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ABSTRACT

Light curves of young stars exhibit photometric variability over hours to decades and across a wide range of amplitudes. On
time-scales beyond a few rotation periods, these light curves are typically stochastic. The variability arises from a combination of
accretion rate changes, line-of-sight extinction variations, and evolving spotted stellar surfaces. We aim to develop a methodology
to quantitatively compare the full variability statistics of these inhomogeneously sampled light curves with model calculations.
To achieve this, we converted the light curves into variability fingerprints. They map the probability of variation by a given
amount over a given time-scale. Applying principal component analysis to these fingerprints produces a stable distribution of
the first two principal components. We show that this distribution is a continuum without clusters. Adding a model-generated
fingerprint to an observational sample does not significantly alter the distribution of the sample, allowing a robust comparison
between the model and observed light curves to assess statistical realism. We show that photometric uncertainties, timing, and
observing cadence have a minimal impact on model placement within the observational distribution. The main source of variance
among highly variable light curves of young stars is the time-scale of the onset of significant variability (above 0.3 mag), with
time-scales of one to three months being the most critical. The secondary cause of variance is long-term (above 1.5 yr) dimming
or rising trends.

Key words: stars: formation —stars: pre-main-sequence —stars: star spots —stars: variables: T Tauri—stars: variables: Herbig

Ae/Be.

1 INTRODUCTION

Photometric variability has long been known as a defining feature
of young stars (Joy 1945). This prevalence of variability in young
stellar objects (YSOs) is caused by a variety of physical reasons such
as rotation and surface spots, variations in mass accretion rates, and
changes in the line of sight extinction due to orbiting disc material.
Typically, light curves of YSOs are influenced by a combination of
all of these effects simultaneously, creating stochastic variability in
particular at time-scales above a few rotation periods, which can
make it difficult to easily disentangle the effects of the different
physical causes. Furthermore, the variations in brightness can reach
up to several magnitudes and occur on time-scales from days to tens
of years. Thus, numerous monitoring campaigns have been devoted
to variability studies of YSOs in the past. See, for example, the
Protostars and Planets reviews by Bouvier et al. (2007), Herbst
et al. (2007), Audard et al. (2014), Bouvier et al. (2014), and Fischer
et al. (2023) for an overview of some aspects of this vast field.
Hence, to study the underlying causes of YSO variability using
photometry, we must cover all the relevant time-scales and observe a
statistically significant number of objects. Furthermore, observations
in multiple filters are paramount to potentially distinguish variations
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caused by different physical mechanisms. There are multiple studies
available that cover some of these aspects (high cadence, long-
term observations, multif-ilter coverage, large sample; e.g. Grankin
et al. 2007; Cody et al. 2014; Kochanek et al. 2017), but not all
simultaneously. Thus, we started the Hunting Outbursting Young
Stars (HOYS) project in 2014 (Froebrich et al. 2018) with the aim of
monitoring a large number of YSOs in multiple optical filters with a
daily cadence over several decades.

Some YSO light curves can (in part) show periodic modulation
due to rotation — see reviews by Herbst et al. (2007) and Bouvier et al.
(2014) — or orbiting warped inner disc material (e.g. Bouvier et al.
1999). While these regular variations are common at shorter time-
scales (e.g. Cody, Hillenbrand & Rebull 2022), at longer time-scales
the light curves are typically stochastic. Thus, the characterization
of these is non-trivial. Multiple attempts have been made in the
past to characterize light-curve properties with simple metrics such
as variability indices (e.g. Stetson 1996; Sokolovsky et al. 2017),
or quasi-periodicity (Q) and asymmetry (M) indices (e.g. Cody
et al. 2014; Lakeland & Naylor 2022). While these are easy to
calculate and compare (with each other or with models) for non-
homogeneously sampled light curves, they essentially reduce the vast
information of the entire light curve to a single number/dimension.
Thus, they cannot capture the full extent of the variability information
available for each YSO. Furthermore, it is not clear whether they
represent the best way to distinguish YSO light curves from each
other.
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There have been attempts to remedy this situation (e.g. Scholz &
Eisloffel 2004; Findeisen, Cody & Hillenbrand 2015; Rigon et al.
2017), upon which we have built our variability fingerprinting of light
curves (Evitts et al. 2020; Froebrich et al. 2022). These fingerprints
convert the light curves into a two-dimensional map showing the
probability that a star varies by a given magnitude on a given time-
scale. They can hence capture the entire range of variability of each
light curve. To some extent, the fingerprints are similar to the analyses
of structure functions presented, for example, by Sergison et al.
(2020) and Lakeland & Naylor (2022). However, they distinguish
between dimming and brightening more comprehensively and will
be applied to data taken over much longer time-scales (10 yr) with
nearly continuous coverage in our work.

These variability fingerprints can also be created from simulated
light curves based on numerical models of the evolving young stars
and their surrounding discs. To determine whether the variability
in the simulated light curves is statistically similar to the observed
light curves of YSOs, we need to develop a method to quantitatively
compare samples of these fingerprints. Unsupervised machine learn-
ing techniques, such as dimension reduction and clustering with
DBSCAN or k-means, might provide a method to achieve this.
However, tests need to be performed to verify if these methods
result in individual clusters of objects or if they create a continuum
distribution. Furthermore, we need to examine how the various
methods perform if samples of real data are investigated together with
model fingerprints. Ideally, we are seeking to develop a methodology
that creates clusters from a sample of fingerprints, and that is stable
and robust. In other words, adding individual fingerprints based on
model light curves into the sample to show where amongst the
observed objects the model falls should not significantly change
the assignments of the fingerprints to their clusters, or their relative
positions within a continuum distribution.

In this paper, in Section 2we describe the data calibration and
verification as well as the selection of our highly variable YSO
sample. In Section 3 we lay out the determination of the variability
fingerprints and discuss their accuracy. Finally, in Section 4 we
discuss the methodology and results of fingerprint analysis, as well
as its stability, when comparing model and observed light curves.

2 PHOTOMETRY DATA AND VARIABLE STAR
SELECTION

In this section, we describe the photometry data and their calibration,
as well as the selection of variable stars for our analysis.

