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Evolved massive stars — the post-main sequence descendants of stars with initial masses higher
than roughly 8 solar masses — are rare yet critically important objects. As residents of their host
galaxies, they inject radiation and matter into their surroundings on short timescales before ex-
ploding as supernovae. Individually, they are fascinating astrophysical laboratories in which many
of the unknowns of stellar evolution coalesce. Due to their rarity, these multitudinous unknowns
remain under-constrained. In this work, I attempt to understand evolved massive stars using a va-
riety of techniques that have only recently begun to be applied to these interesting objects. My
studies of populations of young stars reveal that the massive star binary fraction can be inferred
using only simple demographic statistics. However, these methods can only be used given large
numbers of well-classified stars, and I show that even using advanced machine learning techniques,
existing data are insufficient to classify these stars. Finally, I demonstrate the immense potential of
using asteroseismology to probe the interiors of evolved massive stars, and discover a new class of

pulsating supergiant.
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The makeup of our sample of massive stars. Note that the sample is dominated by
OBA stars and cool supergiants. Non-OBAe emission line stars — OB[e] stars,
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Mg vs. G — J for putative massive stars. Left: Stars are colored by their label.
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Example lightcurve for WISE J000536.97+432405.0. Top left: Raw lightcurve,
with W1 points plotted as blue errorbars, and W2 points plotted in orange. Bottom
left: Variability in W1 — W2 plotted as green errorbars. Top right: Binned W1
lightcurve. Blue points are binned data (errorbars are smaller than the points).
Black dotted line is the B-spline interpolation. Time has been adjusted so the
lightcurve is centered on t = 0. Bottom right: First derivative of the interpolant.
Vertical blue lines show the times where the derivative crosses zero, indicated by
the horizontal blue line. Copyright AAS. Reproduced with permission from Dorn-

Wallenstein et al. [69]. . . . . . . . . . ..

Top row: Distribution of derived log X2, (left) and log EW M (right) values in the
W1 (blue), W2 (orange), and W1 — W2 (green) lightcurves. Bottom row: Scatter
plots comparing different amplitude metrics. The left panel shows EW M vs. X2,
in the W1, W2, and W1 — W2 lightcurves (using the same color-coding). The
right panel shows 2, in W2 vs. x2_, in W1, with each point colored by its coarse
label. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al.
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Left: Lightcurves in W1 and W2 (top) and W1 — W2 bottom for an example
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modest variability. Left: Similar, but for a star with high values of both x?_, and
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Lightcurve in W1 and W2 (top) and W1 — W2 bottom for an example star with
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~1.2magredder. . . . . . ...
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three voting classifiers, the Voting (Hard) classifier performs best with a balanced
accuracy of 0.49, still below the SVC. Copyright AAS. Reproduced with permis-
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Left: Matrix showing the number of stars in the test set with true label indicated on
the y-axis that are assigned the label on the x-axis. Center: Confusion matrix for
the SVC, calculated by normalizing each row of the left panel by the total number
of stars in that row. Values correspond to the fraction of samples in the test set with
true label indicated on the y-axis that are assigned the label on the x-axis, such
that the values along the diagonal are the fraction of each class that is correctly
classified. Right: Efficiency matrix for the SVC, calculated by normalizing each
column of the left panel by the total number of stars in that column. Values in each
box correspond to the fraction of samples in the test set assigned the label on the
x-axis that belong to the class on the y-axis, such that the values along the diagonal
correspond to the precision (one minus the contamination). Darker colors in all
panels correspond to more/a higher fraction of stars. Copyright AAS. Reproduced

with permission from Dorn-Wallensteinetal. [69]. . . . . ... ... ... ....

Completeness versus contamination of each class in the test set, as classified by
the SVC. A high completeness value implies members of that class are accurately
classified, while a low contamination value implies that an object classified as such
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Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].

Similar to Figure 4.10 for classifiers trained on the coarse labels. Copyright AAS.
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4.14 Similar to Figure 4.11 for the SVC trained using the coarse labels. Note that sig-
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hot stars (top), emission line stars (second panel), cool stars (third panel), and con-
taminants (bottom). The right panel in each row shows a scatter plot of only first
and second most important features (indicated with blue and red text respectively)
drawn from the test set, with stars belonging to the corresponding class in each
row highlighted. Note that the features plotted are the scaled and imputed val-
ues, not the original values listed in Table 4.4. Copyright AAS. Reproduced with
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(Top): PDCSAP_Flux lightcurve of the YSG HD 269953. Sector numbers are
indicated, with the boundaries between TESS sectors marked as dash-dotted black
lines. (Middle): Same as above, zooming in to three 30-day windows, each begin-
ning at the epoch given in the legend, and smoothing with a 128-cadence rolling
median to highlight coherent variability. (Bottom): Periodogram of the entire un-
smoothed lightcurve. Power is multiplied by 100. Linear (logarithmic) scaling for
both frequency is shown for the black (grey) line, with corresponding black (grey)
axis labels. Copyright AAS. Reproduced with permission from Dorn-Wallenstein
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Periodograms of four stars that are representative of the entire sample: the RSG
BD+35 4077, the YSG HD 270754 (neither of which appear to pulsate), the can-
didate o Cygni variable HD 269101, and HD 268687, which belongs to the newly
identified class of pulsating YSGs. The power has been normalized by the max-
imum power, and an arbitrary offset has been applied for clarity. Stochastic Low
Frequency Variability dominates the power at low frequencies. However, it is pos-
sible to see real peaks superimposed on the background of the bottom two peri-
odograms. Copyright AAS. Reproduced with permission from Dorn-Wallenstein

etal. [72]. . . . . e e e

Plotting Eq. (6.1), squared so the units are comparable to the Lomb-Scargle peri-
odogram, with oy = 1, o, = 1073 and varying 7 (top), and ~ (bottom). Copyright

AAS. Reproduced with permission from Dorn-Wallenstein et al. [72]. . . . . . ..

Histogram of the best-fit values for amplitude o (top-left), characteristic timescale
T (top-right), power-law slope v (lower-left), and instrumental noise «,, (lower-
right). Bins are split into their contribution from YSGs in yellow and from RSGs
inred. The YSGs have both higher characteristic timescales and lower instrumental
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Best-fit values for amplitude o (top-left), characteristic timescale 7 (top-right),
power-law slope vy (lower-left), and instrumental noise «,, (lower-right) as a func-
tion of log T.g. Stars are color-coded by luminosity, with YSGs plotted as circles,
and RSGs as triangles. Errorbars are calculated from the covariance matrix re-

turned by curve_fit. . . . . . . L e e e e e

xi



6.6 HR diagram showing the residual power spectra of each star in our sample between
0 and 5 d™!, obtained after dividing out the SLFV in each periodogram, and nor-
malized by the maximum value. Each RPS is centered on the 7.4 and L of the star
it corresponds to. The rough boundaries of the yellow void is shown as a goldenrod
rectangle. The Cepheid instability strip derived from nonrotating, LMC-metallicity
(Z = 0.006) stellar models on their first crossing of the HR diagram from [7] are
shown by the yellow crosshatched region. Four o Cygni variables are highlighted
in blue. Separate from all three regions of instability, we find five stars, highlighted
in green, that display prominent, high signal-to-noise peaks in their RPS, which we
name Fast Yellow Pulsating Supergiants (FYPS). For reference, we plot a subset
of the nonrotating, Z = 0.006 evolutionary tracks calculated with MESA that are
described in the text as solid black lines, with their initial masses indicated by
the corresponding box. Copyright AAS. Reproduced with permission from Dorn-
Wallenstein et al. [72]. . . . . . . . . e e e e e

6.7 Two-dimensional histogram of AlogT.s and Alog L /L for all simulated five-
star subsets. The actual A log T.q and Alog L/ L of the real sample of FYPS is
shown with the red star. We conclude that the association of FYPS in the HR dia-
gram is unlikely to arise by chance. Copyright AAS. Reproduced with permission
from Dorn-Wallenstein et al. [72]. . . . . . . . . . . . . . . . ..

6.8 RPS for HD 269953, with frequencies extracted by prewhitening indicated by ver-
tical grey lines. Red lines correspond to f = 1.335 d~! and its harmonic. Copy-
right AAS. Reproduced with permission from Dorn-Wallenstein et al. [72].

6.9 (Top): TESS lightcurve of HD 269953 in black points, with green indicating the
128-cadence rolling median. (Right): RPS, with frequencies identified by prewhiten-
ing in grey. (Center): Weighted Wavelet Z-transform (WWZ, as defined in text)
of the lightcurve as a function of time and frequency. Higher values of the WWZ
are shown in yellow, and lower values in blue. Identified frequencies are shown as
horizontal white lines, and region of the WWZ where the center of the wavelet is
within one cycle (1/f) of the beginning and end of the data are shaded in white.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [72].

6.10 Similar to Figure 6.9 for HD 269110. Note that the tallest peak in the RPS is the
triplet of split frequencies at f = 0.553 d~!. Copyright AAS. Reproduced with
permission from Dorn-Wallensteinetal. [72]. . . . . .. .. ... ... ......

6.11 RPS for HD 268687 (left), HD 269840 (center), and HD 269902 (right). Light
grey lines show frequencies extracted by prewhitening, and light purple lines show
the inferred fundamental, f,, and harmonics, as discussed in text. Copyright AAS.
Reproduced with permission from Dorn-Wallenstein etal. [72].. . . . . .. .. ..
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6.12

6.13

6.14

Similar to Figure 6.8 for HD 269840 (top) and HD 269902 (bottom). Copyright

AAS. Reproduced with permission from Dorn-Wallenstein et al. [72]. . . . . . ..

Left: HR diagram with non-FYPS plotted as black points, and FYPS plotted as
green stars. Z = (.006 evolutionary tracks calculated with MESA are shown as
solid grey lines with their initial mass indicated. The 23 M. model is shown as
a solid black line. The navy point is the pre-RSG timestep in this model closest
to the position of HD 269953 in the HR diagram. The goldenrod point is the
closest post-RSG timestep in the same evolutionary track. Right: Evolution of
the structure of the 23 M. MESA model as a function of time. The purple/light
blue/green regions are the parts of the star (in mass coordinates) dominated by
H/He/metals, respectively. The time axis is broken to illustrate the rapid post-main
sequence evolution, including the strong mass loss in the star’s final stages. The
vertical navy line shows the age of the closest pre-RSG timestep to HD 269953 in
the HR diagram. The vertical goldenrod shows the age of the closest post-RSG
timestep. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et

al. [72]. . o o e e

Top: Interior structure of the closest pre-RSG (left) and post-RSG (right) 28 M,
MESA models to HD 269953. The dark yellow line shows the density profile,
while the purple, light blue, and green lines correspond to the profiles of X, Y, and
Z, respectively, as in the right panel of Figure 6.13. Bottom: Calculated values of
the log of the square of the Brunt-Viisild (blue line) and Lamb (orange line) fre-
quencies as a function of the mass coordinate within both MESA models. Here we
only show S; for simplicity. Regions where w < |N| and |w| < |Sy] (i.e., where g-
modes of a given frequency can propagate) are shaded in blue, and regions where
w > |N| and |w| > |Si| (i.e., where p-modes of a given frequency can propa-
gate) are shaded in orange. Frequencies extracted from the TESS lightcurve of HD
269953 are shown as horizontal black dashed lines. Copyright AAS. Reproduced

with permission from Dorn-Wallensteinetal. [72]. . . . ... ... ... .....
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Chapter 1
INTRODUCTION

1.1 Whatis a star?

No, really, what is a star? Throughout the text that follows, I’'m going to be devoting quite a lot of
attention to stars of varying temperatures, sizes, compositions, masses, even shapes! So we should
take some time here and now to make sure we’re on the same page.' So... what is a star?

Well, it’s complicated. To start with, let’s turn to pop culture, in particular, the band They Might
Be Giants. In addition to contemplating the nomenclature of ancient cities, They Might Be Giants
devoted some attention to stellar astrophysics in their cover of Tom Glazer’s song Why Does the

Sun Shine. In it, they claim that

[a star] is a mass of incandescent gas, a gigantic nuclear furnace.

This seems as good a place to start as any. Going off of this line, we can conclude:

e Stars are massive: we measure the masses of stars relative to the mass of the sun, which we
define as 1M, = 1.989 x 103° kg — about a nonillion times the amount of ice cream I would

be comfortable eating in one sitting.

 Stars are incandescent; they glow. Specifically, the sun glows with an intensity of 1L, =
3.828 x 10?2 W — about ten septillion times the brightness of a typical lightbulb that illumi-

nates an ice cream store.’

'For reference, we should both be on page one at the moment.

2You can tell where my mind is at as I write this.



» Without being too pedantic about the difference between gas and plasma, stars are indeed
made of gas. As Dr. Cecilia H. Payne demonstrated in her Ph.D. thesis, that gas is predom-
inantly hydrogen [228]. We measure the composition of stars as fractions by mass of their
components. For example, at the surface of the sun today, the mass fraction of Hydrogen is
Xsurf,o = 0.7438 £ 0.0054, the mass fraction of Helium is Yy, r o = 0.2423 £ 0.0054, and
the mass fraction of... well, everything else (including ice cream) that astronomers insist on
lumping together and calling “metals” is Zg,r.» = 0.0139 £ 0.0006,” according to our most

recent measurements [ 12].

* Stars are gigantic, with the radius of the sun being 1R, = 6.9634 x 10° km — far longer

than I would be willing to walk for ice cream.

* Stars are nuclear furnaces; that is, their incandescence is powered by nuclear fusion in their
cores. And while a cubic meter of the solar core produces approximately 35 times less energy
per second than I would gain by eating ice cream at a rate of one standard 68-gram scoop per
minute [272], the sheer volume of the sun (remember, it’s gigantic!) means that this process

is capable of keeping the sun going for billions of years! Cool, huh?

This definition of a star definitely works, and describes everything you really need to know...
until it breaks down. For example, a supernova explosion satisfies all of these properties. Is a
supernova a star? I would argue that it isn’t! Meanwhile, there are stars (or stellar-like objects)
that don’t obey all of these laws. Neither white dwarfs nor neutron stars are supported by nuclear
fusion, nor are they entirely gaseous. Finally, by assigning a single measurement of a star’s

size (its radius) we are implicitly assuming that stars are spherically symmetric, when in fact this

37 is also called the “metallicity,” a term which can also refer to the logarithm of the ratio of the number
of iron atoms to the number of hydrogen atoms measured at the stellar surface, scaled to the sun ([Fe/H] =
log(N (Fe)/N(H)) —log(N(Fe)/N(H))e) or the logarithm of the ratio of the number of oxygen atoms to the num-
ber of Hydrogen atoms measured in the gas of hot HII regions plus twelve for some reason (log(O/H) + 12). It’s
complicated.

“White dwarfs crystallize as they cool, while neutron stars have a solid crust and an interior that is best described
as “weird.”



couldn’t be further from the truth! Stars rotate, and centrifugal force distorts the shape of the
stellar surface [316]. Stars are also frequently born into binary systems, and tidal forces can affect
the shape of the star as well [120]. Many stars can also pulsate non-radially [5] or shed mass
asymmetrically [e.g. , 96], resulting in further deviations from this simple, one-dimensional

picture of a star as a sphere.

For now, let’s go with this definition: a star is an object whose behavior is determined by
a number of effects, including, but not limited to gravity, nuclear physics, thermodynamics, hy-
drodynamics, quantum mechanics, and relativity. For the most part, we can approximate their
structure using a set of four equations, collectively called the equations of stellar structure. These
equations are by no means complete, and assume spherical symmetry, but they give us a good idea
of the physics involved. Most importantly, they can be modified to incorporate all of the effects
that aren’t included at first glance. First, we require the star to be in hydrostatic equillibrium: for
a given layer of the star at a radius r, we require that the downward force of gravity is matched by

the difference in pressure just below and just above 7. In symbols:

apP B GM,p

dr r2

(1.1)

where P is the pressure, M, is the mass contained within a sphere of radius r, p is the density, and
G is the gravitational constant. We now require mass continuity: we can write how M, changes

across a small layer of the star given the density and radius:

dM,

o = 47Tr2p (1.2)

Both of these formulae are in Eulerian coordinates, where we are interested in the structure as
a function of a spatial coordinate (in this case, ). While we are perhaps more used to working
with spatial coordinates (whether or not they are more intuitive), it can be more useful to track the
structure of the star as a function of the mass coordinate, M, (Lagrangian coordinates). Given the

wide range of densities found in stars, physical quantities like the pressure can change rapidly over



small spatial distances, or very little over the majority of the stellar radius. Recasting our equations
into Lagrangian coordinates can help avoid these high gradients, allowing us to study the structure
using a variable that scales nicely with the physics. Figure 1.1 shows two quantities computed
from a stellar model:’ the (log of the square of the) Brunt-Viisild and Lamb frequencies,’ plotted
as a function of the radial coordinate (Eulerian coordinates, top), and as a function of the mass
coordinate (Lagrangian coordinates, bottom). The model itself is quite interesting: from the top
panel we can see the star’s radius is approximately 400 R, while from the bottom, we can see
its mass is about 16 M : a very different star than our sun! For the majority of this star’s spatial
extent, however, very little in the way of anything interesting is happening in these two quantities.
But by examining the bottom panel, we see some neat behavior through the majority of the star’s
mass. Nevermind what the neat behavior actually is; this example simply serves to illustrate that

unless the math is made significantly more complex, Lagrangian coordinates are the way to go.

Using Equation (1.2), we can now rewrite the equation of hydrostatic equilibrium in Lagrangian

coordinates:

AP GM,
M, 4xrd (1.3

Continuing onward, we can track the generation of energy through the star using the energy equa-

tion:
dL,
dM,

=€—¢€, (1.4)

where L, can be thought of as the luminosity measured at a radius r, € is the rate of energy gen-
eration per unit mass, and ¢, is the rate of energy loss to neutrinos per unit mass. Outside of the
stellar core, the right hand side of (1.4) goes to 0, and the luminosity is constant through the stellar
structure. Finally, we can describe how energy moves through the star with the thermal transport

equation. In radiative equilibrium, heat is predominantly carried through the star by radiation.

ST’11 talk about how this model was created in Chapter 6. For now, just know it’s a spherically symmetric model of
a nonrotating 23 My, star just after it has lost its envelope, or the inert — a.k.a. not doing nuclear fusion — layers
of material that surround the core of the star where nuclear fusion happens.

®Don’t worry about what these mean right now. At the moment, just know that they’re interesting when the lines
are wiggly or spiky or nonexistent.
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Figure 1.1 Stellar model showing the log of the square of the Brunt-Viisédld and Lamb frequencies
in Eulerian coordinates (top), and Lagrangian coordinates (bottom). While the same exact model
is plotted, the Lagrangian coordinates allow us to see much of the interesting behavior in this star.



This leads to a temperature gradient given by

dT 3k L,
= — 1.5
dM, 64m2acriT? (1-5)

where 7' is the temperature, ~ is the opacity of the layer, a is the “radiative constant”, and c is
the speed of light. In regions where luminosity is high like the cores of massive stars, or where
opacity is high and temperature is low as in the envelopes of cool stars, radiative energy transport is
inefficient and convective energy transport can occur instead. While convection is a hydrodynam-
ical process requiring careful treatment, approximations like the commonly-used “mixing-length
theory” [25] can help us approximate the temperature gradient in these regions.

And that’s it! Take your favorite differential equation solver, adopt some appropriate boundary
conditions, and have at it! Then watch as your model star... does nothing. Absolutely nothing.
No variable in the above equations is explicitly dependent on time, so the model is entirely static.
That’s good, isn’t it? After all, the sun is more or less the same from day-to-day.” But stars —
and really everything else in the Universe — aren’t particularly interesting if they don’t change.
Thankfully, we know that stars do change. Most spectacularly, some stars explode, which is quite
a change indeed! But equations (1.2)-(1.5) aren’t explicitly time-dependent. So what gives? Why

do stars change?
1.2  Why do stars evolve?

Before I answer this question, I should probably be clear about what I mean. There are many
stellar phenomena that change on human timescales. For example, the equator of the sun rotates
once every 24.47 days (the poles rotate somewhat slower, once every ~38 days). Sunspots follow
the solar rotation, appearing and disappearing from view. The sunspots themselves are formed and
disappear on timescales of a few days to a few months. The frequency at which sunspots appear

on the sun also changes, with a period of about 11 years, over which time the solar magnetic field

"Unless you happen to live in Seattle, where occasionally the sun disappears entirely, sometimes for months at
a time. Philosophers and astrophysicists have long pondered this phenomenon, and wondered why anyone would
choose to live in a place where it happens. They remain baffled, but here we are.



drastically realigns itself. But none of these phenomena are reflective of fundamental changes in
the sun; it remains a 1 R, 1 Mg, 1 L star. The kind of changes that I am interested in reflect

changes to the stellar structure itself; what I will call stellar evolution.

1.2.1 Evolutionary Timescales

Stellar evolution can be caused by a number of different processes which operate on multiple
timescales, some nearly instantaneous, and some longer than the age of the Universe. By looking
at the physics of stars however, we can identify a few characteristic timescales. The first is what
we call the dynamical timescale — also called the free-fall timescale. Imagine we took a star, and
turned off everything but gravity. With no pressure, no thermal effects, no nuclear fusion, the star

would start to collapse under its own gravity in a time proportional to its mean density, p:
Toyn X (Gp) /2 (1.6)

The dynamical timescale is usually quite fast (only about 30 minutes in the sun), and is only rele-
vant for a small number of brief evolutionary phases, including the very beginnings (star formation)
and utter ends (core collapse) of massive stars!

Turning on the rest of physics except nuclear fusion (for now), if a star contracts under its
gravity, it loses gravitational potential energy, of which approximately half is converted into heat,
which increases the pressure to stave off further collapse. According to the virial theorem, the
remaining half is radiated away as light. The timescale on which a star’s gravtational energy can

be completely converted to radiation is the thermal timescale:

GM?
RL

(1.7)

TTherm —

where M is the star’s mass, R is its radius, and L is its luminosity. Before the realization that
nuclear fusion powered stars, it was thought that this was the mechanism through which the sun

shined. However, while the thermal timescale is significantly longer than the dynamical timescale,



it’s still astrophysically quite short; the sun’s thermal timescale is about 30 Myr, while our obser-
vations indicate that the Earth is older by a few billion years! Clearly, the sun does not evolve on
the thermal timescale. That said, there are a few instances where the thermal timescale is relevant,

mostly for protostars, and during the subgiant phase.®

The final timescale is the nuclear timescale. We now know that gravitational collapse in stars
is held at bay not just by thermal processes, but by the generation of energy in their cores driven by
nuclear fusion. Thus the nuclear timescale is the timescale on which all of the material available
for nuclear fusion can be burned at the current rate. Neglecting a few factors of order unity, this

makes the nuclear timescale roughly equal to

TNuc = I, (18)

which, for the sun, is approximately 10 Gyr. Now that’s more like it! Stars like our sun evolve
on Gyr timescales, and analyzing these approximate timescales was the necessary step to realizing

why: nuclear fusion!

1.2.2  How do stars evolve?

How is nuclear fusion responsible for stellar evolution? Looking at the equations of stellar structure
(1.2)-(1.5), there’s only one variable in there that explicitly relates to nuclear fusion, and that’s the
energy generation, € (and, to a lesser extent, the energy lost to neutrinos, €, but I’'m going to ignore
neutrinos for the most part). Sun-like stars fuse hydrogen into helium via the proton-proton chain

(or “p-p chain”), which looks something like this:

4p + 2~ —* He+2v, 4+~ (1.9)

8Things also get interesting when the thermal timescale gets to be comparable to the dynamical timescale (usually
when the ratio L /M is approximately 10%), but we’ll save that for Chapter 6.



In words: four protons (p, a.k.a., ionized hydrogen) and two electrons (e™~) are converted into a
nucleus of Helium-4 (*He), producing a couple of electron neutrinos (v,, that immediately zip
away, leeching some of the energy away from this reaction), and y-rays.’ In addition to creating
energy in the form of -ray photons that are immediately absorbed into their surroundings, this
reaction subtly changes the overall composition of the part of the star where this reaction took
place. Now, there’s slightly less hydrogen, and a little bit more helium. This makes it ever so
slightly harder for the first reaction in the p-p chain (the formation of deuterium from two hydrogen
ions) to occur. To compensate, the star’s core contracts in order to increase the density, making
fusion reactions more likely. In response, the entire star expands slightly, and increases its overall
luminosity; nuclear fusion drives stellar evolution!

Of course there’s another mechanism through which fusion leaves its mark on the equations of
stellar structure. Analyzing (1.5), we see that the temperature gradient depends on the opacity, k.
Opacity calculations are difficult, requiring techniques well-beyond the scale of this introduction.
However, suffice it to say that the opacity is strongly dependent on the chemical composition. In
the core of the sun, electrons are the key sources of opacity. In a medium of pure hydrogen, there’s
roughly one electron per atomic nucleus floating around. However, once all of the hydrogen has
been converted into helium, there are now four electrons per atomic nucleus. This significantly
affects the opacity, changing the temperature gradient, and altering the stellar structure. While I've
focused for now on the p-p chain, the other forms of nuclear fusion further impact the composition
of the star and thus the opacity. From here, phenomena like convection are capable of mixing the
material that has been processed by nuclear fusion throughout the stellar structure. These compo-
sitional changes impact how energy is transported through the star, and affect the stellar evolution.
Returning now to our imaginary stellar model that we created at the end of the previous section,
we now know how to make it evolve: we take our static model, estimate all of the compositional
changes due to nuclear burning, convection, and other mixing processes, recalculate the stellar

model after implementing these changes, rinse, repeat, and watch the star evolve.

°In reality, the p-p chain is shorthand for multiple branching reaction pathways, with some limiting steps and
low-probability quantum mechanical funtimes. (1.9) is just the overall result of these reactions.
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Doing this by hand is a total pain, but an enormous number of stellar evolution codes exist
[259], allowing us to generate theoretical models of how stars evolve. In general, a stellar astro-
physicist takes (or makes) stellar evolution models that incorporate different physics, or tunes the
knobs of the physics that are already in the models, and compares the models to the data in an
attempt to make the models and data agree. Sometimes'’ they don’t, implying that we either need
better models, better data, or both (usually both). For a plethora of reasons, the most disagreement
is found when we study massive stars — stars with initial masses of about 8 M, or above.'' Coin-
cidentally, these stars are extremely important, both astrophysically speaking, and on a very human
level. While I've focused on the sun thus far to keep things as relevant to us humans as possible,

it’s now time to turn to these stellar behemoths.

1.3 Massive Stars & Their Attendant Uncertainties

In all honesty, we (the massive stars community) overuse our metaphors. Massive stars are magni-
fying glasses. Massive stars are lighthouses. Go to any massive stars conference'”, and you’ll hear
these phrases thrown around with reckless abandon. And for good reason: these metaphors tend to
be quite apt. Perhaps the best overused metaphor to use here is one that adorns the first paragraphs
of many a scientific paper. Massive stars are cosmic engines. It’s a particularly good metaphor
because it calls to mind a few mental images: heat and pressure, physical reactions (including
explosions), and power!

Massive stars certainly do output power, in the (astro)physical sense that they give of a tremen-
dous amount of energy every second in the form of light! On the main sequence, we observe
massive stars as O and early B type stars, which emit immense amounts of ultraviolet radiation.
This radiation is energetic enough to heat and ionize nearby gas. Incidentally, this is bad news for

any nearby star systems that are attempting to form planets, as UV radiation is capable of disinte-

10Most of the time
rn explain where this threshold comes from in the next section, but for now, you’ll have to take it on faith.

120r, as in my case, the 2015 Annie Jump Cannon prize talk at the AAS meeting given by a certain member of my
thesis committee who has had a tremendous impact on my career
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grating protoplanetary disks. As a result, any attempt to ponder which locations in our Universe

are best suited for life must take into account the existence of massive stars.

Like engines, massive stars are also the sites of critical transformative processes, in this case
nucleosynthesis. Unlike the sun’s p-p chain, massive stars (in fact all stars more massive than about
1.3M) have hot enough cores that the far-more-efficient CNO cycle takes priority. Just like the
p-p chain, the CNO cycle has multiple branches, each consisting of multiple stages that are more-
or less-favorable from a quantum mechanical perspective. Regardless, the net process results in
either

dp+2e~ —* He +2et +2e™ + 2v. + 37 (1.10)

or

4p+2e¢~ =* He + 2v, + 3y (1.11)

The CNO cycle is still hydrogen fusion; four hydrogen nuclei still go in, one helium nucleus
still comes out, and we get similar biproducts plus or minus a lepton or two. But along the way
are various intermediary steps that use carbon (C), nitrogen (N), and oxygen (O) ' as catalysts,
transforming one into the other in a neverending cycle that relentlessly churns out helium and
energy! One of the rate-limiting steps is one that uses up N-14 and produces O-15. It turns out
that this particular reaction requires a very low-probability event to occur, resulting in a buildup
of nitrogen. So while we wouldn’t call this process “nitrogen fusion,” hydrogen fusion in massive
stars does produce a large amount of nitrogen'*. Over the course of this evolution, the star begins
as a main sequence O or B star, evolving from the “zero age main sequence” (ZAMS, defined as
when hydrogen burning first kicks off) to the “terminal age main sequence” (TAMS, defined as

when the core runs out of hydrogen).

After a star fuses all of its hydrogen, it keeps going! First, it fuses helium into carbon by the

triple-a process (so named due to its use of « particles, a.k.a. helium nuclei). The first step actually

Bhence the CNO cycle. Fluorine (F) plays a role as well, but does not take a part in the dominant reaction pathways
that occur.

