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VarWISE: Infrared Variability via NEOWISE Single Exposure Photometry
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4 ABSTRACT

5 The Near-Earth Object Wide-field Infrared Explorer (NEOWISE) mission provides a decade of all-sky time-
6 series data at 3.4 and 4.6 pm and an unprecedented opportunity for the discovery and characterization of variable
7 objects. This paper presents VarWISE, a catalog of infrared-variable objects discovered within the NEOWISE
8 single-exposure data. We employ unique methodologies, including the spatial clustering of apparitions and the
9 adoption of novel machine learning-based variable detection (VARnet) and classification (XGBoost) to identify
10 and characterize significant variability. The catalog includes a prediction of variable object type and best-fit
1 period values for each object, if its variations are cyclical, along with other calculated parameters to characterize
12 the nature of the variability. The VarWISE Pure Catalog, containing only variables of highest confidence, has
13 457,080 objects, 49.81% of which are new discoveries; the VarWISE Extended Catalog, containing all sources,
14 has 1,918, 082 objects, 82.02% of which are new. We discuss caveats for each variable type and highlight a few
15 new objects found during a quick perusal of the catalogs’ contents.

16 Keywords: Sky Surveys (1464) — Time Domain Astronomy (2109) — Infrared Astronomy (786) — Classifi-
17 cation (1907)

18 1. INTRODUCTION a3 sition. Current and future surveys include the Optical Grav-

s+ itational Lensing Experiment (OGLE; Udalski et al. 2002),
the Zwicky Transient Facility (ZTF; Bellm et al. 2019), the
ss Panoramic Survey Telescope and Rapid Response System
(Pan-STARRS; Chambers et al. 2016), the All Sky Auto-
s mated Survey (ASAS; Pojmanski 1997), SkyMapper (Keller
et al. 2007), the Asteroid Terrestrial-impact Last Alert Sys-
tem (ATLAS; Tonry et al. 2018), the Catalina Real-Time
Transient Survey (CRTS; Drake et al. 2009), the Legacy Sur-

19 Variable stars hold a special place in astronomical research.
20 Their existence allows us to measure fundamental stellar pa-
rameters, thus providing important tests of theory. Eclips-
22 ing binaries, for example, have been used to directly measure
23 masses and radii of stars (see Torres et al. 2010), and varia-
tions due to starspots rotating into and out of view can, when
s combined with spectroscopic measurements of line broad-

26 ening, give the inclination of the star relative to our line of i i
sight if its radius is known (e.g., Vos et al. 2017). Although 2 Vey of Space and Time (LSST) from the Vera C. Rubin Ob-

2 such direct empirical measurements are crucial, variables % Servatory (Ivezi¢ et al. 2019), and the VISTA Variz.lbles in
2o have been used to unlock far bigger secrets across the cos- = Via Lactea (VVV) survey (Minniti et al. 2010). Time do-
% mos as well. The realization that a Cepheid’s pulsation pe- ~  Main surveys are also being done from space, two highly suc-
riod is a function of the star’s luminosity enabled astronomers ~  Cessful examples of ‘.’Vhwh are Gaia (Gaia Collabor.atlon etal.
to prove that the Milky Way was not an island universe but 2016) and the Transiting Exoplanet Survey Satellite (TESS;

just one galaxy among countless others (Hubble 1929). More Ricker et al. 2015). )
luminous than Cepheids, type la supernovae have been used s All of these surveys, however, observe at optical or very

as standard candles to measure distances to far more distant ~ ® hear infrared wavelengths. In this paper, we strive to
galaxies and have revealed that the universe’s expansion is 1fient1fy variable star (and galaxy) candidates using long
o accelerating (Riess et al. 1998) e2 time-baseline all-sky mid-infrared data from the space-based

% A necessary first step in each of these processes is find- es Near-Earth Object Wide-field Infrared Explorer NEOWISE;
ing such variable sources to study further. Fortunately, we e« Mainzer et al. 2014), which observed at 3.4 and 4.6 um. Such
are entering a golden age of time domain astronomy wherein es data can penetrate the dust that obscures many cloaked vari-
large areas of sky are being monitored from the ground night s able sources at shorter wavelengths — by dust either in their

after night to search for objects varying in brightness or po- ez own environs or dust in the Zone of Avoidance in the Milky
es Way. Because it is a space-based telescope, NEOWISE pro-
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vides another advantage — the photometry is very stable, par-
ticularly in W1. As shown in the NEOWISE Explanatory
Supplement', the variation in the W1 photometric zeropoint
offsets are <<0.01 mag throughout the entire Reactivation
mission. The decade-long time baseline of the NEOWISE
Reactivation mission, late-2013 through mid-2024, provides
a powerful lever arm to search for variability on hourly to
multi-year timescales. Notably, Kang et al. (2025) also
studied NEOWISE data from the entire mission, but in-
stead used a coadd-derivative (Meisner et al. 2023) pho-
tometric dataset and relied on unsupervised methods for
variable classification.

Briefly, the NEOWISE Reactivation mission (hereafter,
NEOWISE-R) observed each patch of sky every six months.
In each six-month window, a position was observed around a
dozen separate times within a few-day window and was not
seen again for another six months. (This is strictly true only
near the ecliptic plane. Because of the ecliptic polar orbit
of the spacecraft around the earth, the number of observa-
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which some variables may be effectively studied with WISE
data, as other NEOWISE data products involve image co-
additions or temporal smoothing which necessarily destroys
some high-frequency information such as transient events
and short-timescale variables. We aim to retain the maximum
possible quantity of “reliable” photometric observations of
all sources.

1.2. Data Filters

In order to improve data quality, we adopt some baseline
filters and conventions on the single-exposure photometry
prior to our first step (see §2). Most importantly, we only
consider apparitions with a W1- or W2-band S/N of at least 4.
This massively improves the purity of the table and removes
a large portion of low-quality spurious detections, particu-
larly of nebulosity. Additionally, we only consider appari-
tions without any processing pipeline-detected artifact flag-
ging, e.g. cc_Flags == 0000. However, we find that the
included artifact flag is not complete, and significant artifacts
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tions and the visible observing window increased toward the 1
ecliptic poles, and the time between each observing epoch 13
decreased.) In total, each patch of sky will have roughly 1 the data in an attempt to mitigate these artifacts and spurious
twenty-one separate epochs of data in the archive?, with typ-  1as variable detections arising thereof. Finally, we exclude some
ically twelve or more observations per epoch. Observations 13 regions * around the ecliptic poles. Due to the spacecraft’s
were acquired simultaneously at the W1 (3.4 ym) and W2 157 polar orbit, these regions are observed on nearly every orbit
(4.6 ym) bands. See the NEOWISE Explanatory Supplement 13 during the survey and thus have an extremely high cadence
for more details’. 139 and thus extreme data density. As these regions are relatively
small in WISE, roughly 0.065% of the sky, we have made
the decision to exclude them from this study, as the computa-
tional challenges are vastly different at such a high cadence.
Discovery in these regions is better suited to a more narrowly
focused study.

