stars. Figure 7 shows a Kiel Diagram of the quality-

ensured disk stars and Table 2 outlines the quality cuts made.
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3.3 Training+Test Set

The training+test set for this study consists of stars selected to be near theMain Se-

quenceTurn-Off, where stellar ages canbemore reliably constrainedusing isochrone

fitting. A surface gravity cut of 3.5 ≤ log g ≤ 4.1 was applied to isolate stars evolv-

ing off the Main Sequence but not yet on the Giant Branch. This region of the

Hertzsprung-Russell diagram is known to be sensitive to age, allowing for more

precise isochrone fitting compared to giants or dwarfs (this sensitivity is discussed

in Section 2.3). This brings the number of stars in training set to 83,420.

To ensure the highest quality, an additional signal-to-noise cutwasmade, (SNR >

70). The goal with this quality cut is to ensure that the errors on the measured pa-

rameters are as small as possible, allowing the isochrone fitting process (described

in Section 4.1) to find as accurate an age as possible. This signal-to-noise require-

ment reduces the training+test set 25,550 stars. The age for each of these stars was

found using themethodology described in Section 4.1, where [α/Fe] was also found

as an intermediate step.

Because hot, young stars have very few emission lines it is difficult to get ac-

curate chemical abundances for the youngest stars. Therefore, a cut was made to

exclude stars younger than 1.8 Gyr from the training+test set, which also serves as a

temperature cut. Additionally, some thick disk stars ([α/Fe]-enhanced) have been

discovered to be uncharacteristically young. The physical origin of these young, α-

rich stars is a matter of great debate (Chiappini et al., 2015; Martig et al., 2015).

Because of this, stars with [α/Fe] > 0.15 are required to be greater than 8 Gyr old.

Making these final cuts to the training+test set leaves 25,379 stars, approximately

6.2% of the sample. Table 3.3 outlines the cuts made to create the training+test

set. For model training and evaluation purposes, the training+test set was divided

using an 80/20 train-test split. This split puts the training set at 20,303 stars and

the test set at 5,076 stars.
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Parameter Value
log g 3.5 ≤ log g ≤ 4.1
SNR ≥ 70
τ ≥ 1.8 Gyr

Table 2: Additional cuts used to select MSTO data used for model training.

4 Methodology

4.1 Bayesian Isochrone Fitting

The ages for stars in the training set described in Section 3.3 were calculated using a

Bayesian framework to fit the observed data points to theoreticalmodel isochrones.

These model isochrones were processed using the PARSEC isochrone web appli-

cation, where different metallicity and age values were supplied. The age of the

isochrones range from 500 million years to 13.5 billion years, with a step size of

35 million years, yielding 375 distinct ages. The metallicity values range from -1.0

to 0.5 with a step size of 0.1, yielding 15 distinct metallicity values. Because each

isochrone has a single age and a single metallicity value, each star is fit to a total

5,625 model isochrones.

Observations for log g and Teff are available for each star. However, while abun-

dances are available formultiple elements, GALAHdoesnot directly supply ametal-

licity value. This metallicity value will incorporate the abundance of every element

heavier than helium. Because this is not feasible, many studies use [Fe/H] as a

proxy for metallicity. However, this project utilized a more accurate approach,

Equation 1, described in Buder et al. (2021). The [α/Fe] value is a measure of the

abundance of theα-elements. This was calculated as an intermediate step by taking

the average of the Mg, Ti I, and Si abundances.

[M/H] = [Fe/H] + log(0.694× 10[α/Fe] + 0.306) (1)
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The errors on both [α/Fe] and [M/H] were propagated using the formalism

described in Taylor (1997). Because [α/Fe] is an average, its error is simply the

individual abundance errors added in quadrature. However, for more complex,

multi-variate measurements, the error is found using Equation 2. Thus, the error

on [M/H] is found using Equation 3.

δq =

√(
∂q

∂x
δx

)2

+ . . . +

(
∂q

∂z
δz

)2

(2)

σ[M/H] =

√
σ2
[Fe/H] +

((
0.694× 10[α/Fe] × ln(10)
0.694× 10[α/Fe] + 0.306

)
σ[α/Fe]

)2

(3)

To derive stellar ages from the observed parameters, a Bayesian isochrone fit-

ting procedure was applied. The goal is to estimate the posterior probability distri-

bution of a star’s age given its observed parameters. Bayes’ theorem provides the

foundation:

P (τ | D) =
P (D | τ) P (τ)

P (D)
(4)

where P (τ | D) is the posterior probability of the age τ given the data D (ob-

served parameters), P (D | τ) is the likelihood of observing the data for a given

age, P (τ) is the prior on age, and P (D) is the marginal likelihood or normalization

constant.

In this analysis, the prior P (τ) was taken to be uniform, implying no preferred

age range before observing the data. The posterior is therefore proportional to the

likelihood:

P (τ | D) ∝ P (D | τ) (5)

The likelihood P (D | τ) was computed by comparing each star’s observed pa-
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rameters to each of the model isochrones. These parameters include Teff, log g,

and [M/H], all of which are matched against corresponding values in the model

isochrones for a given age and metallicity.

Assuming independent Gaussian errors on each parameter, the likelihood for a

given isochrone point is defined as:

L ∝
∏
j

exp

(
−(Xj,obs −Xj,iso)

2

2σ2
Xj

)
(6)

whereXj = {Teff , log g, [M/H]}.

To ensure that the likelihood was associated with a particular age, an additional

Gaussian weight centered on the specific age bin was applied. This weight acts like

a smoothing kernel over the discrete age grid and can be interpreted as a kernel

density prior over age with width equal to the age bin step:

exp
(
−(τ − τi)

2

2∆τ 2

)
For each star, the likelihoods from all matching isochrone points at a given age

bin were summed to obtain an unnormalized posterior probability for that age. Af-

ter evaluating this across all age bins, the full posterior probability distribution was

normalized to integrate to one:

P (τi | D) =
ΣkLik

ΣlΣkLlk

where Lik is the likelihood contribution from the k-th isochrone point at age bin i.

