CHAL

UNIVERSITY OF TECHNOLOGY

ABYSS. IV. Identifying Signatures of Stellar Youth in APOGEE Spectra

Downloaded from: https://research.chalmers.se, 2026-10-16 18:14 UTC

Citation for the original published paper (version of record):

Bonilla Villalobos, V., Kounkel, M., Mullen, J. et al (2026). ABYSS. IV. Identifying Signatures of
Stellar Youth in APOGEE Spectra. Astronomical Journal, 172(4).
http://dx.doi.org/10.3847/1538-3881/ae9d5f

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology. It
covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004. research.chalmers.se is
administrated and maintained by Chalmers Library

(article starts on next page)




THE ASTRONOMICAL JOURNAL, 172:217 (11pp), 2026 October
© 2026. The Author(s). Published by the American Astronomical Society.

OPEN ACCESS

https://doi.org/10.3847/1538-3881 /ae9d5f

CrossMark

ABYSS. 1V. Identifying Signatures of Stellar Youth in APOGEE Spectra

Valentina Bonilla Villalobos' , Marina Kounkel’
Keivan Stassun* , Carlos Roma’m-Zﬁﬁiga5
Facundo Perez Paolino’

, Joseph Mullen'
, Ricardo Lopez- -Valdivia®
, Jonathan C. Tan'?

, Eleonora Zari’ , Alexandre Roman-Lopes3 s
, Jinyoung Serena Kim® , Mojgan Aghakhan1007’8 ,
, and Jesus Hernéndez’

Depdrtment of Physics and Astronomy, University of North Florida, 1 UNF Drive, Jdcksonvﬂle FL 32224, USA; marina.kounkel @unf.edu
Dlpartlmento di Fisica e Astronomia, Universita degli Studi di Firenze, Via G. Sansone 1, I-50019, Sesto F.no (Firenze), Italy
3 Department of Astronomy, Universidad de La Serena, Avenue Raul Bitran #1302 La Serena, 170000, Chile
Department of Physics and Astronomy, Vanderbilt University, VU Station 1807, Nashville, TN 37235, USA
Universidad Nacional Auténoma de México, Instituto de Astronomia, AP 106, Ensenada 22800, BC, Mexico
o Steward Observatory, University of Arizona, 933 N. Cherry Avenue, Tucson, AZ 85721-0065, USA
7 Department of Astronomy, University of Virginia, 530 McCormick Road, Charlottesville, VA 22904, USA
Virginia Institute of Theoretical Astronomy, University of Virginia, Charlottesville, VA 22904, USA
° Department of Astronomy, California Institute of Technology, Pasadena, CA 91125, USA
Department of Space, Earth & Environment, Chalmers University of Technology, SE-412 96 Gothenburg, Sweden
Received 2026 April 30; revised 2026 August 18; accepted 2026 August 21; published 2026 September 21

Abstract

We develop a convolutional neural network classifier that performs spectroscopic identification of stellar youth
(<40 Myr) in Apache Point Observatory Galactic Evolution Experiment (APOGEE) spectra. This classifier is
sensitive to several youth-related features, including rotational broadening, which is common in younger stars,
and to several discrete lines that appear to be indicative of a very spotted photosphere. The model is successful at
identifying youth across a wide range of stars, achieving its strongest performance at discriminating young M and
K dwarfs, while maintaining useful discriminatory power for hotter stars as well. This work enables more robust
separation of pre-main-sequence stars from more evolved sources in the field even when they have comparable
Tt and log g, providing a reliable means to substantially reduce contamination in photometrically selected young-
stellar-object candidates. In addition to constructing a classifier for APOGEE spectra, we also perform
classification of young stars in optical Baryon Oscillation Spectroscopic Survey spectra.

Unified Astronomy Thesaurus concepts: Pre-main sequence stars (1290); Spectroscopy (1558)

Materials only available in the online version of record: figure set, machine-readable table

1. Introduction

In many respects, young pre-main-sequence (PMS) stars
resemble their more evolved counterparts, making them
nontrivial to identify in the field among more evolved stars
(N. J. Wright et al. 2024, and references therein). For example,
despite their larger radii and higher luminosities, young stars
have lower logg and photometrically overlap with binary-
sequence stars and reddened red giants on the HR diagram
(e.g., 1. Baraffe et al. 2015). Spectroscopically, their
identification at the low-mass end is somewhat easier, as
log g has fewer contaminants than luminosity; nonetheless,
young stars overlap with evolved sub-giants in parameter
space. Despite these difficulties, young stars possess peculiar
features that gradually weaken over time. Reliable identifica-
tion of young stars is therefore essential for studies of star
formation, early stellar evolution, disk evolution, and the
spatial and kinematic structure of young Galactic populations
(K. E. Haisch et al. 2001; M. Kounkel et al. 2023; N. J. Wright
et al. 2024; J. Gagné 2024).