4which, by the way, makes up about 78.09% of our atmosphere, no big deal.
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absorbs energy in order to fuse helium into unstable beryllium:

‘He +* He =% Be (1.12)

and in the infinitesimal fraction of a second before the beryllium decays back into helium,'” a third

helium nucleus enters the fray and makes carbon:

‘He 4% Be =2 C + 2y (1.13)

Now for a low mass star, this is generally where the story ends.'® But as we go to higher and higher
masses, stellar cores are capable of getting hotter and hotter, and more and more advanced stages
of nuclear burning can be reached: carbon into oxygen, oxygen into neon, neon into magnesium,
magnesium into silicon, and, via an elaborate chain of reactions, all the way into nickel-56. It
turns out that 56 is the highest number of nucleons you can put into a nucleus and still get energy
out via nuclear fusion (or fission, incidentally). A very small amount of energy still comes from
the radioactive decay of nickel into cobalt and then iron, but at the end of the day, massive stars
wind up with an inert core of Fe-56, surrounded by an onion-like structure of shells, each burning
a different kind of fuel. Now, this is a catastrophic situation for a star, but we’re going to pause the
story here. Note that massive stars fuse many of the elements that are necessary for life to exist
here on earth. As they do, their cores shrink, and their envelopes expand and cool, resulting in the
star evolving from the TAMS to become a red supergiant (RSG).

Somehow this freshly nucleosynthesized matter needs to make its way from the cores of mas-
sive stars into the interstellar medium (ISM) from whence we came. After all, we are carbon-based
lifeforms relying on oxygen in nitrogen-rich atmosphere, so how did that stuff get here? Through
some mechanism, the star needs to shed matter. Now a low-mass star like our sun loses mass

via a fast but very low-density coronal wind, resulting in an incredibly small mass loss rate of

5The half life of beryllium-8 is only 8.17 x 1017 seconds.

16Some of the most massive low mass stars are capable of making oxygen or neon, but such objects are relatively
rare.
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~107" M, yr=1. By contrast, the typical mass loss rates seen in massive stars are orders of magni-
tude higher, and significantly contribute to the evolution of massive stars. Remember our equations
of stellar structure: they all depend explicitly on the mass of the star. By changing the mass of the
star, the boundary conditions we use to solve these equations are altered, and the evolutionary tra-
jectory from hot main sequence star to cool red supergiant can be interrupted by the star losing a
significant amount of its envelope. The resulting exposed stellar core then evolves to become a hot

and blue object with a strong stellar wind called a Wolf-Rayet star or WR.

How does this mass loss happen for massive stars? Main sequence OB stars as well as Wolf-
Rayet stars emit enormous amounts of ultraviolet radiation, imparting a significant amount of radi-
ation pressure onto metals in their atmospheres via resonant UV absorption lines, resulting in mass

loss rates from 1078 to 107 M, yr—!

. Cool supergiants are also capable of driving strong stellar
winds via radiation pressure on circumstellar dust grains, with mass loss rates ranging from 10~¢
to 107*M,, yr~!. Finally, massive stars can experience various outbursts during their lifetimes.
These events, driven by either intense radiation pressure or pulsations, can even result in the star
shedding up to a few solar masses per year during so-called “giant eruptions.” All of this material
has been enriched by nucleosynthetic products thanks to various internal processes in the star,'’

and so massive stars pollute the ISM over the majority of their lifetimes from the main sequence,

through supergiant phases, all the way up until the development of an iron core.

It is here, once the star’s nuclear fuel is utterly spent and the core is an inert lump of iron, that
we arrive at the end of a massive star’s life. With no nuclear fusion, the core is only supported by
electron degeneracy pressure that comes as a result of the Pauli exclusion principle. And degener-
acy pressure isn’t all that powerful. Eventually the star has a massive enough iron core that electron
degeneracy can’t save it. The core collapses under its own weight and the rest of the star falls in
after it. Once the core has shrunk to roughly the density of an atom, various nuclear forces as
well as neutron degeneracy pressure rapidly halt its collapse. The star’s envelope collides with the

now-incredibly-hard proto-neutron star core, and bounces, exploding outward in a violent explo-

""More on such mixing processes to come...
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sion called a supernova.'® Any matter not blown off by earlier stellar winds is now ejected into the
ISM in spectacular fashion. All that’s left behind is a neutron star, an incredibly dense' city-size
hunk of quantum mechanical weirdness. Finally, if the remnant is more massive than about 3 M,

not even neutron degeneracy pressure can save it, and it collapses into a black hole.

And that’s the entire life cycle of a massive star! Nuclear fusion and mass loss combined cause
the star to evolve until it no longer can, at which point the cosmic engine sputters and grinds to a
halt: the core collapses, the star explodes, a compact object gets left behind, and the next generation
of stars can be formed from the stardust that remains. It turns out we have a name for this scenario
that describes how a massive star evolves: it’s called the “Conti Scenario” [49], and divides massive
star evolution into three pathways. The “blue-red” pathway describes stars with initial masses
between about 8 and 25 M., which start their lifes as OB main sequence stars, become RSGs,
then explode as type II-P supernovae. Stars with initial masses between about 25 and 50 M do
a “blue-red-blue” path, evolving from O stars to RSGs, then losing enough mass to become Wolf-
Rayet stars, before exploding as type Ib or Ic supernovae. Finally, the evolutionary branch for stars
more massive than 50 M, is just called “blue.” After (or even during) the main sequence, such
stars experience one of those outbursting phases I referenced earlier (this one called the “Luminous
Blue Variable” or LBV stage), loses its envelope, and becomes a WR before exploding as a Ib or

Ic supernova.

If that sounds a little too qualitative or hand-wavy to you, that’s because it is! Our models
of how massive stars evolve suffer from a number of uncertainties that prevent us from making
more quantitative predictions. Most of this uncertainty is driven by the fact that massive stars are
incredibly rare. When a cold cloud of gas and dust collapses under its gravity to begin forming
stars, it does not form stars equally: instead, less massive stars that are easier to make are formed
much more often. The function that dictates the number of stars being formed in an infinitesimal

bin of mass between M and M + dM is called the initial mass function (IMF), and we usually

131t turns out neutrinos play an incredibly important role here as well, but this simple mental image will suffice for
now.

19A teaspoon of neutron star crust weighs about ten tons! And yes, I said crust. Neutron star surfaces are solid.
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characterize it as a power-law: "

qD(M):d_MO(M_a (114)

and it seems like o = 2.35 (a.k.a. the “Salpeter” IMF [251]) almost everywhere we look [113]. In
other words, for every 10 M, star in a stellar population, there are about 200 1 M, stars. And for
every 40,000 1 M, star, you only get a single 100 M, star. This means that observational studies
of massive stars have been traditionally inhibited by small sample sizes, resulting in a number of

uncertainties in key physical processes that govern how massive stars evolve.

1.3.1 Mass loss

Throughout their lifetimes, massive stars rapidly lose mass via their stellar winds. This was first
realized in the 60s and 70s, where ultraviolet spectroscopic observations revealed blueshifted ab-
sorption lines that arose in the winds of OB stars [203, ]. Early stellar evolution models that
incorporated stellar winds demonstrated that mass loss significantly altered the evolution of mas-
sive stars, broadening the main sequence, causing stars to evolve to higher luminosity, and leading
to the creation of Wolf-Rayet stars [47, 41]. However, a number of uncertainties remain in our un-
derstanding of mass loss in massive stars. While I will only focus on a only few key mechanisms
for the remainder of this work, it is important to highlight some broader areas of uncertainty.
Observationally inferring mass lots rates requires an estimate of the mass density of the wind
at a location where the wind is moving at its terminal velocity v,. In hot stars (mostly O and B
dwarfs and supergiants, but also WRs), many observational diagnostics (e.g., radio observations
and emission lines like Ho) are sensitive not to p but to p?>. Because winds are not smooth but
clumpy, this results in an overestimate of mass loss rates compared to those derived by hard-to-
observe diagnostics sensitive to p (like observations of ultraviolet P Cygni absorption) [84]. This

implies that common recipes for mass loss (e.g. [315]) that are derived from theoretical models

20Some authors (e.g. [36]) have adopted more complicated functional forms for the low mass IMF, but in general,
the high mass end of the IMF is a power law.
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of a smooth, radiatively driven wind”' should be reduced by some unknown ‘“clumping factor”
fa that can take on values anywhere from 3 to 10. However, even this reduction overpredicts the
observed p-dependent mass loss rates of low luminosity O and B stars [235]. While this weak wind
problem continues to stymie us, recent theoretical work has shown that shocks driven by the “line-
deshadowing instability” [219] may heat the winds of such stars above their effective temperatures,
resulting in an illusory reduction of mass loss rates derived from density-sensitive diagnostics. If
these results are confirmed, this would potentially solve the weak-wind problem, bringing p- and
clumping-corrected p*-based measurements of mass loss in low luminosity OB stars back into

alignment with each other.

Even after a star has evolved into a cool supergiant, mass loss remains important, and uncertain.
Mass loss rates in RSGs are often inferred from mid-infrared observations, which reveal dusty
circumstellar envelopes [323]. RSGs do not emit a significant amount of the UV radiation that is
thought to needed to drive a wind radiatively. Instead, either via pulsations or turbulence [137],
matter is gently wafted off the surface of the star until it is sufficiently cool enough for dust to
form (~1000-1500 K), at which point radiation pressure on the dust can drive a slow, yet quite
dense wind. In the most luminous RSGs, this wind is capable of stripping the envelope entirely,
producing a WR. Varying prescriptions for RSG mass loss exist (e.g. [62, 216, 308]), which contain
significant uncertainties. Depending on which recipe is adopted, the mass at which a star can shed

its envelope via mass loss can change quite drastically from 20 to 50 M, [76, 77].

Finally, luminous stars can exhibit outbursts and eruptions. Most notable of these eruptive stars
are the luminous blue variables (LBVs), descendants of 2 50, stars which are mostly luminous,
sometimes blue, and occasionally variable. Notable members of this class have been cataloged
since the early 17th century [23], and include 7 Car, S Doradus, and P Cygni, all of which have
undergone strong outbursts in between long periods of quiescence. During these events, some

unknown instability’” triggers a powerful episode of mass loss during which the star’s optical

2I'The specific model is called the “CAK” model after the last initials of the authors that developed it [34]

22This instability is thought to be tied to these stars’ proximity to the Eddington limit, the point at which radiation
pressure overcomes gravity, see [266] for a slightly out-of-date review
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brightness dramatically increases,” and the star sheds anywhere from 0.1 to 10 M, over a very
small amount of time (the entire LBV phase, including quiescent periods, is thought to last only
~10%? yr, or ~1-10% of the main sequence lifetime). Due to their short lifetimes, an incredibly
small number of LBVs exist in the Galaxy, and significant debate has arisen regarding which stars
are “true” LBVs [241], and whether LBVs even are massive stars to begin with!** In addition
to LBVs, we also observe two other important classes of outbursting star about which we know
even less: B[e] supergiants which are dusty objects closely related to LBVs [149]; and certain high

luminosity yellow supergiants®

that occupy a region of the Hertzprung-Russell diagram (HRD)
known as the yellow void [216, ], where the atmosphere is thought to become dynamically
unstable. Despite the tremendous amount of mass lost during these phases, stellar evolution models
rarely include them due to our uncertainties in which stars experience them, how long they last,

and what physical mechanism(s) drive them.

1.3.2 Rotation

Rotation is an ubiquitous property of stars, and its signal is observed across the entire mass spec-
trum. Low mass stars like our sun exhibit star spots, and as these spots rotate in and out of view,
the brightnesses of spotted stars vary by a few percent [202]. While massive main sequence stars
don’t possess dark spots, they do display bright spots, which imprint themselves in high-cadence
time-series photometry [24, 32, 18, 17, , , ]. Spectroscopic measurements of suitable
resolution can also yield rotational velocities by measuring the rotational broadening of absorption
or emission lines. This method has a key caveat that only the component of the rotational velocity

t26

that is projected into the line-of-sight™ can be measured, and in general, the inclination angle 7 is

unknown [e.g., ]. Regardless of the method, observations reveal that massive stars appear to be

ZEven to the point where the eruption can be mistaken for a supernova. Interestingly enough, such supernova
imposters can then actually explode shortly thereafter, e.g. [191]
24See a long and contentious series of publications [268, , 1.

Zsometimes inexplicably called “hypergiants.”

26 A k.a. v, sin 4, where 7 is the angle of the rotational axis relative to the line-of-sight, such that if we view the
star pole-on, ¢ = 0, and no rotational broadening will be observed
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rapid rotators, with some stars rotating quite close to the critical velocity, v.,;, the point at which
centrifugal force overcomes gravity and starts to rip the star apart.”’

Rotation has a significant effect on the physical properties of massive stars. Most notably as far
as the observational properties are concerned, rotation alters the very shapes of stars [316], causing
the stellar equator to bulge outwards. Because the flux from a given surface area is proportional
to the effective gravity which is lessened at the equators by centrifugal force, this leads to gravity
darkening/brightening, a process where the poles of the star are hotter and brighter than the equator.
As aresult, an effective temperature measured assuming the star does not rotate can differ from the
temperature of the poles/equator by several thousand K in the case of B stars [82]. In an extreme
case, when stars rotate close to {2..;;, they can form decretion disks out of material ejected from
the equator. These disks are illuminated and heated by the central star, causing the entire system
to display emission lines whose shapes are dependent on the inclination angle [243]. So-called Be
stars (where the “e” stands for emission) make up ~15-20% of all B-type stars [243].

In addition to its effects on the observed surface properties of stars, rotation can also impact
their interiors. Rotationally induced mixing via diffusion and meridional circulation [329] can
change the chemical structures of stars — which, as I’ve mentioned, impacts their evolution —
and alters the surface element abundances. Finally, mass loss is enhanced in rotating stars. This
is both due to radiative effects caused by gravity darkening [!74], and mechanical mass loss due
to the reduced equatorial gravity [93]. All-in-all, the initial rotation rate is a critical quantity in
addition to the initial mass and metallicity that influences the evolution of massive stars. However,
rotation rates are difficult to measure directly, and the implementation of rotational effects in stellar

evolution codes is nontrivial.

1.3.3 Binary Interactions

Our star is a lonely one. At a distance of about 4.25 light years [86], Proxima Centauri is our

closest stellar neighbor. Proxima, on the other hand, is itself only 0.2 light years away from its

2’Both v,.o; and v,.;; can also be replaced with the rotation frequency, typically expressed as an angular frequency
Q'r'ot or Qc’r'it~
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closest neighbor, o Centauri AB, a distance to small that it is gravitationally bound, orbiting «
Centauri AB once every 550,000 years. « Centauri AB itself is in fact a star system composed
of two stars that orbit each other once every 80 years. Multiple systems like o Centauri come in
various flavors and architectures determined by the number, masses, and kinematics of the stars in
the system, but in general, they are extremely common. About ~44% of all sun-like stars are born
into a multiple system of one kind or another, with the companion fraction (the average number of
companions per star) being around 0.6 [75].

Stars born in close enough binaries experience interactions, which occur primarily via tides and
mass-transfer [ 120], the latter of which can occur via both stellar winds and Roche Lobe Overflow.
Both mechanisms can change the angular momentum of the system, affecting either the orbital
angular momentum, the rotational angular momentum of each star in the system, or the net angular
momentum which is removed by gas ejected from the system entirely [65], which in turn can lead
to further interactions, including those where the stars come into contact with each other. In the
most extreme cases, the system enters a brief common envelope phase, which may be followed by
a merger, depending on the orbital energy of the system [220, 67]. The effects of these interactions
on the evolution of both stars in the system is heavily dependent on the evolutionary state of each
star [151], which depends on the initial period and mass ratio”® of the system. This leaves a large
parameter space that must be fully explored in order to sample the entire range of binary effects;
initial orbital periods can run from over 10,000 days (in which case the two components of the
system are effectively single stars) to under a day [1 98], while mass ratios can be incredibly small,
or ~1. Furthermore, while observations are biased towards finding more massive companions,
secondaries with low mass ratios are still capable of significantly altering the evolution of their
primary at short orbital periods [77].

When it comes to massive stars, multiplicity is critical. In a radial velocity survey of 71 Galactic
O stars in nearby open clusters, Sana et al. [253] directly searched for massive binary systems, and

9

used their results to infer the intrinsic binary fraction f;,”° as well the distributions of binary

Z8Defined as the ratio of the mass of the less massive secondary star to the mass of the primary, ¢ = My /M>.

29Simply defined as the fraction of stars with a binary companion. While triplets like o Centauri or even higher-
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parameters. They reported a tendency for binaries to favor close systems with mass ratios drawn
from a uniform distribution. They also found a high binary fraction f;;, > 70% when including
longer-period systems, and subsequent work [see e.g., 75, , ] has also found evidence that
the evolution of massive stars is dominated by binary interactions in close systems. However, other
observations place the short-period binary fraction for O-type stars at ~30-35% [e.g., &89, ].
For post-main-sequence massive stars, the observed binary fraction for Wolf-Rayet stars is ~30%
[207], while the binary fraction of yellow and red supergiants appears to vary between ~15-40%
depending on the metallicity of the host galaxy [212, ].

While I will discuss in detail the effects of binary interactions on both individual massive stars
as well as stellar populations in Chapters 2 and 3, suffice it to say that they are important, impacting
everything from the explodability of individual massive stars [ 1 53] to the radiation that plays a key
part in reionizing the universe [277]. Critically, they are poorly understood. For decades, binarity
was seen as a secondary effect relative to rotation,’® and if it was included in stellar evolution
models at all, it was coarsely approximated by, e.g., artificially removing a star’s entire hydrogen
envelope once it reached a given stage in its evolution [77, and references therein]. It is only
recently that detailed models of stars in binaries have been produced. However, these models
include many free parameters and uncertainties, including ones as fundamental as: what is the
binary fraction, and how does it — as well as the distribution of initial periods and mass ratios —

depend on initial mass and metallicity?

1.3.4 Mixing

At various times through this introduction, I've referred to “mixing” as an important, yet vague

process that nonetheless is important for the evolution of stars. To be more specific, consider

order multiple systems exist, I largely neglect them in this work. This assumption is mostly valid, as the majority
of such systems are either unstable, or form hierarchical systems consisting of tight binaries orbiting each other
at large separations. For a neat visualization, see @ThreeBodyBot, an account on Twitter that posts videos of
simulated three-body systems that clearly demonstrate this fact.

30This is largely based on the fact that both effects lead to higher mass loss, and while not all massive stars are in
binaries (we think...), all stars rotate.
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some species (e.g., hydrogen). For a spherically symmetric star, mixing is usually modelled as a

time-dependent diffusive process, wherein at some location r the mass fraction of this species X;

- _RZ+W§(DM~ ar) (1.15)

changes at a rate given by

where R; covers changes due to nuclear fusion, and D is the mixing coefficient, which we usually
take as the sum over a number of mixing processes.>' Each of these processes can be described by
some mixing profile, D(r).

The dominant mixing process in stars is convection, which occurs when radiation is inefficient
at transporting energy through the star by Eq. (1.5), and instead, the energy must be directly carried
by matter moving within the star. In such cases, without convection, the star would generate a

steep temperature gradient, which we compute relative to the pressure to make the math somewhat

easier:*?
OlnT
= 1.1
Oln P (1.16)
With radiative energy transport,
3 P L
Viaa = y (117)

16macG T* M

which you may recognize as a reformulated version of Eq. (1.5), and so long as the temperature
gradient is shallow enough, convection won’t occur. However, once V,.q is steeper than a tem-
perature gradient that could be accomplished adiabatically (V ,q), that layer becomes unstable,
and convection occurs (i.e., the Schwarzschild criterion: stability is achieved when V,,q < V,q).
Alternatively, gradients in the chemical composition — which can result from mixing! — can

increase the stability of a region to convection. In these cases, the Ledoux criterion for stability is

3INote that I'm expressing this equation in Eulerian coordinates. Conversion to Lagrangian coordinates is simple
enough, though the equation is less easy to parse.

3In general, the pressure monotonically decreases from the stellar core to the surface as a result of (1.3). So high
values of V mean that a small increase in pressure (corresponding to moving inward in the star) results in a strong
increase in temperature. In the same scenario, the gradient of the temperature relative to r or M,. would be negative,
with a high absolute value. In general, I like to stay positive, hence taking derivatives relative to the pressure.
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adopted:
Viad < V1 (1.18)
where
V. = Ve + ?v“ (1.19)

1 s the mean molecular weight, which, for fully ionized gas is sum over every species i:

. (Z X1 i Zi))_l (1.20)

i Hi

with Z; being the charge. The corresponding value of p for neutral gas can be derived by setting all
Z; = 0, and for partially ionized gas, can be determined by the Saha ionization equation [245, 246].

The remaining quantities are defined as

Olnp
= 1.21
P (mnu)m (1.21)
Olnp
= (0lnT)P7u (1.22)
dln
V.= L P (1.23)

While modeling the mixing of chemical species by convection really does require complex,
three-dimensional simulations, the mixing-length theory developed by Erika Bohm-Vitense [25]
seems to be the best approximation for convection in stars that we have. In mixing-length theory,

convection results in a mixing coefficient

1
Dconv = gamlt Hpvconv (1 24)

where H, is the pressure scale height (the physical distance over which the pressure decreases
by a factor of e), v.ony 1 the typical velocity of gas blobs that are convecting, and o, 1s a free

parameter that appears to vary between 1.5 and 2.2 based on both observations [217, , 5] and
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hydrodynamic simulations [3 14, , ] (though even larger or smaller values are sometimes
used, and are, in fact, equally physically plausible). Even though this is a relatively small range in
values for ayy,)¢, small tweaks in this parameter can seriously impact the evolution of the star, result-
ing in, e.g., significant changes in the coolest temperatures that stars can reach as red supergiants
[43]. Even worse, we have no clue whether a,,,;; has a universal value, or whether it is dependent
on the stellar mass and metallicity, whether it changes through a star’s lifetime, or even whether it
should be constant throughout the entire stellar structure at a given time!

Beyond mixing length theory, additional mixing processes are also important, including three
that are intricately linked to convection. The first is convective overshooting. At the interface
between convective and radiative zones, the upwelling/downwelling material still has momentum,
and some of the gas can penetrate into the convective zone, where it diffuses into its surroundings.
A commonly used overshooting model is exponential overshooting [111]: given the convective
mixing coefficient, Dy o measured some small fraction of the pressure scale height f,, p into the

convective zone, the mixing coefficient due to overshooting is given by

2z

Dy, = Dconv,Oe_ Jov Hp (1.25)

where z is the distance into the radiative zone from the edge of the convective zone, and f,, is
yet another free parameter in addition to f,, p. Both of these variables are usually assigned values
of around 1072 or so [128], and, like oy, are horribly unconstrained. The second convective-
adjacent process is semiconvection, which occurs in regions that are Schwarzschild-unstable, but
stable under the Ledoux criterion. Though we do not model it like this in practice, semiconvection
also occurs within the Earth, where it forms a “staircase” of thin layers that alternate between con-

vective and radiative energy transport ([274] and references therein). The semiconvective mixing

K \V—-V.u
Dsc: sc 1.26
“ (GCpp) V.-V (1.26)

coefficient is given by

where K is the radiative conductivity, and C'p is the heat capacity at constant pressure, and o is

(you guessed it) yet another free parameter that is of-order 10~2 [78]. Finally, thermohaline mixing
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occurs in layers that are Ledoux-stable, yet develop an inversion in the chemical gradient, causing
the heavier material to sink and exchange heat along long, thin “fingers” [33], which we observe

on the Earth’s oceans when evaporation causes the ocean surface to develop a high concentration

of salt. The mixing coefficient [ 136, ] is given by
3K £V
Dy, = - 1.27
th = Olth (QCP,O) YV — Vg ( )

with the associated free parameter arth, which is of-order unity.

As if this weren’t enough uncertainty, physical processes beyond convection can result in ad-
ditional mixing, especially in radiative zones that wouldn’t otherwise mix. These processes can
be macroscopic or microscopic [233, ]. Though beyond the scope of this work, large scale
turbulent flows [193, ] and magnetic fields (via their effects on the motions of gas and the ro-
tational evolution of the star [250]) are additional macroscopic sources of mixing. More relevant
here are mixing due to rotation, and to wave dynamics. Though covered in detail in Chapters 3 and
6, in brief: rotation adds to the mixing coefficient via both a shear term, and a term from merid-
ional circulation [291], while internal gravity waves launched at the interface between convective
and radiative layers can directly transport material, and redistribute angular momentum in the star
[290]. Amongst microscopic mixing processes, atomic diffusion plays a key role. Temperature
and pressure gradients cause heavier elements to sink in the star, while chemical gradients (e.g.
from the chemically enriched core to the relatively metal-poor envelope) have the opposite effect.
Finally, radiative forces can levitate atoms in ways that depend critically on both local physical
conditions, and the atomic structure. These four processes can be combined [296] to derive the

diffusive velocities of every species v;, and Eq. (1.15) then becomes

= Rim o (r ) (DprQaXi) (1.28)

where the second term on the right hand side accounts for diffusion. In practice, implementing

diffusion is devilishly complicated; thankfully, diffusion isn’t critically important for the evolution
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of massive stars, but is a factor to consider.

All of these mixing phenomena are wildly unconstrained. While some observables (e.g., the
location of the TAMS, or the temperature of the coldest RSGs in a population) can be used to con-
strain one of the free parameters mentioned above, the derived mixing profiles D (M) are highly
degenerate: many internal structures can yield the same set of observables. Recent breakthroughs
in asteroseismology [3] have demonstrated the power of this technique for inferring mixing pro-
files. However, both our theoretical and observational capabilities to apply asteroseismology to

massive stars are sorely lacking, as discussed in Chapter 6.
1.4 Why Evolved Massive Stars?

With all of these uncertainties, why should we (as I do in this thesis) focus on massive stars that
have left the main sequence and dived into the glorious and peculiar menagerie of evolutionary
states that I will collectively call “evolved massive stars”? After all, all massive stars are quite
rare already by dint the IMF (Equation (1.14)). And because they spend so much of their life-
times (~90%) on the main sequence, evolved massive stars are that much more difficult to find!
Shouldn’t we just focus on O and B dwarfs?

As a matter of fact, it turns out that things go quite well when we do. In general, evolutionary
models agree fairly well on the behavior of massive stars on the main sequence. But once the
models leave the main sequence, things go off the rails. Martins & Palacios [181] compared six
different evolutionary codes, each of which predicted a drastically different behavior for the post
main sequence evolution of a model with identical initial conditions. Some models evolve straight
across the HRD to become RSGs. Others dip in luminosity before becoming RSGs. Still more
become RSGs, then exhibit a so-called “blue loop” in the HRD as core helium fusion ignites. And
all six models adopt reasonable, yet slightly different implementations of the physics discussed
here! As a result, a measurement of a star’s surface properties — its effective temperature, sur-
face gravity, chemical abundances, rotation rates, and status as a binary star — cannot be used to
uniquely infer its mass, age, or evolutionary status.

This behavior lead Kippenhahn & Weigert in their 1990 textbook [137] to describe evolved
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massive stars as
...a sort of magnifying glass, revealing relentlessly the faults of calculations of earlier phases.

Now they aren’t wrong. But I like to turn this way of thinking on its head. I think that if you have
a magnifying glass, you should use it! If evolved massive stars are the objects in which the effects
of mass loss, rotation, binary interactions, mixing, and more are the most pronounced, we should
use them as precision probes of these processes. Evolved massive stars aren’t the problem; they
are the solution, our key to unlocking many mysteries in the evolution of massive stars.

Of course, if it were that easy, someone would have done it already. Unfortunately, until re-
cently, our magnifying glass as been a little foggy. Observationally, small samples sizes coupled
with the difficulty in obtaining measurements with high enough precision have impeded traditional
studies of massive stars. Theoretically, many of the effects I've listed have been approximated
due to a lack of computational investment/resources. But now in the third decade of the era® we
call “the two thousands”, things are changing; our once-foggy magnifying glass is clearing. New
space-based observatories will either launch soon**, or have already begun observing, and will rev-
olutionize/are revolutionizing the ways in which we think about studying evolved massive stars,
while cutting edge ground-based instrumentation is allowing us to follow-up on the most interest-
ing objects. Simultaneously, theorists have begun grappling with nitty gritty physics, providing us
with detailed implementations of the key effects that impact massive star evolution. This means
that we can now begin to take the techniques and methods that have long been used to study low
mass stars, and apply them in new ways to study evolved massive stars!

And so at last we come to the point of this thesis: to use evolved massive stars as magnifying
glasses. I do this in a few different ways. In Chapters 2 and 3, I use cutting edge stellar evolution
models to study the impact of binary interactions and rotation on the massive star demographics
of resolved stellar populations, and demonstrate that both effects manifest themselves in unique

and non-degenerate ways. The models I present require large catalogs of evolved massive stars

3371 hesitate to call it a millenium, as the last 18 months have felt like an eon.

34 Assuming launch windows do not continue to be pushed back indefinitely.
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that have been reliably classified in order to make inferences, and in Chapter 4, I explore the
possibilities (and shortcomings) of using machine learning to classify thousands of stars using
only broadband photometry. In Chapters 5 and 6, I explore another avenue of probing the interiors
of evolved massive stars using asteroseismology. Finally, in Chapter 7, I will briefly summarize
all of my results, and discuss how the study of evolved massive stars will change in the 2020s and
beyond.

With me so far?

Ok, let’s begin.
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Chapter 2

STELLAR POPULATION DIAGNOSTICS
OF THE MASSIVE STAR BINARY FRACTION

2.1 Introduction

Comparing theoretical and observed populations of massive stars can be an incredibly powerful
tool for understanding stellar evolution. Massive stars are luminous, and can be easily seen in
the Local Group; photometric catalogs are readily available [e.g., the Local Group Galaxy Survey,
LGGS; , ], from which massive stars can be selected after filtering for foreground contam-
inants [e.g., ]. The relative abundance of various subtypes of massive stars can then be used as
a probe of stellar physics. Reproducing the observed data reflects our understanding of the relative
lifetimes of these evolutionary phases, and therefore our ability to predict the impact of massive
stars on their surroundings — e.g., chemical yields, ionizing radiation, and mechanical feedback.
However, most stellar evolution models assume that stars evolve in relative isolation, without any
influence from a binary companion.