The result is a discrete posterior probability distribution for each star, sampled

over the 375 model age bins. These posterior distributions were used to assign a

most probable age (e.g., the maximum a posteriori value).
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4.2 eXtreme Gradient Boosting (XGBoost)

This project utilizes the machine learning algorithm XGBoost (eXtreme Gradient

Boosting) (Chen and Guestrin, 2016) to predict stellar ages from chemical abun-

dances. XGBoost is a scalable and regularized implementation of gradient boosted

decision trees that has been widely adopted across a variety of domains due to its

strong predictive performance and computational efficiency (Dhaliwal et al., 2018;

Li et al., 2019; Ogunleye andWang, 2020;Ma et al., 2021). Given the tabular struc-

ture of the input data and the tendency of chemical features to exhibit nonlinear

relationships with stellar age, XGBoost is particularly well-suited to this regression

task. Its built-in regularization mechanisms further reduce the risk of overfitting,

making it a robust choice for models that must generalize beyond the training set.

XGBoost belongs to a family of ensemble learning algorithms based on gradient

boosting. Ensemble methods improve performance by combining multiple weaker

models (in this case, shallow decision trees) into amore powerful predictor. Unlike

bagging methods such as random forests, where models are trained independently

in parallel, boosting takes a sequential approach. Each model in the sequence is

trained to correct the errors made by the ensemble up to that point, refining the

prediction at every step.

This iterative refinement begins with a naive prediction, typically the mean of

the target variable across all training examples. The model then calculates the

residuals, which are the differences between the ground truth and predicted values.

A new tree is trained to predict these residuals, effectively learning how to correct

the mistakes of the current model. The output of this tree is scaled by a learning

rate and added to the existing prediction. This process is repeated over many iter-

ations, with each tree learning how to fix the errors made by the ensemble so far.

Mathematically, this is equivalent to taking a step in the direction of the negative

gradient of the loss function with respect to the current model output, hence the
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term gradient boosting. Over time, this process reduces the overall loss and allows

the model to capture complex, nonlinear dependencies between the features and

the target.

Each individual decision tree in the ensemble learns by a process called split-

ting. At each node in the tree, the algorithm evaluates all possible thresholds for

every feature (e.g., [Fe/H], [Mg/Fe]) and selects the one that most effectively re-

duces the residual error. For example, the tree might learn that stars with [Fe/H]

below a certain threshold tend to be systematically older, and split the data accord-

ingly. This recursive splitting process continues until a stopping criterion is met,

such as amaximum tree depth orminimum child weight, resulting in a hierarchical

structure that partitions the data into regions of relatively uniform stellar age. The

final prediction for a star is determined by the average age of the training stars that

land in the same terminal node (leaf).

By combining many such trees, each specialized in correcting the missteps of

its predecessors, XGBoost constructs a highly flexible and accurate model. It fur-

ther enhances this process through regularization techniques that penalize model

complexity. These include constraints on tree depth and leaf weights, as well as

penalties for unnecessary splits. Together, these features allow XGBoost to balance

flexibility with generalizability, making it a powerful tool formodeling the chemical

evolution of stars.

To determine the optimal configuration for the XGBoost model, an exhaustive

grid search was performed over a defined hyperparameter space. Model perfor-

mancewas evaluated using five-fold cross-validation, wherein the training datawas

partitioned into five equally sized subsets (James et al., 2014). In each fold, four

subsets were used to train the model while the remaining subset served as the val-

idation set. This process was repeated five times, ensuring that each subset was

used once for validation. The performance of each hyperparameter configuration
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was assessed by averaging the rootmean squared error (RMSE) across all five folds.

This strategy provides a more reliable estimate of the model’s generalization ability

than a single train-test split and helps mitigate overfitting to any one subset of the

data.

The RMSE was selected as the evaluation metric for hyperparameter tuning be-

cause it penalizes large errors more severely than small ones, making it particularly

suitable for a scientific regression task where grossmisestimations of stellar age are

especially undesirable. As RMSE is reported in the same units as the target variable

(Gyr), it also provides an interpretable measure of predictive accuracy.

The learning objective of the XGBoost model was set to reg:squarederror, in-

structing themodel to minimize the squared difference between predicted and true

stellar ages. This is the standard loss function for continuous regression tasks and

aligns naturally with the use of RMSE as the evaluation metric.

The learning_rate hyperparameter, commonly referred to as the learning rate,

determines the scale of the contribution made by each individual tree to the overall

prediction. After a tree is trained to model the residual its outputs are scaled by the

learning rate before being added to the cumulative prediction. A smaller learning

rate reduces the impact of each tree, requiring more trees to fully minimize the loss

butmaking the training processmore stable. For instance, with eta =0.01, each tree

only nudges the model output slightly toward the correct value, promoting gradual

learning. Conversely, a high learning rate (e.g., 0.1) may cause the model to over-

correct early and fit noise. The values tested ([0.01, 0.03, 0.05, 0.1]) allowed for

exploration of both conservative and moderately aggressive update schemes.

The n_estimatorshyperparameter, whichdefines thenumber of boosting rounds

(i.e., trees), was varied to determine the appropriatemodel capacity. A higher num-

ber of estimators allows the model to capture more complexity, particularly when

paired with a small learning rate. For instance, if the learning rate is set to 0.01,
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the model may require 700–1000 trees to fully minimize the loss. However, with a

higher learning rate such as 0.1, fewer trees may suffice, potentially around 200–

300. Selecting an appropriate value ensured the ensemble was expressive enough

to learnmeaningful age-abundance relationships without unnecessarily increasing

model size or training time.