The most notable feature of youth in stellar spectra is the Li
1 6707 A line in low-mass stars (e.g., C. Briceno et al. 1997,
R. D. Jeffries et al. 2017; M. Zer]al etal. 2019; J. J. Armstrong
et al. 2025), which is depleted over a few to a few tens of Myr.
In low-mass stars, a strong Li I absorption line is therefore
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commonly interpreted as evidence of incomplete lithium
depletion and, hence, of stellar youth. Another indicator of
youth is Ha emission. During the T-Tauri phase in PMS stars,
this line is dominated by the accretion shock from the
protoplanetary disk, but over time, as the disk depletes, the line
is primarily driven by chromospheric activity, which is orders
of magnitude stronger in young stars than in more evolved
systems (e.g., R. J. White & G. Basri 2003; S. Saad et al.
2024). While these optical features are not particularly
prominent individually, when considered together, they can
provide a more unambiguous confirmation of youth and a
spectroscopic basis for identifying young low-mass stars
(C. Briceno et al. 1997; R. J. White & G. Basri 2003;
R. D. Jeffries et al. 2017; S. Saad et al. 2024). These
commonly used youth features are predominantly observed in
the optical regime. Nevertheless, recent advances in large
spectroscopic surveys now make it possible to obtain spectra
of >10° candidate young stellar objects (YSOs), and because
young stars are predominantly found along the Galactic plane
and extinction toward them can be high, many of these
spectroscopic observations are conducted in the near-IR. This
creates an important observational asymmetry: the most
widely used spectroscopic diagnostics of youth lie in the
optical, whereas many of the largest and most efficient
spectroscopic surveys of embedded and reddened young
populations operate in the near-IR (C. J. Lada &
E. A. Lada 2003; M. Kounkel et al. 2023). In particular, the
Apache Point Observatory Galactic Evolution Experiment
(APOGEE) is a near-IR spectrograph operated by the Sloan
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Digital Sky Survey (SDSS) that has conducted a number of
observations of star-forming regions in the past (e.g., M. Cot-
taar et al. 2014; N. Da Rio et al. 2016) and it is currently
performing the largest spectroscopic census of the young
Galaxy to date (M. Kounkel et al. 2023). As such, it is critical
to devise criteria to confirm the youth of the observed
candidates. At the same time, the spectroscopic signatures of
youth in the near-IR remain less well established than their
optical counterparts, and no comparably mature set of
diagnostics exists for APOGEE spectra (M. Kounkel et al.
2023; N. J. Wright et al. 2024).

In this context, machine learning methods are particularly
well suited to the problem, because they can combine multiple
weak and distributed spectral signatures that may not be
diagnostic individually but become informative when con-
sidered jointly across the full spectrum (D. E. Kang et al. 2023;
L. Sizemore et al. 2024). In this work, we develop a classifier
that operates on optical and near-IR spectra obtained by SDSS
using a convolutional neural network (CNN) and determine
which spectroscopic features the classifier relies on when
making its predictions. This work aims both to provide a
practical tool for identifying likely young stars in APOGEE
data and to investigate the physical origin of the spectral
features used by the classifier, placing the APOGEE results in
the broader context of youth classification in SDSS spectrosc-
opy through comparison with Baryon Oscillation Spectro-
scopic Survey (BOSS) data. In Section 2, we present an
overview of the data used in this analysis. In Section 3, we
describe the development of the classifier and the construction
of average spectra for young and field stars, which are used to
assess the classifier’s ability to separate the two populations. In
Section 4, we present our results. In Section 5, we discuss the
features of youth in near-IR spectra. Finally, in Section 6, we
present our conclusions.

2. Data

The fifth iteration of the Sloan Digital Sky Survey (SDSS-
V; J. A. Kollmeier et al. 2026) is operated using two facilities:
Apache Point Observatory (APO; J. E. Gunn et al. 2006) in the
northern hemisphere, and Las Campanas Observatory
(I. S. Bowen & A. H. Vaughan 1973) in the southern
hemisphere. Both observatories are equipped with two
spectrographs: APOGEE, which obtains spectra in the H band
(1.5-1.7 ym) with a resolution of R ~ 22,500 (J. C. Wilson
et al. 2019), and the BOSS, which covers the entire optical
range and has a significantly lower resolution of R ~ 1800
(S. A. Smee et al. 2013).