Massive stars in interacting binary systems face drastically differing evolutionary pathways
than their single-star cousins, causing ensembles of binary stars to appear notably different as a
function of age, metallicity, and the underlying statistical distributions of the binary parameters
of the systems. Measuring these properties directly is possible; however, such surveys are time
intensive, and require detailed understandings of the completeness of the survey and the sensitivity
of the observational method to systems of varying periods, inclinations, and mass ratios. Correcting
for these effects in small samples can be difficult, making it hard to generalize the results to the
entire population of massive stars. Thus any inferences made about young stellar populations are

inherently polluted by unresolved binaries that have not been accounted for [67].

The predicted number of almost every subtype of massive star depends upon binarity. Perhaps
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the most notable effect is an increase in the expected number of stripped-envelope stars (i.e., Wolf-
Rayet stars, WRs) with f3;,,, which occurs due to RLOF onto the secondary star. Other, more subtle,
effects can alter the number of massive stellar subtypes observed through time, e.g., red supergiants
(RSGs), yellow supergiants (YSGs), blue supergiants (BSG) and the various WR subtypes (WC,
WN, etc.). Indeed, recent work has argued that entire subclasses of massive stars may exclusively
be the product of binary evolution (e.g., Luminous Blue Variables, LBVs; see [268, ]). One
may conclude then that using stellar count diagnostics as a probe of stellar physics is hopeless in
the presence of binary stars with unknown properties. More optimistically, we seek to understand
the effect of binaries on star count diagnostics to determine if they can be used to disentangle
binary effects from single-star evolution.

This chapter is laid out as follows. In §2.2, I describe the Binary Population and Spectral
Synthesis (BPASS) code and the population synthesis method we employ to generate theoretical
predictions for the abundance of various subtypes. In §2.3 we describe various ratios of these
subtypes that are sensitive to age, metallicity, and binary fraction. §2.4 describes how these ratios
can be applied to real data, while §2.5 includes our presciption for handling incomplete samples
of massive stars, and the effect of incompleteness on the inferred results. We apply these ratios
to populations with complicated star-formation histories in §2.6 before concluding in §2.7. This

work originally appeared in Dorn-Wallenstein et al. (2018) [68].
2.2 Creating Theoretical Populations With a Physical Treatment of Binaries

2.2.1 Binary Evolution and BPASS

The Binary Population and Spectral Synthesis code [BPASS, 77, 276] incorporates many of these
effects in a custom stellar evolution code that is evaluated for single and binary stars on a dense
grid' of initial primary and secondary masses (M; and M), initial periods P, and mass ratios

(g = My/M1) at 12 metallicities. We express the metallicity as a mass fraction Z, and BPASS

'Details on the grids of parameter values and more can be found in the BPASS v2.2 User Manual, currently hosted
online at https://drive.google.com/file/d/1IYCYf5BxtIWmgPuFTYLQ7kpN-hKY2SAp/
view?usp=sharing


https://drive.google.com/file/d/1IYCYf5Bxt1WmqPuFTYLQ7kpN-hKY2SAp/view?usp=sharing
https://drive.google.com/file/d/1IYCYf5Bxt1WmqPuFTYLQ7kpN-hKY2SAp/view?usp=sharing
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adopts metallicities in the range 107> < Z < 0.04. Note that we assume solar metallicity Z, =
0.014 [13]. Figure 2.1 shows solar metallicity evolutionary tracks from BPASS v2.2 for primary
stars of initial mass M between 15 and 50 M, companions with mass ratio ¢ = 0.9, and initial
orbital periods between 10 and 1000 days, as well as the corresponding single-star evolution track
(P — o0). At the widest orbital separations, the primary stars evolve more or less identically to
their single counterparts until the very end of their lives, where they fill their Roche lobes as yellow
or red supergiants. This is most noticeable for the 30 My, tracks, where the primary of the P = 103
day binary only fills its Roche Lobe when it is close to the Hayashi limit. The subsequent mass
transfer reduces the luminosity of the primary (see Figure 13.1 of [150], with data from [64]), and

causes the primary to end its life as a lower luminosity Wolf-Rayet star.

6.00

log(L) [Lo]

525 500 475 450 425 400 375 3.0
log(Tery) [K]

Figure 2.1 BPASS solar metallicity stellar evolution tracks for 15 (blue), 30 (green), and 50 (red)
M, primary stars, assuming a mass ratio ¢ = 0.9, and initial orbital periods of 1000 (dashed), 100
(dash-dotted), and 10 days (dotted) respectively. The corresponding single-star evolution track is
shown with the solid line. Copyright AAS. Reproduced with permission from Dorn-Wallenstein &
Levesque [68].

At progressively shorter periods, the effects of mass transfer become increasingly extreme.

This is especially drastic for the 10 M models, where mass transfer begins to occur earlier and
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earlier in the star’s post-main sequence life, drastically altering its evolution. In the most extreme
case presented (P = 10 days), the primary experiences multiple episodes of mass transfer both
to and from the secondary, ultimately becoming an incredibly luminous Wolf-Rayet star instead
of reaching the Hayashi limit and ending its life as a red supergiant as would be expected for
an isolated 10 M, star. We note that these are extreme examples chosen to illustrate the range
of behavior that occurs in close binaries for specific combinations of system parameters; each
individual model is ultimately assigned a very small weight in the ensuing population synthesis
due to the large number of models (see §2.2.2).

If massive stars truly favor high binary fractions and short orbital periods then very few stars
will evolve completely free from the influence of a companion. This has a drastic effect on the
relative numbers of stars of a given subtype in a population. For example, the cluster Westerlund
1 is a single-age (~ 5 Myr, [145]) massive cluster known to contain both red supergiants and
Wolf-Rayet stars [44]. Single-star evolution predicts that these stages are evolved from stars in two
almost entirely disjoint sets of initial masses, implying that single-aged clusters containing both
RSGs and WRs should only exist for an incredibly narrow window of time after an initial starburst.
However, allowing for the formation of Wolf-Rayet stars via RLOF-induced channel increases the

overlap in the initial masses of RSG and WR progenitors.

2.2.2  Population Synthesis

With the complete set of single and binary stellar evolution tracks, we assembled synthetic popu-
lations by weighting each model according to the likelihood that it would be formed in an instan-
taneous burst of star formation. When considering only single stars, the weighting is calculated
according to an initial mass function (IMF), the probability ®(A/) of a star being formed at a given
mass. @ is typically parametrized as a power law or broken power law. BPASS allows for popula-
tion synthesis assuming one of nine IMFs, including IMFs with low-mass exponential cutoffs [36],
and the classical Salpeter IMF with a slope of -2.35 [251]. We adopt the BPASS default, which is
a broken power law with slope -1.3 below 0.5 M, and a slope of -2.35 for higher masses, with

a maximum mass of 300 M. Because we are mostly considering massive stars, the shape of the
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low-mass IMF should have little effect on our results.

When adding binary stars, individual models must also be weighted according to the distribu-
tions of the fundamental natal parameters P and q of the binary system. BPASS v2.2 adopts the
distribution parameters from [198], who found that these distrubitions are interrelated with, for
example, the power law slope and twin (¢ = 1) fraction of the mass ratio distribution depending
on the initial mass and period-.

Finally the weightings are normalized to ensure that the entire population forms 10°M, of
stars. For each metallicity, we create two synthetic populations: one composed entirely of single
stars using the input files provided in the BPASS v2.2 data release, and one composed entirely of
binary stars using custom input files provided by the BPASS team (J. J. Eldridge 2018, private com-
munication). While no f;,, = 0 or 1 populations have been observed, creating these populations
allows us to generate results with tailored intermediate values of f;, by mixing both populations
accordingly. Note that the binary input files provided in the BPASS v2.2 data release assume the
binary fractions found by [198], which would enforce an implicit maximum f;, on our results; we

instead use our custom f;,, = 1 population to avoid biasing our results.

2.2.3  Number Counts vs. Time

We now examine each stellar evolution track to determine the evolutionary phases that it goes
through by assigning a subtype to all timesteps in the model, using the model parameters listed in
Table 2.1; we largely adapt the classification scheme from [77]. First a check is done on log(7s)
and X to determine if the star is a Wolf-Rayet star — i.e., log(7.sr) > 4.45 and X < 0.4. If it is
and X > 1073, it is a WNH star; otherwise, it is classified as a WN or WC star depending on the
ratio of C' 4+ O to Y. If a star is not a WR, a log(7. ;) and log(g) check is performed to determine
if the star is a O f star — i.e., an evolved O star with a particularly strong stellar wind. These rare
stars are included as a separate class because they are particularly strong sources of He 11 emission

lines [31]. If the star is neither a WR nor a Of star, it is then assigned a classical MK spectral type

2The exact distribution parameters can be found in Table 13 of [198]
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Table 2.1. BPASS model parameters used to label timesteps with
an evolutionary phase.

Parameter Description Unit
log(L) Logarithm of the luminosity Lo
log(Ttss)  Logarithm of the effective temperature K
log(g) Logarithm of the surface gravity cms?2
X Hydrogen Surface Mass Fraction -

Y Helium Surface Mass Fraction -

C Carbon Surface Mass Fraction -

O Oxygen Surface Mass Fraction -

based on its effective temperature. The exact numerical criteria used for our classification are listed
in Table 2.2. Figure 2.2 serves as an illustration of the various temperature criteria used, compared

to evolutionary tracks for single stars with initial masses between 5 and 50 M.

Once a timestep 1s assigned a label, it is then assigned to at least one of 51 time bins that are
logarithmically-spaced between 10° and 10*! years in 0.1 dex increments. The weight of that model
from the input file is then adjusted by the size of the model timestep (accounting for the fact that
some timesteps cross the boundaries of the logarithmic time bin, and thus contribute to two time
bins in differing amounts), and its final weight added to an entry in an array corresponding to its
assigned label, time bin, and luminosity. We then create output arrays for each subtype by summing
the array over the luminosity axis. We also create outputs assuming minimum luminosities for each
subtype in 0.1 dex steps between log(L) = 3 and 6. All of the arrays have been compiled into a

single file, which we make available online.

Finally, as a post-processing step for this chapter, we label stars above log(L) = 4.9 as super-
giants, classifying O, Of, B, and A stars as BSGs, F and G stars as YSGs, and K and M stars as
RSGs. As discussed by [77], this is based on the luminosity criterion used by [ 84] to ensure that
lower-mass AGB stars were not included in their sample of RSGs, and applied to the rest of the

supergiants for consistency.
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For most of our analyses, we apply the same luminosity cutoff when considering the number
of Wolf-Rayet stars in a population. As discussed previously, binary interactions are capable of
stripping low mass stars that would be otherwise incapable of losing that much mass through
stellar winds or instabilities alone. This results in a large number of “Wolf-Rayet” stars at ages
well older than when the last WR stars are expected to disappear. These stars may appear as both
binary systems and single stars (in the case of stripped secondaries), and exhibit a range of spectra
from classical WR spectra to hot subdwarfs [ 100]. Very few such systems have been found — e.g.
¢ Persei [94], FY CMa [231], 59 Cyg [232], 60 Cyg [320], HD 45166 [281, ]. This may be
due to detectability issues (as the “Wolf-Rayet” primary can be far less luminous than the mass-
gaining secondary), or a lack of atmospheric models for these stars. The luminosity cutoff for
WRs attempts to mitigate this issue; however, BPASS still predicts the existence of luminous yet
low-mass WRs well after ages of 10 Myr. No WRs have been found in intermediate-age clusters,
which is in tension with a high binary fraction for massive stars.

Figure 2.3 shows the predicted number counts for times between 10° and 107 years at three
example metallicities for subtypes O, B, BSG, YSG, RSG, WR, WN, and WC. We then find N,,,;,
the maximum expected number of stars of each subtype at both values of f;,, and scale by the
appropriate N,,,, so the maximum number of each subtype at each f;, is 1 for clarity. The
foin = 1 and fy;, = 0 populations are indicated with solid and dashed lines respectively. While
neither is representative of a physical sample of stars, the comparison between the two is useful for
understanding the effects of binarity on a population.

As expected, the Wolf-Rayet stages are most heavily affected: WRs at f;,, = 1 appear slightly
earlier, while the age at which the most WRs are predicted is significantly later. There is also a
converse effect on the RSGs, which is most noticeable at low metallicity, because the stellar-wind
channel of WR creation is diminished, allowing the the effects of binarity on the WR population to
dominate. Because of our log(L) > 4.9 cutoff, the WRs created by binary interactions are massive
(> 8 M), and would thus turn into RSGs if they were single stars. In Figure 2.4, we show the
total number of RSGs (red) and WRs (purple) per 109 M, of stellar material created in both the
single (dashed) and binary (solid) populations at Z = 0.002. In the f;,, = 0 population, we see the



Table 2.2. Criteria used to label regions of the
HR diagram to classify evolution tracks.
Adapted from Table 3 of [77]. The luminosity
cutoff for WR stars is not always applied; see
§2.5 for details.

Label Criteria
log(Teff) Z 4.45
WNH X <04
log(Teyy) > 4.45
WN X <1073

(C+0))/Y <0.03
log(Teff) > 4.45

wC X <1073
(C+0))/Y >0.03

O log(Teff) > 4.48
of log(Ters) > 4.519
log(g) > 3.6761og(T.rs) + 13.253

B 4.041 < log(T,ps) < 4.48
A 3.9 <log(Tesr) < 4.041
F/G 3.66 < log(Tess) < 3.9
K 3.55 < log(Tery) < 3.66
M log(Teff) < 3.55
O+0f+B+A

BSG log(L) > 4.9
F/G

YSG log(L) > 4.9
K+M

RSG log(L) > 4.9
WR WNH + WN + WC

log(L) > 4.9
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Figure 2.2 Visualization of the criteria used to count massive stellar subtypes from [77]. Spectral
types are indicated by the colored patches. The minimum temperatures for Of and WR stars
are shown by the dash-dotted and dashed lines respectively; additional criteria, and the criteria
for various WR subtypes are in Table 2.2. For comparison, single-star solar metallicity BPASS
tracks from 5 to 50 M are shown in gray. Copyright AAS. Reproduced with permission from
Dorn-Wallenstein & Levesque [68].
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expected behavior: there are far fewer WRs created, and they coexist with RSGs for a very narrow
window of time. However, in the f;;,, = 1 population, the number of RSGs is suppressed by a

factor of ~ 4, and we see WRs at far later times.

RSG — sznzl
2001 —— WR === foin=0

- 200
- 150

N
- 1002

6.0 6.2 6.4 6.6 6.8 7.0 7.2 7.4

Log Time [yr]

Figure 2.4 Absolute number of RSGs and WRs per 10° M, of stellar mass created for both binaries
(solid) and singles (dashed) at Z = 0.002. Copyright AAS. Reproduced with permission from
Dorn-Wallenstein & Levesque [68].

We note that we do not include Luminous Blue Variables (LBVSs) in our classification scheme.
Due to their eruptive outbursts, LBVs are certainly important to stellar populations, and we high-
light their interesting properties in Chapter 5. However, the term has been applied to a set of objects
with a wide variety of photometric and spectroscopic behavior [48], such that the exact definition
of what is and isn’t an LBV often varies from source to source, and only tens of confirmed LBVs
(i.e., those which have been observed in a S Dor-type outburst) exist in the entire Local Group
[305, , ]. Additionally, distances to a set of LBVs and LBV candidates from the second
data release of the Gaia survey [85] were derived by [267]. In many cases, the updated distances
are smaller than those previously reported, implying that LBVs may occupy a different region of

the HR diagram than is often assumed. Due to the present uncertainty in the evolutionary status of
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LBVs, and the lack of a clear consensus in how to observationally classify a statistically significant
number of them without long-term monitoring — a fact that we will address in Chapter 4 — we

choose to not consider the LBV evolutionary phase in our analysis.

We can now construct the expected number counts for realistic populations with a given f;,
by mixing the two populations in proportion. However, these values are all relative to the total
mass formed in a population, M,. Estimating M, can be a difficult exercise, as it can depend
heavily on the lower-mass IMF, as well as the measured age and distance to the population. As we
demonstrate, measuring the exact age of a population can be complicated by the presence of stellar
binaries. Thus instead of comparing our number count predictions directly to populations, we can
construct diagnostic ratios using massive stars. These ratios are independent of both the total mass

and shape of the low-mass IMF.
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Figure 2.5 From left to right: B/R, WR/RSG, WC /W N, WR/O, and O/BSG vs. log time at
Z = 0.014 (top row) and Z = 0.002 bottom row, calculated for f;, between 0 and 1, as indicated
by the colorbar on the top right. Axis limits on the abscissa are chosen to highlight the timescales
on which these ratios are most dependent on varying f;,. For all subtypes except O stars, a
minimum luminosity of log(L) = 4.9 is enforced. Copyright AAS. Reproduced with permission
from Dorn-Wallenstein & Levesque [68].
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2.3 Diagnostic Ratios

We first construct the predicted number counts for subtypes in a population with a given f;;,. We

calculate the abundance of a subtype S at time ¢ and metallicity Z as

S(t, foins Z) = foinSp(t, Z) + (1 — frin)Ss(t, Z) 2.1

where Sj, and S are the abundances in the f;,, = 1 and f;;,, = 0 populations respectively. We begin
by looking only at simple stellar populations (SSPs, i.e., instantaneous bursts of star formation) to
determine the effect of age, metallicity, and varying f;,, before examining more complicated
populations. Figure 2.5 shows the values of five different ratios vs. time for SSPs with solar
metallicity (top row) and Z = 0.002 (approximately the metallicity of the SMC, bottom row), and
binary fractions between O (purple) and 1 (yellow) as indicated by the colorbar. The bounds of the

time axis have been chosen to highlight the time range during which each ratio is most dependent

on fbin-

231 B/R

One of the most frequently used diagnostics is the ratio of the number of blue supergiants to red
supergiants (B/R). Its earliest uses were to corroborate the then-putative metallicity gradient in
M33 [318, 301]. While the trend of B/ R increasing with increasing metallicity stymied theoretical
models [152], it has still been used as a metallicity diagnostic by multiple studies [182]. B/R is
mostly sensitive to the physics governing a star’s rightward evolution in the HR diagram after
the main sequence, and thus is dependent on rotation and convection for single stars. Note that
subsequent leftward movement in the HR diagram occurs during the final stages of a star’s life and
is quite rapid.

Because massive stars evolve at approximately constant luminosity, and reach their coolest
temperatures (i.e., largest radii) during their first crossing of the HR diagram, the first instance of

RLOF for a binary must occur during this initial rightward movement. This interrups the star’s
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normal evolution, and causes it to evolve blueward on the HR diagram. Therefore, it would make
sense that binary interactions reduce the number of red supergiants, increasing B/R. The first
column of Figure 2.5 shows the predicted B/R values in our SSPs. We find that binarity does
increase B/R at most times by factors of 2-10. Considering that errors on number count ratios
in star clusters can be an order of magnitude or more in all but the most massive clusters with
IMFs that are well populated out to tens of M, measuring this effect requires exquisite statistics.
However, B/R varies by many orders of magnitude as a function of time, implying that it is a

much better age diagnostic.

2.3.2  Wolf-Rayet Ratios

After B/R, perhaps the most-used number count ratios involve Wolf-Rayet stars. In the single-
star paradigm (the “Conti scenario”, [49]), they evolve from the most massive progenitors, and the
full sequence from WN to WC/WO stars are thought to be a progression of increasingly stripped
stellar envelopes. As subsequent layers are revealed, the products of more and more advanced
nuclear fusion stages that have been mixed to those layers are revealed. Thus WRs are useful
probes of extremely rapid mass loss. WRs have an observed binary fraction of ~30% [207], to
say nothing of the intrinsic binary fraction or WRs that originated as secondary stars of systems
that have since been disrupted by supernovae. It is thus important to discuss WR-based diagnostic

ratios in the context of stellar binaries.

WR/RSG

WRs and RSGs are thought to evolve from progenitors with two mostly disjoint sets of initial
masses, so their coexistance in a star cluster only occurs for an incredibly narrow window in time
(e.g., the dashed lines in Figure 2.4). Thus, with the notable exception of Westerlund 1, which we
discuss later in this section, W R/ RSG has most often been used in the literature as a metallicity
diagnostic in galaxies: [171] note that W R/RSG changed by factors of up to 90 in the Milky

Way as a function of galactocentric distance between 7 and 13 kpc. Moreover, they proposed that
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W R/RSG (or more accurately, its inverse) is an even more sensitive metallicity diagnostic than
B/R. This is because the relative abundance of both subtypes is highly sensitive to the exact mass
ranges of their progenitors, which in turn is affected by metallicity-dependent mass-loss. However,
quite recently (and after the original publication of this work), updated data showed that RSG /W R
was in-fact roughly independent of metallicity, bringing the data into alignment with the models

presented here [189].

As discussed in §3.2.3, binary interactions have an incredibly drastic effect on the relative
numbers of both subtypes, especially at low metallicity. Thus it is unsurprising that the behavior
of WR/RSG is incredibly dependent on fy;,. The second column of Figure 2.5 shows W R/RSG
for our SSPs. As expected, at fy;,, = 0, WR/RSG — 0 by ~ 5 Myr. However, once binaries are
included, more WRs are produced, so W R/RSG has defined values well after this time. Indeed,
W R/RSG takes on values spanning multiple orders of magnitude as a function of both age and
fvin- Issues of “missing” old WRs notwithstanding, we note for now that if significant numbers
of these WRs produced through binary evolution channels are found in populations with ages of a

few 10s of Myr, W R/ RSG can be a powerful diagnostic of both fy;, and age in SSPs.

WC/WN

A second often-used diagnostic, WC'/W N, uses only the relative abundance of WR subtypes.
Compared to the rest of the ratios discussed, WC and WN stars arise from a mostly-overlapping
set of initial masses (at least from the single-star perspective). Most interestingly, it is sensitive
only to the lifetimes of WR phases, and should be mostly independent of both the IMF and which
channel produces WRs. Thus, as proposed by [311] and [110], WC/WN is solely a function
of the metallicity and temperature dependence of Wolf-Rayet winds. The third column of Figure
2.5 shows WC/W N vs. time at solar and subsolar metallicity for varying binary fraction. As
expected, there is minimal dependence on f;;, at almost all times, except in the lower metallicity
population for a brief window around logt = 6.6. Thus, for most metallicities/ages, W C' /W N

should indeed be a useful diagnostic, free from the influence of unresolved binaries.
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WR/O

A third diagnostic, W R/O, is a probe of a large swath of the mass spectrum of massive stars.
Both Galactic WR catalogs [e.g., ] and surveys of the Local Group [186, ] have made data
available in environments spanning a wide range of stellar masses, metallicities, and star formation
histories. However, like W R/RSG, W R/O is especially succeptible to contamination by binaries
[170]. The fourth column of Figure 2.5 shows W R/O vs. time for different metallicities and
binary fractions. While difficult to see due to the large y-axis scale of the plot, W R/O is indeed

affected by including binaries at both early and late times.

2.3.3 0/BSG

Finally, we introduce a ratio that is rarely discussed in the literature: O/BSG. This ratio is largely
sensitive to the spectral type of the main sequence turnoff, and thus main sequence lifetimes. The
final column of Figure 2.5 shows O/BSG vs. time. For most ages, O/BSG is insensitive to fy;,,
and generally declines from early to late times as the turnoff moves to later spectral types. However,
for a small window around logt ~ 6.75/7 (Z = 0.014/Z = 0.002 respectively), O/ BSG exhibits
frin-dependent behavior. This is likely due to stars that experience moderate amounts of RLOF,
and evolve blueward, but haven’t lost enough to of their H envelopes to become WR stars. These

stars are then classified as O, increasing O/BSG.

2.4 Comparisons with Real Data

Given a complete sample of massive stars in a population, it is possible to calculate stellar count
ratios to compare to predictions. However, because the different subtypes require various and
typically time-intensive methods for discovery and classification, it is often the case that the data
for individual types of stars must be assembled from a variety of inhomogeneous sources. Thus
only a few subtypes may have been cataloged, from which only a few ratios can be calculated.
Therefore it is critically important to choose ratios that are best suited to the population under

consideration — i.e., suitable diagnostics of age, metallicity, or f;,.
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Massive stars are rare, and the abundance of evolved massive stellar subtypes is subject to
Poisson noise in star clusters with M, ~ 10° M at most. Thus, great care must be made when
comparing the theoretical to observed values. With a SSP we can calculate the value of arbitrary
ratios at infinite signal to noise on a grid of ages and binary fractions. To estimate the error on the
real data, we follow [244], and assume the error on each number count measurement N is V/N.
Thus, for subtypes X and Y with observed number counts X and Y, the error’ of the measured
ratio X/Y is
(2.2)
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Figure 2.6 Left: Diagnostic two-ratio plot, applied to the young super star cluster Wd1, which has
a cohort of WR, RSG, BSG, and O stars. The inset grid is for reference when interpreting the
figure, indicating f3;, increases from purple to yellow, and (log) time increases from dark to light
grey. Center: Identical, but assuming completeness limits consistent with the data: WR stars are
complete down to log(L) = 5.1, all O stars are supergiants (log(L) > 4.9), and the RSG sample
is complete (log(L) > 4.9). Right: Identical, but assuming an overly conservative completeness
limit of log(L) = 5.2 for all species. Copyright AAS. Reproduced with permission from Dorn-

Wallenstein & Levesque [68].

The following examples illustrate a few possibilities. We invite the reader to make use of our

publicly available code to explore the entire parameter space to develop diagnostic plots suitable

31t is important to note that is a very naive assumption; X and Y are discrete Poisson variables, and their ratio X /Y’
is not normally distributed. Thus assigning an equal-tailed confidence interval to X/ Y via 0 x /y is incorrect. As we
only wish to compare the rough scales of the spread in model predictions and the typical uncertainty of measured
ratios, using Bayesian inference or other methods to construct more accurate confidence intervals is beyond the
scope of this chapter. However, authors wishing to make quantitive inferences absolutely should make robust error
estimates, as we do in Chapter 3.
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to their dataset. We note that, while the assumption that real star clusters are true SSPs is suspect
[99], there are a variety of open clusters with an age spread less than the time resolution of our
SSPs.

We first consider a young (< 10 Myr) solar metallicity population, which has a wealth of both
main sequence and evolved massive stars. Many Galactic super star clusters are this age, and are
massive enough to have well-populated IMFs out to tens of M. Westerlund 1 (Wd1) in particular
is notable for being a M, ~ 5 x 10* M, cluster [6], with a well studied cohort of evolved massive
stars [44, 51]. Notably, [51] used the diagnostic ratio W R/(RSG+Y HG) (where Y HG =yellow
hypergiant) to estimate the age of Wd1 as ~4.5 — 5 Myr. We can now directly compare the BPASS
models with the observed number count data to determine Wd1’s age while allowing for a variable
Soin-

To obtain constraints on both quanitities, we need to use two star count ratios. When the grids
of fyi, and age are projected into the ratio space, the ensuing topology can be complicated, making
inferrence difficult. Thus it is critical to choose ratios such that the grid of parameters remains
somewhat orthogonal (or at the very least, non-degenerate). The left panel of Figure 2.6 shows the
predicted values for O/BSG vs. W R/RSG at solar metallicity for log ¢ between 6.4 and 6.8 (2.5
and 6.3 Myr). The inset shows the grid of parameter values, with f;, increasing from purple to
yellow, and time increasing from dark to light grey. At the earliest times, the model grid is highly
degenerate. However, in the latest time bins, different values of age and f;;, yield a large spread of
possible ratio values. Using this diagram, one can plot the observed values of the two ratios, find
the colors of lines that the point intersects, and use the inset to directly determine a binary fraction
and age.

The data from Wd1 are indicated with the blue cross, which assumes v/ N errors. From [44]
and [51], we count 22 O stars, 29 BSGs, 24 WR stars, and 3 RSGs. We assume here that the
sample in [44] and [51] is complete down to log(L) = 4.9 for all subtypes but O stars, and that all
O stars have been found. Note that the O star sample as reported consists mostly of supergiants.
At the approximate age of Wdl1, the main sequence turnoff is ~30-40 M, implying there are still

undetected main sequence O stars; we discuss the implications of an incomplete O star sample
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in the next section. It may be the case that some WRs and RSGs are obscured by dust, and thus
that the sample of evolved stars is also incomplete. However, radio studies of Wd1l have failed to
produce previously unknown dust-enshrouded members [e.g., 8, 74].

With no further assumptions made about the completeness of the data, we can infer that Wd1
has a high binary fraction of f;;, = 0.7, and an age of 5-6.3 Myr. The age is consistent with
previous studies, while the measured binary fraction is consistent with the results from [253]. This
example highlights the importance of constructing ratios that are appropriate for the population
under consideration. For a younger (~3 Myr) cluster, the errors on the measurements of W R/RSG
and O/ BSG would have made any inferrence impossible. However, the grid covers a much larger
area in ratio space at the latest time shown, implying WR/RSG vs. O/BSG is an even more
sensitive metric at older ages.

We next consider the same ratios in a cluster with an age of approximately 10-20 Myr (logt ~
7 — 7.3) in Figure 2.7. We calculate WR/RSG and O/BSG for logt between 6.9 and 7.4 (8
and 25 Myr), and binary fractions between O and 1. A reference grid to aid in the interpretation
of the plot is shown in the inset. Once again these ratios separate well in this space for all but
the latest times shown, and span multiple orders of magnitude, implying that this is an incredibly
useful diagnostic plot. Unfortunately, all of the WR stars that contribute to W R/RSG at this
age are the heretofore mostly undiscovered products of binary evolution. As discussed previously,
stripped “old” WR stars that evolve from lower-mass progenitors are incredibly rare and most may
not be as spectroscopically obvious as their more massive single-star cousins. In a spectroscopic
survey of h + x Persei, a 13-14 Myr double cluster, [264] reached the main sequence down to a
spectral type of Al, and found no low-mass WR candidates; however, not all of the bright, blue
stars were observed. Future deep observing campaigns and theoretical work may yet reveal these
stars; unfortunately, this plot remains unusable until then.