The maxmax_depth hyperparameter sets the maximum number of hierarchical

splits a tree can make from its root to its leaf nodes. This directly limits the num-

ber of interactions the model can learn between features in a single tree. Shallow

trees (e.g., max_depth = 4) result in broader, more generalized splits that capture

large-scale patterns, such as separating old and young stars using only a couple of

chemical features. In contrast, deeper trees (e.g., max_depth = 10) allow the model

to build intricate rules, such as segmenting stars into very narrow chemical abun-

dance ranges, which increases risk of overfitting to noise or outliers. By controlling

depth, the model was restricted from learning overly specific rules unless the com-

plexity was warranted by the data.

The min_child_weightparameter controls theminimumsumof instanceweights

required in a child node for a split to be allowed. In regression tasks, instance

weights default to 1, so this effectively sets the minimum number of samples in

a leaf. During tree construction, a potential split is only accepted if both resulting

Branches contain a sufficient number of training samples. This prevents the model

from focusing too heavily on small, potentially noisy subsets. For example, with

min_child_weight = 7, a split that would produce a leaf with only 3 stars would be

discarded even if it slightly reduces training error. Larger values force the model to

generalize more broadly and avoid overfitting to rare abundance combinations.

The subsamplehyperparameter determines the fraction of the training data ran-

domly sampled (without replacement) to train each tree. This means that each tree

is trained on a different subset of the full data, introducing stochasticity into the
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ensemble. Sub-sampling prevents the model from becoming overly reliant on par-

ticular training examples, thereby reducing variance and improving generalization.

For example, with subsample = 0.7, each tree is trained on only 70% of the data,

making the ensemble more robust to outliers and local anomalies. This is espe-

cially useful when the training set is large or when certain data points dominate the

residuals due to measurement error or rare chemical abundance patterns.

The colsample_bytree hyperparameter specifies the fraction of available input

features (in this case, chemical abundance ratios) that are randomly selected to

be used when constructing each tree. This feature-level sub-sampling introduces

diversity among trees and reduces the model’s tendency to overfit to a small subset

of strong predictors. For instance, with colsample_bytree = 0.7, only 70% of the

features are considered when finding splits in any given tree. This forces different

trees in the ensemble to explore different combinations of features, resulting in

a more generalized and less biased model. This is particularly useful when input

features are correlated, such as multiple alpha elements or iron-peak elements.

The gamma hyperparameter sets the minimum required reduction in the loss

function (e.g., mean squared error) for a split to be made. During tree construc-

tion, a potential split is evaluated not only for how well it separates the data but

also for whether the improvement in loss justifies the added complexity. If the im-

provement is less than gamma, the split is discarded. For example, if gamma = 5, then

a split must reduce the overall loss by at least 5 units to be considered. This con-

straint discourages shallow gains frommarginal splits, like slightly separating a few

mid-age stars. This promotes simpler, more meaningful trees that only grow when

there is a substantial benefit to doing so.

To discourage large leaf output values and improve the stability of predictions,

the lambda hyperparameter was tuned. This hyperparameter controls L2 regular-

ization on leaf weights. Larger values of lambda constrain the model’s predictions
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to remainmoderate, especially in regions with limited data. For example, if a group

of stars with low [Mg/Fe] is associated with high age variance (1 - 8 Gyr in the thin

disk), a high lambda setting can prevent the model from assigning an extreme pre-

diction to such a group, thus avoiding overfitting to rare cases.

The alpha parameter applies L1 regularization to the leaf weights, encourag-

ing sparsity in the model. Tuning this hyperparameter allows the model to zero

out uninformative or weakly contributing leaf outputs. For instance, if a specific

combination of abundances appears in the training data but does not meaningfully

improve age prediction, a nonzero alpha value may eliminate those contributions

by driving their leaf outputs toward zero. This can be particularly useful in high-

dimensional datasets, where sparsity aids both interpretability and generalization.

Together, the tuning of these hyperparameters allows the model to strike a bal-

ance between flexibility and generalization, enabling it to capture complex, nonlin-

ear relationships between chemical abundances and stellar agewhile avoiding over-

fitting to noise in the training data. Parameters governing model complexity, such

as max_depth, n_estimators, and learning_rate, carefully coordinate to ensure

that the ensemble had sufficient capacity without becoming unstable. Regulariza-

tion terms (gamma, min_child_weight, lambda, and alpha) act to constrain unneces-

sary complexity and promoted sparsity in the learned structure. Sub-sampling pa-

rameters (subsample and colsample_bytree) introduce randomness that further

enhanced the robustness of the ensemble. By exploring these settings through a

grid search (Table 3 displays the full grid) validated with five-fold cross-validation,

a set of hyperparameters was identified that consistently minimized prediction er-

ror across all folds, resulting in a model that was both accurate and resilient to

overfitting. This deliberate tuning process was critical for achieving the RMSE ob-

served and for ensuring that the final model would generalize effectively to new,

unseen stellar data.
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Hyperparameter Values
learning_rate [0.01, 0.03, 0.05, 0.1]
n_estimators [100, 300, 500, 700]
max_depth [4, 6, 8, 10]
min_child_weight [1, 3, 7]
subsample [0.7, 0.85, 1.0]
colsample_bytree [0.7, 0.85, 1.0]
gamma [0, 0.1, 0.5, 1, 5]
lambda [1, 5, 10]
alpha [0, 0.1, 1, 5]

Table 3: Hyperparameter grid used to tune the XGBoost model, consisting of
103,680 possible hyperparameter combinations.

5 Results

5.1 Cross-Validation and Final Hyperparamters

As stated in Section 4, a comprehensive grid search was conducted using five-fold

cross-validation on the training dataset. This approach systematically evaluated

103,680 combinations of hyperparameters by training the model on four folds and

validating it on the fifth, rotating through all partitions. This led to 518,400 total

XGBoost models fit. The performance metric used for optimization was the root

mean squared error (RMSE), which quantifies the average deviation between the

predicted and true stellar ages. The best-performing hyperparameter configura-

tion, identified as the one that minimized the average RMSE across all folds, are

presented in Table 4.