145 After clustering (see §2) but prior to any variability anal-
ysis, we impose further filters on the data. We filter out
points which originate from a frame of poor quality, gen-
erally indicative of streaked images (qual_frame > 0),
and points which have a W1-band photometry fit chi-squared
value exceeding 10, indicating a poor profile fit. After this
filtering, we discard points which are greater than 4 standard
deviations away from the mean in W1, to reduce the effect of
extreme outliers. Empirically, we find legitimate transients
peaking above +4c¢ are also observed at elevated but sub-
40 brightness across multiple epochs, thus their detection is
minimally impeded.

remain beyond this step. Many further, more specific filtering
techniques have been employed throughout our processing of
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1.1. NEOWISE Data 14
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Through contributed and official datasets, there are many
avenues by which to access and analyze the NEOWISE mis-
sion data (Meisner et al. 2023; Schlafly et al. 2019). How-
ever, the most granular and expansive form of the data is the
NEOWISE-R Single-Exposure (L1b) Source Table, contain-
ing photometry extracted from all exposures taken by the in-
strument. It consists of 199, 762,421,143 rows, each row
hereafter referred to as an apparition. Each apparition con-
tains the astrometric and photometric information pertaining
to a detection of a point source on a per-exposure basis (a
single point in time). Due to observational noise, the mea-
sured position of each apparition differs slightly (typically
< 1%) from the “true” position of the source, necessitating
methodology to collect all apparitions which pertain to a sin-
gle object (see §2).

Despite the lower signal-to-noise (S/N) ratio of these
single-exposure data, this source table is the only way by
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157 2. SPATTAL CLUSTERING OF THE
158 SINGLE-EXPOSURE SOURCE TABLE

159 The single exposure source table consists of apparitions:

!'See Figure 3 at https:/irsa.ipac.caltech.edu/data/WISE/docs/release/ 160 photometric data corresponding to a singular timestamp. As
NEOWISE/expsup/sec4_2d.html#monitor_zero

2 https://irsa.ipac.caltech.edu/applications/Gator/

3 https://irsa.ipac.caltech.edu/data/ WISE/docs/release/NEOWISE/index. 4 At HEALPIX partition order 5, ring partition numbers: 8448, 9728,
html 4010, 2559, 4460, 9386, 2901, 8277, 3839


https://irsa.ipac.caltech.edu/data/WISE/docs/release/NEOWISE/expsup/sec4_2d.html#monitor_zero 
https://irsa.ipac.caltech.edu/data/WISE/docs/release/NEOWISE/expsup/sec4_2d.html#monitor_zero 
https://irsa.ipac.caltech.edu/applications/Gator/
https://irsa.ipac.caltech.edu/data/WISE/docs/release/NEOWISE/index.html
https://irsa.ipac.caltech.edu/data/WISE/docs/release/NEOWISE/index.html
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VARWISE 3

a result, all collected data pertaining to a source on the sky
are scattered as different apparitions whose association with
one another as the same object is assumed via angular prox-
imity on the sky. One option to associate these apparitions is
via a crossmatch to a catalog of infrared sources such as All-
WISE or unWISE using a radius between 2% and 5%. How-
ever, these catalogs are not directly comparable to a single-
exposure source table. For example, a very close double star
may be resolved in coadded data products but not in any sin-
gle exposure, or a transient event may not be visible in the
coadded data at all. Therefore, we opt to rely solely on the
information contained in the single-exposure source table to
perform our associations.

2.1. Density-Based Clustering

There are many algorithms developed expressly for appli-
cations similar to ours, with various different advantages and
drawbacks. However, after consideration of many such al-
gorithms, we have chosen DBSCAN (Ester et al. 1996) for
the following reasons: It does not require an initial guess
for the quantity of clusters, it distinguishes points which are
likely spurious versus legitimate, and it can be rigidly de-
fined/tuned with parameters. The fact that DBSCAN oper-
ates using fixed parameters gives a tangible advantage over
similar density-based clustering algorithms such as HDB-
SCAN (Mclnnes et al. 2017) and OPTICS (Ankerst et al.
1999), as shown in Figure 1. Using knowledge of how the
data are constructed with profile-fitting photometry allows us
to make strong assumptions about which apparitions are re-
lated, and what constitutes a sufficiently dense cluster. These
considerations yield an € reachability radius of 0.85 arcsec-
onds implemented with the haversine angular distance met-
ric and a minPts parameter of 12 apparitions. See Ester et al.
(1996) or Paz (2024) for details.

2.2. HEALPix Partitioning and Parallelization

At this computational scale, memory transfer overhead
and capacity begin to create significant challenges. In or-
der to manage data-in-memory and mitigate the number of
distance metric evaluations (down from N?), a spatial par-
titioning of the dataset should be adopted. We utilize the
order-5 Healpix (Gérski et al. 2005) partitioning of the NE-
OWISE Single Exposure Database that is provided by IRSA.
These 12 45 = 12288 partitions cover 3.36 square degrees
apiece and range in size from 1.4 to 108 gigabytes. This par-
titioning admits a natural parallelization, heavily leveraging
parquet PyArrow queries to mitigate data management over-
head. However, these order-5 partitions still prove to be too
large in some cases. We employ an adaptable higher-order
partitioning before operating on the data, in conjunction with
an edge-case routine as follows.

Using an order-5 HEALPix pixel as our frame of reference,
we further partition into orders 6 to 8 depending on the den-
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Figure 1. Comparison of clustering algorithms after tuning. Illus-
trated here is a small region within the Ophiuchi Cloud complex,
containing a particularly high number of spurious apparitions due
to nebulosity and artifacts from nearby bright stars. (a) Individual
apparitions, shown as black points. In the following panels, the
color coding shows the corresponding clusters identified by (b) DB-
SCAN, (c) HDBSCAN, and (d) OPTICS.
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HEALPix Order

0 2 5 7 10

Figure 2. HEALPix partitioning. On the left is a HEALPix tessella-
tion of the sky at order O (yellow) with one pixel further subdivided
at order 2 (light green). A single order-5 pixel is included for scale.
On the right is a zoom illustrating an order-5 pixel (dark green) rep-
resenting a NEOWISE partition. A working partition is shown at
order 7 (dark blue) along with its border pixels. The border pixels
are shown at order 10 (purple) rather than 13 to make them more
visible.

sity of the data as to accommodate for memory limits. In
order to account for astronomical objects which appear very
close to the boundaries of the working partition, we include
all bordering HEALPix pixels at an order of 13, affording
roughly 25 arcseconds of padding. This is illustrated in Fig-
ure 2. We only record clusters whose centroids > lie within
the current working partition, not within the added border
padding, as not to double-count any clusters.