While these are only two examples using the same set of ratios, any combination of stellar types
(and associated completeness limits, which we discuss further in §2.5), metallicites (within the set
of metallicities modelled with BPASS), and f;, can be used. We make all code that we wrote to

generate these plots available online and provide additional examples athttps://github.com/tzdwi/Dia
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Figure 2.7 Similar diagnostic plot to Figure 2.6 for a theoretical ~20 Myr cluster. Note: at this
age, no single-star WRs are left, so the f;,, = O portion of the model isn’t visible. Copyright AAS.

Reproduced with permission from Dorn-Wallenstein & Levesque [65].

2.5 Accounting for Observational Completeness in Real Samples

Unfortunately, real surveys of Galactic and extragalactic populations are hindered by issues such

as source confusion/crowding, inconsistent source classification, and incompleteness, the last of

which we discuss here. Throughout this work, we have assumed that WR stars and supergiants

were limited to log(L) > 4.9, while stars on the main sequence could be found and classified with

infinite precision.

Correcting for incompleteness in observed samples of massive stars is a difficult task that can

introduce additional uncertainty into an already highly uncertain measurement. We can instead

account for incompleteness in our synthetic populations by increasing the lower luminosity criteria

for individual subtypes. Consider, for example, a spectroscopic survey that is only complete down
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Figure 2.8 Identical to Figure 2.5, except assuming a minimum luminosity of log(L) = 5.2 for all
subtypes. Copyright AAS. Reproduced with permission from Dorn-Wallenstein & Levesque [68].

to log(L) = 5.2, below which no stars are classified. Figure 2.8 shows identical ratios to Figure
2.5 after accounting for this completeness limit. Compared to Figure 2.5, almost all of the ratios
become far less dependent on f;;,,, especially at later times. This means that results obtained using
ratios applied to incomplete samples will be less affected by binaries that weren’t accounted for in
the analysis. Conversely, incompleteness makes the task of simultaneously measuring age and f;,
much more difficult.

In practical terms, survey completeness is often expressed as a limiting magnitude in an optical
bandpass, which can be transformed into a limiting absolute magnitude in that band. Thanks to
blackbody physics, a magnitude limit like this corresponds to different bolometric luminosity limits
for different spectral types. Therefore the above example is a toy model. In actuality, a survey will
be more sensitive to bluer stars, and thus the exact luminosity limits should be carefully chosen to
match the limits of the data.

As an example, we return again to Wdl. The catalog of [44] mostly does not include main
sequence O stars; instead, most of the OBA stars they found belong to the cluster’s supergiant
cohort (log(L) > 4.9). Using a combination of narrow- and broad-band imaging and spectroscopy

to hunt for WR stars, [51] only find stars brighter than M,,, = —8.2 (log(L) ~ 5.18). In the center
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panel of Figure 2.6, we again plot O/BSG vs. W R/RSG for our theoretical populations and for
Wdl. However, in this figure, we impose a minimum WR luminosity of 5.1, and a minimum O
luminosity of 4.9. These changes yield a model grid that predicts smaller values for both O/BSG
and W R/RSG. The implied age of Wdl is now slightly younger at 4-5 Myr, while the uncertainty
in the observed ratios makes it impossible to measure a value of f;;,. We note that [51] made no
such correction for completeness when using W R/(RSG + Y HG) to estimate the age of Wdl.

The right panel of Figure 2.6 is identical to the left and center panels, but assumes an overly
conservative completeness limit of log(L) = 5.2 for all species. The model grid predicts smaller
values for both ratios, an age consistent with [51], and an upper limit for the binary fraction of
frin < 0.4, which is inconsistent with current measurements of fy;,,. This stresses the importance of
choosing completeness limits that are consistent with the data, rather than relying on conservative
assumptions.

Ultimately, completeness limits combined with uncertain values of f;, can affect the theoret-
ical values of star count ratios, hindering measurements of age or f;;,. Thus, great care must be
taken to ensure that the Poisson noise of the measurement is smaller than the anticipated effect of
binaries or incompleteness. For example, if precision of ~ 0.1 dex in a star count ratio R = X/Y
is required to measure a value of f;, to within 0.1, and the expected value of the R is R ~ 1, the
observer should find approximately 100 of each type of star in order to obtain the necessary pre-
cision, assuming they use v/ errors. Of course, the exact number of stars required changes with
the age and metallicity of the population, but, as a rough rule of thumb, sample sizes of ~ 100s are
necessary to make precision measurements. While only the most massive of galactic star clusters
have the requisite number of stars, entire galaxies do have enough massive stars. We now turn our

attention to calculating star count ratios in galaxies with complex star formation histories.
2.6 Ratios in Complex Star Formation Histories

While our discussion thusfar has been limited to SSPs, star count ratios are most frequently applied
to entire galaxies, where they are used both as a benchmark of the physics implemented in a stellar

evolution code and a test of our understanding of these physics. However, galaxies have complex
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Figure 2.9 B/R (top left), W R/ RSG (top right), W C' /W N (bottom left), and W R /O for galaxies
with constant star formation, and values of f;, between 0 and 1; the color mapping for f;, is
identical to previous plots. A minimum luminosity of log(L) = 4.9 is assumed for all subtypes.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein & Levesque [68].

star formation histories (SFHs); the galaxy as we see it today can be seen as the integrated set of
countless populations formed between the onset of star formation and today, weighted by the star
formation history, ¥. We implement complex star formation histories in our code as follows. The
number of a subtype S at time ¢ for a SSP is S(¢). The total number seen in a population with star

formation history W(¢) is

tmazx

Stot (timaz> - Z \I/(u)S(tz)Atl (23)
=0

where t; is the i*® BPASS time bin with width At;, and i,,,, corresponds to the total age of the

population. Because BPASS uses 51 logarithmically spaced time bins from 1 Myr to 100 Gyr, At;
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is thus

10695 1=0

At; = (2.4)

10615401 _ 1(6.05+01i | < < 5]
We note that the definition of W is such that W(¢y) is the star formation rate 1 Myr ago (i.e.,
the youngest BPASS time bin), not the star formation rate when the population is 1 Myr old.
In the following, we adopt a constant star formation rate of ¥(t) = 1 My yr~* following [77];
however, our code allows for arbitrary SFHs, discretized to the default 51 age bins in BPASS. Note
that, though we compute populations assuming constant SFR for all BPASS age bins, populations
of massive stars are only sensitive to (at most) the previous 50-100 Myr of star formation, after
which point the numbers of massive stars reach an equilibrium.* Because of this fact, the implicit
assumption of constant metallicity for the entire population, while still unrealistic, is slightly more
tenable.

Figure 2.9 shows WR/O, B/R, WR/RSG, and WC/W N as a function of metallicity in
galaxies with constant SFR after allowing the massive star populations to reach equilibrium. We
also implement a minimum luminosity of log(L) = 4.9 through the remainder of this section, for
consistency with extragalactic samples which are typically incomplete below this luminosity. For
all four ratios plotted, introducing binary stars adds more than an order of magnitude spread in the
predicted values for these ratios at most metallicities. This implies that inferences of metallicity, or
star formation rate from number count ratios assuming only single star models are incorrect. How-
ever, the order-of-magnitude effect of binaries along with the improvement in statistics afforded
by studying galaxies instead of star clusters implies that we can analyze extragalactic populations
within the self-consistent framework of BPASS to make qualitative statements about binary popu-
lations.

Figure 2.10 shows B/R vs. WR/RSG and W R/O vs. WC/W N, with lines of constant fi;,
and Z for populations with constant star formation, along with inset reference grids in a similar

fashion to Figure 2.6. We also plot real data from the SMC (blue, Z = 0.002); LMC (orange,

“Indeed, the ionizing spectra of young populations in starburst galaxies reaches an equilibrium far earlier, at ~ 5
Myr [134].
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Figure 2.10 B/R vs. WR/RSG (left) and WR/O vs. WC /W N (right) for constant star for-
mation populations with varying metallicity and f;, (metallicity in the right plot is limited to

107° < Z < 0.004). The insets are similar references grids to the plots in Figure 2.6. Observed

values of these ratios (including errors where provided by the original authors) for various pop-
ulations around the local group are plotted — note that W R/O is equal in NGC 6822 and IC
1613). B/R data are from [184]; W R/RSG data are from [184] for RSGs, [206] for SMC WRs,
and [209] for LMC WRs; W R/O data are from [172]; and WC'/W N data are from [244] for the
Galactic WRs; [11]in NGC 6822 and IC 1613; and [206] and [208, 209] in the Magellanic Clouds,
M31, and M33. All subtypes are assumed to have a minimum luminosity log(L) = 4.9, including
O stars, to account for incompleteness in extragalactic studies. Copyright AAS. Reproduced with
permission from Dorn-Wallenstein & Levesque [68].
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Table 2.3. Raw counts of massive stars used to calculate ratios and
errors, as well as the value of W R/O from [172].

Galaxy  BSG RSG WR WC WN WR/O

SMC 1484 90 12 1 11 0.017
LMC 3164 234 154 26 128 0.04
Inner MW — — — — — 0.205
Middle MW — — — 46* 86*  0.104
Outer MW — — — — — 0.033
M31 — — — 62 92 0.24
M33 — — — 26 45 0.06
NGC 6822 — — — 1 11 0.02
IC 1613 — — — 1 6 0.02
Note. —

Z = 0.006); solar neighborhood stars with galactocentric distances of 6 < R < 7.5 kpc (green,
supersolar metallicity), 7.5 < Rge < 9 kpe (red, Z =~ Z,), and 9 < Rge < 11 kpe (purple,
subsolar metallicity); M31 (brown, Z ~ 2Z); the inner region of M33 (pink, Z ~ Z); NGC 6822
(yellow, Z = 0.005); and IC 1613 (grey, Z = 0.002). B/R data are from [184] and W R/ RSG data
are compiled from [184], [206], and [208]. W R/O data are all from [172], who do not report raw
numbers to allow us to estimate an error. WC'/W N data are from [244] in the Milky Way (where
we only use their data from the solar circle to compare with the smaller annuli from [172]); [11]
in NGC 6822 and IC 1613; and [206] and [208, ] in the Magellanic Clouds, M31, and M33.
[208] report both v/N and rigorous asymmetric errors based on their completeness limits. For
consistency between varying sources of data we only use the v/ errors, but note that quantitative
analyses should adopt rigorous error calculations. We tabulate the raw numbers used to calculate
the ratios and errors, as well as the value of W R/O from [172] in Table 2.3.

The first thing that we see is that f;,, and Z projected into the ratio spaces are well separated

across multiple orders of magnitude, and are roughly orthogonal; i.e., W R/RSG and W R/O are
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good tracers of fy;,, while B/R and WC'/W N trace metallicity. Thus, changes in the physics in
BPASS that only affect the lifetime of one evolutionary phase (e.g., an implementation of merid-
ional circulation, which would increase the BSG lifetime, [77]), will predominantly change the
absolute inferred fy;, of Z; the relative values inferred are still valid.

When compared to data, we see that the metallicity that one might infer based on these grids
is systematically lower than the true metallicity of the galaxies (e.g., on the left-hand plot, one
might assume that Zgy;c ~ 0.001 and Z; ;¢ =~ 0.002; the right-hand plot shows an even worse

correspondence). This may be due to at least one of a few possibilities:

1. The data are subject to inconsistent classification and difficult-to-quantify completeness-

limits.

2. The completeness of these samples extends to lower luminosities than are assumed in the
model grids. For example, a lower luminosity cutoff in the models would add more WN’s than
WCs (because lower luminosity WRs will be lower mass, and thus more likely to be WNs),
and more Os than WRs (due to the relative lifetimes and abundances of both subtypes),

shifting the grid down and to the left in the right hand plot.

3. The mass loss through both single- and binary- star channels predicted by BPASS is in-
correct. Mass loss will govern the age at which massive stars transition between various

evolutionary stages, and WC'/W N and B/ R are both sensitive to these lifetimes.

4. The effects of rotation included in BPASS are incorrect. BPASS only uses approximate
physics to simulate rotation. Including e.g., meridional circulation, would increase the num-
ber of BSGs, which would then increase the metallicity inferred by B/R. Future work will
examine the effects of rotation using stellar evolution codes that adopt more detailed treat-

ments of rotational phenomena.

Assuming that, while the absolute values of metallicity or f;, or Z inferred from these plots

will change depending on the exact physical prescriptions, the relative values will remain largely
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consistent, we see that f;;, in all of these galaxies appears to increase with actual metallicity. If
WR/O is indeed a good tracer of fy;,, this should also be apparent when plotting W R/O vs. Z.
Figure 2.11 shows the values of W R/O and Z as listed in Table 6 of [172], along with a linear fit to
log (WR/O) Vs. Zactua- Note that we use an asterisk in the x-axis label because the metallicities
reported in [172] assume Z; = 0.02, instead of 0.014 [13]. The fit clearly shows the trend that

WR/O, and thus f;,, increases with Z (under the assumptions above).

While more work is necessary both in the BPASS models and in observational studies in order
to quanitify the exact relationship between f;,, and Z, this is still a very intriguing finding. A
correlation between f;,, and Z for massive stars has not previously been reported. [236] considered
low-mass stars, and found that metal-poor main sequence stars with 0.625 < B — V' < 1.0 were
more likely to have stellar companions at a confidence of 2.40. If the binary fraction instead
increases with metallicity for more massive stars, this would point to a fundamental difference in
how stellar binaries are formed in different mass regimes. Indeed, this result makes intuitive sense;
increased metal line cooling in a molecular cloud would make the cloud cooler and denser, while
carrying away none of the angular momentum and making the formation of binaries more likely.
We note that this argument applies only to the formation of binary systems, and not their evolution.
Indeed, at lower metallicity, binaries are expected to be found at closer orbital separations due
to weaker stellar winds being less efficient at losing angular momentum, thus increasing orbital
separations [66, ]. BPASS does include these physics, but this result is merely a statement

about the natal, intrinsic value of fy;,.

It is important to note that there are caveats to this result: if the binary fraction is dependent on
metallicity, then it is also likely that the period and mass ratio distributions are as well, while the
BPASS inputs implicitly assume only the binary parameter distributions from [198]. Future work
will include varying the period and mass ratio distributions and considering any potential depen-
dence on metallicity. We also make no attempt at quantifying this putative relationship between
fvin and Z, as such a result is not the focus of this work, and will require dedicated observational

and theoretical study.
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those authors assumed 7. = 0.02. For self-consistency, we only report Z as listed in Table 6 of
[172]; thus we put an asterisk in the x label. The dashed black line is a linear fit to log (W R/O) vs.

2 oiuar- Copyright AAS. Reproduced with permission from Dorn-Wallenstein & Levesque [

2.7 Summary and Conclusion

We summarize our results as follows:

1.

* When applied to SSPs, accounting for binary effects when using star count ratios is incred-

ibly important. If the binary fraction isn’t known, an order-of-magnitude spread can be

introduced into the theoretical prediction.

* We find including binaries and imposing a completeness limit can both introduce = 0.1 dex

changes in the inferred log(age/Myr) of star clusters.

* Similar incompleteness and binary effects can manifest themselves in more complex sys-

tems of stars. However, because star count ratios can be subject to fewer systematics and

small-number statistics, proper treatment of stellar binaries can yield interesting results; for
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example, the existing measurements of the relative numbers of WRs and RSGs around the
Local Group are now, as of this year, of sufficient quality to infer the relative importance of
binary interactions — subject to modelling uncertainties as well as poorly constrained recent

star formation histories — over more than an order of magnitude in metallicity [189].

Combinations of star count ratios can be used to indirectly measure the massive star binary
fraction, provided the data have well understood completeness limits and assumed errors.
This method works in large or distant populations where direct measurement of f;, via
spectroscopic studies of individual stars is otherwise impossible. Where direct measurements
are also possible, this method can also illuminate where the BPASS stellar evolution physics

can be improved.
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Chapter 3

A COMPARISON OF ROTATING AND BINARY
STELLAR EVOLUTION MODELS:
EFFECTS ON MASSIVE STAR POPULATIONS

3.1 Introduction

As discussed in Chapter 1, rotation is a ubiquitous property of stars, affecting their evolution
through a variety of means, mostly via enhanced mixing and mass loss [329, 93]. The Geneva
stellar evolution code [76, 90, ] is the current state of the art implementation of these effects in
massive stars. Simultaneously, many massive stars are born into binary and higher-order systems
[253, 75, , ], and binary systems with dwarf, supergiant, Wolf-Rayet, and compact compo-
nents are commonly observed [252, , , ]. Interactions in binary systems through both
tides [ 1 20] and mass transfer can completely disrupt the evolution of both stars, creating otherwise-
impossible evolutionary states, affecting populations of massive stars, especially at low metallicity
[277]. The Binary Population and Spectral Synthesis code (BPASS, [77, ]) is the current state

of the art rigorous implementation of these effects.

Despite the importance of binary interactions and rotation, the theory of single, nonrotating
stars has thusfar been successful at predicting the evolution of stars of varying compositions and
initial masses (the “Conti scenario”, [49]). The addition of the effects of rotation has further refined
single-star evolution to reproduce observed surface abundance enhancements and mass loss rates
[e.g., ]. These successes are often used as evidence that binary interactions are a secondary
effect, or can be approximated by simple methods [e.g., by instantaneously removing a model
star’s H envelope after it leaves the main sequence; for a review of recent stellar evolution models
featuring simple implementations of binary interactions, see 77, and citations therein]. Indeed,

at first glance some of the effects predicted by binary stellar evolution models (such as enhanced
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surface abundances, stronger mass loss, broader mass and age ranges for Wolf-Rayet progenitors,
and harder ionizing spectra produced by stellar populations) are identical to the predictions from
rotating stellar models (e.g. [160]). Regardless, massive binary systems do exist, necessitating
detailed modeling of their evolution as well as observations of the frequency of binary systems to
understand their impact on stellar populations.

Finding binary systems via radial velocity variability (e.g., [253]; [252]) requires long time
baselines, high spectral resolution, and long integration times, and is currently infeasible for stars
beyond the Magellanic Clouds (MCs), or for some stars such as red supergiant binaries [2 1 1]. For
more-distant systems, we are left studying (semi-)resolved stellar populations. Simultaneously,
measuring rotation periods requires high-cadence time-series photometry [24, 32, 18, 17, ,

, ]. Spectroscopic measurements yield projected rotational velocities, with the caveat that
the inclination of the rotational axis to the line of sight is unknown [e.g., ]. In either case,
both methods again require high quality observations of nearby stars. Fortunately, massive stars
are luminous, and can be resolved in galaxies around the Local Group and beyond. Previously
(Chapter 2), we used the BPASS models to construct grids of synthetic populations with varying
metallicity (Z), star formation history (SFH), and the natal binary fraction (f;,), and predicted
the frequency of various evolutionary phases. Here, we incorporate stellar evolution models that
include rotation [76, 90, ], and perform a detailed comparison between the two model sets.

This work originally appeared in Dorn-Wallenstein et al. (2020a) [70].

In §3.2, we compare the two evolutionary codes, from the BPASS and Geneva groups, used
to generate binary and rotating stellar tracks respectively. We also detail the population synthesis
method we employ to generate theoretical rotating and binary stellar populations and subsequent
predictions for the frequency of various spectral types in these populations. In §3.3 we describe
the observables we generate from the two synthetic populations, and introduce a novel Bayesian
framework of estimating these observables from data. We compare our synthetic rotating and
binary populations to each other and to observations of massive star populations with both simple
and complex star-formation histories before considering the results of our comparison and the

implications for using rotating and binary stellar evolution models to interpret future observations
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Table 3.1. Model parameters used to label model timesteps with an evolutionary phase, and
other variables introduced in the text.
Parameter Description Unit
log(L) Logarithm of the luminosity L
log(Tcs¢)  Logarithm of the effective temperature K
log(g) Logarithm of the surface gravity cms 2
X Hydrogen Surface Mass Fraction -
Y Helium Surface Mass Fraction -
C Carbon Surface Mass Fraction (Sum of 2C and '3C for Geneva tracks) -
N Nitrogen Surface Mass Fraction -
0] Oxygen Surface Mass Fraction -
logt Logarithm of time yr
Z Mass fraction metals, Z,, = 0.014 -
Srin Binary fraction -
frot Rotating fraction -
f Generic term for either fy;,, or fro -
ng Observed frequency of an arbitrary spectral type S -
Rs, /s, Observed ratio of the frequency of two spectral types, S1 and S» -
ng Intrinsic frequency of an arbitrary spectral type S -
R 51/, Intrinsic ratio of the frequency of two spectral types, defined as R S, /Sy = Mgy [Tus, -
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of massive star populations (§3.4).

3.2 Creating Theoretical Populations

3.2.1 The Models

In Chapter 2, we created synthetic populations using BPASS version 2.2.1, which incorporates
the effects of both tides and mass transfer to predict the evolution of single and binary stars on
a dense grid of initial primary and secondary masses (M; and M5), initial periods P, and mass
ratios (¢ = M,/M1) at 13 metallicities. We express the metallicity as a mass fraction Z, and
BPASS adopts metallicities in the range 107> < Z < 0.04. Note that as in Chapter 2, we assume
solar metallicity Z, = 0.014 [13]. Binary interactions are modeled as enhanced mass loss/gain
from/onto its model stars via RLOF. The orbital energy is tracked throughout, allowing BPASS to
model a broad range of simulated evolutionary scenarios.

Here, we also incorporate evolutionary tracks generated by the Geneva code which is the cur-
rent state of the art implementation of rotating stellar evolutionary models, and has been used to
study the impact of rotation on the radiative output [160], chemical yields [! 12], and final fates
[194] of massive stars. Stellar evolution is modeled at two different initial rotation rates (nonro-
tating, with v,,; /v = 0, and rotating, with v;,; /v = 0.4) and at three different metallicities:
Z = 0.014 [76], Z = 0.002 [90], and Z = 0.0004 [104]. Horizontal diffusion coefficients in the
rotating models are calculated following [329]. Meridional circulation is calculated as described
by [176], and the two effects are combined following [35]. Angular momentum transport is in-
cluded, and angular momentum is conserved following [93]. Finally, rotation-enhanced radiative

[174] and mechanical [93] mass loss are also implemented; for a detailed disucssion see [76].

3.2.2  Population Synthesis

Evolutionary tracks in hand, we synthesize a population by weighing each track with the initial
mass function, ®()/). We adopt the default form of ® in BPASS v2.2.1, which is a broken power

law with slope -1.3 below 0.5 M, and a slope of -2.35 for higher masses, with a minimum mass
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of 0.1 M, and a maximum mass of 300 M, normalized so the total stellar mass is 10°M/,. Binary
models are also weighted according to the distributions of the fundamental natal period P and
mass ratio ¢ from [198]. Because the Geneva tracks are sampled on a much coarser grid of initial
mass than the BPASS single star tracks, we linearly interpolate the available Geneva tracks onto
the BPASS single star initial mass grid following [92], and adopt the IMF weighting from the
BPASS v2.2.1 inputs'. Additionally, both rotating and nonrotating tracks at all three metallicities
are only available between 1.7 and 120 M. We choose not to introduce any correction factors
to the IMF weights — e.g., boosting the weight of the 120 M model to represent all stars with
initial masses between 120 and 300 M., — to ensure that tracks with identical masses are weighted
identically. Because no single star below the 1.7 M, threshold would become any of the stellar
types considered here, only the exclusion of these very massive stars would affect our results.
However, these stars are so rare, and their lifetimes so short, that their impact on our synthetic
populations is minimal.

We create four sets of synthetic populations: one composed entirely of single, nonrotating stars
using the input files provided in the BPASS v2.2 data release (f;;, = 0), one composed entirely
of binary stars (fy;,, = 1) using custom input files provided by the BPASS team (J. J. Eldridge
2018, private communication), one composed of single, nonrotating stars from the Geneva models
(hereafter referred to as the population with “rotating fraction” f,,, = 0), and one composed
entirely of rotating stars (f.,;, = 1). We note that there are no single stars in the custom fp;,, = 1
population, though the distribution of periods and mass ratios is identical to the default BPASS

v2.2 binary population, which is drawn from [198].

3.2.3  Number Counts vs. Time

Photometric surveys of nearby massive stars [e.g., the Local Group Galaxy Survey, LGGS; ,
], can yield fairly complete catalogs after filtering for foreground contaminants [e.g., 1,

and follow-up narrow-band surveys can be used to find evolved emission line stars (e.g., [2006,

'Details on the mass grids, parameter values and more can be found in the BPASS v2.2 User Manual, currently
hosted online at bpass.auckland.ac.nz


bpass.auckland.ac.nz

Table 3.2. Criteria used to classify evolution tracks, similar to
Table 2.2. Adapted from Table 3 of [77]. We specify where the
Geneva tracks are classified with different criteria than the BPASS

tracks.
Label BPASS Criteria Geneva Criteria
log(Teff) Z 4.45 IOg(Teff) Z 4.0
WNH X <04 X <03
log(Teyy) > 4.45 log(Ters) > 4.0
WN X <107° X <10
(C+0))/Y <0.03 N>C
log(Teyy) > 4.45 log(Tess) > 4.0
wWC X <1073 X <107°
(C+0))/Y >0.03 N<C
O log(Teyy) > 4.48 log(Teps) > 4.5
Of log(Teff) > 4.519
log(g) > 3.676log(T.rs) + 13.253
B 4.041 < log(Teff) < 4.48 4.041 < IOg(Teff) <45
A 3.9 <log(Tesr) < 4.041 3.8 <log(Tery) < 4.041
F/G 3.66 <log(T.rr) <3.9 3.66 < log(Ters) < 3.8
K 3.55 < log(T.fy) < 3.66
M log(Tefy) < 3.55
O+0f+B+A
BSG  10g(L) > 4.9
F/G
YSG og(L) > 4.9
K+M
RSG log(L) > 4.9
WR WNH + WN + WC

log(L) > 4.9

63
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, ]). Even without follow-up spectroscopy, photometric measurements can then be used
to categorize stars into broad spectral types. Thus it is useful to classify all timesteps of a given
evolutionary track into one of a number of coarse spectral types, using the position of the model
timestep on the HR diagram, as well as its surface composition, based on the model parameters
listed in Table 3.1; we largely adapt the classification scheme from [77], shown in Table 3.2. [90]
use a similar classification scheme, with slightly different temperature or composition thresholds.
All labels refer explicitly to spectral types. WNH corresponds to Hydrogen-rich Wolf-Rayet stars;
Of stars are O stars with particularly strong winds and He 11 emission [31]. The BSG, YSG, RSG,
and WR numbers are computed by summing the numbers of the indicated species, and applying

the relevant luminosity threshold, as described below.

Where they are different, we adopt the Geneva criteria to classify the Geneva tracks, and use
the BPASS criteria in cases where the BPASS classification is more specific than the Geneva clas-
sification (e.g., BPASS distinguishes between K and M stars). This choice is motivated by two
facts. Firstly, in some cases, these criteria are used within the individual evolutionary tracks to
distinguish between different prescriptions for, e.g., mass-loss. Secondly, the coupling between
the outermost layer of a model star and a model stellar atmosphere in order to produce a synthetic
spectrum is non-trivial. Indeed, the criteria for classifying WR stars have nothing to do with the
mass-loss rate, which might be observed from such a spectrum. In lieu of synthesizing a spectrum
for each timestep of each model, we defer to the creators of each code in how to best classify their
models. However, it should be noted that the exact choice of the values presented in Table 3.2 do
not drastically affect the results [196]. When we attempted to classify the Geneva tracks using the
BPASS criteria, we found little substantive changes, except the rotating Geneva models produce

more WN stars (still less than half the WNs produced by BPASS).

We then use the classification, age, and weight of each track to find the frequency of each
spectral type in Table 3.2 as a function of time, binned to 51 time bins that are logarithmically-
spaced between 10° and 10! years in 0.1 dex increments as described in Chapter 2. We also assign
each model to one of 31 luminosity bins with 0.1 dex width between log(L) = 3 and 6. Thus we

can apply coarse luminosity thresholds to mimic observational completeness limits. This allows us
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to account for unresolved binaries by making the assumption that all stars below a given luminosity,
including secondaries, are not detected, while all stars above this threshold are. While a somewhat
simplistic assumption, the evolved stages of massive star evolution are so short-lived that most
evolved massive stars have main sequence companions [e.g., , ]. Of course, binaries with
two evolved components do exist (e.g2., WR+WR binaries), but are usually detectable via their
wind interactions. In the case that spectral observations are of insufficient SNR or resolution to
classify the components of such a binary, the WC/WN ratio would be unreliable. We encourage
observational efforts dedicated to making a census of the massive component of stellar populations
to discuss their insensitivity to unresolved binaries.

Each column in Figure 3.1 shows the number, 7, of the spectral types in Table 3.2. For clarity,
values on the y-axis are not shown, but both lines in a given panel are plotted on the same, linear
scale. Line styles are used to indicate the four different populations, with dash-dotted lines for
frin = 0, dashed for f;,, = 1, dotted for f,,; = 0, and solid for f,,, = 1. The top row corresponds
to the single, nonrotating populations from both evolutionary codes, the second row shows the
foin = 0 and fy;,, = 1 populations, the third row shows the f,,; = 0 and f,,; = 1 populations,
and the bottom row shows the f;;, = 1 and f,,, = 1 populations. Note that, as in Chapter 2, we
do not include Luminous Blue Variables in our analysis. This is due to the present uncertainty
in the evolutionary status of LBVs [268, , 1], and the lack of a clear consensus in how to

observationally classify a statistically significant number of them without long-term monitoring.

3.2.4 Diagnostic Ratios

Because the calculated number counts are the frequency of each subtype per 10°M, of stars
formed, direct application to observed populations requires an estimate of the stellar mass of a
population, M,. Such measurements are often model dependent, and are based on inferences of
the sometimes-undetected low-mass end of the population. Instead, ratios of the frequency of
these types (hereafter “number count ratios”) are independent of the stellar mass, while remaining
sensitive to both rotation and binary interactions.