2.1 HOYS data and calibration

All photometry data used are provided by the HOYS citizen sci-
ence project (Froebrich et al. 2018). It aims to provide long-term,
high cadence, multi-filter, optical photometry of 25 young (age
< 10 Myr), nearby (distance < 1 kpc) star-forming regions. The data
are collected by a mixture of ~130 professional, university, and
amateur observatories. However, data taking for most of the light
curves analysed is dominated by three 40-cm class observatories:
(1) the University of Kent’s Beacon observatory (Froebrich et al.
2018); (ii) the AstroLAB IRIS Observatory (Evitts et al. 2020); (iii)
the Remote Observatory Atacama Desert (ROAD; Hambsch 2012;
Froebrich et al. 2022). Collectively, they currently account for two-
thirds of all images and just over half of the total exposure time.
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All images for the project are bias-, dark-, and flat-corrected,
uploaded to our publicly available web server,' and preliminarily
calibrated. The astrometry in the images is solved using the As-
trometry.net software (Hogg et al. 2008). Aperture photometry
is performed using the Source Extractor software (Bertin & Arnouts
1996). Deep images of all regions obtained under photometric
conditions in u, B, V, R, and I, filters are used as reference for
relative photometry. In this work, we only investigate data taken
in the filters with most data, which are referred to as V, R, and
1, hereafter. This follows the steps outlined in Froebrich et al.
(2018). The parameters of a photo-function (Moffat 1969; Bacher,
Kimeswenger & Teutsch 2005) and fourth-order polynomial are fit
and the relative magnitude m},  for each star i is determined from
the instrumental magnitudes m} ; following equation (1), where A
indicates the filter used:

m;.c =F (m;un) = Alog |:1OB(m£“i"7C) + 1j| + P4 (ml)un) . (1)

Because a significant fraction of the amateur data are taken using
slightly non-standard filters, or under non-photometric conditions, a
second additional calibration step to correct colour terms needs to be
applied to all data, the details of which are described in Evitts et al.
(2020). We first identify non-variable stars in all fields, by selecting
objects with a low Stetson index 7 (Stetson 1996), and we measure
their magnitudes and colours. These stars are then used to fit the
parameters of a second-order polynomial in magnitude and colour
(without cross-terms), including a common offset, py, to correct the
colour terms. The final calibrated magnitudes m’ ; for each star are
then determined following '

mi  =Wml ., V' —I') = po+ P*(m}, )+ P*(V' = I'). (2

For the purpose of this work, we use the V' — I' colour of the stars,
but any other colour can be chosen. This colour is determined for each
star from the median of the m"v_( and m’,r values, that are available
within 5 d of the image that is calibrated.

This colour correction usually significantly improves the root-
mean-square (rms) scatter of the magnitude offsets of all calibration
stars. We use this scatter of stars that have the same magnitude (within
40.1 mag) as the star in question, to determine the photometric
uncertainty of the calibration (Evitts et al. 2020). All measurements
with an uncertainty above 0.3 mag are excluded from the light curves
analysed in this work.

2.2 Removing photometry outliers

The above detailed calibration ensures that the systematic photometry
uncertainties are minimized. The nature of our HOYS data requires
further data quality control to remove potentially erroneous data.
Here, we detail the additional selection criteria applied to our data
before they are used for analysis.

(1) Photometry closer than 5 arcmin to very bright stars (Gmag <
6 mag) has been removed for observatories where we have identified
problems with point spread function wings influencing the photom-
etry (including the University of Kent’s Beacon observatory).

(i1) Some stars apparently have two brightness measurements on
the same image. This is caused either by good seeing and the object
being a binary (apparent or real), or by tracking issues in the image.
All such photometry has been removed.

https://astro.kent.ac.uk/HOYS- CAPS/
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Figure 1. Left: example light curve of the variable source FHK 116. We show the V- (green triangles), R- (red diamonds), and /-band (black circles) light
curves. The points highlighted in blue have been flagged up as potentially erroneous and have been removed from any subsequent analysis. Right: example
V — R vs V CMD for the same source. The best-fitting slope is overplotted and the 3o outliers are indicated as blue triangles. Note the very different scales on

the x- and y-axis.

(iii) We are not interested in very rare and short-term events such
as flares. Thus, for each light curve and filter, we determine the mean
and rms of all magnitude measurements. Any points that deviate by
more than four times that value from the mean are removed.

(iv) Foreachlightcurve,a V vs R — I colour—-magnitude diagram
(CMD) is created. For each V magnitude measurement, the R —
I colour is determined as the difference of the average of all R
and / measurements within 2 d of the V data being taken. A linear
perpendicular distance fit to the CMD has been obtained, and the
rms scatter perpendicular to the line of best fit has been determined
iteratively. All points further away from the line of best fit than
three times that rms value are removed from the light curve. This is
repeated for all possible combinations of the V, R, and [ filters in
the CMD (i.e. nine times).

Fig. 1 shows how the procedure performs for a typical variable
source — in this case, the object FHK 116 (Hillenbrand et al. 2022),
which is also known as 2MASS J20513340+4434543 or Gaia
DR3 2163149219097677568. The left panel shows the V- (green
triangles), R- (red diamonds), and /-band (black circles) light curves.
We highlight in blue all data points that have been flagged up as
potentially erroneous by our procedure and that are excluded from
analysis. In the right panel of Fig. 1, an example V — R vs V CMD
for the same source is displayed. The best linear fit and the outliers
that are removed are indicated.

2.3 Identification of variables

The above data extraction (performed on 2024 June 18), calibration
and ‘cleaning’ have been applied to the just over 3000 light curves of
potential HOYS cluster members identified in Froebrich et al. (2024)
based on their Gaia Data Release 3 (DR3) astrometric properties
(parallax and proper motion). This includes all clusters, even if they
were not analysed in detail in that paper. No selection based on any
other object properties (such as disk bearing or not) have been made.
Here we only require a sample of clearly variable light curves to test
our methodology (see Section 4). We removed all objects that had
less than 100 data points in V, R, and [ remaining after the cleaning.

For each light curve, we determined the Welch—Stetson index 7
(Stetson 1996). This metric measures the correlation of the variations

between two different filters, and is defined for the combination of
V and [ filters in the following equation:

1 N V,—V Ii_7
B O

Itrelies on having N contemporary pairs of brightness measurements
and their uncertainties in the two filters. These are determined in the
same way as for the colours in the CMDs (see Section 2.2), over a
time period of 2 d.