One of the programs supported by SDSS-V is the APOGEE
and BOSS Young Star Survey (ABYSS; M. Kounkel et al.
2023), which aims to observe ~200,000 candidate young stars
across the Milky Way with both spectrographs. These
candidates were selected using a variety of techniques,
including infrared excess, membership in nearby moving
groups, and optical variability. To date, more than 100,000 of
these candidates have been observed as of the Internal Product
Launch (IPL) 4, which includes all data observed up to the
Modified Julian Date (MJD) < 60708 (2025 February).
Approximately half of these data were available in IPL-3
(MJD < 60130, 2023 July, APO only). When we began this
project, only IPL-3 data were available; as such, we primarily
use these data for training, but we use the full IPL-4 dataset for
evaluation.
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Several pipelines have been developed for these data. In
particular, APOGEE Net and BOSS Net (L. Sizemore et al.
2024) provide effective temperature T.p (With a precision
of <0.005 dex), surface gravity logg (with a precision of
<0.1dex), and metallicity [Fe/H] (with a precision of
<0.1 dex). These two pipelines can process all stars observed
by SDSS and are particularly calibrated for young stars. In
particular, these log g values have sufficient accuracy to serve
as independent proxies for the ages of PMS stars, consistent
with ages derived from photometry.

In addition to extracting fundamental spectroscopic para-
meters, the pipeline measures equivalent widths of various
youth-sensitive lines in optical BOSS spectra, including Li I
and Ha (S. Saad et al. 2024). Using these equivalent widths,
along with T, logg, and optical and near-IR photometry,
S. Saad et al. (2024) developed a rudimentary CNN to identify
young stars in BOSS spectra. This classifier was trained with
TensorFlow (M. Abadi et al. 2015) on sources targeted by
ABYSS as representative YSO candidates, with some cuts to
exclude the most obvious false positives. Through these
efforts, it became not only possible to more rigorously select a
subset of spectroscopically confirmed bona fide YSOs but also
to find YSOs serendipitously observed by SDSS outside of the
ABYSS program (for example, as part of the Solar Neighbor-
hood Census, which is a volume-limited program aimed at
obtaining spectra of stars within 250 pc).

This classifier was most effective for low-mass PMS stars,
achieving ~90% recall. This is to be expected, given that most
of the classically recognized features of youth dominate the
low-mass regime. However, it has also had some success in
recovering solar-type stars with ages <20 Myr, which is more
surprising given that such sources reach the main sequence
quickly, and thus they have few known reliable features of
youth. Because this classifier relied on only a handful of lines
extracted in the optical regime, it is unsuited for APOGEE
spectra. Given the absence of well-known discrete features of
youth in the H band, we develop a similar classifier by training
the model on the entire spectral range of APOGEE spectra;
this process is described in the next section.

Furthermore, to improve the accuracy of the BOSS
classifier, given both the significantly larger sample that has
been produced by SDSS since S. Saad et al. (2024), and to
similarly avoid reliance only on a handful of lines (which at
low spectral resolution can be difficult to measure with a high
degree of accuracy), we also retrain the classifier for BOSS
data; these efforts are described in Appendix.

3. Methodology
3.1. Development of the Classifier

To perform spectroscopic classification of YSOs in
APOGEE spectra, we used a CNN that takes the entire
spectrum as input. Before being fed into the model, each
spectrum was normalized by dividing out the median flux, and
bad or missing points were handled by setting their values to 1.
The architecture of the model consists of an initial 1D
convolution, ELU activation function, and Max Pooling for the
initial data processing. The results are fed into a series of four
Residual Network blocks, each one consisting of two 1D
convolutional layers; these blocks are connected with batch
normalization and the ELU activation function. Afterward, the
data are passed to an adaptive average pooling layer and
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through six fully connected layers connected by ReLU
activation. This architecture was adapted from L. Sizemore
et al. (2024; see Figure 5 from that paper for the full
description), as it has proven to have sufficient complexity for
extracting fundamental stellar parameters from SDSS spectra,
while still remaining manageable. We did not explore any
other model architectures. We implemented this model using
TensorFlow (M. Abadi et al. 2015).

Following S. Saad et al. (2024), we constructed the classifier
training set by assigning to the sources targeted by ABYSS the
label “likely young stars” and to the remaining sources
observed by APOGEE the label “field stars.” Neither of these
classes is entirely free of cross-contamination. For example,
observations of star-forming regions SDSS-III and -IV with
APOGEE (e.g., NGC 1333, IC 348, Orion, and others
M. Cottaar et al. 2015; J. B. Foster et al. 2015; N. Da Rio
et al. 2016; C. G. Roméan-Ziiiiga et al. 2023) had longer
exposure times than what is commonly practiced by SDSS-V;
as such, these archival observations include some of the fainter
bona fide YSOs that are not a part of ABYSS. Additionally,
other SDSS-V programs, for example, the Solar Neighborhood
Census, might have serendipitously targeted some YSOs that
were not a part of ABYSS. On the other hand, the ABYSS
catalog comprises candidate young stars that effectively
exhibit signatures of youth, but it suffers from nonnegligible
field-star contamination because disk-bearing T Tauri stars
may have colors similar to those of reddened red giants, while
older YSOs may overlap with main-sequence stars.