We first construct the predicted number counts for subtypes in a population with a given fj;,, or
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Figure 3.2 Predicted values of five diagnostic ratios (where B/ R is shorthand for the ratio of blue

to red supergiants), at solar metallicity, for the BPASS (top) and Geneva (bottom) populations as

a function of time, for values of f between 0 and 1, as indicated by the colorbar. Copyright AAS.
Reproduced with permission from Dorn-Wallenstein & Levesque [70].

frot (generically f hereafter). All notation used is summarized in Table 3.1. We calculate ng, the

frequency of a subtype S at time ¢ and metallicity Z as

ns(t, f, Z) = fis,_ (t,Z) + (1 — f)is,_,(t, Z) (3.1)

where ng,_, and ng,_, are the frequencies in the f = 0 and f = 1 populations respectively. We
note that, for the BPASS populations, the naive interpretation of fy;, is rather straightforward: f;,
is the fraction of binary stars in the population’. However, for the Geneva populations, f,,; would
then correspond to the fraction of stars in the population born with v;,; /vew = 0.4 (i.e., rapid
rotators), while realistic stars rotate with a range of velocities, from nonrotating to almost critically
rotating; another interpretation might then be for f,,; to correspond to the average initial rotation

rate (i.e., (Uini/Verit) = 0.4 f,01, see, for example, [160]). Ultimately, in both cases, [ is simply

2There is a secondary factor here, in that f3;, is mass-dependent [75]. However, all of the evolutionary phases here
are mostly descended from O and early B stars (at least in the single-star paradigm), for which observed samples
are too small to determine any mass dependence.
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a factor used to linearly combine the output number counts from each population, and does not
necessarily correspond to the fraction of binary/rotating star models that are used, a fact that the
reader should be aware of when interpreting our results.

We then calculate number count ratios using

RS1/52(ta f> Z) :fLSl(t,f, Z)/ﬁSQ(tvfa Z) (32)

for two subtypes S; and Ss.

In Chapter 2 we described four number count ratios frequently found in the literature, as well as
a novel number count ratio, O/BSG. Here we briefly describe these ratios, and the physical effects
that they probe. We note that, in theory, our model populations would allow us to perform a search
for the ratios and completeness limits that would best differentiate between different channels of
stellar evolution. However the existing data tends to focus only on individual species, making the
available space of ratios that can be measured quite small. In future work, we plan to perform this
search in order to guide observers to evolutionary species for which an accurate census is most

useful for constraining stellar evolution.

* B/R: The ratio of the number of BSGs to RSGs (B/R) is among the most frequently used
ratios, and has a long history as a metallicity diagnostic [318, , , ]. It is sensitive
to the physics governing the timescale of rightward evolution of stars on the HR diagram —

rotational/convective mixing — as well as the interruption of a star’s expansion by RLOF.

* WR/RSG: In the single star paradigm, the WR/RSG ratio probes the boundary between stars
that experience only redward evolution and stars that lose enough mass to evolve blueward
at the end of their lives [49], and was therefore thought to be sensitive to metallicity [171]
until quite recently [189]. Mass loss via binary channels serves to artificially boost this ratio

by decreasing the number of RSGs, and commensurately increasing the number of WRs.

* WC/WN: The WC/WN ratio probes the evolution of stars that have already lost enough mass



69

to become WRs. Thus it is mostly insensitive to the binary fraction, and is a very sensitive

diagnostic of radiative mass loss in the WR phase [311, ].

* WR/O: The WR/O ratio probes the largest swatch of the mass spectrum considered here.
As the only ratio in the literature with main sequence components, it is the most subject to
contamination by unresolved O+O binaries [|70] that is difficult to address via our simple

implementation of completeness limits.

* O/BSG: In Chapter 2, we introduced the O/BSG ratio. Both species are recovered by pho-
tometric censuses of bright blue stars in stellar populations, and don’t require narrow band
imaging or spectroscopic follow-up to detect. While, in theory, it is mostly sensitive to the
main sequence lifetime (and thus rotational and convective mixing), some main sequence O
stars are luminous enough to be classified as BSGs in our scheme. As we demonstrated,
O/BSG is mostly insensitive to the binary fraction, except in a narrow window around
logt = 7. This is due to lower mass stars losing enough of their envelopes via RLOF to
evolve blueward, without losing enough Hydrogen to be labelled as WR stars — observa-
tionally these might be classified as sdB/O stars, which are not counted separately from O
and B stars in our classification scheme (see Section 3.2 and Figure 10 of [77]). This effect
boosts the O/BSG ratio relative to the single star population until all of the O stars have
evolved. Thereafter, only small numbers of models in the binary population reside within
the Luminosity-Temperature-Composition boundary of O stars or BSGs at different times,
causing rapid changes to O/BSG (for a particularly drastic example of a star rapidly entering

and leaving the O and BSG regimes, see Figure 1 of [65]).

Figure 3.2 shows the values of five different ratios vs. time for solar metallicity BPASS (top
row) and Geneva (bottom row) populations with 0 < f < 1 as indicated by the colorbar. Panels
in the same column have identical bounds on the vertical axis for comparison. The bounds of the
time axis have been chosen to highlight the time range during which each ratio is most dependent

on f.
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3.3 Results

3.3.1 Comparing Rotating and Binary Model Populations

The differences between the single/nonrotating O and B stars in the top row of Figure 3.1 are
minimal, where the dotted line shows the nonrotating Geneva population, and the dash-dotted line
shows the BPASS single-star population. We warn the reader that, in general, the BPASS user
manual cautions against using the f;;, = 0 population in isolation; only the f;;, > 0 populations
can be considered reliable. However, we show the f;;,, = 0 results for completeness, and discuss
the differences between the two f = 0 populations in detail here and throughout the text.

Significant differences arise in the yellow supergiant phase, where the Geneva models predict
the existence of far more YSGs. However, theoretical uncertainty in this very short-lived phase
has long stymied our understanding of massive star evolution [137]; for this reasons we do not
use the YSG phase in our subsequent ratio diagnostics and caution against using it as a diagnostic
of stellar population properties until it is better understood. The single BPASS models produce
approximately twice as many RSGs as the nonrotating Geneva models. This is largely due to the
fact that the BPASS models cross the HR diagram quicker (reflected in the significantly smaller
number of YSGs compared to the Geneva models), increasing the amount of time the stars spend
as RSGs before ending their lives. However, the two model sets also adopt slightly different mass
loss prescriptions during the RSG phase: the Geneva tracks use mass loss rates from [239, ] for
the models less massive than 12 M, during the RSG phase, and a combination of mass loss rates
from [62], [287], and [309] for more massive models, while BPASS only uses rates from [62] that
are higher on average. This serves to modulate the increased numbers of RSGs seen in the single
BPASS models. This difference in mass loss rates carries over into the WR phase, where BPASS
produces far more H-deficient WN stars, while the Geneva models form more H-rich WNH stars
(not shown). However, the overall numbers of WR stars (and WC stars) are similar between the
two codes.

The second and third rows illustrate the various effects of binary interactions and rotation. The

effects of both rotation and binarity can be seen increasingly clearly from the least to most evolved
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phases. In particular, RLOF decreases the number of YSGs and RSGs. This causes a boost in
the number of WR stars in the fy;,, = 1 population at late times. Rotation prolongs the length of
the early evolutionary phases, serving to delay the onset of the RSG and YSG phases. Rotating
models also produce higher mass loss rates thanks to luminosity-dependent mass loss prescriptions
and the higher luminosities of rotating stars, beginning at the terminal age main sequence and
persisting through their post-main-sequence evolution [173, 76], as well as contributions from
mechanical mass loss (e.g., mass loss via the stellar equator from matter rotating above the critical
velocity). We also see an increase in the number of WR stars formed in the rotating Geneva
populations; this boost primarily manifests as an increase of WNH stars, with slight decreases
in the number of WN and WC stars. This is the result of a longer lifetime for the WNH phase
and subsequent shorter lifetimes for the WN and WC phase (a consequence of rotational mixing),
as well as efficient mass loss producing lower-mass WNH stars (for more discussion of rotation
effects of WR subtypes see [V1]). Finally, the bottom panel serves as a comparison between the
binary BPASS population (dashed line) and the rotating Geneva population (solid line) as shown
in the above rows. In summary: rotation causes a delay in the appearance of evolved supergiants
and an increase in the number of WNH stars, while binary interactions effectively trade evolved
supergiants for WR stars. However, the exact timing and degree of these effects as a function
of initial mass/luminosity is more complicated, and this effect manifests in the observed stellar

populations as we will demonstrate.

The predictions of the number count ratios in Figure 3.2 are fairly similar between the Geneva
and BPASS populations at log? < 6.5 — 7. Both binary interactions and rotation introduce similar
effects, especially in B/R and WR/RSG. The Geneva models predict a higher overall value of
WC/WN before logt ~ 6.75 (due to the increase/decrease of WNH/WN stars respectively in the
Geneva models), and a higher local maximum of WR/O at logt ~ 6.8. At this time, the WR
component of the Geneva populations becomes increasingly dominated by WC and WNH stars
at increasing f,,;, while the BPASS WRs are largely WN type, which is reflected in the multiple
orders of magnitude difference in the prediction for WC/WN. At increasingly later times, more

stars in binaries become stripped. Models that lose enough Hydrogen increase the number of WRs
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well after log ¢ ~ 6.8, when the Geneva populations predict the last WRs have died, while models
with only moderate mass transfer/loss become O stars/BSGs, depending on their luminosity —
this is reflected in the rapid changes in the O/BSG ratio at late times. Overall, depending on the
ratio chosen and the approximate age of the population being analyzed, different ratios are most
sensitive to age, fyin, fror Or all three. For example, WC/WN is incredibly sensitive to f,.; in
moderately evolved populations, while B/R is a relatively powerful age indicator in the earliest
populations.

Below solar metallicity, the dominant differences are that all WR stars in the Geneva popu-
lations are H-rich (WNH in our labelling scheme), and binary interactions become increasingly
important for producing WRs in the BPASS populations. The former is consistent with [90] and
[104], and is a known feature of the Geneva models [155]. While this might indicate that all
H-deficient WRs at low metallicity are formed by binary interactions, other possibilities and evo-

lutionary pathways exist, which we defer to work focused more specifically on WR populations.

3.3.2  Comparisons with Real Data
Ensuring Self-Consistency

Two important effects must be considered before directly comparing some observed number count
ratio to a theoretical prediction of this ratio, to ensure that the quantities being compared are iden-

tical:

* The value (and corresponding uncertainty) reported by an observer must be an estimate of
the underlying number count ratio, R (an intrinsic characteristic of the stellar population
belonging to the set of real numbers), rather than the raw observed ratio, /2 (which is a
characteristic of the data belonging to the set of rational numbers due to the integer nature of

the measurement).

* The theoretical population must approximate the observed population, and reflect the com-

pleteness of the catalog of massive stars (which may vary with spectral type).
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We first consider how to estimate number count ratios and confidence intervals from observed
data. Here we present a novel framework for making point-estimates (with corresponding un-
certainties) for an intrinsic number count ratio. Much like photons in the low-count regime, the
frequency of finding a given spectral type is determined by Poisson statistics (this is especially true
for counting massive stars, where “shot noise” is the dominant source of uncertainty). In particular,
the measurement uncertainty of the frequency of two subtypes, n; and ns, can be approximated as
on, = y/m1 and o, = /ny respectively. Past studies that calculate the number count ratio [e.g.,

, 1, apply traditional propagation of uncertainties, and report the observed ratio R = ny/no,
with corresponding uncertainty or = Ry/n;' +n,'. As discussed by [208], this approach is
problematic, and more sophisticated corrections can be made. However, an additional problem
exists in that, with few enough stars (e.g., the Wolf-Rayet population of the SMC, where 1 WC
star is known; [209]), or where the true underlying ratio is large, yet finite, ny = 0 is well-within a

“30” error bar, and a measurement of R = oo could have been made.

This is a well-studied problem in the X-ray astronomy community, with a tractable solution
within a Bayesian framework. [222] derive the posterior probability distribution of colors and
hardness ratios for X-ray sources, in the limit of few (or no) photon counts. The problem here
corresponds to a special case where the background is guaranteed to be 0, which simplifies the
calculations somewhat; unknown sample contamination by foreground stars can be accounted for

with minimal added complexity.

Say we measure a ratio R = n/ns. Both n; and ns are assumed to be Poisson variables with
(unknown) expectation values n; and n,. What we wish to report is an estimate of the true ratio,
R =i /n1, which is a property of the underlying stellar population — indeed, it is the exact
quantity plotted in Figure 3.2. From Bayes’ theorem, the probability distribution for n; given a

measurement of n; is given by

p(f1|ny) oc p(fy)p(nalig) (3.3)

and similarly for p(ns|ns), where p(n,) reflects our prior knowledge on the value of 7, and
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p(n1|ny) is the likelihood of drawing n; from a Poisson distribution with expectation value 7;. For

a prior, we adopt p(71) 7271, As discussed in [222] and [304], this is a special case of a y-prior:

1 .
p(ha, a, B) = mﬂ“ﬁ?—le—ﬂm (3.4)

with &« = ¢ and § — 0. This choice of prior ensures that the posterior probability function
takes the same parametric form as the likelihood function. [222] found that, in Monte Carlo simu-
lations, the choice of ¢ only has a moderate impact on the coverage (the percentage of simulations
where the ground truth value of R is within a 95% confidence interval). We choose ¢ = 1 /2,
which generally provides the best coverage for the observed number counts reported in typical

extragalactic surveys.

Assuming 7, and 7, are independent (i.e., no stars of type 1 would also be counted as type 2°),
the joint posterior distribution is p(fy, fia|ny,n2) = p(fg|n1)p(fe|nsy). Transforming 72, = Ry

and marginalizing over 7,

p(f%|n1,n2)df% = dR/ dﬁgfbgp(}%ﬁg,ﬁﬂnth) (35)

n2

Utilizing Eq. (3.3), and substituting in the prior and likelihood functions,

Rnlﬁ(znl+”2)efﬁg(]?+l)

p(]%\nl,ng)oc/ dﬁ2R¢71ﬁ§¢71

n2

(3.6)

711!712!

We use emcee [79], a Markov Chain Monte Carlo package, to sample the joint posterior prob-
ability distribution for R and no with 100 walkers initialized around the observed value R, 500
burn-in steps that are discarded, and an additional 3000 steps to explore the stationary distribution
of walkers. In cases with R — oo or R — 0, we force R to be in the range [107'°,10°] when

initializing the walkers. We estimate the value of both R and N9, as well as a 68% (1) confidence

3In one example below, n, is subset of ny. There, a simple transformation can be made, but handling more
complex situations is nontrivial.
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interval, using the 16th-, 50th-, and 84th-percentile values of the samples.* The key advantages
of this method are that the estimated quantity can be directly compared to the model predictions,
that the reported errorbars correspond to the actual posterior probability distribution (and can be

assymetric), and that the estimate of Ris meaningful even if n; or ny are 0.

The challenge of accounting for complete samples is discussed in depth in Chapter 2. Here we
reiterate that accounting for incompleteness in the observed samples — here defined as the lowest
luminosity to which all stars of a given subtype have been found — is critical, and incorrectly
handling or ignoring this effect can result in biases of ~ (0.1 dex in the estimated population age,
and lead to incorrect results. In order to account for this effect, we include a luminosity cutoff
Ly, that can be tuned for each subtype under consideration, and does not include models with
L < L¢y. Thus, even if the sample is assembled spectroscopically, or has a limiting magnitude
in some photometric band that corresponds to different luminosity thresholds depending on the

effective temperatures of the different subtypes, the model populations can be adjusted accordingly.

We note that assuming an observed sample is 100% complete above L.,;, and no stars are
detected below it is a somewhat simplistic assumption. Below we compare our models to actual
observed samples. In the two star clusters that we focus on, the data mostly come from focused
studies that are designed to detect a given species. These stars are the brightest objects in a given
part of the color magnitude diagram, have been followed up spectroscopically to remove contam-
inants, and the sample should be complete above the lowest luminosity star. In the Magellanic
Clouds, the current existing samples of WRs and RSGs claim to be mostly-complete censuses of
both species down to quite stringent magnitude limits [209, ]. Some confusion arises in the
counting of BSGs; however, the topic of bright blue stars in the Magellanic Clouds is currently
being debated. We defer here to authors with more expertise [!]. Finally, observational bias, par-
ticularly in spectroscopic searches for WR stars, is likely to lead to missed weak-lined WR stars or

WR stars with less evolved companions when not carefully accounted for, as discussed by [209].

4Software for performing these calculations, as well as reproducing all of the results in this work, is available
online at https://github.com/tzdwi/Diagnostics/
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Starburst Comparisons

We now wish to test our models in an environment where both sets of populations produce roughly
identical predictions in a simple stellar population. From Figure 3.2, the best examples are young
(< 10 Myr) star clusters, where we can assume that all of the stars belong to a single burst of
star formation [see caveats in 99]. At these young ages, most WRs formed by binary interactions
are evolved from progenitors that were massive enough to become WRs anyway. There are very
few such clusters with enough confirmed members to adequately sample the IMF. With a mass
of M, ~ 5 x 10* M, cluster [6], and a well-studied cohort of evolved massive stars [44, 51],
including a large number of BSGs, and an appreciable amount of WRs and RSGs, Westerlund
1 (Wd 1) is perhaps the best Galactic test bench for our model populations. In Chapter 2, we
demonstrated that, when including binary effects and accounting for completeness, we can use
two number count ratios, to estimate an age consistent with [51], who use a single diagnostic ratio
and did not account for binarity or completeness. We can now apply our updated proscription for

estimating number count ratios, as well as the rotating populations.

We first apply the Monte Carlo method described above to estimate the value of two ratios,
O/BSG and WR/RSG. Using data from [44] and [51], we count np = 22, npsg = 29, nwgr = 24,
and nrse = 3. As an illustration, the samples of the joint posterior distribution for }?W R/RSG
and N pse are shown in the bottom-left panel of Figure 3.3, along with the marginalized posterior
distributions for each parameter and accompanying point estimates (solid blue vertical line) and
68% confidence intervals (dashed black vertical lines). Note that because nggg is so low, the
distribution of RWR/ rsc 18 very skewed, and the 97.5th-percentile upper limit is much higher
than the reported 84th-percentile. All of the O stars in our sample are also blue supergiants, and
so our assumption of independent variables no longer holds. Instead, we estimate RO /(BSG—0)
where BSG-O refers to all BSGs that are not O stars. We then transform each posterior sample of
O/(BSG-0) into a sample of O/BSG estimates. With this method we measure intrinsic values of
RwR/RSG = 7.6197578 and Rppse = 0.755+0972.

We now wish to estimate age and f from the data. Figure 3.4 shows the predictions for
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Figure 3.3 Posterior distribution samples of the estimate of WR/RSG for Wd 1. The 1-D histograms
show the marginalized posterior distribution for the true ratio R, and the true number of RSGs,
Nrsa, as well as the point estimates (in blue vertical lines) and 68% confidence intervals (in dashed
vertical lines). Copyright AAS. Reproduced with permission from Dorn-Wallenstein & Levesque

[70].

WR/RSG vs. O/BSG, calculated on a grid of Geneva (left) and BPASS (center) populations with
varying age (with 6.4 < logt < 6.9) and f. Lines of constant age and f are shown; the inset
plot can be used to translate from the ratio-space into f and log age. The models incorporate com-

pleteness limits consistent with the lowest luminosities of each subtype reported by [44] and [51]
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(specificially, L¢,, = 4.9,4.9,5.1,4.9 for O stars, BSGs, WRs, and RSGs respectively). The right
panel shows both grids overlain on top of each other. Combined, the two sets of models predict
more-or-less identical values of both ratios as a function of age, especially for the f = 0 popula-
tions (shown in purple in all three panels). The data for Wd 1, plotted in blue, are consistent with
an age of logt = 6.7 (or approximately 5 Myr) using both model sets. This example is useful for
validating our models, in that we demonstrate that the data are consistent with both model sets, as
expected. Interestingly, the lines of constant age in the two grids are nearly orthogonal, implying

that, with higher signal to noise data, these ratios can yield a measurement of both f;;, and f, .
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Figure 3.4 RW R/RSG VS Z%o /Bsc for the Geneva (left) and BPASS (center) populations, calculated
on a grid of 6.4 < logt < 6.9, and 0 < f < 1, as shown by the inset panels. The rightmost
panel shows both grids overlain on top of each other, with identical color coding. An estimate
for RW r/Rsc and RO /Bsq in Westerlund 1, as well as corresponding 68% confidence intervals,
is calculated using data from [44] and [51] and shown in blue. Copyright AAS. Reproduced with
permission from Dorn-Wallenstein & Levesque [70].

In the example above focused on Wd 1, most of the stars in the sample were OB dwarfs or
supergiants, where the differences between binary and rotating scenarios are small. For interme-
diate age clusters (log¢ = 7), more stars are expected to be found in increasingly evolved states,
and the model grids no longer overlap. Figure 3.5 is similar to Figure 3.4, but calculated for SSPs
with log-ages between 6.9 and 7.4 (approximately 8 and 25 Myr), with a luminosity threshold of
log L = 4.9 for all subtypes but O stars (comparable with the sample in [54], to which we compare
below). The two model grids are separated by orders of magnitude in O/BSG, and showcase quite

different behavior as a function of age in both ratios. This is due to the WR stars in the Geneva
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models dying, while increasing amounts of primary stars in the BPASS models are being stripped
by binary interactions. These models boost the value of both ratios, depending on their luminosity
and whether they lose enough Hydrogen to be classifed as WRs; if not, they tend to instead be
classified as O stars. Note that we cannot visually compare the f = 0 case from both model sets,
where Ry /rsc — 0. Both grids reflect this, as they asymptote off the bottom left of the plot.
There exists only one stellar population that is massive enough to test our synthetic populations
in this age regime: h + y Persei. Photometric and spectroscopic studies of the members of A + y
Per have determined ages of 13-14 Myr (log(t) ~ 7.1) for both clusters [264, 54]. While these
studies have revealed a population of O stars, BSGs, and RSGs, no obvious WRs have been found,
and thus we were unable to compare the data with the models in Chapter 2. Now, we can use
the data from Table 3 in [54] to count 1 O star (HD 14434), 29 BSGs, and 7 RSGs, and estimate
RwR/RSG = 0.032¢ %415 and Rp/BSG = 0.04173:9°0 assuming 0 observed WRs. These values
are plotted in blue in Figure 3.5. Note that the samples O stars and BSGs are independent, and we
do not need to perform the same transformation as above. Because [54] study the main sequence
down to GO dwarfs, the luminosity cutoffs applied here are consistent with the data. The point
estimates for both ratios are consistent with the BPASS models, though the Geneva models are
not completely excluded. Interestingly, this difference is driven primarily by our measurement of
O/BSG, and not WR/RSG (which we estimate without observing any WR stars). Using the BPASS

model grid, the data corresponds to an age of ~ 10 Myr, consistent with previous age estimates.

Constant Star Formation Histories

While these simple stellar populations in our Galaxy are useful, the 68% confidence intervals on
our number count ratio estimates are too wide to accurately determine age and fy;,,/ f,..:- To obtain
a larger sample of evolved massive stars, we turn to galaxies in the Local Group. Not only do these
galaxies contain more massive stars, they also sample a broad range of metallicities. However,
these populations have complex star formation histories (SFHs), which we describe in Chapter 2.
Here, we only consider populations that are constantly forming stars, following [77]. Despite

including stars from all age bins, all of the evolved types of massive stars considered here are
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Figure 3.5 Similar to Figure 3.4: ]A%W R/RSG VS RO /Bsq for the Geneva (left) and BPASS (center)

populations, now calculated on a grid of 6.9 < logt < 7.4. An estimate for f%w R/RrsG and RO /BSG
in h + x Persei, as well as corresponding 68% confidence intervals, is calculated using data from
[54] and shown in blue. Copyright AAS. Reproduced with permission from Dorn-Wallenstein &
Levesque [70].

only sensitive to, at most, 50-100 Myr of star formation, after which the populations of massive
stars reach an equilibrium. Figure 3.6 shows WR/O, B/R, WR/RSG, and WC/WN as a function
of metallicity and f,,; for galaxies constantly forming stars. A minimum luminosity of log(L) =
4.9 is applied to be consistent with typical extragalactic studies (i.e., where only the supergiant
population is complete). As discussed above, the Geneva models don’t produce WC or WN stars
below solar metallicity; the predictions at Z, are presented instead as individual points. Consistent
with past models and existing observations [302, , ], B/R is the least sensitive ratio to f,,
and is a good indicator of metallicity, while WR/RSG is largely independent of metallicity [a fact

that has long been in tension with observations, see section 6.4 of , and citations therein].

Recent measurements of the frequency of all three subtypes are only available for the Magel-
lanic Clouds (MCs). Figure 3.7 shows RWR/RSG VS. }?B /r using the Geneva (left), and BPASS
models (center), with both grids overlaid (right), with lines of constant f,..;, [, and Z, as indicated
with the inset grids. We note that the f = 0 case from both grids do not agree; BPASS predicts
approximately an order of magnitude smaller values in both ratios. This is largely due to the sig-
nificant difference in the number of RSGs predicted (see the top row of Figure 3.1), and thus, the
difference in the mass loss prescription used by each code. However, both grids reside in largely

the same part of this ratio space. Furthermore, consistent with Figure 3.6, B/R remains a useful
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Figure 3.6 Predicted values of B/R (top left), WR/RSG (top right), WC/WN (bottom left), and
WR/O (bottom right) for Geneva populations with constant star formation, and values of f,,; be-
tween 0 and 1, as indicated by the color bar. A minimum luminosity of log(L) = 4.9 is assumed
for all subtypes. Copyright AAS. Reproduced with permission from Dorn-Wallenstein & Levesque

[70].

proxy for metallicity, and WR/RSG is a useful diagnostic of either fy;, or f,..

For both the Large Magellanic Cloud (LMC, plotted in orange) and Small Magellanic Cloud
(SMC, plotted in blue), we estimate Ry /r using data from [184] and RWR/RSG from [184],
[206], and [208], and find Rp/r = 13.5215%%7, Rwr/rse = 0.659500 " in the LMC, and
Rpp = 164497138, Rypirse = 0.134505'° in the SMC. The Geneva models fail to re-
produce the observations, while the BPASS models underpredict the metallicity of both clouds
(Z ~ 0.001/0.002 for the SMC/LMC respectively). In both cases, the data indicate that the initial
foin OF fro is larger in the higher metallicity LMC than in the lower metallicity SMC, consistent

with the results in [68]. We stress here that these results refer to the natal values of these parame-

ters. Indeed, the exact opposite trend is predicted and observed in the frequency of X-ray binaries



82

[22]; however, this is a reflection the metallicity-dependent angular momentum evolution of binary
systems. Measurements of the frequency of O star binaries (which in theory have not undergone
mass transfer interactions in our model populations, and should serve as a decent proxy for the
initial value of fy;,) reveal that f;;,, does indeed increase from the LMC (f;;,, ~ 0.5, [252]) to
the Galaxy (fu, ~ 0.7, [253]). Meanwhile, the observed rotation rates of metal-poor stars are
expected to be higher (i.e., f,.; decreases with metallicity), due to stars being more compact at
low Z [39]. However, the agreement between the overall trends in the data and those predicted by
both model sets imply that number count ratios may be the best way to infer f;, or f,.; in galaxies

where direct measurements are currently infeasible.

Rwr/rsa
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Rwr/rsc
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Figure 3.7 Similar to Figure 3.4: ZEZW R/RSG VS ]%B /r for the Geneva (left) and BPASS (center)
populations, assuming constant star formation, and calculated on a grid of 1075 < Z < 0.04.
Estimates for ]:EW R/RsG and R B/r In the LMC and SMC, as well as corresponding 68% confidence
intervals, are shown in orange and blue, respectively. Data are from [184], [206], and [208].
Copyright AAS. Reproduced with permission from Dorn-Wallenstein & Levesque [70].

3.4 Discussion and Conclusion

Before discussing our results, we note two important caveats. Our results here assume that both
stellar evolution codes accurately describe the evolution of the modelled stars. If this were true,
then the f = 0 cases from each population should be identical, as both populations contain only
single, nonrotating stars. Of course, both stellar evolution codes make different assumptions; while

we refer the reader to the papers describing both codes for more details, we note that the different
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mass loss prescriptions in particular can result in the differing numbers of predicted cool super-
giants.

We are furthermore assuming that both codes are completely accurate descriptions of rotation
or binary interactions. Indeed, both codes are now seen as the industry standard for modelling their
respective effects in massive stars. However, both codes do exhibit shortcomings. For example,
the Geneva group only provides models that rotate at 0.4v.,.;;. More rapidly rotating models are
available, but only in a limited mass window below 15 M. With rapidly rotating models at higher
mass incorporated into our model populations, we would be able to probe stars with significantly
enhanced rotational mixing and enhanced mass loss — perhaps increasing the number of WNs
while decreasing the number of WNHs.

Meanwhile, the BPASS team is the only group that explicitly models RLOF in binary systems
and makes their results publicly available. However, as noted in [77], BPASS makes a number of
simplifying assumptions in its treatment of circular orbits, rotation, and common envelope evo-
lution. Furthermore, BPASS does not model systems with initial orbital periods shorter than one
day. Regardless, BPASS is still successful at producing all classes of observed binary systems;
in theory, some merger products are not modelled, but those products are either the result of very
short-period systems — which merge very early, and evolve as single stars (J. Eldridge 2018, pri-
vate communication), which may make result in an effectively top-heavier IMF — or are incredibly
rare objects (e.g., Thorne-Zytkow Objects, [294, 1.

These caveats aside, it is still important to examine how these two widely-used codes compare
to each other and to observations when predicting the evolution and populations of massive stars,
and to consider this comparison when interpreting the use and application of these models in future

work. Our main results are as follows:

1. While rotation and binary interactions predict qualitatively similar effects on stellar pop-
ulations, the predictions for the detailed makeup of simulated simple and complex stellar
populations show dramatic differences between the two evolutionary scenarios. While some

of these can be attributed to fundamental differences in the Geneva and BPASS codes (as
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discussed in Section 3.2.1), it is also clear that rotation and binarity have quantitatively
different effects on the evolution of massive star populations (in particular, the diagnostic

number count ratios discussed in Section 3.3.1, and shown in Figure 3.2).