In this work, we focus only on the data in the V, R, and [ filters.
Thus, we have three possible combinations for the Welch—Stetson
index: Zy ;, Zy g, and Zg ;. Fig. 2 shows how these depend on the
apparent magnitude of the sources. The majority of stars show only
low-level variability, but the Z values go up to values of 1323. In
our analysis, we found that 8, 5, and 6 per cent of the Z values
were greater than 5 for Zy g, Zy ;, and Zg s, respectively. These
are not shown in Fig. 2 for clarity. For our subsequent analysis
of highly variable sources, we select all stars that have an Z value
above 2 for all three filter combinations. Such values usually indicate
significant variability above the level of observational noise (e.g.
Carpenter, Hillenbrand & Skrutskie 2001; Cody et al. 2014). This
creates a sample of 240 highly variable sources. Note that the specific
choices of time window lengths used to define contemporaneous
brightness pairs for the Welch—Stetson index, as well as the threshold
for selecting highly variable sources, do not affect our subsequent
results.

3 VARIABILITY FINGERPRINTS

In this section, we describe how our YSO light curves are converted
into variability fingerprints. We discuss their range and resolution,
and how their uncertainties can be estimated.

3.1 Fingerprint determination

The light curves of all investigated variable YSOs have individual
cadences. This is caused by the nature of HOYS, with its distributed
observing. Thus, almost no two light curves can be directly compared,
and we need to create a measure that allows us to capture the statistical
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Figure 2. Welch—Stetson index of our YSO sample determined from all three filter combinations, Zy g, Zy , and Zg ; from left to right. The cut-off for highly
variable objects used in this study is marked at Z = 2 with a solid line. We also indicate Z = 1 and 0.5 with dashed and dotted lines, respectively.

properties of a star’s variability and to compare this between objects.
These are the variability fingerprints.

We have introduced these fingerprints generated for the HOYS
data in Evitts et al. (2020). They are based on earlier works by, for
example, Scholz & Eisloffel (2004), Findeisen et al. (2015), and
Rigon et al. (2017). The purpose of these variability fingerprints
is to determine the probability P(Af, Am) that a star varies by an
amount Am when observed at a time difference At apart. This can
be done for light curves obtained in any filter. It assumes that the
total length of the light curve and the observing cadence is sufficient
so that all time-scales and magnitude changes have been covered.
This is obviously not the case for rare events, such as major bursts
or long dimming events. Thus, events that only occasionally occur
in a fraction of light curves can only be captured statistically, by
analysing a large sample of light curves and their fingerprints.

The determination of the fingerprints for a light curve with N data
points (#;, m;,i =1, ..., N) is done using the following procedure.

(i) We determine all N(N — 1)/2 pairs of positive time differences
At =t; —t; (with t; > ;) in the light curve, as well as their
corresponding magnitude difference Am = m; — m;.

(i) The distribution of the (At, Am) values is converted into a
two-dimensional histogram. There are hence 7 columns for the bins
in At and M rows for bins in Am. The bin sizes chosen are discussed
in Section 3.2. Each of the cells (pixels) in this histogram contains
the number of (At, Am) pairs, i.e. N(x, y) with x =1,...,7 and
y=1,..., M.

(iii) To obtain the probabilities P(At, Am), the counts in each
pixel are normalized by the total number of counts in the same
column (range of At values) they are in, as shown in the following
equation:

N(x,y)

Px,y)= ———22 .
(x,y) Z?:IN(XJ)

(C)

3.2 Fingerprint range and resolution

For our analyses, we need to choose the minimum and maximum
ranges as well as the bin sizes and scaling in the variability
fingerprints along both axes. In particular, the bin size determines
the number of counts in each bin and thus the accuracy by which the
probabilities can be determined. These are discussed in Section 3.3.
Furthermore, the bin size sets the range of Ar and Am over which
the individual probabilities P(At, Am) are determined.

Along the Ar axis, the maximum range is set by our survey
duration, which is up to 10 yr for some of the HOYS fields. Based

MNRAS 543, 1133-1145 (2025)

on the design of the survey and our science goals, we set a minimum
range of 1d. It is not practical to use linearly scaled bins along
the Ar axis due to the wide range of scales. Thus, we use a log
scaling (base 10) for the bin size in At, between the borders of
0.0 < log[Af (d)] < 3.5. This corresponds to time differences from
1d to 8.67 yr. Equally sized bins in this log scaling then correspond
to the same ratio of time differences. For example, a bin size of
log[At (d)] = 1 means that the bin contains time differences that
are a factor of 10 apart from smallest to largest, and bins of size
log[Az(d)] = 0.3 would correspond to time differences that are a
factor of 2 apart from smallest to largest.

Along the Am axis, the range is set by the typical maximum
variability that the investigated objects have. We find that for most
of our variable objects, this reaches about +1-2 mag. However, a
few sources vary by more. Using linearly scaled bin sizes along the
Am axis is a valid choice. The bin size should then not be below
the typical photometric uncertainty of the brightness measurements,
which is of the order of a few per cent (e.g. Froebrich et al. 2018;
Evitts et al. 2020). Thus, we use a bin size of 0.05 mag.

However, for larger variability amplitudes, the behaviour of a
source is not expected to change significantly from one such bin
to the next. In other words, the probability that a star varies by +1.00
mag on a given time-scale should be very close to the probability
that it varies by 41.05 mag on the same time-scale. Hence, we are
using adaptive bin sizes along the Am axis, where each row of pixels
away from the Am = 0 mag axis has the range Am increased by a
value of X times the range of the first pixel. A value of X =0
corresponds to linearly scaled pixels discussed above. For all values
of X between zero and a few, the results obtained do not significantly
influence the results. We hence use X = 1 as an example throughout
the remainder of this paper. This means that the first pixels range
from 0.00 to +0.05 mag. Each subsequent pixel is wider by the
amount of 0.05 mag. Thus, the second pixels range from £0.05 to
40.15 mag, the third pixels from £0.15 to +0.30 mag, etc. This
allows us to cover the variability range from —1.8 to +1.8 mag with
only 16 of these adaptive pixels. The range and pixel number can be
adjusted by choosing a different value for .

Fig. 3 shows several V-band fingerprints with different resolutions
(including one with adaptive pixels) for the object FHK 116, the same
source for which the light curves are plotted in Fig. 1. Up to time-
scales of about 1 yr, the source does not vary considerably. On larger
time-scales, the object is more likely to brighten than to become
fainter, which is caused by the short dimming event that the object
underwent near MJD = 58 400 d. The higher the resolution, the more
detail is obviously visible. However, the accuracy of the map also
decreases with higher resolution. We note that, other than the number
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of pixels without data in the fingerprints or low signal-to-noise (S/N)
probabilities (see Section 3.3), the exact choice of bin size and range
along both axes has no qualitative influence on the results of the
analysis performed in Section 4. Only minor quantitative differences
will occur if any of these values are changed, which have no influence
on the results and conclusions of our work.