2.3. Results Yielded from Clustering

In total, clustering was completed in a wall time of 91
hours across 308 cores (Xeon 2nd Gen), for a total of 28, 028
core-hours. The operation yielded 456,124,525 clusters.
These objects correspond to 98,458,937, 050 rows out of a
total 188, 876, 840, 852 in the single-exposure table®. This is
in contrast to the 747,634, 026 objects contained in the offi-
cial AIIWISE source catalog (Cutri et al. 2013). We acquire
fewer sources than this catalog in part due to source confu-
sion — density-based clustering will not be able to separate
very proximal point clouds or point clouds that were gener-
ated from a consistently unstable photometric fitting (unre-
solved doubles). AIIWISE is also based on detections made
and extracted from all exposures covering an object, whereas

5 We calculate the centroid of a cluster of apparitions using the mean of 3-
dimensional unit vectors on the celestial sphere, subsequently projecting

back onto right ascension and declination.

© This number differs from the total given in Section 1.1 because we used
only Year 1 through Year 10 data, as the (partial) Year 11 data were not yet

available at the start of this project.
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VarWISE is based on the depth of the single-exposures, and
this will be significantly shallower than AIIWISE. Single-
exposures also thus not afforded the luxury of consistent de-
tection of objects below 16.0 magnitude in W1, which ac-
counts for 422, 263, 350 objects in the AIIWISE catalog. Per-
haps the most significant deficiency in source density from
clustering arises on the Galactic plane near the Galactic Cen-
ter. In this region, source confusion grows to an extreme
level, to the point where the vast majority of sources are
not resolved in single exposures. Image coaddition affording
higher spatial resolution in this region, coupled with adapted
profile-fit photometry, allows AIIWISE (and other coadded
products) to resolve objects in the most dense regions of the
sky. This bias in our prior distribution of sources is responsi-
ble for an artificial thinning of variable detection density near
Galactic latitude O .

3. VARIABLE DETECTION
3.1. First-pass Variable Flagging

Included with the release of AIIWISE data (Cutri et al.
2013) was a variable flag corresponding to a rather deep
view of WISE-visible objects in the much shorter duration
of the primary WISE survey. However, a significant portion
of all NEOWISE-detectable infrared variables would be ex-
cluded from AIIWISE, due to its shorter observational time
span of roughly one year (07 Jan 2010 through 01 Feb 2011).
Therefore, we devise our own methodology to detect variable
sources.

We utilize VARnet (Paz 2024), a deep learning and sig-
nal processing model formulated expressly for the purpose
of analyzing light curves for low-SNR variable phenomena,
highly applicable to the task of NEOWISE variable analysis.
Specifically, we use the same VARnet model as is trained in
Paz (2024) as a first-pass classifier, categorizing each source
into one of three purely morphological categories:

1. Null: No apparent variability.

2. Transient: Variability attributable mostly to a single
event.

3. Continuous Variable:  Variability that continues
throughout the entirety of the NEOWISE light curve.

We discard null classifications, but separate transient and
continuous variable classifications for further subclassifica-
tion.

We have made the simplifying choice to only analyze W1-
band variability in this step. W1 photometry is consistently
deeper, and we find that variables in W2 are almost always
detectable, if not more apparent, in W1.

After evaluating all 456 million clustered objects with
VARnet, 40 million objects are flagged as either transient
or continuous variables. Through inspection, we determined
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283 that the agged objects contained legitimate variables at: too heavily rely on auxiliary data which may not be available
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high con dence scores, but, as con dence decreased, alse
contained numerous detections that were either spurious e
very low S/N. Alongside con dence thresholding, we alsosso
checked against a validation set of variable objects to derive:
traditional statistical thresholds that aid in the puri cation 0f s
this list:

For cont. variables: igr(dw1) > B+2 )3,
if Nyw, > 120

max(Jwi1) > (5+5 )75,

334

335

336

For transients: =

Q

if Ny, > 20 338

339
where

34

S

341

* igr is the interquartile range.

342

* J isthe ux time series set.

343

* n is the number of elements in the set. 344

e ; isthe ux error time series set. 345

346
* isadynamically scaled parameter.

34

[

We also observed a signi cant increase in the frequency of?®
false positive detections nearing the Galactic plane. This ¥’
in part simply due to an increase in source density; howevet?
the effects of source confusion from crowding become very™*
apparent approaching the Galactic Center. Therefore, to B2
more strict, we linearly scale our threshold variablgto run ~ **
from 0 at Galactic latitude 10 to 1 at Galactic latitudé® .

After Itration using these thresholds, we acquired a purer®
total of 2;028 986 variable candidatesy3;490 of which ~ °
were classi ed as transient events, ati®55 496 as con-
tinuous variables. A nal Iter removes sources that saturate®™
at W 1 for magnitudes brighter thart5 mag. In 84, we at- *°
tempt to make a classi cation for all; 918 082 objects that
remain.

354

357

360

361

4. CLASSIFICATION
4.1. Taxonomy

362
363

Our taxonomy consists of nine claséespanning multi- **

ple types of phenomena. Our classes are primarily choséfi
based on our ability to reliably discern — from other classe&®
and from bogus variability — their light-curve morphology, >
either from the raw light curve or a phase-folded one. Most”
of our classes encompass or merge more speci ¢ populatiorid
of astronomical objects, but those subclassi cations would™

either degrade the reliability of some of our predictions, of™
372

373
7 Along with a tenth, non-physicalunclear class used as a fallback for s74

uncertain classi cations (confidence < 0:4). s

for some WISE (infrared) objects. One example is using the
Gaia parallax to calculate intrinsic luminosity. Table 1 out-
lines each class, a list of signi cant subtypes that are encom-
passed by the class, a short description, and citations to prior
catalogs from which we have drawn training examples.

4.2. Crossmatch-Determined Class®s andsn

Regarding the classi cation of variable objects as cata-
clysmic variables (CV) or supernovae (SN), our approach is
relatively simple. Given that WISE observes very few stellar
phenomena outside our own Local Group, if we can identify
a transient event with a known galaxy, we can sensibly as-
sign it the class of SN. Conversely, if we nd that a transient
event lies within our Local Group, it is likely to be some sort
of CV-related event, e.g., stellar nova or young stellar object
(YSO) eruption.

Thus, we perform a crossmatch to known extragalactic
sources using the Gaia DR3 catalogs of galaxy candidates
and QSO candidates, puri ed using the query constraints pre-
scribed in Gaia Collaboration et al. (2023). Notably, the pre-
scribed lIters avoid the Galactic plane for purity, meaning
that we acquire nen detections there. We select a cross-
match radius 02% as determined by an analysis of angular
distances between known WISE extragalactic objects and the
aforementioned Gaia extragalactic objects.

Association with an object in one of these extragalactic cat-
alogs would also be a reasonable method to identify active
galactic nuclei (AGN). However, WISE is particularly well
suited to detecting these objects as new discoveries, and we
are able to effectively identify them using other characteris-
tics. By not performing the association check, we maximize
the likelihood of new AGN discoveries.