. We introduced a novel Bayesian method of estimating both the value and error of diagnostic
ratios in the low-number count regime typical of samples of massive stars. This method,
combined with our implementation of completeness limits in the model populations, make

our comparisons between models and data more accurate.

. The data from observed Galactic populations agree with the grids of simulated SSPs, but suf-
fer from poor signal-to-noise. The increased sample sizes in Local Group galaxies allows us
to make higher-precision estimates of diagnostic ratios, and show that measurements of the
natal binary fraction or rotation rate of stellar populations beyond the Magellanic Clouds
may be possible with currently obtainable data. In the coming decades, JWST and the
Nancy Grace Roman Space Telescope are scheduled to launch, giving us immediate access
to red/optical-mid IR photometry, as well as sparsely sampled lightcurves for massive stars
well-beyond the Local Group. Using comparable existing data in the Galaxy and Magel-
lanic Clouds, it is possible to accurately fit for coarse spectral types akin to those used here

(Dorn-Wallenstein et al. in prep).

. Figures 3.4, 3.5, and 3.7 show a comparison between intrinsic number count ratios derived
from grids of model stellar populations and inferred from observed data. For the starburst
populations, we show that the ages consistent with the observed data are reasonably close to
already published age estimates after correcting for completeness. However, the true power
of this technique lies in its ability to derive the values and uncertainties of unknown param-
eters that are critically important for stellar evolution — e.g. f;,, or f.,; — in environments
where traditional means of measuring these quantities are expensive or impossible given cur-
rent technology. In this case, deriving the likelihood of obtaining a given set of star count

ratios given a set of values for these parameters is nontrivial. Future work will focus on
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applying Approximate Bayesian Computation (ABC, [286]) to derive constraints on f;, and

compare them to existing values found in the literature [253, ].

. Finally, we stress that rotating stars are found in binary (and higher order) systems. A com-
plete model of stellar evolution should not designate one or the other effect as secondary.
Rather, as we demonstrate here, binary interactions and rotation and produce both similar
and contradictory effects in stellar populations, and a rigorous simultaneous treatment of

both is necessary.
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Chapter 4

THE PHOTOMETRIC CLASSIFICATION
OF EVOLVED MASSIVE STARS:
PREPARING FOR THE ERA OF WEBB AND ROMAN
WITH MACHINE LEARNING

Evolved massive stars are observed in a menagerie of exotic evolutionary phases. While the
challenge of connecting these states with a self-consistent theory of stellar evolution has seen rapid
advancement since the original introduction of the “Conti Scenario” [49], the effects of rotation,
magnetic fields, internal mixing processes, and binary interactions on the evolution of massive
stars are still the subject of much theoretical effort [e.g., 76, 77]. While individual massive stars
can be used as precision probes of these processes, ensembles of evolved massive stars can also
significantly constrain stellar evolution. This can be done by comparing the integrated spectra of
massive stars [e.g. ], or by studying a detailed census of resolved populations of massive stars
as done in Chapters 2 and 3, as well as [278].

Using the demographics of stellar populations to constrain stellar evolution requires large and
accurately-classified samples of evolved massive stars. Such samples will be achievable in the com-
ing years with the launch of the James Webb Space Telescope (Webb) and the Nancy Grace Roman
Space Telescope (Roman). Among the instrumentation on Webb and the proposed instrumentation
for Roman are photometers equipped with filters spanning a broad wavelength baseline from 0.5
to 28 pm. The resolution of Webb will allow us to identify and study in detail individual luminous
stars throughout the Local Volume to distances of ~4 Mpc [e.g. ], while the impressive 0.218
deg? field of view of Roman will allow us to efficiently survey nearby galaxies in a small number
of pointings [273]. Combined, observations from both missions will give astronomers access to
precise infrared measurements of vast numbers of evolved massive stars. But without sophisti-

cated methods of identifying and classifying these stars, the science return afforded by such a large
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increase in expected sample sizes will be significantly reduced.

Classification of massive stars from broadband photometry is often done by adopting simple
linear cuts in color-magnitude space [e.g., , ], and — most critically — do not include rare
emission line objects, whose classification requires dedicated narrow-band surveys (sometimes
with custom-designed filters, e.g. [209]), and ideally follow-up spectroscopy, both of which re-
quire extensive telescope time. Stars with line emission are often the post-main sequence evolved
states of massive stars, in which the effects of rotation, binary interactions, and chemical mixing
are the most pronounced; as such, the stars that place the most valuable constraints on unknown
stellar physics are also the hardest to detect via traditional means. It is therefore worthwhile to
determine whether there are alternative ways to classify massive stars that avoid using traditional
and expensive methods.

Machine learning classification based on broad-band photometry has a rich history in the liter-
ature. With the advent of large surveys like the Sloan Digital Sky Survey (SDSS, [328]), optical
data could be coupled with space-based MIR data to find the stellar locus in a 10-dimensional
color-space [59]. Recent efforts to separate stars from quasars, or perform a regression on effective
temperature with machine learning on photometric data have been successful [179, 15]; however,
these studies are often focused on main sequence, low mass stars. This is an understandable choice
given the rarity of evolved, high mass stars, the absence of reliable distances to calculate lumi-
nosities from which to select putative massive stars, and the fact that follow-up spectroscopy is
necessary in order to confirm a star’s membership in many important classes. However, with the
advent of data from the Gaia mission [85], luminosities can be easily determined, and putative
massive stars can be identified, allowing us to finally explore the application of machine learning
to massive star classification.

At present, we can mimic the observing capabilities of Webb and Roman by combining data
from Gaia (which has a red-optical bandpass), the Two Micron All Sky Survey (2MASS, [263],
near-infrared), and the Wide Field Infrared Survey Explorer (WISE, [324], mid-infrared). WISE
provides the additional benefit of having scanned the sky approximately every six months, yielding

lightcurves spanning a ~ 7-year baseline from which we can extract variability metrics for most
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stars observed. While Roman and Webb will not be observing the entire sky in this fashion, de-
termining whether variability can aid in the classification of evolved massive stars will determine
whether observers should seek repeated observations of a stellar population.

‘We wish to determine whether we can

1. Assemble a sample of evolved massive stars with available classifications as a training data

set,

2. Construct a machine learning classifier that can reject low mass red contaminants and iden-
tify likely emission line objects in order to optimise available telescope time on the most

promising targets,

3. Determine whether variability metrics estimated from WISE lightcurves can aid in these

tasks, and

4. Determine which photometric bandpasses and variability metrics contribute the most to mak-

ing accurate classifications.

Here we utilize a support vector machine classifier (SVC) trained only on broad-band pho-
tometry and simple metrics derived from WISE lightcurves to classify a large sample of evolved
massive stars. We describe our sample selection and labeling method in §4.1. §4.2.1 details the
calculation of the simple metrics derived from the WISE lightcurves, and describes the overall
behavior of the stars in our sample. We explain our classification algorithm, discuss its successes
and shortcomings in §4.3, and apply it to a training sample of 2500 stars before presenting our
recommendations and concluding in §4.4. This work originally appeared in Dorn-Wallenstein et

al. (2021) [69].

4.1 Sample Selection & Labeling

For any machine learning algorithm, a high-quality training set with accurate labels is necessary.

The second data release (DR2) of the Gaia mission [85] contains precise photometry in three bands
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(G, Gpp, and Grp) and geometric parallaxes () for 1.3 billion stars in the Milky Way (MW) and
Magellanic Clouds. Because the parallax measurements suffer from some systematics [164], and
many objects have high fractional errors (0, /w) or negative measured parallax, Bailer-Jones et
al. (2018) [16] calculated Bayesian distance estimates for the majority of stars in Gaia DR2, us-
ing a prior based on the spatial distribution of stars in the MW. Figure 4.1 shows the difference
between the distance inferred by Bailer-Jones et al., ., and a naive distance derived by inverting
the reported Gaia measurements of w for ~ 10,000 putative massive stars (as described below).
The dashed line indicates where 7.;; = 1 /. While the two distance estimates are roughly consis-
tent for nearby stars, more distant stars are much closer than inferred from biased naive distance

estimates.

We first perform a cross-match between the Bailer-Jones et al. catalog [16] and the existing
cross-match between Gaia DR2 and the ALLWISE data release. ALLWISE [56] contains photom-
etry in four mid-infrared (MIR) bands — W1 (3.4 um), W2 (4.6 pym), W3 (12 ym), and W4 (22
pm) — derived from co-added images obtained during the original WISE mission, as well as W1
and 12 images obtained in the post-cryogenic NEOWISE mission [177]. We select all stars with
successful distance estimates (i.e., where result_flag = 1 if the distance estimate is the mode of
the posterior distribution, 2 if it is the median, and O for a failed estimate, see Bailer-Jones et al.

[16] for more details) that satisfy

Mg =G —5logrey +5 < —1.5,
“4.1)
W1l < 14.

Since Bailer-Jones et al. used a Galactic prior, stars in the Large and Small Magellanic Clouds
(LMC/SMC respectively) have distances that are considerably underestimated. Thus, we also
match the catalog in Gaia Collaboration et al. (2018b) [87] to the ALLWISE/Gaia cross-match,
and select stars with W1 < 14 and Mg < —1.5, assuming distance moduli of 19.05/18.52 for the

SMC/LMC respectively [ 143, 142] and combining the two cross-matches while dropping duplicate
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stars. This results in a total of 452,283 stars. The left panel of Figure 4.2 shows the logarithmic
density on the sky of all stars selected from the Gaia DR2 database; the Galactic plane and Mag-

ellanic Clouds are clearly visible.
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Figure 4.1 Distance from Bailer-Jones et al. [16] versus distance inferred via inverting the reported
w from Gaia DR2 for ~ 10000 putative massive stars. The dashed line shows where r.y;, = 1/.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].

We then estimate the reddening in the Gaia bandpasses using the published estimate for Ag
from Gaia DR2, and coefficients from [180] to calculate F(Ggp — Grp). For Galactic stars
without Aq estimates, we assume Ag = 0, and for stars in the Magellanic Clouds, we assume the
average value of Ag and F(Gpp — Grp) using Ry measurements from [97] and E(B — V') from
[185]. Using these quanitites, we calculate the intrinsic Ggp — Grp and M; for all stars.

We next construct color-magnitude diagrams (CMDs) in the Gaia filters, which we can use to
select massive stars — i.e., stars with initial mass M; > 8M (right panels of Figure 4.2). To
find the limiting magnitude expected for massive stars at a given Gaia color, we use the MESA
Isochrones & Stellar Tracks (MIST, [73, 42, , , ]) isochrones with metallicity [Fe/ H| =

0, —0.5, —1 for the Galaxy, LMC, and SMC respectively, and rotation speed relative to critical of
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Figure 4.2 Left panel shows the density of stars selected from the Gaia database on the sky. In-
tensity of the colormap corresponds to the logarithm of the number of stars in each bin. The right
three panels show the Gaia CMD for stars selected from the Gaia DR2 database brighter than
Mg = —1.5 (though we only plot stars brighter than Mg = —2.75 to highlight the likely mas-
sive stars). Galactic stars are in blue (center left panel), LMC stars are in orange (center right
panel), and SMC stars are in green (right panel). The solid, dashed, and dotted lines represent our
minimum-luminosity criteria to select massive stars in the Galaxy, LMC, and SMC respectively.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].

v/vei = 0.4. We then selected the faintest isochrone point of any age with M; > 8 My, in 100
equally-spaced bins of color in the range —0.25 < Ggp — Grp < 3. We note that the oldest MIST
time bin is 10'%3 yr (older than the age of the Universe), but by selecting points with M; > 8 Mg,
none of the selected points are older than ~40 Myr. These isochrone points form a boundary in the
Gaia CMD that represents the faintest luminosities reached by any massive star at any point during
its evolution, and no fainter massive stars are expected to be found. However, many stars with
M; < 8 M, also lie above this boundary — mostly RGB and AGB stars — so while our sample
maximized the number of massive stars selected, it is not constructed to be free of contamination.
Note that the thresholds accurately capture the slope of the main sequence for all three galaxies, as

well as the Gzp — G gp color corresponding to the Hayashi limit.

We select all stars brighter than the corresponding luminosity threshold for their host galaxy,
resulting in 9784 stars. From this sample, we select all stars fainter than the saturation limit in
W1 (8) and W2 (7) with valid measurements listed in the ALLWISE catalog for the three bluest

WISE bands (excluding W4, where the signal-to-noise is often poor). We also convert the W1
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Table 4.1. Common names, coordinates, host galaxies, and Gaia measurements of 6,484
putative massive stars, ordered by Right Ascension. r.s from [16] is given for Galactic stars.
Listed values of G and Ggp — Ggp are uncorrected for extinction.

Common Name R.A. [deg] Dec [deg] Host Galaxy rest [kpc] G [mag] Ag [mag] Gpp — Grp [mag]

HD 236270 0.17442287 55.72245665 MW 2.162 9.07 0.94 0.24
LST1+64 10 0.38838658 64.51219232 MW 5.305 11.55 1.33 0.57

LS T1+60 69 0.55506135 60.43828347 MW 5.866 11.85 1.23 0.61
BD+62 2353 0.59458742 62.90087875 MW 5.243 9.81 0.48 0.37

HD 73 1.40408512 43.40139506 MW 1.869 8.19 0.12 —0.15
HD 240496 1.42175475 58.49541068 MW 2.499 9.70 1.55 0.68
WISE J000559.28-790653.3  1.49713706  —79.11483482 SMC - 13.94 0.21 1.05
LST+59 30 1.70503555 59.85955733 MW 4.006 10.86 1.19 0.50
BD+57 2870 1.82960982 58.33785301 MW 3.893 9.84 1.42 0.82
BD+62 1 1.88805102 63.08030731 MW 2.893 10.29 1.30 0.53
Note. — This table is published in its entirety in the machine-readable format. A portion is shown here for guidance regarding its form and

content.

and W2 magnitudes (and uncertainties) to fluxes, and filter for stars with signal-to-noise ratio
greater than 3. This results in a final sample of 6484 objects. We discuss the makeup of this
sample in §4.1.1. Table 4.1 lists the names, coordinates, host galaxies, distances from Bailer-Jones
et al. [16], and Gaia photometry for these stars. We query Vizier [218] using astroquery to
download J H K, photometry from the 2-micron All Sky Survey (2MASS, [263]) for all stars. We
also query SIMBAD [322] and download the common name (MAIN_ID), spectral type (contained
in the MK_Spectral_Type and SP_Type fields), and object type (0Type) for each star, the latter two

of which we use to assign labels.

4.1.1 Label Assignment

For our final sample of ~6500 stars, we wish to assign the best available estimate of its evolu-
tionary state. These labels can be used to compare to the predictions of stellar population models.
Note that these evolutionary states (which are theoretical concepts) are mostly tied to spectral ap-
pearance (which is an observable quantity). Therefore we are assuming that, e.g., all stars with

Wolf-Rayet spectra are in the same evolutionary state (namely, the descendants of massive stars
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with high luminosities that have lost their envelopes via strong winds), and that all stars in that
evolutionary state are observed as Wolf-Rayet stars. We know that at least the former isn’t true,
as some stars lose their envelopes due to interactions with a binary companion [77], and the lat-
ter is also questionable since such stars may or may not appear similar to classical Wolf-Rayets
[100]. Nevertheless, we assume that the assigned labels are a reasonable approximation for a star’s

evolutionary state with this caveat in mind.

At present, a database of homogeneously classified massive stars does not exist. While all-
sky spectroscopic surveys have observed many massive stars, the machine learning pipelines that
produce the effective temperatures, surface gravities, and chemical compositions that would allow
us to accurately classify our sample do not cover the parameter regime in which massive stars reside
[e.g. 88]. As aresult, we must use the heterogeneous classification data available on SIMBAD. For
each star, we apply a decision tree that results in the star receiving a single label. Figure 4.3 shows
a flowchart that summarizes our labeling scheme. Note that this process highly tailored to this
dataset, and some branches in the decision tree serve only to accurately label very small numbers of
stars with unique spectral types (e.g., spectroscopically peculiar stars or X-ray binaries). Deriving
labels for known massive stars using existing sources is not trivial, and our labelling scheme would
be entirely different if a large sample of massive stars with well-measured temperatures, surface

gravities, and chemical abundances were available.

We first use the common name and Gaia source_id of the star to determine if the star belongs
to the catalog of confirmed Luminous Blue Variables (LBVs) presented in [241]'. Non-LBVs
are classified as WR stars if “W” is in the spectral type, or the SIMBAD 0Type is “*WR”. Non-
WRs with “K” or “M” in their spectral type are classified as either Red Supergiants (RSGs) or
“C/S/Giant” if their SIMBAD SP_Type contains “III” — we keep all such low-mass contaminants
in our sample as distinguishing between RSGs and luminous low-mass giants is still a difficult

problem [ 188, , ]. The resulting sample of RSGs is pure; of the five RSGs that don’t have

'Note that we chose to ignore LBVs in Chapter 2 and 3 due to the inhomogeneous nature of the class as well as
the difficulty of identifying LBVs observationally. However, the method that we develop is capable of classifying
LBVs (see §4.3), and so we choose to include them in the classifier.
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luminosity class I, all of them are luminosity class Ia-II, Ib-11, or lab-1I, which are consistent with
bona fide RSGs [162]. This is a good test of the Gaia DR2 parallaxes and [ 16] distances, as cool
subgiants and dwarfs with luminosity class IV or V would have been erroneously classified as
RSGs using our criteria had they been included in our sample due to inaccurate distance and Mg
measurements.

Non-RSGs with “F” or “G” in their spectral type are classified as Yellow Supergiants (YSGs).
However, this includes a number of blue stars. Further inspection of these stars reveals a number
of objects whose MK_Spectral_Type field contradictorily indicates these are hot stars, with
spectral type O, B, or A. As these stars have Gaia photometry consistent with hot stars, we classify
them as such (see below). Eight low-mass yellow stars are also included in our sample. Stars
with “III” or “V” in their spectral types are classified as Yellow Dwarfs. While luminosity class
III formally denotes giant stars, only one yellow giant is in the sample, and so we assign it the
Yellow Dwarf label. We note that for extragalactic samples, foreground dwarfs can usually be
filtered based on proper motions, while dwarfs belonging to the stellar population under study can
be excluded just based on their apparent magnitudes. Nonetheless, we retain this class to avoid
confusion between these stars and true YSGs. All YSGs that aren’t hot stars or dwarfs keep their

YSG label.

Of the objects that have not yet been classified, stars with “[e]” in their spectral type are classi-
fied as OB|[e] stars, while non-OBJe] stars with spectral types including an “e” (without brackets,
and without “pec” in their spectral type) are classified as OBAe stars. If the star is not yet classified
and O, B, or A are in the spectral type with no additional information, they are classified as generic
OBA stars. OBA stars with “III”” or “IV” in their spectral type are classified as evolved OBA stars,
stars with “V” in their spectral type are classified as OBA main sequence stars, and finally, stars
with “I”” in their spectral type are labeled as OBA supergiants. All stars that have not been assigned
a label at this stage are either Carbon stars or S stars (which are assigned the C/S/Giant class), stars
labeled only as Variables in SIMBAD (e.g., LPVs, semi-regular variables, or just variables, without
other spectral information) which are assigned the Miscellaneous Variable classification, or stars

with no identifying information/no confirmed designation (e.g., the SIMBAD 0Type is “Star” or
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contains “Candidate”) which are classified as Unknown/Candidate.

< In Richardson & Mehner (2018)?
Yes No

WR or 'W'in SpT?

Yes\ No

No| Yes No
RSG C/S/Giant lelin SpT? >
No No Yes

III or V in Luminosity Class? e in SpT (no pec)? OB [e]
Yes N

o\ Yes Yes|No

YSG Yellow Dwarf
No Yes
@ III or IV in Luminosity Class?

No Yes No
Yes No Yes No
Misc. Variable l@Unknown/Candidate Main Sequence OBA w

Yes \ No
Supergiant OBA

Figure 4.3 Flowchart illustrating the process by which stars are assigned labels, as described in text.
Each star begins in the top left and is assigned a label by following a series of binary decisions.
This process is complex, and demonstrates the difficulty in deriving useful labels for massive stars.
For example, some stars with F or G in their spectral types are actually hot OBA stars (as described
in text), and require special handling. Copyright AAS. Reproduced with permission from Dorn-
Wallenstein et al. [69].

Finally, we include an “Is Binary” flag for all stars, which is 1 for stars classified as Eclipsing
or Spectroscopic Binaries, High Mass X-ray Binaries, or Ellipsoidal Variables, or if they have a
compound spectral type (e.g., WN8 + O6V),” and 0 otherwise; 102 stars are flagged as binaries.
This flag is separate from the labeling process shown in in Figure 4.3. Because photometry of

binary systems can be misleading [205], and binary systems exhibit a broad range of variability

2This does not include stars with the “OB+" spectral type, which is an outdated class that describes OB stars with
weaker absorption lines that would now be classified as OB supergiants.
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Figure 4.4 The makeup of our sample of massive stars. Note that the sample is dominated by
OBA stars and cool supergiants. Non-OBAe emission line stars — OB|[e] stars, WRs, and LBVs
— are the rarest massive stars in our sample, despite being stars of great scientific interest. For
readability, we have used a logarithmic y-axis to display our sample statistics. Note that in practice,
differences in the number of stars per class are much larger than they might appear here. Copyright
AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].

that is not intrinsic to the individual components, we exclude these stars from our classifier.

Figure 4.4 shows the makeup of our sample. Approximately 30% of our sample (2550 stars)
belong to the Miscellaneous Variable and Unknown/Candidate classes, which we do not use to
train our classifier; instead, we use the classifier to assign tentative classifications to these stars in
§4.3. The rest of the sample is dominated by luminous OBA stars and cool supergiants, with very
few LBVs, OB|[e] stars, and WR. This is unsurprising given the incredibly short expected lifetimes
of the evolutionary phases in which massive stars exhibit line emission relative to the time they
spend as main sequence OBA stars or helium-burning RSGs [76]. However, despite the fact that
massive stars spend 90% of their lifetimes on the main sequence, only 2309 stars (~60% of labeled

stars in our sample) have OBA spectral types, implying that cool supergiants are overrepresented
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Figure 4.5 M vs. G — J for putative massive stars. Left: Stars are colored by their label. While we
also use shapes to distinguish between stars in different classes, this illustrates a key difficulty faced
by our classifier: the classes have significant overlap with each other in the CMD. For example, the
coolest/warmest YSGs have identical optical photometry to RSGs/OBA supergiants respectively,
while the different classes of hot stars are impossible to distinguish from one another by eye. Right:
Stars are colored by their coarse label. Contours for each coarse class correspond to 0.5 and 0.1
times the maximum value of a kernel density estimate of the distribution of each class in the CMD.
Even in the coarse labels, the contours for hot stars and emission line stars are nearly identical.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].

in our sample. This is unsurprising given that MIR photometry is ideal for observing these stars.
Regardless, the availability of training data is imbalanced across different classes, especially in the
rare classes, which will impact the performance of the classifier if not properly addressed. [37].

We discuss this issue for this particular sample in §4.3.1.

The left panel of Figure 4.5 shows the Mg vs. G — J CMD for all stars in our sample that
aren’t labeled as miscellaneous variables or unknown/candidate, colored by their label. G — J
correlates reasonably well with effective temperature in main sequence stars [58], and in this case
is especially useful for distinguishing from the near vertical main sequence/blue supergiants and
the significantly cooler yellow and red supergiants. From this plot, it is clear that many stars
are misclassified in SIMBAD (the worst example is one particular red star classified as an OBA

star), reducing the effectiveness of any machine learning algorithm, and propagating biases into the
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results. When we examined our sample in detail, we found that yellow supergiants are especially
prone to this problem: 81/212 YSGs in the sample (38%) have G — J < 1, consistent with the
optical colors of much hotter stars. Indeed, this problem would have been worse had we not
corrected for the presence of OBA stars in the initial sample of YSGs. This issue may originate
from bad distance estimates for individual stars (which explains why our sample includes F and G
dwarfs), bad estimates of reddening (given our usage of monochromatic extinction coefficients),
previously unidentified variability, or the fact that many of these spectral types were determined via
stellar spectra taken on photographic plates [for example, many spectral types for stars in the LMC
come from 1972 9]. We expect this issue to propagate into our results, increasing the confusion
between YSGs and hot stars.*

Because we expect objects in some classes — especially those with an evolutionary link such
as main sequence, evolved, and supergiant OBA stars — to appear similar in the training data set,
we also assign all stars a coarse label: all classes of OBA stars excluding OB[e] and OBAe are
labeled “Hot”; RSGs and YSGs are labeled “Cool”; WRs, LBVs, and both OB[e] and OBAe stars
are labeled “Emission” (EM for short); C/S/Giant stars and Yellow Dwarfs are labeled “Contam-
inant”; and miscellaneous variables and unknown/candidates are labeled “Unknown/Candidate.”
The results of this labeling scheme are summarized in Table 4.2 which shows the number of stars
with a given refined class that are assigned a particular coarse label. The right panel of Figure 4.5
shows the same CMD, with points colored by their coarse label. This leads to some improvement:
each coarse class lies in the approximate region of the CMD that one would expect. Regardless, it

is evident that selecting any one of these classes solely from this optical photometry would be diffi-

31t would certainly be possible to tailor our dataset by removing the “worst” stars, thus cleaning up the boundaries
between classes. However, by doing this we would be making several assumptions about where different classes of
stars reside in our feature space, with no way of knowing whether these enforced boundaries actually divide stars in
physically different evolutionary states. Indeed, we expect the boundaries between classes to be fuzzy, because our
discrete labels are an approximation of a continuum of evolutionary states — a fact that we have otherwise swept
under the rug. That said, a significant amount of the overlap between classes is due to the poor quality of existing
labels. Instead of trying to guess which stars are poorly labelled, and which ones truly reside in the overlap between
classes, we instead wish to see how the quality of existing labels impacts the performance of our classifier. With
better labels (or even effective temperatures and surface gravities) based on spectroscopy from large ground based
surveys, this problem would significantly improve. However, as we discuss in §4.4, while this data exists, attempts
to develop spectroscopic labeling for massive stars have been nonexistant until extremely recently.
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cult. The “cool” class has significant overlap with the “hot” class — largely driven by the YSGs —
emission line stars can be found at a range of Ggp — Ggp colors, and there is significant overlap
between low-mass contaminants that will end their lives as white dwarfs and true massive stars
that will end their lives in supernovae explosions. This point is emphasized by the contours, which
correspond to 0.5 and 0.1 times the maximum value of a kernel density estimate of the distribution
of each class, which replaces each point with a kernel function (in this case a two-dimensional
Gaussian centered on the point), and sums the kernels to estimate the underlying distribution. We
do this using the KernelDensity estimator from sklearn, and use a similar cross-validation
scheme described below to find a suitable bandwidth for the kernel (i.e., the width parameter of the
Gaussian).

We use these coarse labels to train a second classifier. While these coarse labels lose some
specificity, each coarse class contains more stars, hopefully increasing the performance of a clas-
sifier trained on these labels. Furthermore, they still retain physical information while increasing
the number of stars in each class: the “cool” label contains stars with convective envelopes, while
“hot” stars contain radiative envelopes. Meanwhile, emission line stars are notable for their vari-
ability. It is our hope that this second classifier will still address two of our stated goals: to identify

emission line stars, and to reject contaminating low mass stars.

4.2 WISE Lightcurves

Variability in evolved massive stars has been well-characterized at timescales from minutes to
decades [e.g. 40, 71, ]. In a study of massive stars in the Whirlpool Galaxy (M51), [46]
found that almost half of the stars brighter than M; = —7 were variable, with red stars near-
ing a variability fraction of 1. Both red and extremely luminous blue stars exhibited quite high
amplitude (A7 > 0.3) variability. For spectral energy distributions (SEDs) dominated by purely
stellar light, mid-infrared (MIR) flux measurements (and thus variability) is sensitive to (variations
in) the bolometric luminosity. However, for stars with significant circumstellar dust components
in their SEDs, MIR variability is correlated with both intrinsic bolometric variability, and with

dust creation/destruction processes in the circumstellar medium [for example, in RSGs where it is



Table 4.2. Number of stars in a class that are assigned a given
coarse label, not including the Miscellanous Variable or
Unknown/Candidate labels.

Coarse Label

Refined Label Hot Emission Cool Contaminant

Main Sequence OBA 187

Evolved OBA 409

Supergiant OBA 798

OBA 915

OBAe 383

OBJe] 12

WR 37

LBV 8

YSG 212

RSG 847

C/S/Giant 118
Yellow Dwarf 8

Total 2309 440 1059 126

100
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correlated with the mass loss rate, e.g. ].

The WISE mission provides lightcurves from stars in all parts of the sky, observed over a ~7
year baseline. Due to the scanning law adopted by WISE [324], most stars not on the ecliptic
poles are visited approximately every ~ 180 days. All stars have a ~ 3-year data gap from when
WISE was placed in hibernation in February 2011 and when it was reactivated in December 2013.
WISE initially observed simultaneously in four filters during its primary mission: W1 (3.4 pum),
W2 (4.6 um), W3 (12 ym), and W4 (22 pm). However, it was reduced to using only the two
bluest bands in its post-cryogenic survey mode called “NEOWISE”. The time, duration, and num-
ber of individual observations during each ~ 180 day visit depends on spatial geometry of the
WISE scanning program, 1.e. stars closer to the ecliptic poles have longer duration visits (often
exceeding a week) with many epochs per visit, while star near the equator have very short visits
(typically a couple days) with only a few epochs per visit. Because WISE lightcurves possess
such non-uniform cadence, extracting detailed physics for most individual stars is difficult. How-
ever, the WISE lightcurves place fantastic constraints on MIR variability amplitudes on longer
timescales, especially for evolved massive stars whose highest-amplitude variability occurs over
~year timescales. Such amplitude and timescale estimates are related to the physical parameters
of the star, potentially aiding in classification.