3.3 Fingerprint accuracy

The probabilities P(At, Am) in the fingerprints have varying un-
certainties, depending on the number of counts N(At, Am) in
each pixel and how close the individual (Az, Am) pairs are to the
pixel boundaries. Ideally, we only want to include high-significance
P(At, Am) values in any subsequent analysis. Thus, we estimate the
relative uncertainties of the fingerprints by two different methods:
light-curve bootstrapping and Poisson counting statistics.

3.3.1 Light-curve bootstrapping

Each data point (m;) in our light curve has an associated photometric
uncertainty o(m;) (see Section 2.1). We assume that there are no
uncertainties for the times of the observation #; as they are in any
case of the order of the exposure times (typically minutes), which is
at least three orders of magnitude below the smallest time differences
included in the fingerprints.

To evaluate the uncertainties of the fingerprints, we repeat the
determination of the fingerprint for bootstrapped light curves. In other
words, each light-curve point is replaced by a random magnitude
value. This value is chosen from a normal distribution with a mean
of m; and a variance of o (m;). This is repeated a number of times.
We then use the average pixel value from all these fingerprints as
the P(At, Am) value, and the standard deviation as its uncertainty
A P(At, Am). We have run extensive tests to evaluate how many of
these bootstrapping repeats are required to obtain accurate estimates
for the fingerprint uncertainties. We find that typically after 30 000
repeats, the uncertainties will not vary by more than 10~ from their
value. Thus, this number was chosen for all bootstrapping uncertainty
calculations.

In the top row of Fig. 4, we show some example V -band fingerprint
relative uncertainty maps of object FHK 116 for several resolutions.
Itis evident that the accuracy decreases with increasing resolution. In
particular, for the highest-resolution map (left panel), pixels that do
not cover any integer day time difference have very high uncertainties
due to our typical cadence of 1d. Note that for the adaptive pixel
maps (right panel), there are almost no low S/N pixels, even for the
shortest time-scales.

3.3.2 Poisson counting statistics

The above described light-curve bootstrapping is very computation-
ally intensive, as 30 000 fingerprints need to be calculated for each
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light curve to obtain the uncertainties. We have thus investigated
whether a much simpler (faster) method can lead to the same results.
This is based on the assumption that the number of counts N(x, y)
in a pixel of the fingerprints follows the Poisson counting statistics.
This would mean that their uncertainty is equal to the square root of
their value. If this assumption is correct, then the uncertainties for
each pixel can be estimated by simple error propagation of equation
(4). This means that the relative uncertainties of the fingerprints can
be determined as shown in the following equation:

AP(x,y) 1

M
+ N(x,i
PGy \ Na.y ; e

In the bottom panel of Fig. 4, we show the relative uncertainty maps
determined for the V-band fingerprints with the Poisson counting
statistics, for the same maps as in the top row. We find that they are
visually very similar, both qualitatively and quantitatively.

-1

(&)

3.3.3 Comparison of fingerprint uncertainties

Here we briefly investigate the quantitative differences between
the two uncertainty calculation methods. We have determined the
uncertainty maps for both methods for all variable sources in our
sample and for various resolutions. For each map, a linear regression
between the Poisson and bootstrapping uncertainty values for all
pixels has been performed. We have excluded all pixels in the maps
where the relative uncertainties are worse than 0.33, that is, where
the S/N of the P(At, Am) values is below 3. Note that such pixels are
not very common in our maps (see, e.g. Fig. 4). In total, only about
10 per cent of pixels have such a low S/N, and these are exclusively
confined to short time-scales and high amplitudes.

We find that the uncertainties based on the Poisson counting statis-
tics are about 1.15 £ 0.10 times larger than the ones estimated from
bootstrapping the light curves. This factor does not systematically
depend on the resolution of the fingerprints or the filter in which
the light curve has been observed. Thus, we can conclude that the
fingerprint relative uncertainties can be estimated using the much
faster method that relies on the assumption of Poisson counting
statistics. However, they should be scaled down by a factor of 1.15 to
represent the correct relative uncertainties based on the light-curve
bootstrapping. We note that if fingerprint pixel sizes are used that
are significantly different to the ones in this work, the scaling factor
should be re-evaluated.

4 COMPARING VARIABILITY FINGERPRINTS

As outlined above, we aim to find a methodology that allows us
compare the YSO variability fingerprints and to potentially identify
clusters amongst them. In future, we plan to compare the observed
fingerprints with fingerprints obtained from artificial observations of
model discs. Thus, our goal is to establish a procedure that creates
a preferably two-dimensional representation of the distribution of
fingerprints in a sample, which is also robust. In other words, the
addition of an individual object to the sample does not significantly
change the distribution. Hereafter, we refer to this kind of distribution
as the fingerprint landscape.

4.1 Pre-analysis

The variability fingerprints are high-dimensional data sets. Each
pixel represents one dimension. For example, in the 9 x 16
adaptive pixel configuration, we have 144 dimensions. Thus, to
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establish a two-dimensional landscape (which can also be used for
clustering) a dimension reduction tool needs to be applied. For the
purpose of this paper, we have tested principal component analysis
(PCA) and r-distributed stochastic neighbour embedding (-SNE).
We have also tested two clustering algorithms, DBSCAN and k-
means. Both are iterative but have different approaches to selecting
cluster membership. Centroids are used in k-means, and core/border
points in DBSCAN. The latter also uses -SNE as part of its
workflow.

We applied PCA using the standard scaler, which normalizes the
value in each dimension (fingerprint pixel) to a mean of zero and
a standard deviation of one (Hastie, Tibshirani & Friedman 2009).
This is sufficient as all pixel values in the fingerprints represent
probabilities (i.e. are already limited to between zero and one).
The dimension reduction was done for several configurations (9
x 16, 20 x 20, etc.) of our 240 fingerprints (obtained from V-,
R-, or I-band data) to investigate how much of the variance can be
captured in just two dimensions. Generally, the configuration leading
to the maximum value of variance captured should lead to the best
clustering results.

We find that for all configurations, the first two components
capture just below 50 per cent of the total variance. As there is no
significant difference between these values, all subsequent analysis
is only presented for the 9 x 16 adaptive pixel configuration and
V-band data. Note that the results for all other fingerprint resolutions
and filters do not significantly differ qualitatively and quantitatively.
Generally, much higher values than 50 per cent for the total variance
in the first two components are expected for distinct clusters (e.g.
Murty & Devi 2016). Our low values thus indicate that there are most
likely no distinct clusters identifiable in the fingerprint landscape, but
that instead they form a continuum or single cluster.