This configuration achieved an average RMSE of 1.42 Gyr across the five folds,

reflecting the model’s expected generalization error on unseen data. These hyper-

parameters strike a balance between model complexity and regularization: deeper

trees and a large ensemble (max_depth= 10, n_estimators=700) provide sufficient

capacity to capture non-linear relationships in the data, while regularization terms

(alpha, lambda, and gamma) act to prevent overfitting. Sub-sampling parameters
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Hyperparameter Values
learning_rate 0.03
n_estimators 700
max_depth 10
min_child_weight 7
subsample 0.7
colsample_bytree 0.85
gamma 1
lambda 10
alpha 5

Table 4: Optimal configuration of hyperparameters that minimized the average
RMSE across all folds.

(subsample and colsample_bytree) introduce additional randomness, improving

robustness. This cross-validated model configuration was subsequently used to

train the final model on the full training set.

5.2 Model Performance on Training Set

To evaluate how well the model captured the relationship between stellar parame-

ters and age, the final XGBoost model was trained on the full training sample of

stars with isochrone-derived ages. On the training set, it achieved a root mean

squared error (RMSE) of 0.72 Gyr, a mean absolute error (MAE) of 0.54 Gyr, and

an R2 score of 0.93, indicating strong internal consistency and a high capacity to

explain variance within the training data.

This level of performance is notable given the inherent complexity of the age–

abundance relation. That themodel achieved such low error suggests that the abun-

dance patterns in this dataset do encode meaningful age information, and that the

model was able to uncover these relationships. The relatively high R2 further rein-

forces this point by indicating that the majority of age variance across the sample

can be explained using chemical abundances alone.

Still, strong performance on the training set does not guarantee the model will
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generalize. A model that memorizes training labels can appear highly accurate but

still fail to predict unseen data correctly. This is especially true for tree-basedmod-

els that tend to overfit the training data. Although the residual structure (inves-

tigated further in Section 5.4) and low error provide some reassurance that this

model has learned meaningful patterns rather than simply memorizing, general-

ization can only be confirmed through evaluation on a separate test set.

Figure 8 shows predicted versus true stellar ages, with most predictions falling

tightly along the one-to-one line. Small deviations aremore apparent at the youngest

and oldest ends of the age range. At these extremes, the model tends to slightly

overestimate the ages of young stars and underestimate those of old stars.

5.3 Model Performance on Test Set

To assess the model’s ability to generalize to unseen data, the final XGBoost model

was evaluated on a held-out test set comprising stars not used in either training or

cross-validation. On this test set, the model achieved a root mean squared error

(RMSE) of 1.38 Gyr, a mean absolute error (MAE) of 1.01 Gyr, and an R2 score of

0.73.

These results confirm a meaningful degree of generalization, with performance

degradation relative to the training set (RMSE = 0.72 Gyr) that is expected in the

presence of a non-trivial predictive task and chemically diverse stellar populations.

The test RMSE closely matches the average RMSE from the 5-fold cross-validation.

This indicates that the cross-validation was performed properly and themodel per-

forms consistently on unseen data, even improving slightly when allowed to train

on all 5 folds. The lower R2 on the test set reflects both intrinsic uncertainties in

the age–abundance relation and limitations imposed by the finite feature set.

Figure 9 shows the predicted versus isochrone-derived ages for the test set. The

scatter increases relative to the training set, but the overall structure remains intact.
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Figure 8: The ages predicted by the XGBoost model versus the ground-truth ages
from isochrone fitting for the training set. The dashed red line denotes a 1:1 rela-
tionship.
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Figure 9: The ages predicted by the XGBoost model versus the ground-truth ages
from isochrone fitting for the test set. The dashed red line denotes a 1:1 relationship.
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Predictions generally follow the one-to-one line, with modest bias emerging at the

low- and high-age extremes. Specifically, the model tends to overestimate the ages

of young stars and significantly underestimate the ages of old stars. While a similar

trend was also observed in the training set, it is muchmore pronounced on test set,

particularly for old stars.

This pattern of bias at the edges of the age distribution is a common feature in

regression models trained on imbalanced datasets. The sparsity of very young and

very old stars in the training set leads to increased uncertainty and a tendency to

regress predictions toward the mean. This highlights a key limitation: while the

model captures broad trends in the data and performs well in the mid-age regime,

it struggles to extrapolate confidently in underrepresented regions.

Overall, the model demonstrates solid predictive capability, recovering stellar

ages with ∼ 1 Gyr precision across a chemically diverse test sample. The drop in

performance from training to test is within acceptable bounds for a problem of this

complexity, particularly given the degeneracies anduncertainties inherent in stellar

age estimation. These results validate the use of XGBoost for age prediction from

chemical abundances and motivate further analysis into the structure of model er-

rors and the contributions of individual features.

5.4 Residual Analysis

5.4.1 Training Set Residuals

Figure 10 shows the distribution of residuals, defined as the difference between the

true and predicted values, which are approximately symmetric and centered near

zero. This usually suggests that the model does not systematically over- or under-

predict across the majority of the parameter space. While this is the case for the

intermediate ages, the model does over-predict for young stars and under-predict
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for old stars.

Figure 10: Histogram of the residuals (trueminus predicted values) for the training
set, displaying an approximately normal shape centered at zero.

Figure 11 shows the residuals as a function of the predicted age on the training

set. A clear pattern emerges: the residual spread is smallest at the youngest and

oldest predicted ages, and becomes widest in themiddle of the predicted age range,

particularly between 4 and 10 Gyr. This indicates that the model is most confident

in its predictions at the extremes and has greater difficulty resolving stellar ages in

the mid-range.