For every star selected in §4.1 we queried the Single-Exposure (“L1b”) source databases for
all phases of the WISE mission, including the original 4-band, partial cryogenic 3-band, and post-
cryogenic 2-band NEOWISE tables. We used astroquery to pull data in the region within 3
arcsec of the known source location. To ensure high quality data for all recovered epochs, we re-
quire the photometric quality flag to be PH_QUAL=A, the contamination flag to be CC_FLAGS=00,
the number of deblended sources flag to be NB=1, and the PSF photometry fit quality (defined as
the reduced x?) in W1 to be wlrchi2<5.

Only two of our stars did not have usable data from WISE: WISE J074911.48-102000.2 (HD
63554) has no lightcurve available online, and WISE J050128.62-701120.2, which does not have
any corresponding object nearby on SIMBAD. When calculating each of the variability metrics

below, we instead record a value of NaN (i.e., missing data). For the remaining stars, we ignore the
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Figure 4.6 Example lightcurve for WISE J000536.97+432405.0. Top left: Raw lightcurve, with
W1 points plotted as blue errorbars, and 12 points plotted in orange. Bottom left: Variability in
W1 — W2 plotted as green errorbars. Top right: Binned W1 lightcurve. Blue points are binned
data (errorbars are smaller than the points). Black dotted line is the B-spline interpolation. Time
has been adjusted so the lightcurve is centered on ¢ = 0. Bottom right: First derivative of the
interpolant. Vertical blue lines show the times where the derivative crosses zero, indicated by the
horizontal blue line. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al.

[69].

W3 and W4 data here due to the lower signal to noise and significantly shorter observing baselines
due to the loss of cryogenic observations after the original WISE mission. As WISE observes
simultaneously in all bands, we can construct W1 — W2 lightcurves without any interpolation,
and simply subtract the W2 data from the 111 data to obtain the W1 — W2 color curve. The left
panels of Figure 4.6 show an example set of lightcurves for WISE J000536.97+432405.0 (=HD

73), a B1.51V star that illustrates the typical observing cadence and variability of a bright star in

our sample.
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4.2.1 Variability Metrics
Amplitude

For each of the three lightcurves of each object, we wish to extract simple metrics that describe the
amplitude and timescale of variability. We choose y? about the median defined as

M; — M
= () 42)

0;

and the reduced-?
Xrea = X*/(N — 1) (4.3)

Where M; is a magnitude measurement, M is the median of the lightcurve, o; is the corresponding
error on the data point, and N is the number of points in the lightcurve. We also calculate the

Median Absolute Deviation (MAD), and Error-Weighted MAD (EWM):

MAD = Median(|M; — M|) (4.4)
EW M = Median(|M; — M|/o;) (4.5)

If the filtered and cleaned lightcurve only contains one good measurement (or no good measure-
ments), we automatically give it x* = x%;, = MAD = EWM = NaN. We describe our method for

treating missing data below.

The top panels of Figure 4.7 show the distributions of log x? ; and logEWM derived for our
sample. Values from W1 lightcurves are in blue, W2 in orange, and W1 — W2 in green. While the
distribution of amplitudes are similar in both W1 and W2, stars tend to have significantly smaller
amplitude color variability. The bottom left panel shows a scatter plot of x2_; vs. EWM for all three
lightcurves. While the two measures correlate reasonably well with each other, there is a branch
of stars whose lightcurves have high X%ed and low EWM in W1, W2, and W1 — W2; because the
EWM is robust to outliers, x2 , is an effective probe of lightcurves with sudden brightening/fading

events, while EWM is an effective selector for lightcurves that display consistent variability. This
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Figure 4.7 Top row: Distribution of derived log x?2_; (left) and log EW M (right) values in the W1
(blue), W2 (orange), and W1 — W2 (green) lightcurves. Bottom row: Scatter plots comparing
different amplitude metrics. The left panel shows EW M vs. X2 , in the W1, W2, and W1 — W2
lightcurves (using the same color-coding). The right panel shows X2, in W2 vs. x2%, in W1,
with each point colored by its coarse label. Copyright AAS. Reproduced with permission from

Dorn-Wallenstein et al. [69].
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Figure 4.8 Left: Lightcurves in W1 and W2 (top) and W1 — W2 bottom for an example star with
high x?2 , and low EWM in 1. Three flaring events are clearly visible, during which the star
becomes slightly redder; otherwise, the star only displays modest variability. Left: Similar, but
for a star with high values of both x2_;, and EWM in 1W1. By contrast, this star shows consistent,
smooth variability.

can be seen in Figure 4.8, which shows two example lightcurves, one with high x2_, and low EWM
(left panels), and one with both high x?2_, and high EWM (right panels); the first star shows three
short-lived flaring events during which the star becomes slightly redder, superimposed over low-
level variability, while the second shows consistent smooth variability in both WISE bands and the

color lightcurve.

The bottom right panel of Figure 4.7 shows a scatter plot of x2_, in W1 vs. in W2, with each
point colored by its coarse label. A distinct branch of stars that are much more variable in W2
than 11 is clearly evident; oddly, the distributions of classes, EWM, and broadband colors in this
branch are consistent with the whole sample, and no similar branch exists in the measured EWM
values. Visual inspection of the lightcurves of stars with x%,, < 10 in W1 and x?,, > 100 in
W2 shows that these stars appear to have higher signal to noise W2 measurements than 11, and
have one observation during which the star apparently becomes considerably redder, achieving

W1 — W2 values as high as ~ 4; an example of this behavior is shown in Figure 4.9. Examining
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Figure 4.9 Lightcurve in W1 and W2 (top) and W1 — W2 bottom for an example star with high
X2.q In W2, but low x2,, in W1. The star is mostly non-variable except for a single observation
during which it becomes ~0.2 mag brighter in both bands, and ~1.2 mag redder.

the times at which these extreme reddening events occur shows a preference for times during the
cryogenic WISE survey, implying that this behavior is likely instrumental in origin, despite our
filtering using the provided quality flags. Nonetheless, we include 2, as it does not map perfectly
onto EW M, and only 98 stars fall in this regime. We do not yet know whether x?,,, EW M,
both metrics, or neither are useful features for classification, so we keep both with the intent of

exploring their importance below.

Timescale

Many methods exist for estimating dominant timescales in lightcurves. [46] use the Lomb-Scargle
Periodogram [166, ] to search for periodic variables. However, this approach suffers from
numerous, well-known issues (including accurate period recovery at low signal to noise), and false
peaks can easily be mistaken for real timescales, especially in highly-irregularly sampled data, as
is the case for the WISE lightcurves. [270] use a Gaussian process interpolation scheme coupled
with a wavelet analysis to estimate timescales in massive stars in M31 observed by the Palomar

Transient Factory (PTF). However, with so few data points, we found it difficult to obtain a reliable
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fit with a Gaussian process, and even when the fit was successful, the resulting interpolant had a
large standard deviation in between WISE visits. The resulting measurements of the characteristic

timescale was more reflective of the kernel used.

Instead, we turn to a a spline-based interpolation method, which is analogous to certain Gaus-
sian process methods [135]. We first subtract half of the sum of the times of the first and last
available observations, so that the lightcurve is centered at ¢ = 0. We then bin the observations in
each visit. Visits are defined as sets of points separated in time by less than a defined threshold.
Due to the WISE scanning law, some stars near the ecliptic poles have visits separated by less than
the typical ~ 180 days. Therefore, we adopt 50 days as the threshold for visits. Two stars in our
sample are close enough to the ecliptic pole to be observed nearly continuously such that we erro-
neously record two “visits”: one each during the cryogenic and post-cryogenic surveys. However,
neither star is strongly variable and thus this small edge case does not substantially impact our
subsequent analyses.

For all observations in a given visit, we calculate the mean time and W1/W2/W1 — W2 mea-
surement. We use scipy.interpolate.splrep in Python to find the 3'%-order basis spline
(a.k.a. B-spline, which performs a spline fit using spline basis functions, [61]) representation of
the binned lightcurves, adopting a smoothing factor s=10. This returns the knots, B-spline co-
efficients, and degree of the spline. By definition, 3"¢-order splines are differentiable, so we use
scipy.interpolate.splev to evaluate the first derivative of the spline interpolant, and find
the times when the derivative changes sign — i.e., when the lightcurve reaches a maximum or
minimum. As metrics of the characteristic timescale of the lightcurve, we calculate the frequency
of zero-crossings of the first derivative of the spline interpolant, vy — calculated as the number of
times the derivative passes through zero, divided by the time baseline of the lightcurve — (At),
the mean of the differences between successive zero-crossings, and the standard deviation of the
differences between successive zero-crossings, oa;. For stars with fewer than four visits, we au-
tomatically assign vy = (At) = oa; = NaN. The right panels of Figure 4.6 show this process on
the W1 lightcurve plotted in the left panels. The blue points are the binned 11’1 measurements (the

errors are smaller than the size of the points), and the dotted black lines are the spline interpolant
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(top right) and corresponding derivative (bottom right).

While this is a simple method that yields multiple estimates of variability timescale, it is impor-
tant to note that it is dependent on both the variability amplitude and the sampling. For example,
a non-variable object whose lightcurve is poorly sampled may appear to be variable due to mea-
surement noise (which does not have a characteristic timescale), and the derived timescale from
this method will thus be more reflective of the sampling than anything else. Thankfully, in many
cases such a variable would have a low EW M value. However, it is possible that a star may enter
a period of low-amplitude variability resulting in false zero-crossings of the first derivative of the
spline interpolant (e.g., the first three WISE visits in lightcurve in Figure 4.6; it is possible that the
first few zero crossings in the bottom right panel may not be real.) These systematics are difficult

to work around in sparsely sampled lightcurves, and are an important caveat to keep in mind.

4.3 Machine Learning

4.3.1 Classifier Selection

We wish to train an algorithm that takes as input the broadband photometry and variability metrics
derived for our sample, and outputs spectral type classifications. Many machine learning classi-
fiers exist; of these, we wish to choose a flexible model with well-understood mathematics, while
avoiding techniques like neural networks that can be difficult to interpret. Of the classifiers avail-
able in the sklearn package, we decided to test a Random Forest (RF) classifier [30] — which
consists of a collection of decision trees trained on random subsets of samples and features — a
Support Vector Machine (SVM) classifier [50] — which identifies hyperplanes in the feature space
that separate different classes — and a Gaussian process (GP) classifier — which models the func-
tion determining the probability of a star being a given class at a location in the feature space as a
multidimensional Gaussian distribution whose properties are determined entirely by a covariance
function (a.k.a. a kernel function), coupled with a linking function (usually the logit function) to

make discrete class predictions [238]. We refer the reader to these publications, as well as to the
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Table 4.3. List of features passed to our machine
learning classifiers, as well as clarifying definitions where
relevant. WISE photometry used to calculate colors and
magnitudes is from the ALLWISE data release [56]. All
variability metrics are calculated from the WISE W1, W2,
and W1 — W2 lightcurves.

Feature Definition

Colors & Magnitudes

Mg Absolute magnitude in Gaia G band.
G-J From Gaia and 2MASS photometry.
J—-—H From 2MASS photometry.
H- K, From 2MASS photometry.
K, —-W1 From 2MASS and WISE photometry.
wW1l-Ww2 From WISE photometry.
W2 -Ww3 From WISE photometry.
W3 -Ww4 From WISE photometry.
My Absolute magnitude in WISE W1 band.
Variability Metrics

log X2, Log of the reduced x?2.
log EWM Log of the error-weighted Median Absolute Deviation.
2 Frequency of zero-crossings of the first derivative of the

spline interpolant.
log(At) Log of the average time between zero-crossings.
log oat Log of the standard deviation of zero-crossing times.

sklearn documentation® for the mathematics and implementation details of each classifier. In
the multi-class case, a collection of classifiers are trained on each possible pair of classes (one-
versus-one or “ovo”), generating a total of Nyjgsses(NVeasses — 1)/2 classifiers where Nqsses is the
number of classes. Labels are assigned to test samples by allowing each classifier to vote, and the
label with the most votes is chosen [139].

Each type of classifier has a number of hyperparameters that affect the performance of the
classifier. For the RF classifier, n.estimators specifies the number of trees in the forest,

max_depth specifies how many branches each decision tree in the forest can have, and max_features

“https://scikit-1learn.org/stable/index.html
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specifies the maximum number of features each tree is trained on. We alsoset class weight=balanced,

which weighs samples when fitting to account for the different frequencies of each class in the data.

For the SVM classifier (SVC), C'is a regularization parameter that governs the tradeoff between
maximizing the margin and misclassifications in the training set. Higher values of C' will force
the SVC to correctly classify every point, resulting in poor generalization (i.e. overfitting). The
SVC requires that the distance between two points in the feature space is defined as the inner
product of two vectors in the feature space, <X,, X ;). Because the boundaries between classes
in our sample are not guaranteed to be linear, one can project the samples into a much higher
dimension space via a mapping function, ¢, where distances between two vectors in this space
are calculated as (Z;, Zq]) = (B(X,), d(X ;))- In reality, the transformed feature space can be
incredibly high dimensional, and explicitly mapping the data into this high-dimensional space is
computationally inefficient. Instead, we can adopt a kernel function, K that defines distances in the
higher dimensional space, e.g., K ()ZZ, X ;)= <Zz, Z) Because the kernel only takes the measured
features as input and outputs a number, using a kernel function implicitly maps the input feature

space into a high dimensional space without specifying ®.

Common choices of the kernel function include a linear kernel (i.e., the Euclidean distance
between individual samples in the feature space) and the “radial basis function” (RBF) kernel:
K(X;, X;) = eI Xl (4.6)
where v governs the influence of the kernel function; lower values result in increasingly linear
boundaries, while high values result in the decision function being entirely depended on individual
points, creating small islands of a given class centered on each training point. The advantage of
non-linear models like a SVM with a RBF kernel over linear methods is that the decision bound-
aries can be much more flexible; the tradeoff is that the contribution of individual features to the
classifier cannot be easily calculated without the unknown function ® (see §4.3.3). The “optimum”
kernel and hyperparameters are chosen via a cross-validation strategy described below. Finally,

we also set class weight=balanced for the SVC, which automatically sets the value C' for
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Table 4.4. Feature values and assigned labels for all stars in our sample, ordered by Right
Ascension. Missing numbers are indicated with “-”.

Common Name Mg [mag] G — J [mag] W1 — W2 [mag] log X?«ed,Wl log(At)yw1 [d] Label Coarse Label
HD 236270 —3.54 0.35 0.14 0.389 - RSG Cool
LSI+64 10 —3.41 0.72 0.00 - - OBA Hot

LS I+60 69 —3.22 0.88 —0.03 0.061 - OBAe EM
BD+62 2353 —4.27 0.47 —0.04 0.110 2.816 SupergiantOBA ~ Hot

HD 73 —-3.29 —0.66 —0.05 3.157 2.701 EvolvedOBA Hot

HD 240496 —3.84 1.01 0.01 —0.064 2.764 OBA Hot
LSTI+59 30 —3.34 0.67 —0.04 0.234 - OBA Hot
BD+57 2870 —4.53 1.17 0.00 0.046 3.135 SupergiantOBA ~ Hot
BD+62 1 —3.31 0.90 0.27 1.622 2.813 EvolvedOBA Hot
Note. — This table is published in its entirety in the machine-readable format. A portion is shown here for guidance regarding its form and

content. We note that only a subset of the features listed in Table 4.3 are shown here. All features are listed in the machine-readable version.

class ¢ to C'Ngampies/ ( Nelasses Vi) Where Ngampies i the size of the sample, Nejasses is the number of
classes, and /V; is the number of objects in the sample belonging to the class. This serves to weight
rarer classes more heavily. The GP classifier’s only hyperparameter is a choice of kernel, which

defines the covariance function of the Gaussian process.

To fit our classifiers, we first remove all miscellaneous variables and unknown/candidates, as
well as known binaries, and one star with bad J photometry, the Be star HD 53032. For features,
we use the intrinsic calculated value of M, as well as (uncorrected for extinction) G — J, J — H,
H—-K, K,—W1,W1-W2,W3-W4,and x2_;, EWM, v, (At), and 0, in all three lightcurves
— we indicate the WISE band or color that each variability metric corresponds to with a subscript
hereafter. The input features and a brief description where relevant are listed in Table 4.3. Because
X2 EWM, (At), and o, have significant dynamic range, we use the base-10 logarithm of these
features. Features values as well as labels for each star in our sample are given in Table 4.4. We
note that only a subset of the features from Table 4.3 are listed here due to the number of features.

The table in its entirety will be made available in a machine-readable format.

We now randomly split our sample into a training set with 70% of the samples, and a test set

with the remaining 30%, using a stratification strategy to ensure the proportions of the classes in
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both sets are equal. The test set is withheld until we are ready to assess the performance of the
chosen classifier. We then use sklearn.preprocessing.StandardScaler in Python to
scale the training data such that each feature has 0 mean and unit variance. Because the data have
missing values, we then use sklearn.impute.IterativeImputer which uses a Bayesian
ridge regression to predict and replace missing values.

To test the accuracy of the imputer, we select only the rows from the training set with no
missing data. For each feature with missing data (log Xfed,Wl_WQ, log EW My 1_wa2, log oarwi,
log oar,we, and log oaw1—w2) we randomly choose 200 objects, replace the value of the feature
with NaN for only these objects, transform the data using the scaler and imputer, and calculate
the fractional error between the true value and the imputed value. The returned fractional errors
for each feature centered around 0, and had a low scatter with the exception of log EW M1 _yyo.
However, this has little impact on the classifier, as only two objects in the actual training set have
missing values for log EW M1 _yw2. We also repeated this procedure for coarse labels: we select
200 random objects with a given coarse label, replace a random feature from the list of features
with missing data with NaN for each object, and again calculate the fractional error between the
true and imputed values. We find that the imputer performs poorly on Cool and Contaminant stars.
Given that all of the features with missing data are linked to variability, a significant fraction of
red supergiants display high amplitude variability [46], the MIR variability of AGB stars (which
make up the bulk of the Contaminants) is higher than RSGs in a given magnitude range [327], and
our sample of Cool and Contaminant stars contains objects in quite different evolutionary states
that nevertheless have similar colors and magnitudes, it is unsurprising that the imputer is unable
to predict the variability properties of these stars. In §4.3.3, we will discuss the impact of these
features on the overall performance of our classifier.

For each classifier, we then initialize a corresponding sklearn classifier object (e.g.,
sklearn.svm.SVC). To settle on the best values for the hyperparameters we use
sklearn.model_selection.GridSearchCV to perform a cross-validation search on a
grid of hyperparameters, using a stratified K-fold strategy with £ = 5 to ensure that each fold

has a representative distribution of classes. For the RF, we search for n_est imators between 10
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and 150 in steps of 10, max_depth between 10 and 100 in steps of 10, and allow max_features
to be either sgrt, 1og2, or None (where the maximum number of features individual trees are
trained on is the square root of, base-2 logarithm of, or equal to the number of features, see the
documentation for details). We also allow max_depth to take on the default value (None), such
that individual trees can be grown until each leaf only contains one sample.

For the SVC, we search for values of C' on a logarithmic grid with 1 dex spacing between 0.01
and 100, and for the RBF kernel, we search for values of « on a similar grid between 0.01 and 10.
Additionally, we allow ~ to be the default values of 1/n_features (where n_features is the
number of features). For the GP classifier, we only vary the kernel, as sklearn automatically
optimizes the kernel hyperparameters. We let the kernel be either linear, RBF, or the default (a
special case of the RBF kernel with the length scale equal to 1).

Each classifier object has a default method to score each set of hyperparameters, e.g. the
accuracy of predicted labels compared to true labels. However, the classes in our training set are
unbalanced (e.g. Figure 4.4), so inaccurately classifying every single LBV, for example, would
have little impact on the overall accuracy of the classifier. To account for this, we instead use the
balanced accuracy [204, ], which weighs each sample by the frequency of that sample’s class
in the training set. Other options for scoring criteria exist, including some that help maximize the
classifier’s precision such as the weighted F; score and Cohen’s kappa [45]. We experimented
with using these scores, and found that using the balanced accuracy minimizes misclassifications
across all classes (reflected in the diagonal in the left panels of Figures 4.11 and 4.14). Note that
this choice implicitly selects a classifier that performs well across all classes, and is not optimized
for specific classes. Future work will explore the possibility of tuning a classifier to find specific
classes of rare stars.

Finally, we explore three variations of a voting classifier. Such a classifier consists of an en-
semble of individual classifiers, each which “votes” by assigning a class to a given sample. The
final assigned class can either be chosen with a “hard” (the class with the most votes wins) or
“soft” (class assignments are weighted by the probabilities output by each classifier) strategy. We

construct two voting classifiers that each use a different voting strategy, using RF, SVC, and GP
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classifiers as the individual components. We refer to these as the Voting (Hard) and Voting (Soft)
classifiers. We also make a third voting classifier that also uses a soft voting strategy, but the
votes from each component classifier weighted by the balanced accuracy determined via cross-
validation. We refer to this as the Voting (Weighted) classifier. We score each voting classifier by
averaging the balanced accuracy taken from five stratified folds of the data. Figure 4.10 shows the
balanced accuracy for the three optimized classifiers, as well as the three voting classifiers; the SVC
performs “best,” though all classifiers return similarly low balanced accuracies between ~0.4 and
0.55. Both the Voting (Soft) and Voting (Weighted) classifiers perform comparably with the worst
classifier, the GP. This is due to the fact that, while the SVC often selects one individual class with
high probability, both the RF and GP tend to select multiple classes with high probability (with
the GP sometimes selecting all classes with roughly equal probability, usually slightly favoring the
classes selected by the RF). This can result in both the RF and GP voting for the wrong class with

higher probability than the correct vote from the SVC, leading to the poor observed performance.

4.3.2 SVC Performance

The procedure above results in values for the SVC hyperparameters of kernel = linear,and
C = 0.01. With these hyperparameters, we fit the SVC to the training set, use the scaler and
imputer that were previously fit to the training set to transform the test set, and use the SVC to
predict the labels of the test set. The left-hand panel of Figure 4.11 shows the raw number of stars
in the test set with the true label given on the y-axis, and the predicted label given on the x-axis.
The center and right-hand panels show the confusion and efficiency matrices, derived by taking
the raw matrix and normalizing each row/column by the total number of stars in that row/column,
respectively. Thus the 7, j entry in the confusion matrix (center panel) corresponds to the fraction
of objects in the test set belonging to class 7 (shown on the y-axis) that are assigned class j (shown
on the x-axis). Entries along the diagonal are the completeness (also called the recall in some
contexts), i.e., the percentage of a given class that is accurately recovered by the classifier. The i, j
entry in the efficiency matrix (right-hand panel) is the fraction of objects in the test set classified

as j, that belong to class 7. Entries along the diagonal are equivalent to the precision (equivalent
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Figure 4.10 Balanced accuracy for each optimized classifier, averaged over five foldings of the
data. The SVC is the best overall, with a balanced accuracy of 0.53. Among the three voting
classifiers, the Voting (Hard) classifier performs best with a balanced accuracy of 0.49, still below
the SVC. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].
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Figure 4.11 Left: Matrix showing the number of stars in the test set with true label indicated on the
y-axis that are assigned the label on the x-axis. Center: Confusion matrix for the SVC, calculated
by normalizing each row of the left panel by the total number of stars in that row. Values correspond
to the fraction of samples in the test set with true label indicated on the y-axis that are assigned
the label on the x-axis, such that the values along the diagonal are the fraction of each class that is
correctly classified. Right: Efficiency matrix for the SVC, calculated by normalizing each column
of the left panel by the total number of stars in that column. Values in each box correspond to
the fraction of samples in the test set assigned the label on the x-axis that belong to the class
on the y-axis, such that the values along the diagonal correspond to the precision (one minus the
contamination). Darker colors in all panels correspond to more/a higher fraction of stars. Copyright
AAS. Reproduced with permission from Dorn-Wallenstein et al. [
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Figure 4.12 Completeness versus contamination of each class in the test set, as classified by the
SVC. A high completeness value implies members of that class are accurately classified, while a
low contamination value implies that an object classified as such is likely to belong to that class.
The figure is roughly divided into four quadrants; stars with classes in the bottom-right quadrant
can be considered to be well-classified, in the sense that they have high completeness and low
contamination. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].

to one minus the contamination), i.e., the percentage of an observed class that is made up of true
members of that class. Figure 4.12 shows the completeness versus the contamination for each
class. Completeness is just the diagonal of the corresponding row/column of the confusion matrix,
and contamination is one minus the diagonal of the corresponding row in the efficiency matrix.’
The SVC performs poorly on non-supergiant OBA stars. This is perhaps unsurprising given that

both the observed colors and interior structures of OBA stars as they evolve from the zero-age main

>We note that a variety of terms are used in the classification problem, some of which (i.e., completeness and
contamination) are familiar to astronomy, which we briefly summarize here. The completeness (or recall) is also
referred to as the true positive rate in the binary classification case. The accuracy refers to the the sum of the diagonal
in the left panel of Figure 4.11 divided by the number of objects in the test set. The contamination is also called the
false positive rate in the binary classification case; the precision refers to one minus the contamination.
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sequence (ZAMS) to the terminal-age main sequence (TAMS) do not change drastically compared
to the much more evolved states that we also consider. The classifier classifies OBAe stars with
somewhat lower contamination compared to main sequence and evolved OBA stars, though with
comparably low completeness. True OBAe stars are either misclassified as other types of OBA star
or as WRs, while stars falsely labeled as OBAe are mostly true OBA stars, with the exception of
one true WR. 75% of WR stars are recovered, but only 6/30 stars identified as WRs in the test set
are true WRs; given the importance of WRs for both the physics of mass loss and studying evolved
massive stellar populations [68, 70], future work will focus on developing a classifier specifically

for identifying WR stars.

All LBVs in the test set are recovered; while such high accuracy is often seen as a sign of
overfitting, we choose not to focus on this subclass, given both the disputed evolutionary status of
LBVs [268, , 1] and the fact that only two LBVs exist in the training set. Yellow supergiants
are only classified with 27% accuracy. As discussed in §4.1 and shown in Figure 4.5, the yellow
supergiant label is assigned to stars with optical colors consistent with hot stars as well as RSGs.
This is reflected in the types of stars that YSGs are mistaken for, as well as the stars that are
mistaken for YSGs. Overall, the classifier performs best on the coolest stars in the sample. RSGs
are classified with 96% accuracy, and only 10% contamination. Meanwhile the classifier performs
exceptionally well at identifying low mass contaminants, at the cost of misclassifying four RSGs,

two OBAe stars, and one OBA star.

Overall, an SVC trained on these refined labels appears to have little use. With the exception of
RSGs and low-mass giants, the remaining classes have low accuracy, high contamination, or both.
We nonetheless use the SVC to predict labels for the 2550 stars initially labeled as “Miscellaneous
Variable” or “Unknown/Candidate.” We identify 79 candidate RSGs and 36 candidate C/S/Giant
stars, of which we expect ~71 and 30 to be genuine, respectively, given the efficiency matrix.
We list the candidate RSGs in Table 4.5. A small spectroscopic observing campaign would easily

confirm the ability of this classifier to correctly identify RSGs and low-mass giants.



119

Table 4.5. Common names and coordinates of
stars predicted to be RSGs by the SVC trained
on refined labels.

Common Name R.A. [deg] Dec [deg]

SP77 48-11 81.07900941 —70.43417562
WISE J185608.58-163255.1 284.03575762  —16.54867009
W61 19-14 83.07777354 —67.52941938
OGLE BRIGHT-LMC-MISC-169 72.94711333 —69.32348227
WISE J194127.64+385155.3 295.36520609 38.86536427

NGC 2004 BBBC 431 82.69161818 —67.29036242
[KWV2015] J045626.51-692350.6 74.11062177 —69.39740804
W61 6-54 85.54018822 —69.21978048
WISE J064232.30-715243.3 100.63462144  —71.87871874
W61 6-34 85.51621031 —69.21870016

Note. — This table is published in its entirety in the machine-readable
format. A portion is shown here for guidance regarding its form and con-
tent.

4.3.3 Performance on Coarse Labelling

Examining Figures 4.11 and 4.12, we see that, while the classifier is not especially accurate except
for the coolest stars, the classifier is roughly useful for sorting the test set into broad categories:
different types of OBA stars are mostly (mis)classified as other classes of OBA stars; the same is
true for emission line stars (OBAe, OB[e], WR, and LBV) and cool stars (YSG, RSG, C/S/Giant).

For this reason, we also utilize the coarse labels introduced in §4.1. We repeat the entire process
described above, beginning with the selection of the classifier. Figure 4.13 shows the balanced
accuracy for each of the classifiers discussed above, trained on the coarse labels, using a five-fold
cross-validation to optimize the hyperparameters of each classifier. We find that once again, the
SVC yields the highest balanced accuracy (0.876).

We keep the same scaled and imputed training and testing sets, and perform a five-fold cross-
validation as before to find the optimal hyperparameters, which are kernel=rbf, C = 1, and
gamma = 1/n_features. With these hyperparameters, we fit the SVC to the training set be-
fore predicting labels for the test set. Figure 4.14 shows the confusion and efficiency matrices

similar to Figure 4.11, while Figure 4.15 shows the completeness versus the contamination similar
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Balanced Accuracy

Classifier

Figure 4.13 Similar to Figure 4.10 for classifiers trained on the coarse labels. Copyright AAS.
Reproduced with permission from Dorn-Wallenstein et al. [69].
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Figure 4.14 Similar to Figure 4.11 for the SVC trained using the coarse labels. Note that signifi-
cantly more stars fall along the diagonal of each plot, reflecting the improved performance of the
SVC on the coarse labels. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et
al. [69].

to Figure 4.12. All told, the SVC performs significantly better compared to the classifier trained

on the refined labels, recovering all classes with > 75% completeness and < 30% contamination.