This cross-contamination can degrade model performance,
as inconsistent labeling across similar-looking sources blurs
the ability to separate the classes. To address this, we relabeled
a subset of sources. First, most of the obvious evolved stars in
the ABYSS sample were excluded on the basis of their T.¢r and
log g, removing everything with log g < 3.8 and T > 4500 K
(i.e., primarily red giants or supergiants). We also used these
spectroscopic parameters to estimate stellar ages using MIST
isochrones (J. Choi et al. 2016), excluding any stars that appear
older than 40 Myr. Although some bona fide YSOs may
remain in these excluded regions, given that YSOs constitute
only a small fraction of the overall sample, we prioritized
minimizing contamination.

Using this sample, we trained a preliminary model and
examined the sources predicted to be young, paying particular
attention to those not part of ABYSS (i.e., false positives). In
that sample, we searched for signatures of significant
clustering (both in the plane of the sky, as well as in parallax
and in proper motions), particularly in regions associated with
nearby star-forming regions (Orion, Taurus, Perseus, and
Ophiuchus). This clustering was visually examined and
manually selected in TOPCAT (M. B. Taylor 2005) if a
significant overdensity was visually apparent. The clustered
sources were reincorporated into the training set as likely
YSOs. This procedure was repeated several times; a new
model was retrained each time until no residual clustering was
observed outside the excluded parameter space described
above.

Such an approach to training does create some uncertainty
in classifications due to the absence of a well-defined “ground
truth” in labeling. Unfortunately, well-characterized YSOs are
very biased toward the youngest and lowest-mass sources; as
such, they cannot be used to unambiguously evaluate the
performance of the classifier with regard to the moving groups
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that are starting to dissolve. We acknowledge that some
uncertainty remains, particularly among stars that reach the
main sequence rapidly and therefore exhibit fewer obvious
signatures of youth. We expect such sources to represent only
a small fraction of the sample. However, we primarily evaluate
the performance of the classifier in the qualitative sense, to
ensure that stars that are likely to be identified as YSOs
through closer examination (both in the labeled and unlabeled
data, see Section 4.2) appear to be recovered by the classifier,
while excluding most obvious contaminants. However, this
also does make the trends seen in the precision and recall
metrics more qualitative as well, rather than the “true”
classification rates.

The training was conducted using APOGEE spectra
processed with Astra version 0.6. In the final model, 19,498
sources were labeled as likely YSOs and 889,094 as field stars.
Overall, young stars constitute only a small fraction of the full
sample. No attempt was made to correct for the class
imbalance, as in our prior experience, attempting to even out
the numbers of rare candidates results in the model more
biased to finding false positives, while preserving the intrinsic
imbalance helps to maintain clean sample, being more
conservative in its assessment, and forcing to rely on the most
unique features to separate out the young stars.

A random subset of 12,800 spectra was withheld prior to
training and maintained as a dev set. This sample was used
exclusively to monitor model performance and was not used
for training. The composition of the dev set remained fixed
throughout the analysis. Similarly, sources that became
available only in Astra version 0.8 were not used during
model development and were instead used solely to evaluate
the final classifier. Training was optimized for accuracy using
a sparse categorical cross-entropy loss function with a learning
rate of 107>, We used early stopping, terminating training after
the accuracy on the withheld dev data stopped improving for
two epochs (i.e., two full passes of the data in training). No
systematic hyperparameter optimization or cross-validation
was performed. The adopted learning rate and architecture
were selected based on preliminary experiments and their
ability to achieve stable convergence. Outside of early
stopping and evaluation on the independent Astra 0.8 sample,
no additional regularization methods were employed.

The final model is released on Zenodo (V. Bonilla
Villalobos & M. Kounkel 2026).

3.2. Empirical Templates

To evaluate the model’s performance and identify which
features it used to make its predictions, we grouped all
APOGEE sources into bins with similar T.g, logg, and
[Fe/H]. This binning was performed separately for field stars
and for sources identified as likely young. All of the young
stars were assumed to have [Fe/H] ~ 0.

To normalize all spectra, we first excluded the edges of the
chips and all of the pixels that were flagged as poor or those
that contain strong telluric lines, and applied aggressive
smoothing to the resulting data with a Savitzky—Golay filter
(A. Savitzky & M. J. E. Golay 1964) (window size 1000
pixels, polynomial order 1) to obtain a continuum representa-
tion. We then fit a line to this continuum. The APOGEE
spectra cover the H band, which is relatively narrow, and for
most stars this includes the Rayleigh—Jeans tail primarily; as
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Figure 1. Kiel plots of the stars in the various subsets of the labeled sample. Top left: true negatives, i.e., stars labeled as field stars and identified as such by the
classifier. Top right: false negatives, i.e., sources labeled as young, but predicted by the classifier to be field stars. Bottom left: false positives, i.e., sources labeled as
field stars, but identified by the classifier to be young. Bottom right: true positives, i.e., sources labeled as young and identified as such by the classifier. Note that the
sharp horizontal cut in log g is due to attempting to limit contamination from red giants in the training set; thus, some of the bona fide YSOs that were subjected to

this cut were recovered as “false positives.”

such, the continuum fit does not require a higher-order
polynomial.