For DBSCAN, three parameters must be determined. These are:
epsilon (¢), which is directly a part of DBSCAN; perplexity (PP),
which is a parameter for ~-SNE; and the minimum number (N') of
objects in a cluster. The values for these parameters can be determined
by calculating the Davies—Bouldin index (DBI) for their values. We
used ranges of 1 <€ <20,5 < PP <50,and 5 <N < 50 with
the condition that the number of clusters is greater than one. These
ranges do encompass typical accepted values (PP; van der Maaten
& Hinton 2008), or are sensible given our data (¢, \N'; Davies &
Bouldin 1979; Ester et al. 1996). The combination that leads to the
minimum DBl is the optimal value for the parameters. The minimum
DBI obtained was approximately 0.45. The same value was obtained
for a number of combinations of parameters, one of which was € =
16, PP =7, and N/ = 35. The DBSCAN clustering result for this
example is shown in the left-hand panel of Fig. 5.

A DBI of under 0.40 suggests highly compact clusters that are
well separated (Davies & Bouldin 1979). Our index does not meet
this criterion but is close to it. However, there are a large number
of outliers evident in Fig. 5, roughly 40 per cent. This adds some
further insight into the clustering outcome. The DBI is a metric
of the clusters formed only. The large number of outliers spread
evenly throughout the left panel of the figure shows that there is
no real separation between the clusters, and the data as a whole
are a continuum. For some of the combinations of parameters, the
DBI index was greater than 2, indicating clusters that either are
not compact or are poorly separated, or both. Some analysis was
also carried out on the parameter space using a silhouette score. A
maximum silhouette score of 0.4 was found for € = 18, PP =5,
and N = 20. Generally, a silhouette score above 0.5 is required for
separated distinct clusters (Murty & Devi 2016). The low silhouette
score could derive from the fingerprints forming a continuum, or
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Figure 5. Left: DBSCAN clustering results for the 9 x 16 V-band adaptive pixel fingerprints of 240 variable YSOs. Right: the same data and process as in the
left panel but with one model fingerprint added, which corresponds to a sine-wave-like light curve with an amplitude of 1 mag and a period of 2 yr.

because it is not suitable as a metric for concave clusters such as
those formed by DBSCAN (Rousseeuw 1987).

Hence, all the indications show that the variability fingerprints
in our sample do not form distinct clusters. Rather they form a
continuum distribution in the landscape. Our subsequent analysis
thus focuses on the stability and robustness of this landscape. Hence,
the clustering algorithms applied to the data in the subsequent
sections are for illustrative purposes only. The above analysis clearly
shows that no algorithm will identify real clusters in our data.

4.2 Analysis with PCA, ¢-SNE, and DBSCAN

4.2.1 Clustering with DBSCAN

DBSCAN was chosen to illustrate clustering in our data set as +-SNE
can be made part of its workflow. In addition, it is not sensitive to
noise and will still form clusters. If there are outliers present, they
will be identified as such and not given cluster membership based on
an arbitrary condition, such as the number of clusters set manually
(as in k-means; see Section 4.3.1).

We used the 240 object strong 9 x 16 V-band fingerprint sample
and applied a dimension reduction using PCA from 144 down to
10 components. The output was passed to ~-SNE and the dimension
reduced further to two. Note that changing the value from which
t-SNE reduces the dimension to two has no influence on the results,
as long as -SNE is used at all. DBSCAN was used with € = 16, PP
=7, N = 35, and 4000 iterations (see Section 4.1). The results of
this clustering are shown in the left panel of Fig. 5. One can see that
the fingerprints are grouped in three distinct clusters, but there are
also a large number (102 — or 43 per cent) that have been labelled as
outliers. We have visually inspected a number of randomly chosen
pairs of light curves that have been assigned to the same cluster. They
appear to show similar behaviour (see also Fig. Al in the Appendix).

4.2.2 Stability of PCA and t-SNE

As indicated above, we require stability of the fingerprint landscape.
To analyse this, we randomly selected one of the YSO light curves.
The observing time (cadence) was maintained but the magnitude
values were replaced by a sine wave with a 2-yr period and 1-mag
amplitude. This was fingerprinted in the same way as all light curves
and the fingerprint added into the sample. PCA and #-SNE were

used for dimension reduction. DBSCAN was used to illustrate the
clustering with exactly the same parameters as in the previous section,
just with this one artificial object added. The results are shown in the
right-hand panel of Fig. 5.

There are significant differences in the landscape between the
two versions. Some of the substructures are recognizable in both
versions, but generally the entire structure has changed. However,
points in close proximity do roughly remain in close proximity to
each other. Notably, after adding just this one additional source, no
clusters are formed at all, and all objects are classed as outliers. Thus,
these significant changes in the landscape, as seen in both panels of
Fig. 5, render the method not useful for our purpose. We note that for
other values of €, PP, and N the changes can be slightly less severe;
however, there is no combination of these parameters that creates a
stable landscape when one object is added.

We have also done extensive tests using different randomly
selected light curves to create the artificial fingerprint, different
fingerprint resolutions, filters of the photometry (V, R, I), and
DBSCAN parameters (¢, PP, N). In all cases, we obtain the same
qualitative and quantative results. This method does not generate a
stable landscape of points. This is caused by the non-linearity of the
-SNE process and the fact that our data are not clustered but form
a continuum, as indicated by the DBI scores obtained (see Section
4.1). Thus, while the combination of PCA, -SNE, and DBSCAN
has some utility in grouping light curves with similar properties into
clusters, the instabilities in the generated landscape caused by -SNE
make it unsuitable for our aim to insert an artificial light curve for
comparison with the observed YSO sample.

4.3 Analysis with PCA and k-means
4.3.1 Clustering with k-means

The k-means clustering is generally thought of as a less sophisticated
algorithm than DBSCAN. It converges quickly, often within a few
iterations, and has only one parameter (the number of clusters) that
needs to be set. This determines the number of centroids around
which the clusters are formed. The process is sensitive to outliers
and noisy data. Here we illustrate the k-means analysis of our data
for the 9 x 16 adaptive pixel fingerprints made from the V-band
light curves of 240 variable YSOs — the same as used in the previous
section. We used four clusters as the input for k-means, but note that
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Figure 6. Left: clustering results with PCA and k-means using the 240 sized sample, the 9 x 16 V-band adaptive pixel fingerprints and four clusters. Right: the
same process as the left panel with one artificial fingerprint added, which corresponds to a sine-wave-like light curve with an amplitude of 1 mag and a period

of 2yr.

specific results obtained do not depend on the exact value chosen.
Scaling was applied using the standard scaler, and PCA was applied
to reduce the dimensions from 144 to two.