The narrow spread of residuals at low and high predicted ages suggests that very

young and very old stars are chemically distinct enough for the model to identify

them reliably. In these regions, stars tend to have abundance patterns that stand

34



Figure 11: Residuals versus the predicted age for the training set. Evidently, the
model is much more confident at the extremes and less confident at intermediate
ages.

outmore clearly; young stars typically have highmetallicity and lowα-enhancement,

while old stars often exhibit low metallicity and elevated α-element ratios. These

distinctive signatures likely help the model anchor its age predictions with greater

certainty.

In contrast, the residuals become noticeably more dispersed for stars with pre-

dicted ages near the middle of the range. This increased variance reflects a higher

degree of ambiguity in themodel’s estimates, whichmay be due to greater chemical

overlap between stellar populations in this regime. Mid-aged stars in the Galac-

tic disk are known to be chemically degenerate, with different formation histories

leading to similar abundance patterns. As a result, the model may struggle to dis-
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entangle age differences using abundances alone, leading to noisier predictions.

The residuals show a clear directional trend across the predicted age range.

At low predicted ages, residuals skew negative, indicating that the model overes-

timates the ages of young stars. At high predicted ages, residuals skew positive,

indicating that the model underestimates the ages of old stars. This structure sug-

gests a local bias that pulls predictions toward the center of the age distribution, a

sign of regression to the mean. While the overall residual distribution is centered

around zero, this pattern highlights systematic error at the edges of the prediction

space. This error is likely caused by data sparsity, increased degeneracy in the age-

abundance relation, or both.

The distribution of isochrone-derived ages in the training set, shown in Figure

12, is highly non-uniform and skewed toward younger stars. The majority of stars

fall between 2 and 6 Gyr, with a sharp decline in representation at older ages. Stars

older than 9 Gyr are relatively rare in the sample. This imbalance introduces a nat-

ural bias into the learning process: the model receives far more training examples

in the intermediate-age range and fewer examples at the extremes, which affects

both predictive accuracy and uncertainty.

The regime with the highest residual spread corresponds to the most densely

populated portion of the training distribution. This may be a consequence of de-

generacy in the abundance–age relation within this region, where multiple stellar

populations converge chemically despite different formation histories. In contrast,

the improved performance at the low and high ends of the age range may stem not

from high representation, but from distinctive abundance signatures that allow the

model to anchor predictions more confidently, despite smaller sample sizes.
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Figure 12: Histogramof the isochrone-derived stellar ages in the training set, show-
ing the skew toward younger ages and under-representation of old stars.
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5.4.2 Test Set Residuals

Figure 13 shows a histogram of the test residuals. The residuals are centered ap-

proximately at zero and display a normal shape, with a larger standard deviation

than that of the training set. As discussed previously, this shape usually indicates

no global bias. However, the residual structure reveals clear local biases at both

ends of the age range, motivating a more detailed residual analysis as a function of

the model input features.

Figure 14 displays the residuals as a function of the predicted age for the test set.

Unlike the training set, where residuals weremost tightly clustered at the extremes,

the test set exhibits greater residual spread at both the low and high ends of the

predicted age range. This increased uncertainty likely reflects the model’s reduced

confidence in extrapolating beyond the densest regions of the training distribution,

where very young and very old stars were underrepresented.

As in the case of the training set, the test set residuals show a directional trend

with negative values at low predicted ages and positive values at high predicted

ages. This regression to the mean behavior indicates that the model systemati-

cally over-predicts the ages of young stars and under-predicts those of old stars.

However, in contrast to the training set, the residual spread increases at the ex-

tremes, with the most pronounced variance observed for the youngest and oldest

stars. This inversion of the pattern seen in training suggests that the model’s ap-

parent confidence at the edges during training was due in part to familiarity with

specific examples, rather than a true ability to generalize in those regions.

The broader residual spread in the test set highlights the model’s reduced cer-

tainty when encountering unseen data with extreme age values. This is consistent

with the non-uniform age distribution of the training set, where stars at the low and

high ends were relatively rare. In such sparsely sampled regions, the model lacks

sufficient exposure to confidently learn and reproduce the mapping from abun-
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Figure 13: Histogram of the residuals (true minus predicted values) for the test set,
displaying an approximately normal shape centered at zero.

dance space to stellar age. As a result, predictions at the boundaries become more

variable, even as the average trend continues to follow a regression-to-the-mean

trajectory.

Taken together, these results illustrate a key limitation of the model: while it

performs well in the core of the age distribution, its predictive power diminishes

at the tails. The systematic residual structure observed here provides strong mo-

tivation to examine how these residuals behave as a function of the model’s input

features.
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Figure 14: Residuals versus predicted age for the test set, showing a clear increase
in variance at the extremes and lower variance at intermediate ages.
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5.4.3 Test Set Residuals vs Chemical Abundances

To examine whether prediction errors are systematically related to specific elemen-

tal abundance ratios, residuals were plotted as a function of each individual feature

used in themodel. The resulting trends are displayed in Figure 15, where each panel

shows residuals as a function of a single abundance ratio, with a dashed red line in-

dicating zero residual. There are only two abundances that show strong residual

structure: [Cr/Fe] and [Y/Fe].

Chromium is an iron-peak element and, as seen in Figure 3, follows a simi-

lar production history to iron—being predominantly synthesized in Type Ia super-

novae (SNe Ia) later in the Galaxy’s chemical evolution. As a result, the [Cr/Fe] ra-

tio tends to remain close to solar for much of the stellar population, reflecting their

common origin. The model residuals show increased scatter around [Cr/Fe] ≈ 0

but reduced variance at super-solar [Cr/Fe] values. This suggests that for stars with

near-solar chromium abundances, chromium offers little age information, making

it harder for themodel to disentangle subtle trends. In contrast, stars with elevated

[Cr/Fe] may represent a more chemically distinct subset, perhaps associated with

localized enrichment, which the model is able to fit more accurately.