The resulting fit was divided out of the spectral flux and its
uncertainties to preserve the relative ratios between them. We
do note that “true” continuum normalization is not always
trivial to assess, particularly in low-mass stars with strong
molecular bands, or for sources with very low signal-to-noise.
However, we considered this sufficient for our analysis as this
was performed self-consistently for all stars of a given type.

All of the spectra in a given bin were stacked together, and a
weighted average flux (weighted by the flux uncertainty) was
computed at each wavelength. This average spectrum can be
considered representative of all sources in the bin, but it has a
higher signal-to-noise ratio than any individual observation.

4. Results

4.1. Evaluation of Classification Performance on the
Labeled Data

Of the 19,498 sources labeled as YSOs in the training
sample, the model recovered 13,663 sources (Figure 1),
yielding a recall (defined as a fraction of the number of true
positives to the total number of YSOs in the labeled data) of
70%—a fraction comparable to that observed in both the

training set and the withheld dev set. However, because the
labels themselves are not a definitive ground truth, the
precision and recall values reported here should be interpreted
as approximate measures of consistency with the adopted
labeling scheme rather than absolute classification rates.
Unsurprisingly, given that the signatures of youth are easier
to identify in low-mass stars, the recall strongly varies as a
function of T (Figure 2), decreasing from almost 100% for
M dwarfs, down to ~0% for O-type stars. This decrease is, for
the most part, smooth, although it does have a local minimum
at ~5000 K, most likely due to some residual contamination in
the training set from the base of the red giant branch.
Additionally, the model identified 1580 sources as likely
young despite not being labeled as such in the training set,
with a precision (defined as the ratio of true positives to all
sources identified by the classifier as YSOs) of ~90%. Of
these “false positives,” ~45% lie in regions of parameter space
that were originally excluded on the basis of their T.¢and
log g. However, because the model is not trained to predict
Terand logg, but to identify candidate YSOs, they were
nonetheless recovered by the model due to sufficient similarity
to the youth signatures exhibited by the true positives. Indeed,
many of these sources exhibit spatial and kinematic over-
densities near known star-forming regions (e.g., Orion,
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Figure 2. Typical precision and recall of the classifier as a function of T,
computed based on the adopted labels after manual and iterative relabeling
process.
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Perseus, Ophiuchus) and were already present in the original
training sample prior to the conservative T cuts. As such, the
label of “false positives” refers merely to the sources that were
originally excluded from the training set but recovered by the
classifier, due to a significant fraction of these sources likely
being bona fide YSOs.

The precision also varies with T it is only 50% among the
coolest stars, primarily because many stars originally excluded
by the isochrones are now recovered. Precision then reaches
nearly 100% at 3000 K, indicating that the original training
sample is sufficient for identifying young stars, but it gradually
decreases for hotter stars. It is difficult to determine to what
extent the increase in “false positives” is driven by the
difficulty of a priori identifying hotter young stars outside their
membership in various moving groups and clusters, or by
contamination, or by the intrinsic sparsity of the higher-mass
stars making them underrepresented in the training set.

These effects are also not uniform with age, which we
estimate for the stars in the sample using Sagitta (A. McBride
et al. 2021). Sagitta is a neural network trained on the
photometry of stars in nearby young clusters and moving
groups with robust age measurements. This method allows the
removal of systematic age-mass differences common in
traditional isochrone fitting. Overall, we are able to recover
stars as young as ~40 Myr, but only among lower-mass stars,
whereas the bulk of the sample has ages <10 Myr (Figure 3).

The full catalog of sources identified by the classifier as
likely YSOs is included in Table 1.
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Figure 3. Distribution of ages of stars identified by the classifier as young.

Table 1

Catalog of Sources Identified as YSOs
Column Units Description
sdss_id SDSS unique identifier
R.A. deg Right ascension in J2000
Decl. deg decl. in J2000
log Tet [K] Effective temperature
o log Tegr [K] uncertainty in log T
log g Surface gravity
ologg Uncertainty in log g
YSO Probability from the classifier
Instrument APOGEE or BOSS

(This table is available in its entirety in machine-readable form in the online
article.)

4.2. Inference on Unlabeled and Newly Observed APOGEE
Spectra

Since the work began, SDSS has continued its operations,
significantly increasing the volume of the available spectra.
Initially, we used spectra processed with IPL-3, which was
equivalent to DR19 (SDSS Collaboration et al. 2026). Since
then, IPL-4 has become available. This approximately doubles
the number of objects for which APOGEE spectra are
available for analysis. This also provides a good test of the
model’s robustness on unlabeled data by ensuring that the
resulting catalog of predictions appears to be qualitatively
similar to the predictions obtained in the labeled data; that the
sources predominantly appear to be PMS based on the bulk
examination of their properties and their distribution on the
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Figure 4. Left: distribution of the likely young stars selected by the classifier on the plane of the sky. Right: Kiel plot of these sources. Top row: sources in IPL-3
processing of the data, which translates to the labeled dataset (train and test). Bottom row: new unlabeled sources observed since then, included in IPL-4 processing.

sky, and that the catalog does not include a significant fraction
of obvious contaminants.