4.3. Acquisition of Variable Source Training Examples

After the step taken in 4.2, all remaining objects are con-
tinuously variable stars and galaxies. The remainder of our
agged variable objects will again be subject to supervised
machine learning in order to determine which of the classes
cep,Ir ,lpv ,ea,ew,yso, oragn they most nearly belong
to. Therefore, we need to acquire examples corresponding to
each type in order to train a model. We have primarily chosen
to use objects detected in the generalized Gaia variability cat-
alog courtesy of Rimoldini et al. (2023) and the ZTF source
classi cation project courtesy of Chen et al. (2020). Supple-
menting these catalogs, we also make use of Gaia specic
object studies (Distefano et al. 2023a,b; Ripepi et al. 2023;
Clementini et al. 2023) for classeep, rr , andlpv , re-
spectively. Chen et al. (2018) also provides a useful set of
known periodic variables that are visible in NEOWISE data
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Table 1. Overview of VarWISE variable types

Label Type Subtypes included Description Catalogs used as
within this type training sets
cep Cepheid Variable Cepheid type | and type Il, Pulsating stars exhibiting (Chen et al. 2020),
Sct-type long-period, sawtoothed (Ripepi et al. 2023),
variability (Rimoldini et al. 2023),
(Chen et al. 2018)
rr RR Lyrae-type Pulsator RRab, RRd Pulsating stars exhibiting (Chen et al. 2020),
short-period, sawtoothed (Clementini et al. 2023),
variability (Rimoldini et al. 2023),
(Chen et al. 2018)
Ipv Long Period Variable Mira, semi-regular, RV Tauri- Pulsating stars with continuous (Distefano et al. 2023a),
type variables and signi cant variability, (Chen et al. 2020),
often reddened (Rimoldini et al. 2023)
cv Cataclysmic Variable Novae, eruptive variables, YSO  Transient activity not originating
outbursts near an extragalactic source
ea Algol-type Eclipsing Detached eclipsing binary Transit signals, typically exceeding (Chen et al. 2018),
Binary systems 24h in period, without continuous (Chen et al. 2020)
variability otherwise
ew W Ursae Majoris-type a-type, w-type Lyr-type Transit signals, typically 2d (Chen et al. 2018),
Eclipsing Binary eclipsers in period, showing continuous (Chen et al. 2020)
sinusoidal variability
yso Young Stellar Object Many types of protostars, Continuously and signi cantly (Rimoldini et al. 2023)
somewhat contaminated by varying, often reddened
irregular variables
agn Active Galactic Nucleus QSO, Seyfert, AGN, blazar Continuous and irregular variability (Gaia Collaboration et al. 2023)
consistent with accretion.
sn Supernova Supernovae of type | and II, tidal ~ Transient activity originating near

disruption events a known extragalactic source

ars (limited, up to 2018), that we incorporate into classes a0 employ some quality-assurance statistics that, while reducing
a7 Cep, ea, andew. 31 the number of examples available to us, remove abnormally
s We perform a crossmatch between our list of NEOWISEs. poor training examples.

e variables and objects in these prior catalogs. A radiu@®f

s was determined as a rough compromise between the rel&:
w1 tively large WISE pixels 06%and the ner Gaia and ZTF s  For source classi cation, our algorithm of choice is XG-
se2 resolutions. Even for the case where Gaia or ZTF is able tes Boosf (Chen & Guestrin 2016). We opt for a tree-based
ass resolve multiple objects where NEOWISE cannot and wheres algorithm, as it is best equipped to analyze a set of features
a4 Only one of those objects is truly variable, one might hopes: of many different types. XGBoost has been shown to be rel-
s that the signal of the one variable source in the blend is stilks atively easy to train and is particularly well suited to clas-

s suf ciently strong in NEOWISE photometry that we detectss si cation problems in which some classes have signi cantly
a7 it. However, in some cases, these prior catalogs report vario fewer examples than others.

s able objects very close to one of our false-positive detections,

s leading to poor training data. Prior to training, therefore, we

4.4, The XGBoost Algorithm

3

3

©

3

©

8 https://github.com/dmlc/
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s In short, the XGBoost algorithm works by constructing asss 8

w2 series of regression trees, where the output of each tree in 20 min jpc pij< 2

w3 the sequence attempts to predict and account for the errats Sp(pi) = S kel (3)
w04 of all previous trees. Through this technique, titled gradient = S(p) min jpc pij > =

«s boosting, XGBoost is able to perform a logistic regression
«s t0 the training set of data while mostly minimizing over t- «° Where
w07 ting. The following subsections (84.5, 4.6) outline the origin o

X . ek<i =) S < S(pi
«s and choices of features that we provide to the XGBoost al-" ) (Pe) (pr)
a0 gorithm in order to evaluate the type of each object, and thg, « 1 is chosen to b& empirically
40 CUmulative list is displayed in Table 2.

453 4.6. Object Features
454 4.6.1. Statistical Features

412 4.5. Period Search

a5 One of the most important pieces of information for anys Ve provide the model with information about the disper-
. Classi cation of variability is the best- t period value. We *° Sion of magnitudes across the light curve via

a5 conduct a comprehensive period search for all objects cate-
gorized in §3.1 as continuous variables, leveraging a version
a7 of the Plavchan periodogram (Plavchan et al. 2008). o8 — _ _
as  Consider a phase-folded light curvet 2 [0; p) on period .. iqr = q (0:75) - q (0:25)

as . Generate a boxcar-smoothed counterpanvith smooth- , i90r = q (0:90) q (0:10)
220 ing window size 2 (0;1):

i60r = g (0:60) q (0:40)

41

o

X %2 Some other simple statistics provided to the model include
_ 1 . . . .
. =P w () L - the median ab;olute deviation of ux, t'he skew and kurtosis
«a Of ux, the median and standard deviation of the W1 pro le-
«s t chi-squared values, and the median and median absolute

@ where E o i sss deviation of ux uncertainty. We also provide the ratio be-
oo wy, (1) = 1 it tj<p « tween the interquartile range and median ux error to convey
' * 0 otherwise 48 variability signal-to-noise.

s If we assume that an object with no real variability should

- . . 4
s Our periodogram value for this phase fold is .e.qual _t0470 be well-modeled by a Gaussian distribution around a mean,
« the squared error between the smoothed and original igt -hecking the validity of this assumption should be a useful

«27 CUIVES. w22 metric in determining how variable the object is. Therefore
428 X _ 2 a3 we include the chi-squared value of the light curve ux dis-
42 E(p) = o (2) .. tribution versus the corresponding Gaussian distribution with

I
0 The nal periodogram powe$(p) is simply the z-score of
s E(p) with respect to alP. 7
= We utilize a window size of = 0:1, which strikes a , 1 Yp) Pf( )2 pg’
s balance between the tting of sharp variability (EA-type *”’ T 1(p) dp (4)
a3 eclipses) and smooth uctuation (Cepheids, RR Lyraes). We
ss nd this periodogram to be effective across all types of pe< Historically, Stetson's variability indices (Welch & Stetson
ws riodic variability. For our set of trial periods, we construct«s 1993; Stetson 1996) have been used to detect and character-
= a grid across several density regimes (Table 4), for a totaf iz€ variability from the distribution of light curve ux. They
s Of 441,300 periods. We range from:1d as the minimum < are de ned for a one- Iter light curve as follows:
30 period for which we can consistently detect periodicity with
o this method, up td00Qd, as we have unddi000days of time
42 baseline.