The visual representation of the results of using PCA and k-means
to illustrate the clustering can be seen in the left-hand panel of
Fig. 6. Unlike the DBSCAN results in Fig. 5, the clusters formed
by k-means have less separation. The landscape created by PCA is
clearly a continuum instead of distinct clusters. A visual inspection
of light curves assigned to different clusters but close to each other
in the landscape shows that they subjectively look more similar than
light curves of objects in the same cluster but far away from each
other in the landscape. This is further illustrated by Fig. Al in the
Appendix and also holds for artificial light curves (see later in Section
4.4).

The differing outcomes observed when applying DBSCAN versus
k-means are not a result of inherent structures in the data (the
fingerprints represent a continuum distribution; see Section 4.1),
but rather stem from the properties of the dimensionality reduction
and clustering methods themselves. The k-means algorithm, typi-
cally applied after linear transformations such as PCA, is limited
to identifying convex clusters centred around means. In contrast,
DBSCAN, when used following a non-linear transformation such as
t-SNE, can detect arbitrarily shaped clusters due to #-SNE’s tendency
to exaggerate local structure (Wang et al. 2021). However, this
enhanced local separation does not indicate true clustering, especially
in the absence of any real discrete groups. Instead, the apparent
clusters produced by DBSCAN after +-SNE, especially with low
perplexity and appropriate density parameters, are artefacts of these
methods imposing structure on to fundamentally unclustered data.
This highlights how combinations of dimensionality reduction and
clustering techniques can generate misleading results when applied
to continuous data sets.

4.3.2 Stability of PCA

We have established that the fingerprint landscape does not exhibit
distinct clusters, and that the combination of PCA and -SNE does not
yield a stable configuration. We now assess whether using PCA alone
produces a stable landscape. As in the earlier DBSCAN test, one light
curve was randomly selected, and its original cadence retained while
replacing its magnitudes with a synthetic sine wave (period, 2 yr;

MNRAS 543, 1133-1145 (2025)

amplitude, 1 mag). A fingerprint was generated for this artificial light
curve and added to the data set before applying PCA. The resulting
landscape is shown in the right-hand panel of Fig. 6, with k-means
applied solely to illustrate the spatial distribution of fingerprints.

A comparison of the two panels in Fig. 6 shows that the positions
of the original 240 fingerprints do not change by more than a small
fraction of the typical separation between points (this is discussed
in Section 4.4). Thus, the association of fingerprints with the four
illustrative clusters has remained almost unchanged. Only one object
shifted from cluster O to cluster 1. The synthetic sine wave was
associated with cluster 1. Crucially, the structure of the landscape
itself remains stable after the inclusion of the additional object.

To further quantify this stability, we performed several additional
tests. We only display the landscape as determined by PCA in the
subsequent figures, as we have established in Section 4.1 that there
is no evidence of intrinsic clustering in our data. We utilize our
240 fingerprint sample and select randomly one of the objects.
All individual photometry data points in that light curve are then
bootstrapped (i.e. varied according to their photometric uncertainty).
This means each magnitude is replaced by a number randomly drawn
from a normal distribution with a mean value corresponding to the
measured magnitude and a variance corresponding to its uncertainty.
We created 1000 bootstrapped light curves (and fingerprints) for this
object and determined the landscape with PCA for each of them
separately with the other 239 objects. The results of the stability test
for a typical source are shown in Fig. 7. Note that the size of the
uncertainty ellipse is governed by photometric noise of the object
and, at most, objects have twice the variation of the one shown.

Fig. 7 shows the average position in the landscape of the 1000
repeats for the unchanged objects as blue dots. The mean position
for the bootstrapped light curve is shown in red. We also overplot as
the diameter of the light-blue and light-red shaded ellipses the 1o
deviations from the mean for all objects. Note that these deviations
are scaled up by a factor of 20 for better visibility. However, the
changes in the position within the landscape for the unaltered objects
are still smaller than the symbol size used for the mean positions.
Considering the scaling in Fig. 7, we can conclude that the photo-
metric uncertainty in the HOYS light curves does not significantly
change the fingerprint landscape. At most, the uncertainties in the
photometry move positions in the landscape by less than the typical
separation of nearby neighbours.
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Figure 7. Stability test using PCA for dimension reduction. A randomly
selected object (highlighted in red) has its light curve bootstrapped 1000 times.
The mean positions (points) and standard deviations (shaded ellipses) in the
fingerprint landscape are shown where the standard deviations are scaled up
by a factor of 20 for better visibility.

4.4 PCA with artificial light curves

We have established above that the fingerprints of light curves
of variable young stars form a continuum distribution. However,
in Section 4.3.2 we have shown that the fingerprint landscape is
stable when applying PCA for dimension reduction. Furthermore,
the photometric uncertainties in the HOYS data have no significant
influence on the position of an object in the landscape. As outlined
in Section 1, our long-term aim is to use artificial light curves from
numerical models to investigate whether they are consistent with the
observed fingerprints. Thus, we need to consider what influence the
timing and observing cadence have on the position of a particular
underlying light curve in the fingerprint landscape. We thus slightly
change the stability analysis done above using two sets of artificial
light curves.

4.4.1 Sine wave light curves

We insert 2-yr period and 1-mag amplitude sine waves as artificial
light curves (fingerprints) into the sample. This was done 960 times,
and each of the 240 cadences of the original sample was used four
times. In each case, a random phase shift was applied to the sine
wave. This test shows how the observing cadence and the timing
of the observations (phase shift for the sine-wave-like light curves)
influence the position of the associated fingerprint in the landscape.
We show the results in Fig. 8. The mean positions for the 240 variable
objects are shown as blue points. Their standard deviation is again too
small to be plotted. The black point indicates the mean position of all
960 artificial sine waves with a 2-yr period and 1-mag amplitude. The
diameter of the grey-shaded ellipse represents the standard deviation
from the mean (i.e. the typical scatter of the position of this type of
light curve in the fingerprint landscape).