In total, excluding sources that were present in the original
dataset, we identify an additional 14,426 likely young stars in a
catalog of ~1.3 million stars (Figure 4). These candidates are
included in Table 1. Of them, 12,621 stars (87%) have been
targeted by ABYSS, indicating successful generalization of the
model, as no targeting information was provided to the
classifier; the only inputs are the raw spectra. Among the
remaining 1805 stars not originally targeted by ABYSS, we
find strong clustering in the vicinity of Orion, NGC 2264,
Cygnus, Camelopardalis, and a few other known star-forming
regions.

5. Discussion: Near-IR Signatures of Youth

While a number of spectroscopic signatures of youth are
utilized in the literature for optical spectra, few robust
counterparts have been established in the near-IR. While
log g can potentially be used as a criterion to select for youth
for some stars, it quickly loses effectiveness for early K dwarfs
and higher-mass stars, as they reach the main sequence
quickly. The model we present in this work struggles to
identify a number of bona fide YSOs, and, as described earlier,
this effect is T.p-dependent. However, the classifier none-
theless retains some discriminatory power across the full
T.ierange, including in the range where logg provides no
discrimination. Thus, the question arises: which spectral
features is the model using when deciding whether a particular
spectrum belongs to a young star or to an older field source?

To answer this question, we used the empirical templates
described in Section 3.2 and compared representative spectra
of sources identified as YSOs and field stars sharing the same
Ter, logg, and [Fe/H] bin. One of the signatures of youth
becomes immediately apparent: spectra of YSOs are signifi-
cantly more broadened than the spectra of field stars of the
same type (Figure 5). When stars are born, they have high
angular momentum, which they slowly lose as they continue to
age (e.g., J. Serna et al. 2021, 2024; M. Kounkel et al. 2022).
Thus, although the measurement of the rotational velocity
vsini does depend on the inclination, assuming an isotropic
distribution, it is going to be on average higher for YSOs than
it is for field (typically > 1 Gyr old) stars. We also note that in
addition to rotation, spectroscopic lines of young stars can be
broadened magnetically due to Zeeman effects (E. Han
et al. 2023).

Given the prominence of the effect of v sini across the entire
spectrum, we next attempted to isolate additional signatures of
youth beyond rotational broadening alone. To do so, we
artificially broadened the empirical templates of the field stars
by convolving them with a rotational kernel, ensuring a good
global fit to the template of the young stars. We find that, for
stars with T <6300 K, the typical best-fit vsiniis
~20kms~'. We then compared the resulting templates and
identified large residuals (Figure 6). In total, 57 features were
identified (Table 2). This procedure should be regarded as a
first-order correction rather than a complete physical model,
because structured residuals may also be affected by imperfect
broadening kernels, unresolved blends, or modest mismatches
in the adopted atmospheric parameters. Even so, the
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Table 2
Central Wavelengths, Widths, and Closest Known Spectral Line Identifications of Spectral Features Identified from Large Residuals between YSO Coadded
Templates and Artificially Broadened Field-star Templates

anter A Wiodth Element CenEer A Wigth Element CenEer A Wigth Element
(A) (A) (A) (A) (A) (A)

15282.7321 1.5 15285.2305 2.5 15296.9185 2.0

15332.5414 2.0 15339.2336 1.5 15340.2457 1.0

15395.4402 3.0 15399.4488 3.0 15411.2405 1.5

15413.4499 3.0 15474.4463 3.0 15477.2475 1.5

15500.9447 2.0 15507.9480 2.0 15509.9533 2.0

15572.9616 4.0 15576.4582 3.0 15606.8557 1.7
15608.6641 1.8 Fe 1 15631.4657 3.0 OH 15656.9477 4.0 Fe 1
15745.0558 5.0 Mg 1 15753.3819 53 Mg 1 15781.1800 1.7
15783.1789 1.7 15894.7265 4.7 15964.4927 5.0 Sil
16032.5098 5.0 16042.2995 33 Fe 1 16057.3061 33

16060.0093 2.0 16064.5033 1.9 Sil 16066.2121 2.5

16078.7076 4.5 16141.4170 32 16143.7176 2.5

16155.2185 2.5 Cal 16208.7192 2.5 Fe I 16211.7174 35

16317.2375 2.5 16320.9273 3.0 Fe1 16369.2456 3.5

16372.5555 3.0 16385.0274 2.0 16387.2461 1.5

16388.5564 3.0 16528.5564 3.0 16530.8799 3.7

16551.2545 1.5 16553.5596 3.0 16586.5571 3.0

16609.5568 3.0 16612.1637 1.7 16709.0679 4.0
16712.2692 1.5 16719.1679 2.3 16723.5610 3.0 All

Note. The spectral line identifications were adapted from S.-Y. Tang et al. (2024) and J. T. Rayner et al. (2009).