475 itS mean and variance.

476

"1 X )?
483 | = 3

2
N 1i:1 i

484

w3 After acquiring signi cances for all periods in the trial set, Wksgn(Pk)p P
1

22 We then apply a radius-excision operation to distinguish be- gz ks
s tween different peaks in period signi cance, using a radius of* - P W
ws 12.5%. The rst and second best periods are retained, along k=1 K

«7 With the rst signi cance value. 486
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Table 2. Features provided for XGBoost training and inference.

Name Category Description

w2color Colors / Physical W2 - W1 band color

w3color Colors / Physical W3 - W1 band color

wdcolor Colors / Physical W4 - W1 band color

jcolor Colors / Physical J - W1 band color

hcolor Colors / Physical H - W1 band color

kcolor Colors / Physical K - W1 band color

period _1 Periodicity Best- t period

period _2 Periodicity Second best- t period

period _1_sig Periodicity Signi cance of best- t period

period _2_sig Periodicity Signi cance of second best- t period
mean.chi _2 Photometry Statistics Mean reduced pro le- £ of measurements
std _chi 2 Photometry Statistics Std. dev. of reduced pro le- £

median _uncertainty Uncertainty Median ux uncertainty

mad.uncertainty

igr _unc _ratio
ivn

gaussian _chi _2

i60r
i75r
i90r

median _abs _dev

Uncertainty

Uncertainty

Flux Statistics
Flux Statistics
Flux Statistics
Flux Statistics
Flux Statistics
Flux Statistics

MAD of ux uncertainty

IQR divided by median uncertainty

Inverse von Neumann ratio

Deviation from Gaussian amplitude distribution
60-40 percentile ux range

Interquartile ux range (75-25)

90-10 percentile ux range

Median absolute deviation of ux

skew Flux Statistics Flux skewness

kurt Flux Statistics Flux kurtosis

stetsonl Flux Statistics Stetson | variability index

stetsonJ Flux Statistics Stetson J variability index

stetsonK Flux Statistics Stetson K variability index

fourier _rmse Lightcurve Morphology RMSE of 4-harmonic Fourier t

fourier _al Lightcurve Morphology Amplitude of rst harmonic

fourier _a2 Lightcurve Morphology Amplitude of second harmonic

fourier _al2 Lightcurve Morphology jar=apj amplitude ratio

fourier _al4 Lightcurve Morphology jaa=asj amplitude ratio

fourier _p21 Lightcurve Morphology Phase differenpe  2p1

N; F i 27 We adopt a simple Fourier-series approach inspired by Chen
. K = gL a8 et al. (2020). Consider a light curve with phase-folded
P, 99 timestampg; 2 [0; 1). We de ne a sine Fourier series with
N so0 K = 4 terms.
501
s Where )
489 P = X - 1 sz Fozag; a1 (X)= @t g sin2ix i+ i) (5
I -
%0 X 503 =
a1 sgn (x) = ixi s04 =argmin jiF (t)  ijj?
w2 andwy are sample weights, which we setito sos  The individual values of the t coefcients for ampli-
sos tude and phase do not necessarily have any intrinsic mean-

493 4.6.2. Folded-Morphological Features

so7 iINQ; however, their ratios provide rich information about
«« The specic morphology of a well-phase-folded wave-ses light curve morphology. For example, we expect the value
«s form is an extremely dominant factor in classi cation (Igor see Of @43 = as=a to increase as variability “sharpness” in-
w6 Soszyiski & OGLE Team n.d.). To extract these featuresso creases, indicating that the Fourier series needs higher fre-
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Table 3. Variables used in the equations of 84.5 and 4.6 522
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Expression De nition 524

525

i Flux value of theith point in the light curve, e

ordered by corresponding timestamp

Number of observations

i Flux-uncertainty of théth point in the light curve,
ordered by corresponding timestamp
Corresponding timestamp of thh point, in order
Trial period

A set of trial periods

Period Signi cance / Power

Inverse Gaussian CDF function (probit function)
Quantile function of the the light curve magnitude
distribution

Window size

Plavchan smoothing error on peripd
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Table 4. Piecewise period sampling grid

Range Start Range Efld Step Interval

(day) (day) (day) 47

548

549

0.1 5 0.000025 .

5 15 0.00005 -

15 30 0.0005 o
30 100 0.005

100 500 05 55

500 1000 1 o56

8These ranges are upper-exclusive. Thus,

999d is actually the maximum period.

o
3
S

quency terms to converge on the proper waveform. We ir?
clude the ratios4;, a»;, andpy; as features for supervised ¢
classi cation. Furthermore, the nal root mean squared errof*
of the Fourier series tis included. 56

@

56

>

4.6.3. Auxilliary Features

2

56

In addition to light curve morphology, physical parameters®
with information not contained in the light curve data can®™®
also be critical to determining a type. Although distance and
an optical spectrum would be very powerful in determining
the object's intrinsic physical parameters, we cannot rely on
archived optical surveys to contain detections of all objects

9

that are detectable in the infrared. One of the utilities of Var-
WISE is its ability to identify infrared-only variables, typi-
cally those obscured by dust. If we were to introduce a very
powerful feature that does not generalize well to this popula-
tion, we risk a severe degradation of prediction quality where
that feature is unavailable. For this reason, we limit our aux-
illiary features to those that can be acquired from the infrared
WISE/NEOWISE and 2MASS (Skrutskie et al. 2006) all-sky
surveys.

By performing a crossmatch from our cluster centroids
back to the AIIWISE catalog (Cutri et al. 2013), we primarily
aim to acquire photometric data as features. From this cross-
match, thaW1magW2magW3magW4magJmag, Hmag
andKmagare kept as features. In order to eliminate bias with
regards to apparent magnitude, we use these to form colors
instead, of the forn?Wlmag f band.

4.7. XGBoost Results

In total, we collected®10 697 variable objects from the
literature for training (Figure 3). A separate and identically-
distributedvalidation set 0f113 840 variables was used to
evaluate the convergent performance of the model on the
classi cation task, resulting in a macro-averaged F-1 score
of 0:95. The full confusion matrix is available in Figure
4. These results are as satisfactory as one can hope for, but
strong performance on a limited set of points does not guar-
antee generalization to out-of-distribution observations. One
example would be rare events or phenomena that are poorly
represented at optical wavelengths. The diversity and qual-
ity of prior training data remain the principal constraint for
infrared-variability studies: automated classi cation is only
as reliable as the data on which it was trained.