In contrast to the initial stability test, the standard deviations
are much larger. This indicates that the timing of the observations
and the observing cadence have an influence on the position of an
artificial light curve (fingerprint) in the landscape. However, this
range of positions is significantly smaller than the overall spread of
points. This will allow us to evaluate qualitatively and quantitatively
how much overlap there is in the variability characteristic of an
artificial/model light curve and those of an observed sample of
variable stars. Qualitatively, we can investigate where in relation
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Figure 8. Stability test using PCA for our sample of 240 variable objects
plus light curves representing sine waves. The approximate periods (see text
for details) are indicated in the legend. The amplitudes of the sine waves are 1
mag in all cases. For each period, 960 repeats with bootstrapped photometry,
random phase shifts, and varying cadences are used to determine the mean
positions (points) and their standard deviations (shaded ellipses).

Table 1. Approximate periods (listed in Fig. 8) and the exact irrational
periods used in the simulated sine wave light curves.

Approx. periods One month Six months 2yr 4yr 8y

. 1 1 1 1 1
Exact periods 387 T 066 YT 015w YT 008w YT ooam YT

to the observed fingerprints the model light curves are placed. If they
are separated, then the model leads to variability characteristics that
are not present in the observed sample. If there is overlap, then we
can investigate whether there are characteristics in the light curve or
YSO properties that distinguish objects inside and outside the overlap
region in the landscape. A detailed discussion of this —including how
the overlap of two samples can be quantified, how much overlap there
is between YSO samples of different properties (e.g. evolutionary
stages, inner disc excess emission, etc.) or model light curves — will
be the subject of a follow-up investigation and is outside the scope of
this current work. Here, we solely focus on establishing and testing
the methodology to create a stable fingerprint landscape based on
observed light curves of variable YSOs.

We have performed additional tests identical to the one discussed
above, with different sine-wave-like model light curves. We used five
different periods for sine waves with amplitudes of 0.5 and 1.0 mag.
The periods correspond roughly to one month, six months, and 2,
4, and 8 yr. The exact values chosen (listed in Table 1) ensure that
the periods are not exact integer days to avoid sampling issues with
our typical observing cadences. Obviously, typical YSO light curves
are not represented by sine waves. The exceptions are spotted stars,
but these generally have small amplitudes and short periods (e.g.
Froebrich et al. 2021; Herbert, Froebrich & Scholz 2023). Thus, one
would expect only a small amount of overlap between these simple
model light curves and the observed sample.

The results of this test for the 1.0-mag amplitude sine waves are
summarized in Fig. 8. We can see that, regardless of the period
and amplitude, the range in the landscape covered by the model
fingerprints is small, compared with the spread of the entire YSO
sample. The scatter in the landscape increases systematically with
the period. This is understandable as our fingerprints only cover time-
scales of up to 8.5 yr. Thus, the shorter periods fit into all the light
curves multiple times. Hence, their variability characteristics are fully
sampled in each light curve. However, for longer periods, each light
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Figure 9. Placement test using PCA for our sample of 240 variable objects
plus model light curves representing bursters and dipper. See text for details
on the model parameters. The mean positions (points) and their standard
deviations (shaded ellipses) for the models and data are determined in the
same way as for Fig. 8.

curve only samples a part of the variations, thus causing the increased
scatter. Furthermore, there are systematic changes of the average
positions of the models with respect to the landscape. In particular,
the placement is ordered by period; that is, the closer the periods are
to each other, the closer their placement in the landscape. Longer-
period light curves are placed systematically further away from the
majority of observed fingerprints, to the right (positive values) along
principal component 1 (PC 1). They are also systematically shifted
towards slightly higher (positive) values along principal component
2 (PC 2). The same qualitative and quantitative behaviour is evident
if we use a 0.5-mag amplitude in the sine waves. In Section 4.5,
we investigate which light-curve properties are responsible for the
placement in the fingerprint landscape, and we discuss how this
explains the systematic behaviour seen in the simulated sine-wave-
like light curves.

4.4.2 Dipper and burster light curves

In addition to the simple sine waves, we briefly investigate quantita-
tively the placement of burster- or dipper-like light curves in the
landscape. A more detailed, qualitative investigation of this will
be included in the above-mentioned follow-up investigation. We
performed the same simulations (in terms of cadence, phase shifts,
and repeats) as above, but changing the shape of the light curve
into periodic dippers or bursters. The dippers are represented by
symmetric dimming events, 0.4-mag deep. They are placed into the
light curves every 150 d, with a duration of two months. The middle
60 per cent of the duration is spent in the dim state, with the remainder
in ingress and egress. Bursts are placed into the light curve as one
magnitude brightness increases every two years with a duration of
six months. The rise is short within 10 d, then there is a 2.5 month
plateau before the brightness decreases towards the baseline.

Fig. 9 shows the placement of these models in the landscape. We
can see that their placement in the landscape and the scatter follow
the same principles as for the sine waves. Models with more frequent
events (in this case the dippers) are placed at lower PC 1 values, and
vice versa. The shape of the variation seems to have more of a subtle
influence on the placement along PC 2. We note that this is just a
proof of concept example. The exact locations and scatter of the
model light curves will systematically depend on their parameters.
Furthermore, these simple model dipper/burster light curves do not
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represent the full complexity of real YSO light curves. It should
also be stressed that real objects coinciding with the locations of
these models have the same variability statistics (fingerprints) but not
necessarily light curves with the same dimming/brightening features
as in these simplified models.

4.5 Placement in PCA-generated landscape

As discussed in detail above, the distribution of objects within
the fingerprint landscape forms a continuum rather than distinct
clusters. Nevertheless, certain regions of the landscape are more
densely populated, while some objects appear as clear outliers. This
suggests that specific light-curve characteristics are more prevalent
than others. Furthermore, the artificial sine-wave-like light curves
show a systematic trend in their placement, which is governed by
the period. Thus, we investigate here which light-curve properties
determine the placement of objects in the fingerprint landscape.

This is best done by visualizing the loadings matrices for the two
components generated by the PCA. These are shown in Fig. 10. The
colour code shows the weighting for each pixel in the fingerprints to
the placement along each of the two components. In other words, if
fingerprints have large pixel values in areas of the loading matrices
that are red coloured, they will be placed towards larger values along
the respective component (and vice versa).

For PC 1 (left panel in Fig. 10), we find that all fingerprint pixels
that characterize light-curve variations with an amplitude of less than
0.3 mag will push an object towards large values of PC 1. In contrast,
all variability in the light curve above an amplitude of 0.3 mag
pushes the object towards smaller PC 1 values. Thus, a theoretically
non-variable light curve would appear at very large PC 1 values. A
high-amplitude light curve with stochastic variations on very short
time-scales will be placed at very low PC 1 values. Light curves that
start to vary on a given time-scale will be placed in between the two
extremes.