1.054
1.001
Il

0.95 1

Flux

1 Teff = 3350 K
logg = 4.62

15540 15560 15580

Wavelength (A)

Figure 5. Coadded empirical templates within the same Ty, log g, and [Fe/H]
bins, showing the spectrum of a YSO (blue) and a more evolved field star
(red). The most prominent difference between the spectra is the stronger line
broadening in the YSO, consistent with its typically higher vsini. Note that
while many young stars would have lower log g, this demonstrates differences
between young stars and field stars even in the regime when young stars begin
approaching the main sequence.

15500 15520 15600

persistence of these residuals across multiple temperature bins
suggests that they are not purely stochastic.

We compare these features against the list of spectral lines that
fall within the APOGEE bandpass (M. Shetrone et al. 2015).
Although the definitive identification of all of the lines is
nontrivial, the residuals do not appear to be dominated by a
single species, nor do they obviously point to a simple
abundance anomaly associated with recent star formation.
Rather, these features are more likely attributed to the heightened
magnetic activity of young stars. Given that young stars tend to
be strongly spotted (often with >50% of their photosphere

covered by a cooler spot, e.g., M. A. Gully-Santiago et al. 2017),
the spectra of young stars consist not of a single distinct
Tegeprofile, but of multiple. It is often possible to fit these
multiple templates to the spectra of young stars (e.g., F. Pérez
Paolino et al. 2024), and the effect from the cooler spots is
particularly apparent in the near-IR. On the other hand, more
evolved field stars would have significantly reduced magnetic
activity, and they would have only weak spots that would not
produce as pronounced a signature in the spectra
(B. M. Morris 2020; M. Kounkel et al. 2022). We therefore
regard enhanced magnetic activity resulting in spotted photo-
spheres as the most plausible working interpretation for these
near-IR residuals, particularly considering that some of these
features are known to be strongly sensitive to Tg (S.-Y. Tang
et al. 2024). The presence of cool starspots would alter typical
line ratios relative to single-temperature stars. This is because
individual lines can have different strengths in the starspots or be
completely absent, in which case the strength of the line in the
observed spectrum would decrease (F. Pérez Paolino et al.
2025). Hence, in most cases, the residuals would be relatively
weak, and only some lines (which are stronger at lower
temperatures) would be particularly strong (L. Cao &
M. H. Pinsonneault 2022).

More broadly, these results suggest that APOGEE spectra
contain astrophysically meaningful signatures of youth beyond
the classical optical diagnostics. Even if some of the individual
lines remain unidentified, the combination of rotational
broadening and spot-related residual structure appears to
provide useful discriminatory power, particularly in regimes
where logg alone is insufficient. This interpretation also
motivates future efforts to build more physically informed
classifiers that jointly account for rotation, magnetic activity,
and composite photospheres.



THE ASTRONOMICAL JOURNAL, 172:217 (11pp), 2026 October Bonilla Villalobos et al.

1.02 — 0.03>
=_ 3.9
0.951 -0.04 3.8¥
X E
T 0.89 0.1 3'7;
3.6°2
0.82 0.82 0.17{ _,
YSO Field Difference 3.5
15410 15411 15412 15413 15414 15410 15411 15412 15413 15414 15410 15411 15412 15413 15414
Wavelength (A) Wavelength (A) Wavelength (A)
1.12 1.12 0.09 A
101% 1014 0.00 > ‘ = 3.8Y
N\ Z X
*0.90 0.90 -0.09 N/ o
362
0.80 0.80 -0.18) pifference 35
15624 15628 15632 15636 15624 15628 15632 15636 15624 15628 15632 15636
Wavelength (&) Wavelength (&) Wavelength (&)
1.04 1.04 .02k
) =
’ ~— 3.9
0.98 0.98 : "‘\').',,/”{4/ NS 38Y
é \ //’/ \ %
i 0.92 0.92 N \ 3.7
\E = g
y 3.6—
0.86 0.86 .
Difference 3.5
16140 16142 16144 16146 16140 16142 16144 16146 16140 16142 16144 16146
Wavelength (A) Wavelength (&) Wavelength (A)
1.14 1.14 0.12
3.9
1.07 0.05 =
3.8¥%
Z@@ L X
" ~ 2 hq:)
2N = 3.7;
3.6°2
0.93] _. ) -0.08{ _,
Field Difference 35
16549 16552 16555 16558 16549 16552 16555 16558 16549 16552 16555 16558
Wavelength (A) Wavelength (A) Wavelength (A)
1.02&
Z— 3.9
/>