5. CONTENTS OF THE VARWISE CATALOGS
5.1. Products

VarWISE consists of two catalogs and an ancillary table,
all of which are available at the NASA/IPAC Infrared Sci-
ence Archive (IRSA). The larger VarWISE Extended Cat-
alog hasl; 918 082 signi cant variables identi ed through
the processes above. The column names and descriptions for
this catalog can be found in Table The Gaia magnitudes
for each source were taken from the VizieR version of the
third data release (European Space Agency & Gaia col-
laboration 2022). The smaller VarWISE Pure Catalog, de-
scribed further in 85.2, hatb7, 0800bjects meeting the strict
criteria shown in Table 6. The pure catalog is a subset of the
extended one, and its column names and descriptions are the
same as those in Table 5.

9 https://irsa.ipac.caltech.edu/data/WISE/VarWISE/overview.html,
also available through https://doi.org/10.26131/IRSA656,
//doi.org/10.26131/IRSA657, and https://doi.org/10.26131/IRSA658

https:
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Table 5. Columns in the VarWISE Catalog

Column Name Description Units  Format
cluster _id Internal VarWISE cluster identi cation number 119
Designation VarWISE Designation A27
ra Right Ascension, J2000 equinox deg F9.5
dec Declination, J2000 equinox deg F8.4
vartype Predicted variable tyﬁ% A7
confidence Con dence in the predicted variable type F6.4
variability _snr Ratio of the span between 95th and 5th percentile of ux to the median ux error F6.3
periodl Value of the best- t period day F10.6
period2 Value of the alternate t period day F10.6
period _significance Plavchan-type power of the phase folding fariod1 F7.3
suspect _period Flag indicating whether the period is likely an aﬁ;cls 11
W2lamp Span between the 95th and 5th percentile for the W1 magnitude mag F5.3
W2amp Span between the 95th and 5th percentile for the W2 magnitude mag F5.3
n_obs Number of NEOWISE single-exposure photometric measurements at W1 13
W1lmag Value of wlmpro from the AIIWISE Source Catalog mag F6.3
Wlemag Value of wilsigmpro from the AIIWISE Source Catalog mag F6.3
W2mag Value of w2mpro from the AIIWISE Source Catalog mag F6.3
W2emag Value of w2sigmpro from the AlIWISE Source Catalog mag F6.3
W3mag Value of w3mpro from the AIIWISE Source Catalog mag F5.2
W3emag Value of w3sigmpro from the AlIWISE Source Catalog mag F5.2
W4mag Value of wAmpro from the AIIWISE Source Catalog mag F5.2
Wi4emag Value of w4sigmpro from the AlIWISE Source Catalog mag F5.2
Jmag Value of fm from the 2MASS All-Sky Point Source Catalog mag F5.2
Jemag Value of pmsigcom from the 2MASS All-Sky Point Source Catalog mag F5.2
Hmag Value of hm from the 2MASS All-Sky Point Source Catalog mag F5.2
Hemag Value of hmsigcom from the 2MASS All-Sky Point Source Catalog mag F5.2
Kmag Value of km from the 2MASS All-Sky Point Source Catalog mag F5.2
Kemag Value of kmsigcom from the 2MASS All-Sky Point Source Catalog mag F5.2
Gmag Value of Gmag from the VizieR version of Gaia DR3 mag F5.2
Gemag Value of eGmag from the VizieR version of Gaia DR3 mag F5.2
BPmag Value of BPmag from the VizieR version of Gaia DR3 mag F5.2
BPemag Value of eBPmag from the VizieR version of Gaia DR3 mag F5.2
RPmag Value of RPmag from the VizieR version of Gaia DR3 mag F5.2
RPemag Value of eRPmag from the VizieR version of Gaia DR3 mag F5.2
PIx Gaia DR3 measured parallax mas F8.4
e_PIx Gaia DR3 measured parallax error mas F6.4
simbad _type SIMBAD variable source type A10
known _extragalactic Indicates whether object is in the Gaia QSO/Galaxy catalog (Bailer-Jones 11

etal. 20235j
blended _source Likelihood of spurious variability due to WISE source confugon F4.2
latent _artifact Likelihood of spurious variability due to WISE latent artifat:ts F4.2

8The predicted variable types are “cep’, ‘rr', “Ipv', “cv', ‘ea’, ‘ew’, "yso', agn’, ‘sn’, or “unclear'.

b Runs from 0.0 (less con dent) to 1.0 (highly con dent). Values of 0.9 or higher are recommended.

€ valid values are 0 (not likely an alias) or 1 (likely an alias).

dValid values are 0 (not in the extragalactic catalog) or 1 (in the extragalactic catalog).

€ valid values are 0 (not likely a blended source) or 1 (likely a blended source).

f Valid values are 0 (not likely a latent artifact) or 1 (likely a latent artifact).
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Table 6. Criteria for the VarWISE Pure Catalog

Description Filter

Not likely to be blended blended _source? =0
Not likely to be impacted by a latent latent _artifact? =0
Signi cant signal-to-noise ratio variability snr > 5
High con dence in assigned type or confidence > 0:8 or

high S/N in variability variability snr > 10
If predicted to be a periodic ty& iftype 2f ew,ea,rr ,cepg

exhibits a good phase-fold =) period _significance > 12:5
Special S/N cut for thépv class iftype =Ipv

=) variability snr > 7

alpv objects can be uniquely dif cult or impossible to phase-fold using the WISE
cadence; applying this criterion would heavily reduce the class.

Figure 3. Training set support for the XGBoost supervised classi-
er. Source catalogs for these training sets are given in Table 1. This

distribution by type does not re ect the frequency of occurrence in,; should that information prove valuable.

NEOWISE but rather the biases in our choice of prior populations . The summarized breakdown of WISE-observed variabil-
from which we are sampling. se0 ity from both catalogs is shown in Figure 5. To identify

1 sources previously published as variable objects, we con-
sz ducted a query via SIMBAD. This reveals literature for

ssa 229 3650bjects 60:19%) in the VarWISE Pure Catalog and

ssa 344, 720 objects (7:98%) in the VarWISE Extended Cata-

ses 109, demonstrating the huge potential for discovery in both.