Yttrium, on the other hand, is a neutron-capture element primarily produced

by the slow neutron capture process (s-process) in asymptotic giant Branch (AGB)

stars. Its abundance increases more gradually over time, and it has been proposed

as part of an empirical chemical clock when used in ratios such as [Y/Mg] or [Y/Al]

(Nissen, 2015). The residuals for [Y/Fe] exhibit a similar pattern to chromium, with

greater scatter near sub-solar [Y/Fe] values and reduced variance at super-solar

[Y/Fe] values. This trend is consistent with the fact that stars exhibiting elevated

[Y/Fe] tend to be younger, occupying regions of chemical spacewhere age estimates

are better constrained. In contrast, stars with lower [Y/Fe] are generally older and

span a broader range of possible ages, contributing to greater prediction error. This
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Figure 15: Panel displaying the residuals versus the features for all 15 features uti-
lized in this study.
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residual structure likely reflects a combination of true astrophysical variance and

limitations in age inference for chemically older populations.

5.5 Feature Importance

To interpret the decision-making process of the XGBoost model and to evaluate

which elemental abundance ratios most effectively contribute to the prediction of

stellar ages, feature importance was quantified using two metrics provided by the

model: weight and gain.

The weight metric represents the total number of times a particular feature is

used to split data across all decision trees within the ensemble. It serves as a proxy

for how often a feature is involved in partitioning the input space. As depicted in

Figure 17, themost frequently used features included [Fe/H], [Cr/Fe], [Al/Fe], and

[Ba/Fe]. These features appeared in a high number of decision nodes, suggesting

that they contribute to the overallmodel structure by frequently aiding in differenti-

ating between age regimes. However, weight alone does not reflect the effectiveness

of these splits in reducing prediction error.

To capture the actual predictive utility of each feature, the gain metric was also

examined. Gain is defined as the average improvement in the model’s objective

function (i.e., reduction in loss) brought about by splits on a given feature. As such,

itmeasures howmuch a feature improvesmodel accuracywhen it is used. Figure 16

illustrates that [Mg/Fe] overwhelmingly dominated in terms of gain, contributing

significantly more than any other feature. [Ca/Fe] and [Y/Fe] were the next most

important features by this metric, whereas many of the high-weight features such

as [Fe/H] and [Cr/Fe] exhibited relatively low gain.

This divergence between weight and gain underscores a crucial insight: a fea-

ture that is frequently used does not necessarily contribute substantial predictive

power. For instance, [Fe/H] may be involved in many splits, but the correspond-
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ing improvements in the model’s predictions are modest on average. In contrast,

[Mg/Fe], although selected less often, is highly valuable when it is used, leading

to major reductions in the model’s loss function. This finding highlights the im-

portance of considering both the frequency and quality of splits when interpreting

tree-based model behavior.

The scientific relevance of these results is notable. Both [Mg/Fe] and [Ca/Fe]

are α-elements primarily produced in Type II (core-collapse) supernovae and are

widely regarded as reliable proxies for stellar population age. The abundance of

these elements relative to iron traces the chemical enrichment timescale of the in-

terstellar medium from which stars form. Higher [α/Fe] values typically indicate

older stellar populations that formed rapidly before substantial iron enrichment

from Type Ia supernovae occurred. Therefore, the prominence of [Mg/Fe] and

[Ca/Fe] in the gain-based ranking aligns well with established astrophysical inter-

pretations.

The elevated gain of [Y/Fe] is also consistent with recent findings that s-process

elements can be effective age indicators, especially in combination with α-element

abundances. Yttrium is synthesized predominantly in asymptotic giant Branch

(AGB) stars, and its abundance relative to α-elements can reflect the relative con-

tribution of slower, delayed enrichment channels.

Meanwhile, the relatively low gain of [Fe/H], despite its frequent use, suggests

that while metallicity is helpful in separating subgroups of stars, it lacks the speci-

ficity required for precise age determination in isolation. This observation reflects

the well-known degeneracy in the age–metallicity relation, particularly in the thin

disk, where stars of similar metallicity can span a wide range of ages.

Taken together, the feature importance analysis reveals that while numerous

chemical abundance ratios contribute to the construction of the model, only a sub-

set, including [Mg/Fe], [Ca/Fe], and [Y/Fe], provide high predictive value. These
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features are not only useful statistically, but they are also physically motivated, re-

inforcing confidence in themodel’s internal logic and interpretability. This analysis

also informs future feature selection efforts, offering a principled way to reduce di-

mensionality and computational cost while retaining performance. The alignment

of model-driven importance with known nucleosynthetic pathways lends support

to the broader use of machine learning in galactic archaeology and stellar popula-

tion studies.

Additionally, to explore potential relationships among the elemental abundance

ratios used as features, a Pearson correlation matrix was computed and is shown

in Figure 18. This plot reveals notable correlations among α-elements, such as

[Mg/Fe], [Ca/Fe], and [Ti/Fe], which are consistent with their shared nucleosyn-

thetic origins in Type II supernovae. Conversely, certain s-process elements (e.g.,

[Y/Fe] and [Ba/Fe]) show weaker correlations with α-elements but exhibit mod-

erate mutual correlation, reflecting their common production in AGB stars. The

correlation structure highlights where redundancy or co-variationmight exist, pro-

viding important context for interpreting feature importancemetrics. In particular,

highly correlated features can share predictive power, whichmay cause importance

to be distributed across them in the model even if only one is truly informative in

a physical sense. Thus, the correlation analysis offers an additional layer of inter-

pretability, complementing the gain and weight assessments.

5.6 Age-Abundance Relations

To investigate the connections between stellar chemical composition and inferred

ages, the relationships between predicted ages and individual elemental abundance

ratios were examined. This analysis was performed to assess whether known em-

pirical trends, such as the anti-correlation between [Fe/H] and age or the posi-

tive correlation between [α/Fe] and age, were preserved in the machine learning
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Figure 16: Feature importance based on gain for the XGBoost model. [Mg/Fe]
exhibits the highest gain, indicating it contributes the most to reducing the model’s
loss function during training.
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Figure 17: Feature importance based on weight for the XGBoost model. [Fe/H]
has the highest weight, suggesting it played the largest role in the model’s decision
making.
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Figure 18: Pearson correlation matrix for the elemental abundance ratios used
as model features. Strong correlations among α-elements and between certain s-
process elements are evident, consistent with their astrophysical origins.