We find that PC 1, derived from our sample of highly variable
YSO light curves, therefore primarily reflects the time-scale for the
onset of significant variability (exceeding 0.3 mag). This indicates
that the timing of the onset of such variability serves as the most
effective distinguishing feature among these light curves. The largest
contributions to PC 1 (i.e. the highest absolute values in the loadings
matrix) occur at time-scales between one and three months. This
range is consistent with the findings of Rigon et al. (2017), who
reported that most Class II YSOs exhibit low-amplitude (below 0.3
mag) optical variability driven by rotational modulation on time-
scales of a few weeks. In contrast, stronger, longer-term variability
associated with the inner disc and accretion processes affects roughly
one-fifth of the population. Our results thus confirm that the onset
of this additional, larger-amplitude variability typically occurs on
time-scales of one to three months.

The loadings matrix for PC 2 (right panel in Fig. 10) is different.
It is composed of pixel values close to zero for all time-scales below
about 1.5 yr. Thus, for the placement of an object along PC 2, only
the long-term behaviour of the light curve matters. In particular, light
curves that show long-term brightening (i.e. negative AV values) will
be placed at lower PC 2 values. Light curves that show long-term
dimming behaviour have higher values of PC 2.

The loadings matrices derived from the sample of YSO light curves
remain qualitatively and quantitatively consistent across varying
conditions. Specifically, the choice of filter, the resolution of the
fingerprints, and the threshold applied to the variability indices have
no impact on the interpretation of the loadings matrices. As a result,
replacing a single object in the sample produces only negligible
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Figure 10. Loadings matrices of the 9 x 16 adaptive pixel fingerprints for principal component 1 (left) and principal component 2 (right). The colour scale
shows how much each pixel value contributes to the positioning in the fingerprint landscape.

changes to the loadings matrices, accounting for the landscape
stability described in previous sections. However, introducing a
sample with substantially different characteristics, such as non-
variable sources or a dominance of pure sine wave light curves, might
alter the loadings matrices, potentially affecting the interpretation of
PC 1/2.

The loading matrices for PC 1/2 can now also help us understand
the systematic placement of sine-wave-like light curves in the
landscape, as seen in Fig. 8 and discussed in Section 4.4. All these
individual model light curves have been placed into the sample one by
one. Thus, the loading matrices for each case are almost identical to
those shown in Fig. 10. The placement of the sine waves along PC 1 is
hence easy to understand. The variability in these light curves starts at
time-scales of the order of a quarter of the period. Thus, the longer the
period, the more non-variable does the light curve appear at shorter
time-scales, and the further it is moved towards higher PC 1 values.
If we create the same plot as in Fig. 8 but use 0.5-mag amplitude
sine waves, then the models are systematically placed towards larger
PC 1 values compared with the 1-mag amplitudes. This again is
understandable because more of the detectable variations will be at
amplitudes below 0.3 mag, which cause the objects to move towards
larger PC 1 values. Along PC 2, the sine wave models systematically
move towards larger values with increasing period. The long-term
behaviour of the sine waves should be symmetric. However, there is
a subtle feature in the loadings matrix for PC 2. For all time-scales
below about 1.5 yr, variations of low amplitude cause a shift towards
positive PC 2 values. The longer the period in the sine wave, the
more likely we find low-amplitude variations at shorter time-scales,
explaining the systematic shift. This feature is more evident in the
higher-resolution maps.

5 CONCLUSION

We have refined the treatment of photometry in our inhomogeneous
HOYS data set. Building on the standard calibration established in
Froebrich et al. (2018) and Evitts et al. (2020), we exclude unreliable
photometry near bright stars and from images with tracking issues.
Additionally, potential photometric outliers in colour—magnitude
space are identified and removed from the analysis. Using our
previous astrometric selection of ~3000 members in the monitored

young clusters (Froebrich et al. 2024) and long-term V-, R-, and /-
band photometry, we identify a sample of 240 highly variable YSOs.

We construct variability fingerprints from the light curves of
these sources, mapping the probability that an object varies by a
given amount over a given time-scale. This enables a quantitative
comparison of the variability statistics of stochastically varying
sources with randomly sampled light curves. Our data allow us to
probe variability from £0.05 to £2.0 mag on time-scales from 1d
to 8.6 yr. Over 90 per cent of the fingerprints achieve an S/N ratio
above three, with low-S/N regions confined to short time-scales and
large amplitudes. Fingerprint uncertainties closely follow Poisson
counting statistics.

Applying various dimension reduction and clustering techniques,
we assess whether fingerprints form distinct groups and whether
individual objects maintain stable relative positions when modifying
the sample. Our analyses show that fingerprints create a continuous
distribution rather than discrete clusters, consistent with a sample
exhibiting variability from multiple physical processes, including
accretion rate changes, line-of-sight extinction variations, and spot-
ted stellar surfaces. However, objects close together in the landscape
have similar light-curve morphologies.

We find that dimension reduction via #-SNE does not yield a stable
landscape due to its non-linear nature. Individual object positions
shift significantly when modifying the sample, though the large-
scale structure remains recognizable. Conversely, PCA produces a
highly stable landscape where adding or altering a single object
results in only marginal shifts of the remaining points. This stability
allows us to incorporate model-generated fingerprints and assess their
placement relative to observations.

To test this, we simulate simple sinusoidal and burster/dipper light
curves with varying HOYS cadences and randomized phase shifts.
These models occupy a limited region of the observed landscape,
indicating that observing time, cadence, and photometric errors do
not significantly affect an object’s placement.

Analysis of the PCA loadings matrices shows that the primary
source of variance among fingerprints derived from highly variable
YSO light curves is the time-scale at which significant variability
(exceeding 0.3 mag) begins, with time-scales of one to three months
being the most prominent. The second most important contributor
to the variance is long-term behaviour, specifically gradual fading or
brightening trends occurring over time-scales longer than 1.5 yr.
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These results demonstrate that PCA of variability fingerprints
provides a robust, quantitative method to compare the variability
statistics of observed YSO light curves with artificial light curves
derived from models of the underlying physical processes.
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Figure A1. Example HOYS light curves. Each row contains two examples of light curves that are in close proximity to each other in the fingerprint landscape.
In the top row, we have two sources with low PC 1 values, the middle row contains objects with intermediate PC 1 values, and the bottom row shows light curves
with high values for PC 1.
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