5

@

586 5.2. Creation of the VarWISE Pure Catalog

ss7 We include several columns related to the quality of de-
s tection and characterization so that researchers are able to
se0 perform their own down-selects from the VarWISE Ex-
s tended Catalog. The columns of greatest relevance to

sa this aim aretype , confidence , variability _snr,
se2 period _significance , suspect _period ,
ses KNnown _extragalactic , blended _source? , and
saa latent _artifact? . We have used these columns to

ses Create the VarWISE Pure Catalog that may serve a useful
s0s down-selection for general purposes. The speci ¢ criteria we

10We accepted SIMBAD classes EclBin LongPeriodV =

LongPeriodV *_Candidate QSO RRLyrae YSO _Candidate
Seyfertl C * YSO Mira RSCVn\* Variable =

Figure 4. Performance overview of the nal VarWISE XGBoost ClassicalCep SB * Seyfert2 AGN BLLac

Classi er module. Confusion matrix is row-normalized. EclBin _Candidate AGN _Candidate TTauri * OrionV =
BYDraV+ PulsV * Type2Cep CataclyV * Be* delSctV =
Blazar RRLyrae _Candidate Seyfert RVTauV  *
Cepheid Supernova Blazar  _Candidate Eruptive *
RCrBV+x Nova Supernova _Candidate Lensedimage

sn A third product, the VarWISE Associations Table, pro- TTauri «_Candidate Planet _Candidate Irregulary — «

id f VarWISE obiect link bet th Aex GravLensSystem Variable * _Candidate
s72 VIOES, Or_ every ‘Tir ° opject, a fin etween the SXPhe\ alf2CvnV * Lensedimage _Candidate
s cluster  _id value listed in the VarWISE catalogs (see Ta- BLLac Candidate Planet bCepV  * Pulsar Ae *_Candidate
s ble 5) and the individual detectioentr values from the Cephe'dB fC?ng'datf '-e”S'C”QEd\{dStB Ré—g\a}”d'dgte didat

. . gammaBurst GravLens _Candidate RCrBV *_Candidate

578 NEQWISE'R Single Exposure (L]jb) S‘?ch Table. This As- gammaDor\+ Mira _Candidate EllipVar _Candidate  to be
s sociations Table allows users to identify the same cloud of valid conrmations of variability.  See https://simbad.cds.unistra.fr/

s77 data points as those used in the VarWISE analyses above,  simbad/.
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e2s VarWISE does not include data in these areas (see §1.2).

s The locations of VarWISE Pure objects on a Gaia-based
a1 Color-magnitude diagram is shown in Figure 7. These plots
sz Show only those VarWISE Pure objects with Gaia magni-
s tudes, parallaxes, and dereddening values, so necessarily in-
saa Cludes only those objects detected at high S/N in Gaia. Cal-
s2s CUlations for the dereddening corrections are explained fur-
s2s ther in the Appendix.

e7  Figure 7 can be compared to Figures 2 through 7 of Gaia
s Collaboration et al. (2019) to see how the VarWISE classi -
s30 Cations compare to the expected positions of known variable
s0 Objects. We nd that our “cep” class is more luminous than
a1 the “rr” class, as would be expected if these are true Cepheid
sz and RR Lyrae variables. Our “rr” class is tightly concen-
sa3 trated at the absolute magnitude and color location of known
ss RR Lyraes (Figure 3 of Gaia Collaboration et al. 2019), and
sas OUr “cep” class is much more dispersed, also in accordance
s With the spread of Cepheid and Type-Il Cepheid types seen

e7 IN Figure 3 of Gaia Collaboration et al. (2019).

Figure 5. Distribution of objects among the variable classes in the648 Objects of type “Ipv” are concentrated in two regions of
VarWISE Pure and VarWISE Extended Catalogs

a0 Figure 7 — one along the asymptotic giant branch, as ex-
ss0 pected, and one on a spur that represents the still improp-

6!

@

=

employed are listed in Table 6. s erly de-reddened extension of the red clump . (For compar-

ss2 1S0N, see Figures 2 and 3 of Gaia Collaboration et al. 2019.)

6. CHARACTERIZATION OF THE VARWISE sz These latter objects may not be true Long Period Variables
CATALOGS ssa but rather their semi-regular and irregular variable cousins.

ess  OUr “cv” class appears to have a mixture of objects along
ess the asymptotic giant branch, the red giant branch (includ-
7 ing some partially de-reddeded red clump stars), and the
s Main sequence, so this may represent a mixture of higher lu-
s minosity Wolf-Rayet, Cas, and Be-type variables (Figure
%o 3 of Gaia Collaboration et al. 2019) with lower-luminosity
51 eruptive variables, including some YSO outbursts, nearer the
ss2 Main sequence. Another subgroup near the upper main se-
s quence may, in fact, be B-type pulsators o€epheids.
Objects of type “ea” and “ew” are concentrated along the
es Main sequence, with the “ea” class containing more of the
s cooler main sequence stars that are less frequently found in
; contact or near-contact scenarios (e.g., Figure 3 of Gaia Col-
sss laboration et al. 2019). We have speci cally not included a
tions in known star formation regions, as does "agn’, indi- s VarWISE class to include rotational variability, as the driver
cating that some stellar contaminants have in ltrated the Iatm of such variability is generally inhomogeneously distributed
ter class; users of the catalog are encouraged to perform cuts S starspots that might not show signi cant variations at NEO-

'Cr; GalaNCtE Ilatlgjde almd aro(;mg tge rll\/laghellanlc fCIOUdS th 2 WISE wavelengths. However, other rotational effects occa-
rion Nebula Complex, and the Ophiuchi star formation o3 Sionally are seen, such as ellipsoidal variations which man-

region if a purer sample of "agn” is required. The *Ipv” class o2 ifect themselves as sinusoidal period signals similar to the

notz;t)bly thgwﬁ an gvlergelnsny '_H]th? cilllre;tlor:jof thte ?agntgr-s light curves of W UMa-type eclipsers. Thus, we'd expect
Ius bwart spheroidal Lalaxy. The fall-oft in densily toward _ o, me contamination of our “ew” class by these objects. How-

the direction of the Galactic Center which is part|cu|arly v ever, as both ellipsoidal variables and EWs share the same

t[dent in the sl;y maps fo(; types °r d gg 1 a?d IIIS due s Ggp  Ggrp VS.Mg phase space (Figures 4 and 5 of Gaia
0 source confusion, as discussed in Wo sma reglons Collaboration et al. 2019), this contamination is not obvious
centered at the north and south ecliptic poles, amost eV|den U in Figure 7.

in the “agn” distribution, have zero density on these plots, as

The distribution of variable object types in both the Var-
WISE Pure and Extended Catalogs is illustrated in Figure 5
In both catalogs, the “Ipv” class is the most populated. In the
VarWISE Pure Catalog, the second, th|rd and fourth most
populated classes are “agn”, “ew”, and “ respect|vely,
whereas in the VarWISE Extended Catalog, these are rr
“ew”, and “agn”.