48



model’s predictions.

For the test set, which consisted of turnoff starswithBayesian isochrone-derived

ages, the model reproduced well-known empirical age-abundance trends (Figure

19). A clear anti-correlation was observed between [Fe/H] and age, wherein older

stars were generally more metal-poor. Additionally, strong positive correlations

were recovered for α-elements such as [Mg/Fe], [Si/Fe], [Ti/Fe] and [Ca/Fe], con-

sistent with early enrichment from core-collapse supernovae. These trends served

as validation that the predicted ages retained physical meaning and were reflective

of known evolutionary sequences.

When gathering data that a machine learning model will be trained on, an as-

sumption is made that the mechanism by which the training set is created will con-

tinue to create instances by the samemeans. To investigate the extrapolative power

of the model and whether the age-abundance mechanism persists throughout the

H-Rdiagram, ageswere also predicted for the 387,826 stars outside the training set.

Specifically, this includes the disk stars that that were not on the MSTO (328,985

stars) and the stars that were on the MSTO but had SNR < 70 (58,841 stars). De-

spite the lack of direct training on these evolutionary stages, the age-abundance

trends persisted in the extended sample (Figure 20).

The α-elements relations with age remained largely monotonic and consistent

in slope with those observed in the test set, while [Fe/H] continued to exhibit a

broad inverse trend, albeitwith increased scatter. This suggests that the abundance–

age relations learned by the model are robust across a broader region of parameter

space than that originally used for training.

These results indicate that elemental abundance patterns contain sufficient in-

formation to predict stellar ages across a wide range of evolutionary stages. More-

over, the ability of the model to generalize beyond the training set underscores the

potential of data-driven approaches to extend age-dating methods to populations
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Figure 19: Elemental abundances versus XGBoost predicted age for all stars in the
test set. [Fe/H] shows a monotonic decrease with age, which is physically sound.
Additionally, α-element abundances show an increase with age, which is also phys-
ically sound.

50



for which isochrone fitting is ineffective or ambiguous.

6 Discussion

This study demonstrates that stellar chemical abundance patterns encode suffi-

cient information to recover relative stellar ages with∼ 1Gyr precision, even in the

absence of precise isochrone-derived age labels for most evolutionary phases. By

training an XGBoost regression model on a carefully curated set of Main Sequence

Turn-Off stars with Bayesian isochrone ages, and then applying it to the broader

GALAH DR4 disk population, it was shown that data-driven age estimation gener-

alizes effectively across a large region of parameter space.

The model’s performance on the test set, an RMSE of 1.38 Gyr and R2 of 0.73,

indicates that the chemical–age relation learned from the training sample captures

meaningful astrophysical structure rather than simply overfitting to the training la-

bels. Residual analysis revealed systematic biases near the extremes of the age dis-

tribution, consistentwith regression to themeanbehavior due to under-representation

of very young and very old stars in the training set. Nonetheless, the model main-

tained high fidelity to the one-to-one age prediction line across most of the age

range, with no catastrophic failure modes.

A central result of this study is the preservation of empirical age-abundance

trends in the model outputs. The model reproduced known correlations between

age and [Fe/H], [Mg/Fe], [Si/Fe], and other α-elements in the test set, validating

the scientific utility of the predictions. When extended to non-turnoff stars, specif-

ically, the Main Sequence and Red Giant Branch stars excluded from training, the

predicted age-abundance patterns persisted with only modest increases in scatter.

This extrapolative success supports the claim that the abundance–age mapping is

sufficiently robust to extend beyond the evolutionary phases for which isochrone
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Figure 20: Elemental abundances versus XGBoost predicted age for all disk stars.
The monotonic decrease with age of [Fe/H] is evident, just as before. The increase
with age of the α-element abundance is also present. These patterns indicate the
model is generalizing well to unseen stellar populations.
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fitting is reliable.

The feature importance analysis further supports the model’s interpretability

and alignmentwith astrophysical expectations. [Mg/Fe], [Ca/Fe], and [Y/Fe] emerged

as the most predictive features by gain, in agreement with theoretical and observa-

tional work showing that α-enhancement and s-process abundances track chemi-

cal enrichment timescales and thus stellar ages. In contrast, [Fe/H], despite being

the most frequently used feature by weight, contributed relatively little predictive

power in terms of gain, reflecting the degeneracy of the age–metallicity relation in

the Galactic disk. These findings reinforce the idea that abundance-based age es-

timation is most effective when leveraging meaningful (in a nucleosynthetic sense)

features.

An important consideration when interpreting the model’s age predictions is

the propagation of observational uncertainties in the stellar parameters and abun-

dances. Spectroscopic measurements of Teff, log g, [M/H], and individual element

abundances all carry non-negligible errors, typically ranging from 30–100 K in

effective temperature, 0.1–0.2 dex in surface gravity, and 0.05–0.1 dex in abun-

dances depending on the element and signal-to-noise ratio. Because the XGBoost

model learns complex nonlinear relations between these features and stellar age,

even modest uncertainties can propagate in nontrivial ways, potentially amplify-

ing the scatter in predicted ages. In particular, errors in α-element abundances

like [Mg/Fe] and [Si/Fe], which are among the most important age predictors by

gain, can directly bias the inferred enrichment timescales and lead to systematic

age shifts. Moreover, correlated uncertainties (e.g., between Teff and log g or be-

tween different abundance ratios) can further complicate error propagation. While

the model’s robustness is supported by the recovery of age-abundance trends, local

predictions for individual stars should be interpretedwith caution, especially in low

signal-to-noise regimes. Future work could incorporate explicit uncertainty mod-
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eling, such as perturbing input parameters within their error distributions (Monte

Carlo sampling) or adopting Bayesian frameworks to propagate these uncertain-

ties through to the final age predictions. Addressing these measurement-driven

uncertainties is essential to fully realizing the potential of chemical chronometry

in galactic archaeology, where the precise dating of stars underpins efforts to re-

construct birth clusters, merger events, and the temporal evolution of the Galactic

disk.