7 7=

0.90 0.90 e 3.8Y¢
) B
w N/ >
0.77 0.77 / 2
\/ 362
: ) -0.141 .
0.65{ YSO 0.65{ Field Difference 35

16718 16720 16722 16724 16726 16718 16720 16722 16724 16726 16718 16720 16722 16724 16726
Wavelength (A) Wavelength (A) Wavelength (A)

Figure 6. Median-stacked APOGEE spectra of young stars near the main sequence identified by the classifier (left column) and more evolved field stars (middle
column). Each trace includes spectra within a narrow 7. bin. The evolved-star spectra are rotationally broadened to match the v sin i of the YSOs. The right column
shows the residuals between the two, highlighting candidate youth-sensitive lines. Traces are color-coded by .. The full figure set (29 images) is available in the
HTML version.

(The complete figure set (29 images) is available in the online article.)
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6. Conclusions

In this work, we have developed a CNN classifier for
APOGEE spectra to identify young stars and the signatures of
youth used for this classification. Overall, the resulting
classifier is effective at identifying young stars primarily
among cooler stars, with the best performance being for cooler
M and K dwarfs due to their PMS evolution being the longest
and their exhibiting the most prominent features of youth. The
classifier’s performance (both precision and recall) decreases
with increasing temperature, missing bona fide young stars,
and biasing the sample toward sources exhibiting the strongest
youth indicators.

There are several features that the classifier likely uses to
distinguish young stars from more evolved field stars, even
when they have similar T.and logg. The first is line
broadening due to high vsini, which is common in young
stars but less so in field stars, as stellar rotation slows down
with age.

The second is that young stars commonly exhibit strong
spots on their photospheres; rather than having a single-
temperature profile across the entire photosphere, their
emergent spectra reflect a mixture of components at distinct
temperatures. As such, there are several spectral lines which
may be uncharacteristically strong for an evolved star of a
particular T.¢, because a cooler spot has contributed these
lines. We assemble a list of the strongest magnetically
sensitive features we have identified by comparing younger
and more evolved stars with comparable spectroscopic
parameters.

Overall, this work develops an effective classifier for
identifying PMS stars. Although the labels and the resulting
predictions are not free of uncertainty, the persistence of the
above features in the stacked spectra do demonstrate that the
spectra of young stars are systematically distinct from the
spectra of the more evolved stars, and it allows for the creation
of a more robust catalog of young stars that minimizes
contamination from more evolved sources. As SDSS continues
operations, amassing a census of ~10° candidate YSOs, such a
classifier becomes particularly useful for developing a
homogeneous catalog of spectroscopically selected likely
young sources, providing a foundation for precise studies of
star formation, stellar evolution, and the structure of young
populations across the Galaxy.
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Appendix
BOSS Classifier

Previously, S. Saad et al. (2024) developed a classifier to
identify young stars in BOSS spectra; however, it used various
equivalent widths and colors to make this classification. Since
BOSS spectra are low-resolution, measuring equivalent widths
reliably is more difficult, and the extraction process introduces
an additional complication. Additionally, the spectrum as a
whole contains much more information than a set of discrete
lines. Furthermore, the inclusion of colors may introduce
biases in characterizing spectral properties (D. Sprague et al.
2022; L. Sizemore et al. 2024).

To combat these issues, we trained a new classifier. It
operates similarly to the one for APOGEE described in this
work, but ingests the entire BOSS spectrum instead. The labels
used in training were also derived in the same manner as for
APOGEE: using ABYSS targeting as a start, making cuts on
the sample in T.¢and log g parameter space to exclude the
most obvious field stars, manually evaluating “false positives”
that exhibit strong clustering, and repeating the process
multiple times until the final model achieved stable
performance.

In the final model, among 1.26 million sources, 23,154 were
identified as likely YSOs (included in Table 1; their
distribution in the plane of the sky is displayed in the top
panel of Figure Al). Of them, 2096 were classified as “false
positives,” for an overall precision of ~91%, i.e., comparable
to APOGEE. However, there were also 24,288 false negatives,
for a recall of 46%, significantly lower than for APOGEE.
Examining recall as a function of T.g, it appears to have a
profile similar to that shown in Figure 2, but with a maximum
recall of ~80% for cool stars, due to a reduced ability to
distinguish older YSOs from the field.

This is likely due to two reasons. First, BOSS spectra are of
lower resolution; therefore, rotational broadening cannot be
reliably measured with this instrument. Second, these spectra
are in the optical regime; therefore, the contribution from spots
is weaker than in the NIR. As such, although optical spectra
contain more recognizable features of youth, APOGEE spectra
appear to be more efficient at recovering young stars than
BOSS, at least within the framework adopted here.
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Figure Al. Sample of likely young stars identified by the classifier using BOSS spectra. The top panel shows the distribution of the identified objects in the plane of
the sky, and the bottom three panels show the true positives, false positives, and false negatives obtained by comparing the predictions to the manually constructed

labels.
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