The sky distribution of the nine main variable object types
from the VarWISE Pure Catalog is shown in Figure 6. Varl-6
ables associated with the Milky Way and Local Group -
“cep”, “rr”, “lpv”, “cv”, “ea”, “ew”, and “yso” — are concen-
trated along the Galactlc Plane and in the Magellanic Clouds
as expected. The “cv” and “yso” classes show concentra

LIS



681

682

683

684

685

688

688

689

690

691

692

693

694

695

696

697

698

699

700

702

703

704

705

706

707

708

709

710

712

VARWISE 13

Figure 6. Sky distribution of VarWISE Pure Catalog objects among the nine variable classes. These are Mollweide projections in equatorial
coordinates.

Finally, objects of type “yso” are found along and above Table 7. Selections Used on the VarWISE Pure Catalog
the main sequence, as expected from their continuing evo- ~ Columns to Create the Lists in § 6.1 through 6.9
lution along Hayashi tracks. The location of the VarWISE
“yso” objects appears very similar, as expected, to the loca- type simbad type periodl Designation #of
tion of various T Tauri classes in Figure 6 of Gaia Collabora- is is contains contains objects
tion et al. (2019).

The J W2 vs. W1 W2 diagram of Figure 8 shows thestring  thesting  selected
the raw (un-dereddened) colors for objects in the VarWISE ea null 2r 262
Pure Catalog. The classes showing the most reddening are frw 23:: 379 ﬁg
“cv”, “Ipv”, and “cep”, which is a consequence of the fact cep null ugy 229
that these objects can be seen to much higher distances — Ipv null “0.66” 121
and through larger columns of Galactic dust — due to their ov U 83t 149
brighter intrinsic luminosities, as compared to other classes o n s "
such as “rr”, “ea”, and “ew”, Objects in the"yso” class also sn null g 212

show various amounts of reddening, with the intrinsically

fainter objects in the class (redder in intrinsic color) showing

less reddening because their counterparts at higher extinc-

tion values will be undetected atband and thus not plotted

here. Objects in class “agn” and “sn” show a combination of

Galactic extinction and their own intrinsic reddening. 713 6.1. Class “ea”

In the subsections below, we describe the per-class con;  Of the 262 “ea” objects selected via the criteria in Ta-
tents of the VarwISE Catalogs, along with any special per;,; ple 7, 100% are eclipsing variables, although 10% (27/262)
class caveats for which users should be aware. We have magdenave classi cations that perhaps edge closer to type EW
selections of catalog contents that are intended to provide 8 than to type EA. There are no poorly constrained periods:
random, all-sky sampling of roughly 100 to 200 objects per,, 9205 (241/262) have periods equal to or very close to ei-
class. Table 7 gives the selections used on the VarWISE PUsg ther periodl  or period2 . These generally differ by a
Catalog to create these lists. Examples of interesting new dis; factor of two; as there is ambiguity between primary-only
coveries from the VarWISE Extended Catalog are also noteg, eclipsers and dual-eclipse systems with equal-temperature
in the subsections that follow. 2 components, it is not always clear which of the two periods
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Figure 7. Locations of each of our variable star classes from the VarWISE Pure Catalagin Gre VS.M¢ color space after de-reddening
corrections. Outer contours (blue) contain 95% of the population, the next contour (orange) encloses the most concentrated 80%, and the
innermost contour (red) encloses the most concentrated 50%. For comparison, individual objects in the 20-pc census of Kirkpatrick et al.
(2024) are shown in grey.

is the correct one. The other 8% (21/262) have periods that VarWISE J185504.63+063236.9 (Figure 9e) and VarWISE
are a multiple of eitheperiodl orperiod2 , andthetrue s J201103.91+375615.7 (Figure 9f) show more highly eccen-
answers are usually two-thirds of one of these periods. Nas tric ones.
special caveats are needed for this class.

Six candidate “ea” discoveries from VarWISE are shown, 6.2. Class “ew”
in Figure 9. Two of these objects, VarWISE J141848.45- L . L
232439.6 (Figure 9a) and VarWISE J195408.30-190536.9% Of the 110 “ew” objects selected via the criteria in Ta-

(Figure 9b), show only a primary eclipse, whereas Var’® ble 7, 97% (107/110) are likely EW eclipsing variables, al-

WISE J201018.90-260556.7 (Figure 9c), shows clear pri* though there may be some small contamination by a couple

mary and secondary eclipses. The other three object§ Of RR Lyrae vz_ariables and one object that might be more ac-
also show clear primary and secondary eclipses, but tHé& curately classi ed as an EA. The three object§ whose light
different time spacing between the two eclipses indicate$’ curves do not obwou.sly appear to be EW va.r|ables are the
an eccentric orbit: VarWISE J095450.67-573204.5 (Fig”® only three whose periods are not well constrained; all others

ure 9d) exhibits a moderately eccentric orbit, wherea$” have true periods equal to or very 0'936 to eiperiodl ,
750 Or period2  (70%, or 77/110), or periods that are multiples
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Figure 8. Locations of each of our variable star classes from the VarWISE Pure CatalogW? vs. W1 W2 color space. Outer contours
contain 95% of the population, the next contour encloses the most concentrated 80%, and the innermost contour encloses the most concentrate
50%. For comparison, individual objects in the 20-pc census of Kirkpatrick et al. (2024) are shown in grey.

of eitherperiodl or period2 (27%, or 30/110; at two- 7 0.7d. VarWISE J002843.86+625101.0 (Figure 10e) shows

2 thirds or one-half of one of these periods). s an eclipsing binary exhibiting the so-called O'Connell effect,

Taking a closer look at the three oddball objectses for which there is a clear difference in the heights of the max-
in this class, we nd that all of them — VarWISE 0 ima between eclipses (Milone 1969); the underlying causes

s J105605.30 610057.2, VarWISE J161333.8345053.8, i for this light curve morphology are not yet well understood

and VarWISE J190632.12092814.5 — have light curves . (e.g., Flores Cabrera et al. 2025; Wilsey & Beaky 2009). Var-
with variability at two different timescales. A short-timescales WISE J180414.35+675412.5 (Figure 10f) shows an eclipsing

7ss Variation is seen in NEOWISE intra-epochal periods, and-. binary with a period of 0.2099375d that also shows another

a longer-term variation is seen over months to years. Thiss periodicity whose morphology changes from cycle to cycle

multi-mode variability complicates the classi cation. e and varies on a 14- to 18-d timescale (Figure 11).
Six candidate “ew” discoveries from VarWISE are
shown in Figure 10. The rst four objects — VarWISE s 6.3. Class “rr”

s J152822.01+513221.4 (Figure 10a), VarWISE J064457.01;,  Of the 117 “r” objects selected via the criteria in Ta-

a

313715.9 (Figure 10b), VarWISE J195749.10+451247.8, ple 7, 98% (115/117) are periodic variables, most of which
(Figure 10c), and VarWISE J040116.64+550603.5 (Figs,, (83%, or 96/115) have a true period at or very near the
ure 10d) — show “ew” variables with periods from 0.2 t0 ., periodl or period2 value listed in the Catalog; the oth-
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