Despite the promising results, several limitations remain. First, the age predic-

tions rely on isochrone fitting for Turn-Off stars, which, whilemore precise than for

other phases, still carries inherentmodel dependencies and uncertainties. Any sys-

tematics in the stellar models (e.g., opacities, mixing lengths, helium abundances,

diffusion) will propagate into the machine learning predictions. Second, the train-

ing set was constructed with stringent quality cuts, particularly in signal-to-noise

and age range, which likely biases the learned relations toward a cleaner but nar-

rower region of chemical space. This conservative approach prioritizes label accu-

racy over sample diversity, which improves reliability butmay limit generalizability

to more chemically complex or noisier populations.

A critical factor to consider when interpreting the age predictions is the mis-

match between the intrinsic age distribution of the Galactic disk and that of the

training sample. The global star formation rate history (SFRH) of the Milky Way

indicates that themajority of stars formed early in its evolution followed by a declin-

ing star formation rate to the present day. As a result, the overall stellar population

is dominated by older stars. However, due to our location in the solar neighborhood

and observational selection effects, the training sample used here is biased toward

intermediate-age and younger stars. This local sampling bias arises because the

solar vicinity is dominated by thin disk stars formed in more recent epochs, while

older thick disk stars are relatively underrepresented both in the observed sample
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and in the training set. Consequently, the learned abundance–age relation is an-

chored in a population that does not fully reflect the true global age distribution

of the Milky Way. This bias could contribute to the systematic underestimation of

ages for the oldest stars and overestimation for the youngest stars observed in the

residual analysis.

A key challenge moving forward is the model’s reduced confidence in sparsely

populated age regimes. The systematic underestimation of old star ages and over-

estimation of young ones points to an imbalance in the training distribution. The

stellar population in the Solar neighborhood is approximately 85% thin disk and

15% thick disk. As discussed in the Introduction, the stars of the thick disk are old.

So, while the training sample is of the same distribution of the physical population,

this may not be the best approach to take. A possible remedy to this is the construc-

tion of a more uniform training distribution. Alternatively, ensemble modeling or

Bayesian machine learning approaches could be explored to quantify prediction

uncertainty more rigorously in these regimes.

Finally, the methodology developed here has implications beyond age estima-

tion. Because chemical patterns encode information about star formation histories,

stellar migration, and enrichment processes, this approach offers a scalable frame-

work for chemically tagging stars and reconstructing Galactic structure. With fu-

ture surveys like 4MOST poised to produce even larger and higher-quality spectro-

scopic datasets, the techniques demonstrated here can be extended and refined for

broader galactic archaeology applications.

In summary, this work validates the use of machine learning, specifically XG-

Boost regression, as a powerful tool for stellar age estimation in large-scale spec-

troscopic surveys. By exploiting the latent chronology encoded in chemical abun-

dances, the model recovers physical trends, extrapolates effectively, and yields in-

terpretable outputs that alignwith our current understanding of stellar andGalactic
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evolution. This paves the way for more comprehensive and automated approaches

to mapping the Milky Way’s history.

7 Conclusion

This study set out to address the longstanding challenge of stellar age estimation by

leveraging machine learning techniques applied to high-resolution spectroscopic

data. By training an XGBoost regression model on a carefully selected set of Main

Sequence Turn-Off stars with Bayesian isochrone-derived ages, this work demon-

strated that stellar chemical abundances alone can predict relative ages with a root

mean squared error of approximately 1.4 Gyr across a diverse population of disk

stars.

The model not only performed well on a held-out test set, but also retained

physical interpretability—reproducing well-established empirical age-abundance

trends and identifying astrophysicallymeaningful features such as [Mg/Fe], [Ca/Fe],

and [Y/Fe] as themost informative predictors. Whenapplied to the broaderGALAH

DR4 sample, including Main Sequence and Red Giant Branch stars excluded from

training, themodel continued to recover known chemical evolution signatures, sug-

gesting robust generalization beyond the training regime.

While limitations remain—particularly with respect to data imbalance, label un-

certainties, and prediction confidence at age extremes—thiswork establishes a scal-

able and interpretable framework for chemical age estimation. The use of phys-

ically motivated features and a well-regularized learning algorithm ensured that

the model learned meaningful patterns rather than spurious correlations. Impor-

tantly, this approach circumvents the limitations of isochrone fitting in evolution-

ary phases where traditional methods fail, expanding the utility of stellar age esti-

mates across the Hertzsprung–Russell diagram.
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The results presented here not only validate the use of ensemblemachine learn-

ing for stellar chronometry but also pave the way for its application to upcoming

large-scale spectroscopic surveys. As the volume and precision of stellar abun-

dance data continue to grow, data-driven techniques such as this will play an in-

creasingly central role in unraveling the formation and chemical enrichment his-

tory of the Milky Way. In particular, accurate stellar age estimates derived from

chemical abundances open the door to powerful galactic archaeology applications.

By combining precise ages with detailed chemical fingerprints, it becomes possible

to chemically tag stars back to their original birth clusters, even if they have since

dispersed throughout the Galaxy. This enables researchers to reconstruct the hi-

erarchical assembly and merger history of the Milky Way, identify accreted stellar

populations, and trace radial migration processes in the disk. Moreover, age infor-

mation, when coupled with elemental abundance patterns, provides critical con-

straints on the sequence of star formation events and the timescales of chemical

enrichment from different nucleosynthetic sources. Thus, the methods developed

in this work not only improve our ability to date individual stars but also serve as a

cornerstone for dissecting the complex evolutionary history of our Galaxy and our

place within it.
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