Of the emission line stars that are correctly identified, 83 are OBAe stars, three are OB|e] stars,
eight are WRs, and two are LBVs. This is 73%, 75%, 100%, and 100%, respectively of these
stars that are in the test set, implying that the performance of the SVC on emission line stars is
not dominated entirely by OBAe stars (which comprise the majority of emission line stars in the
test set). Of the stars mislabeled as contaminants, two are OBA stars and two are RSGs. One true

C/S/Giant star, and two Yellow Dwarfs are misclassified.

We then use the SVC to predict the coarse labels for the same 2550 stars as above. Figure
4.16 shows the distribution of these predicted labels. The majority (2472 stars) are labeled as
Hot. 63 stars are labeled as Cool, three of which are already identified in SIMBAD as candidate
AGBs or RGBs. 14 of these stars are labeled as emission line stars, of which 9-10 are likely to
actually be emission line stars, assuming 30% contamination. We list all 2550 stars’ common

names, coordinates, and predicted coarse label in Table A.1.
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Figure 4.15 Similar to Figure 4.12 for the SVC trained using the coarse labels. All coarse classes
have high completeness and low contamination. Copyright AAS. Reproduced with permission
from Dorn-Wallenstein et al. [69].
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Figure 4.16 Distribution of coarse labels assigned to 2550 stars with no previously known class.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [69].

Feature Importance

We can also identify which features contribute most to the overall performance of the classifier
on the coarse labels. To do this, we initialize a new SVC object with the same hyperparameters,
and perform a “greedy search” over features, defined as follows: For each feature in the scaled
and imputed training set, we train the SVC on just this feature across five stratified folds of the
training set, and record the average and standard deviation of the balanced accuracy. We select
the feature that yields the highest average balanced accuracy. This has the advantage of ensuring
the contribution of each feature to the balanced accuracy is stable across subsets of the data. We
then train the SVC on all combinations of this feature and the remaining features, selecting which
combination again yields the highest average balanced accuracy. This process is repeated until all
features are used.

Figure 4.17 illustrates this process. The x-axis shows the feature that is selected at each stage

of the greedy search. The y-axis shows the mean balanced accuracy of the SVC at that stage.
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Figure 4.17 Mean balanced accuracy of the SVC for coarse labels trained on successively added
features, calculated from five stratified folds of the data. The balanced accuracy reaches a max-
imum after the first seven features. Errorbars indicate the standard deviation of the balanced ac-
curacy across folds. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al.

[69].

Errorbars show the standard deviation of the balanced accuracy across the five folds of the training
set. The balanced accuracy reaches a maximum after the first seven features: J — H, W1 — W2,
My, Kg — W1, log EW My, log XEed,WQ’ and log EW My _w-. However, the contribution to
the balanced accuracy from all but the first four features is small. This suggests that variability
amplitude is a useful, though not critical metric to obtain, while variability timescales are not

necessary. Finally this suggests that photometry bluer than ./-band is also unnecessary.

We can also examine the importance of each feature for classifying individual classes. We
perform the same greedy search over the features, instead calculating a performance metric that

focuses on the performance on a specific class. One option is the /'3 measure:

completeness - precision

Fs=(1+ 5% 4.7)

(2% - completeness + precision

where (3 is a free parameter that sets the relative importance of completeness compared to precision.
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Common choices are = 1 (i.e., F, a harmonic mean of completeness and precision), 5 = 0.5,
and 8 = 2 [40]. We adopt F; (i.e., § = 2), because we prioritize generating complete samples of
rare massive stars.

The left panels of Figure 4.18 show the F5 measure as a function of successively added features,
calculated specifically for hot stars (top), emission line stars (second panel), cool stars (third panel),
and contaminants (bottom). The results for both hot and cool stars are mostly similar to the results
for the overall classifier in Figure 4.17, in the sense that the best performance is reached after
including a mix of near- and mid-infrared colors and magnitudes. The main difference is that Mg
is the fourth most important feature for classifying hot stars.

For emission line stars, a maximum in the mean F5 is reached after 11 features: W1 — W2,
My, G, log(At)w1, log(At)we, log oarwe, W3—W4, W2—-W3, K, —W1, vy we, and J — H.
However, given the errorbars, only the first three features contribute meaningfully, with the remain-
ing features consistent with a constant value of F5. Interestingly, compared to its contribution to the
overall balanced accuracy of the classifier, bluer photometry (signified by the presence of G — J in
the above list) is much more important for identifying emission line stars. While variability metrics
are included in the above list, they do not significantly contribute to the F5 score.

For contaminants, a total of 15 features are required in order to maximize Fy: J—H, log oar,wi1-w2,
log o aswe, 1og{At)w1, log(At)wi—wa, vowe, logoarwi, Yowi—w2, Mwi, H — K, Kg — W1,
log EWMyy, log XZeq w1_w1» 108 EWMyy1_wa, and log x7.q - Notably, the F, measure first
decreases as features are added, before increasing to the maximum after My, ;. This trend is un-
intuitive compared to the other panels in the Figure. It may be a result of the fact that increased
features improve the precision of the classifier at the cost of completeness, resulting in a decrease
in F5 due to the increased weighting of completeness.

To demonstrate the capabilities of the classifier using a limited set of features, we plot the scaled
and imputed test set — which was not used in the greedy search algorithm — in the right panels
of Figure 4.18, using only the two most important features in each row. Stars belonging to the
corresponding coarse class are plotted as larger, colored points, with gray points in the background

corresponding to stars in test set with different coarse labels.. In all cases, most members of the
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Figure 4.18 Left panels are similar to Figure 4.17, except using the [, measure calculated for hot
stars (top), emission line stars (second panel), cool stars (third panel), and contaminants (bottom).
The right panel in each row shows a scatter plot of only first and second most important features
(indicated with blue and red text respectively) drawn from the test set, with stars belonging to
the corresponding class in each row highlighted. Note that the features plotted are the scaled and
imputed values, not the original values listed in Table 4.4. Copyright AAS. Reproduced with
permission from Dorn-Wallenstein et al. [69].



127

test set with that label are well-separated from the other stars. As expected from the left panels,
most of the separation is along the x-axis which corresponds to the most important feature, with
the second-most important feature plotted on the y-axis providing some additional differentiation,
especially for hot stars. In the case of contaminants, the second-most important feature provides

little-to-no additional information, consistent with the lack of change in F;, with increased features.

We conclude that while small numbers of features can be used to classify hot, cool, and (re-

> (.9 for hot and cool stars,

Y

markably) emission line stars with high accuracy and precision (£3
and F3 2 0.8 for emission line stars), a large number of features is necessary in order to maximize
the number of accurately identified contaminants. This includes time domain features, where the
drastically different structures of old AGB and RGB stars compared to massive cool supergiants
may be imprinted. Already extragalactic massive star samples are contaminated by foreground
giants in the Milky Way halo; distant stars that can be resolved by Webb and Roman will have
comparable brightnesses to cool dwarfs that are too faint to be filtered out using astrometry from
Gaia . Developing the infrastructure to reliably remove these contaminating objects from massive

star samples will be that much more critical.

4.4 Discussion & Conclusion

In the coming decades, space-based infrared observatories like Webb and Roman will give us access
to unprecedentedly large samples of evolved massive stars. Therefore, we need to be prepared
to leverage these data to search for stars in the most interesting evolutionary states. Obtaining
spectroscopy of individual stars does not scale well at the size of the expected samples, while
linear cuts in color-magnitude space are too simplistic and ignore emission line objects. Here we
have demonstrated the promising performance of a support vector machine trained on ~ 0.5 — 22
pm photometry and simple variability metrics. However, with currently available labels, we are not
able to construct a classifier that performs well at the level of granularity needed for many science

cases.

Our main results are summarized as follows:
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* We have assembled a large sample of evolved massive stars using distances from Gaia DR2

and [16], with high precision infrared photometry from Gaia , 2MASS, and WISE.

» Using SIMBAD, we assign labels to all stars, and find that the sample contains a number of

low mass contaminants.

» We find that, of the classification methods we applied, a support vector machine classification
(SVC) algorithm is best at accurately labeling evolved massive stars. The SVC is fast, and

has the added benefit that the underlying mathematics are well-understood.

* The SVC trained on refined labels is capable of identifying low mass red giant contaminants
with high accuracy. However, the overall performance of this classifier is quite poor, and we

do not recommend its use at present.

* The SVC trained using coarse spectral types performs better, as measured with the balanced
accuracy score. We find higher completeness and lower contamination (Figures 4.14 and
4.15) compared to the SVC trained on the refined labels (Figures 4.11 and 4.15). With this
classifier, we identify 14 candidate emission line stars from a sample of ~ 2500 unlabeled

stars. We plan to obtain spectroscopy of these stars to confirm our results.

* We find that the SVC performs equally as well with only a small subset of features. These
features are mostly infrared colors and absolute magnitudes — i.e., those least affected by
reddening — with small contributions from infrared variability metrics. However, if we
change our performance metric to one that focuses on emission line stars, optimal perfor-
mance of the classifier requires some red-optical photometry. We find that the added benefit
of using variability metrics may not be worth the investment in telescope time in order to
measure them. Of course, this is only the case for the sparsely sampled lightcurves in our
sample; with the advent of the Legacy Survey of Space and Time (LSST) conducted at the

Vera Rubin Observatory, multi-color variability metrics can be estimated from well-sampled
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optical lightcurves for a significantly larger sample of evolved massive stars, and this claim

can be reevaluated.

Ultimately, the performance of the SVC trained on the refined labels is poor. All stars in the
sample are bright (W1 < 14), and the input features we use are easily measured, implying the
classifier is not limited by the quality of the data. However, the labelling itself is not of sufficient
accuracy, as can be seen in Figure 4.5. Labels are derived inhomogeneously, and many are from
spectroscopy that is now more than 50 years old. Unfortunately, these are the best labels available
for this sample. At present, though curated lists of different subclasses of massive stars exist [e.g.

], no unified catalog of massive stars in our Galaxy or the Magellanic Clouds exists.

Modern all-sky surveys such as SDSS [328] (as well the APOGEE and APOGEE-2 sub-surveys
[178]) and LAMOST [53] have already given us access to precision photometric and spectroscopic
measurements of unprecedented numbers of stars. Massive stars are bright, and so the existing
data is of suitable signal to noise to perform spectroscopic classification. However, they are often
excluded from analyses that provide value-added measurements like effective temperatures, surface
gravities, compositions, radial velocities, and more that can be used to accurately classify massive
stars, with the exception of some incredibly recent preliminary work focused exclusively on main
sequence massive stars [e.g. ] In order to prepare ourselves for the era of Webb and Roman, we
must develop pipelines specifically tuned for evolved massive stars. This is especially true for the
classes that are underrepresented in our dataset, i.e., rare emission line stars.

Along with better labels, more data will become available via future data releases of the
Gaia mission. The recent early third Gaia release contains modest improvements in precision
and sample size that are unlikely to affect our results given the high quality of the photometry
in our sample. However, the full Gaia DR3 will contain low-resolution spectra as well as epoch
photometry for a limited number of sources, which have the potential to significantly improve the
performance of a machine learning classifier. On the horizon, the Legacy Survey of Space and
Time (LSST) conducted at the Vera Rubin Observatory will measure the multi-color variability of

massive stars at higher cadence, while its large telescope aperture will help define a much larger
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sample. As we demonstrate with Figure 4.18, it is possible to select features that maximize the
performance of the SVC for specific classes. With a larger sample, we may be able to optimize the

SVC to search for specific classes of evolved massive stars.
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Chapter 5

SHORT TERM VARIABILITY OF
EVOLVED MASSIVE STARS WITH TESS

5.1 Introduction

The environments in and around evolved massive stars are complex and unique astrophysical lab-
oratories. Much of the information about the physics of these stars is encoded within their vari-
ability. However, due to their rarity, the behavior of massive stars in the time domain is still poorly
studied by high-precision space-based instruments. Thus, the critical physical ingredients that in-
form our models of evolved massive stars (e.g., the distribution of rotation rates, asteroseismically
determined masses and radii, short-timescale wind-driven variability and more) are still poorly

constrained by observations.

Main sequence massive stars are observed as O and B dwarfs earlier than spectral type ~B3
[108]. Because massive stars spend approximately 90% of their lifetimes on the main sequence
[76], unevolved OB dwarfs and some supergiants have been observed extensively using space-
based photometry, revealing rotational modulation, wind-driven variability, pulsations, and more
[see, e.g., ,24,4,32,18, 17, , , 97, ].

Beyond these early phases in their evolution, massive stars are poorly understood at short (< 1
week) timescales. [46] demonstrated that these stars display a rich variety of variability on day-to-
decade-long timescales. However, no massive stars evolved beyond the blue supergiant phase were
observed at higher cadence by Kepler or K2 before the Kepler spacecraft ran out of fuel, and only
small samples of evolved stars at specific evolutionary phases have been observed with targeted
campaigns using MOST, or the BRITE constellation [e.g. , , ]. In other words, there
have been no systematic studies of high frequency variability in evolved massive stars, despite the

fact that many of the effects observable in main sequence massive stars become strongly amplified
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in their evolved descendants. In particular, stars in transitional states with lifetimes of only a few
10* years (e.g., Yellow Supergiants, luminous blue variables, “slash” stars, etc.) have gone com-
pletely unobserved by space-based photometry missions, are quite poorly understood theoretically,
and, as we demonstrate here, exhibit multiple modes of variability on ~day timescales.

The Transiting Exoplanet Survey Satellite (TESS, [242]) is a nearly all-sky photometry mission
targeting ~20,000 bright stars per year at a two-minute cadence (with full-frame images for ~20
million stars every thirty minutes), yielding approximately 27 days of continuous photometry for
stars close to the ecliptic plane, with longer light curves for stars observed by multiple spacecraft
pointings. Large numbers of evolved massive stars in the Galaxy and the Magellanic Clouds are
bright enough to be observed by TESS over the course of its nominal two-year mission, allowing us
to finally explore variability in evolved massive stars at high frequency with fantastic precision. In
particular, the Large Magellanic Cloud is located in the TESS Southern Continuous Viewing Zone,
providing us with year-long continuous lightcurves; this dataset presents an extremely exciting
opportunity to study evolved massive stars in entirely new ways. Here we present analysis of the
first evolved massive star light curves to become available from TESS sectors 1 and 2. In §5.2, we
discuss our sample selection. Results for each star are presented in §5.3. We discuss the relevance
of our findings for stellar evolution theory, and the prospects of a dedicated TESS campaign to
observe evolved massive stars in §5.4, before concluding in §5.5. This work originally appeared in

Dorn-Wallenstein et al. (2019) [71].

5.2 Sample Selection and Data Processing

We first identified candidate evolved massive stars in the Galaxy using the accurate astrometry
published in the second data release (DR2) of the Gaia [85], following a similar procedure as
described in Chapter 4. While many of the details are identical, we briefly describe them here.
We acquired the TESS Sectors 1 and 2 target lists available online, uploaded them to the ESA

Gaia archive', and searched for objects in Gaia DR2 and the TESS target lists that were separated

Thttps://gea.esac.esa.int/archive/
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Table 5.1. TESS two-minute cadence targets. TIC # and T magnitude are from the
TIC; J magnitude is from 2MASS [55], and 3.6, 4.5, 5.8, and 8.0 xm magnitudes are
from the Spitzer SAGE LMC survey [26].

Common Name  Evolutionary Stage TIC # T J J—1[3.6] J—[4.5] J — [5.8] J —1[8.0]
[mag] [mag] [mag] [mag] [mag] [mag]
S Dor LBV 179305185 9.16 8.683 0.923 1.036 1.164 1.373
HD 269953 YSG 404850274  9.22 8.588 1.311 1.89 2.363 3.427
HD 269582 Ofpe/WN9 — LBV~ 279957111  9.33 12.041 2.814 3.188 3.255 3.612
HD 270046 YSG 389437365 9.45 8.713 0.712 0.748 0.933 0.894
HD 270111 YSG 389565293  9.63 9.073 0.535 0.578 0.599 0.480
HD 269331 YSG 179206253  9.82 9.594 0.373 0.457 0.525 0.580
HD 269110 YSG 40404470  10.01 9.320 0.560 0.643 0.695 0.891
HD 268687 YSG 29984014 10.21 9.693 0.397 0.523 0.608 0.706

by less than 1. We then derived absolute magnitudes using either the Bayesian distance estimates
from Bailer-Jones [ 1 6] or the available catalogs of Gaia targets in the Magellanic Clouds [87], and
estimated reddening using the published extinction in the Gaia band, A and coefficients from
[180]. We make the cross-matched data, as well as the estimated My and Ggp — Grp publicly
available online.” For stars without an estimated A, we also estimate a lower limit to the absolute
magnitude

and an upper limit to the intrinsic Ggp — Grp by assuming F(Gpp — Grp) = 0. For stars in
the Magellanic Clouds, we adopt distance moduli of 19.05/18.52 for the SMC/LMC respectively
[143, ], and assume the values of Ry from [97] and E(B — V') from [185] to calculate the
average A and F(Gpp — Grp) towards both MCs.

We then construct dust- and distance-corrected color-magnitude diagrams (CMDs), which we
can use to select massive stars from targets observed by TESS using a similar procedure to that
described in §4.1, using MIST isochrones. In particular we chose isochrones with metallicity
[Fe/H] = 0.25 for the Galaxy, and rotation speed relative to critical of v/v.;; = 0.4 — the

[Fe/H| = 0.25 isochrones were chosen to follow the general distribution of main sequence stars,

Zhttps://github.com/tzdwi/TESS-Gaia
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which we wish to avoid in our sample [e.g., 58]. For the LMC (SMC) we choose the corresponding
[Fe/H] = —0.5 (-1) isochrones. We used these isochrones to create a boundary in color-magnitude
space that represents the faintest luminosities reached by any massive star at any point during
its evolution. We show the boundary for each metallicity isochrone set, as well as Gaia colors
and absolute magnitudes in Figure 5.1. Points in blue are stars for which our estimate of Mg
and Ggp — Grp include the extinction, and stars in orange are those without estimates of Ag
in Gaia DR2. Stars in green (purple) are stars belonging to the LMC (SMC), as identified by

[87]. The black/green/purple lines denotes our luminosity cutoff for selecting massive stars in the

Galaxy/LMC/SMC.
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=91 === LMC MIST cutoff
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74 Milky Way, No Ag
LMC
& 61 SMC
E M  Not Included
—57 O This Study
74 -
73 -
e ©
—2 4 s %, . .
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Figure 5.1 Gaia CMD for TESS Sector 1 and 2 targets. Galactic stars with an estimate of A are in
blue, while stars without an A estimate are in orange; for these stars, colors are upper limits, and
magnitudes are lower limits. Points in green (purple) are in the LMC (SMC) The black, green, and
purple lines represent our minimum-luminosity criteria to select massive stars in the Galaxy, LMC,
and SMC respectively. Stars in grey boxes are either low mass stars, or relatively unevolved O and
B stars. The red boxes indicate the eight evolved massive stars we select for this study. Copyright
AAS. Reproduced with permission from Dorn-Wallenstein et al. [71].
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Of these stars, many are Galactic long period variables (LPVs), and a number are main se-
quence or giant OB stars, as well as some Be stars. These hot stars were all observed for specific
OB or Be asteroseismology programs [229]. As we are interested in evolved massive stars, we
remove these objects. We also remove several targets that are not spectroscopically confirmed as
massive stars, located in extremely crowded fields (with multiple bright targets located in a single
21”7 TESS pixel), or that are members of multiple systems (which will be studied in future work).
This leaves us with a total of eight evolved massive stars in Sectors 1 and 2 observed at two-minute
cadence with TESS. We list the evolutionary stage, 7' magnitude and ID number from the TESS
Input Catalog [TIC, ], 2MASS J magnitude [55], and 2MASS/IRAC colors using data from
[26] in Table 5.1. We indicate the locations of these stars with red boxes in Figure 5.1. Points
outlined in grey boxes are either low mass AGB LPVs or relatively unevolved O and B stars that
we ignore for this study. All remaining targets belong to the LMC. While it would potentially be
exciting to examine the dependence of any observed variability on metallicity, all eight of these
stars will eventually be observed for a year during the TESS prime mission due to their location in

the Southern Continuous Viewing Zone.

5.2.1 Data Cleaning

The TESS team released raw light curves and full-frame images from Sectors 1 and 2 on 6 De-
cember 2018. We downloaded all light curves for stars observed at two-minute cadence from The
Mikulski Archive for Space Telescopes (MAST), and selected the light curves associated with the
TIC numbers of our targets. Because these light curves are processed by the first iteration of the
TESS pipeline, we err on the side of caution, assuming that the raw light curves contain numerous
instrumental effects. Thus we select the PDCSAP _FLUX lightcurves, which have been corrected for
some systematics. We then normalize by dividing the data by the median flux. For targets observed
in both Sectors 1 and 2, we choose to median-divide each Sector individually before concatenating
the light curves. While this helps to eliminate Sector-to-Sector offsets and systematics, it can also
erase variations at timescales longer than ~1 month, making us less sensitive on those timescales.

Finally, HD 268687 displays a gradual brightening at the beginning of Sector 1, which we attribute
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to telescope systematics. We fit this light curve with a 7*"-order polynomial, and normalize the
data by the fit in order to remove this increase in flux that would mask otherwise interesting behav-
ior. We plot all of the normalized light curves, along with a rolling 128-point median in orange, in
Figure 5.2. The resulting data have pseudo-Nyquist frequencies fy, (calculated from the average
time-difference between data points) between 320 and 330 d~'. Due to the ~30-day observing
window per TESS sector, the expected width of peaks in the periodograms presented (the Rayleigh
resolution, defined as the inverse of the observing baseline 7°) is 0.036 day_1 for HD 269582, HD
270111, and HD 269331, and 0.018 day ! for the remaining stars.

5.2.2 [Iterative Prewhitening

We now wish to describe the variability of each star in terms of sinusoids, in order to identify
any significant periodicities in the data. For this purpose, a procedure known as prewhitening®
can be applied, which identifies a significant frequency in the data and subtracts a sinusoid from
the lightcurve, proceding iteratively until some noise floor is reached. We adapt the prewhiten-
ing method described in Blomme et al. [24] as follows: we first subtract the mean value of the
flux. We then use Astropy [14, ] to calculate the Lomb-Scargle Periodogram [166, ] on
the unsmoothed data for frequencies between 1/30 day ' and fy,, adopting the default Astropy
grid-spacing heuristic of 5 times the Rayleigh resolution. The lower frequency limit is set to avoid
overinterpreting low-frequency systematics that may exist between TESS sectors. Using the psd
normalization, the resulting periodograms are in units of power.

At the ;' stage of prewhitening, we calculate the periodogram, and select the frequency of the
peak with the highest power, f,,... We then use the curve_fit routine in SciPy [126] to fit the
current prewhitened flux at each time ¢; with a sin function A; sin(2n f;t; + ¢,), where A; is the
semi-amplitude, f; is the frequency, and ¢; is the phase. A; and ¢; are allowed to vary freely,

and f; is bound to the range f,,,, = 1/7". To calculate the errors on each parameter, we use the

3This is somewhat of a misnomer, as “prewhitening” implies that we are applying this procedure in order to
prepare for some subsequent analysis, when in fact it is the frequencies identified through prewhitening that we are
interested in.
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Figure 5.2 Normalized TESS light curves for the eight target stars. Data are in black points, and a
rolling 128-point median is plotted in orange. Copyright AAS. Reproduced with permission from
Dorn-Wallenstein et al. [71].

formulae given in [169] and [201]:

e(f;) = NW_TZ (5.2)
2

6(14]') = NO']' (53)
2 0y

() = ] =25 (5.4)
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where o is the standard deviation of the flux at the j* prewhitening stage.

We then subtract the fit from the flux and begin the next phase. As a stopping criterion, we

adopt the Bayesian Information Content (BIC, [257])
BIC = —21In(L) + mIn(N) (5.6)

where m is the total number of terms in the fit (= 37), [V is the number of points in the lightcurve,
and L is the likelihood, defined such that
N

—2m(L) =Y (yi — F((TZ; Om))” (5.7)

=1

to within a constant, where y; are the original normalized fluxes, F'(¢;,©,,) is the sum of all of
the fit sinusoids in the current and preceding prewhitening stages evaluated at times ¢; and fit
parameters O,,, and o; are the normalized errors in the original light curve [234, Sect. 15.1]. To
determine when we have reached the noise level of the light curve, we continue prewhitening until

we reach a minimum in the fit’s BIC.

This procedure results in a list of frequencies, amplitudes, and phases that can, in principle, de-
scribe the variability of each star. However, a number of the derived frequencies are quite similar to
each other (i.e., the difference in frequencies is within the Rayleigh resolution). These similar and
spurious frequencies can arise due to the short length of the observing baseline [167]. Therefore,
we filter the list of frequencies by imposing a requirement that frequencies must be separated by
more than 1.5/7. In cases where such pairs of similar frequencies are found, we discard the fre-
quency found at the later stage of prewhitening. We list IV, fy,, the Rayleigh resolution 1/7’, the
number of frequencies found via prewhitening, and the number of unique frequencies in Table 5.2.
The unique frequencies, amplitudes, and phases (as well as corresponding formal errors) found for

each star are listed in §A.2.

We note that, while this prewhitening procedure is capable of accurately describing the TESS

light curves, significant frequency-dependent astrophysical and instrumental noise exists in these
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data, and produces spurious coherent structures that may be mistaken for periodicity. Determining
the significance of a detected periodic signal under the null hypothesis of such noise is a non-trivial
task. While analytic methods exist to estimate significance in the case of white or power-law noise
[e.g., 20, ], significance tests in the case of a more complex noise model are inconsistent in
various subfields in the literature. No suitable physical model for the astrophysical noise, repre-
sented in Equation (5.12), has been proposed; therefore, any estimate of the significance of the
frequencies found here would be model dependent. However, we do test to determine if the value
of the periodogram peaks closest to the recovered frequencies exceed a power corresponding to a
false-alarm level of 1% under the null hypothesis of white noise, as described by [20], and note the
cases where frequencies discussed do not, both in text and in §A.2.

In the case of the stochastic variability — a.k.a. red noise, manifested as a low frequency power
excess in the periodogram — discussed below, [24] present a method of evaluating the significance
of frequencies under noise of the form discussed here. After fitting the periodogram with Equation
(5.12), we rescale the noise function so that the integral over the frequency range considered is

equal to the variance of the flux times f,. For each frequency, we evaluate:

_—0.93Z+1In (0.8N)

Pz>Z)=1—e¢ (5.8)

which gives the probability that a stochastic noise process would result in an amplitude z that

exceeds a threshold
AZN

- 2
40red

Z(f)

5.9

where A; is the amplitude found by prewhitening, N is the number of points in the lightcurve, and
0req 18 the value of the rescaled noise function at the frequency under consideration. A frequency
is considered significant under red noise if P < 0.01. Finally, we estimate the signal-to-noise ratio
(SN R) for each frequency, calculated as the ratio of the amplitude to the standard deviation of the
lightcurve after prewhitening.

Suspiciously, all frequencies found are significant under this criterion, while no frequency has

SNR > 2, despite all frequencies included quantitatively improving the overall fit to the lightcurve
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Table 5.2. Summary of light curve characteristics.

Common Name N Iy 1/T Number of frequencies Unique frequencies
[day~'] [day~']
S Dor 36296  322.8060468379108 0.0177879072510214 71 41
HD 269953 36418  323.89171072083246  0.01778794028727421 14 14
HD 269582 18226  332.52345927965945  0.036490914598590884 33 25
HD 270046 36291 322.76203971547 0.017787932748165886 14 10
HD 270111 18101  324.59880106819276  0.03586727083626439 7 6
HD 269331 18279  333.49073111685124  0.03649094333262405 10 6
HD 269110 36403 323.7577400015701 0.017787909455610686 11 7
HD 268687 36412 323.83746567083887  0.017787891882718898 64 33

according to the adopted B1C criterion (Equation (5.6)). As we mention above, this result is likely
model dependent; it is possible that many of these frequencies (if not all in some cases) are entirely
attributable to the noise process. Alternatively, the red noise is much higher amplitude than the
instrumental noise at low frequencies, and is not removed by our prewhitening procedure; as a
result, the SNR we are measuring is mostly reflective of the ratio in power between two astrophys-
ical processes (the identified coherent frequency and the stochastic red noise background), rather
than our confidence in the detection of each signal. Finally, we do not have a generative model
that would allow us to fit and remove the red noise from the data. Ultimately, future TESS sectors
will provide insight into the low frequency regime, and allow us to conduct, for example, time-
frequency analyses over a much longer baseline to determine the persistence of these frequencies,

as we show in Chapter 6.

5.3 Results

5.3.1 Yellow Supergiants

A 25 My, solar-metallicity will begin its life as an O star; which, in the Geneva evolutionary tracks
[76] appears as an O6 dwarf on the zero-age main sequence. After 7 Myr, it evolves into a BO
supergiant, at which point it crosses the HR diagram in under a Myr to become a RSG, at which

point it experiences strong mass loss via dust-driven winds. Due to this mass loss, Approximately
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500 kyr after this, it evolves bluewards once more due to having lost a significant amount of its
envelope through stellar winds, after which it becomes a Wolf-Rayet star [ 190]. During both right-
ward and leftward crossings of the HR diagram, the star undergoes an incredibly brief (~10* yr)
yellow supergiant (YSG) phase.* Thus, while the luminosities and effective temperatures of two
given YSGs may be identical, their ages, masses, surface abundances, and interior structures may
be radically different depending on whether they are underoing a blueward or redward evolution in
the HR diagram. Signatures of these differences may be imprinted in the TESS lightcurves. While
it is likely that a cool YSG that has previously undergone a RSG phase will be accompanied by
a dusty envelope, the dust may be photodissociated as the star’s effective temperature increases,
which is consistent with the decreasing abundance of circumstellar dust species around increas-
ingly hot evolved massive stars in Table 1 of [321]. Therefore, it is possible that variability may be
the best or most unambiguous means of distinguishing between rightward- and leftward-moving
YSGs. Indeed, this logic has been applied to blue supergiants, where variability has been used
to identify candidate post-red supergiant objects [249]. Finding leftward-moving YSGs places a
valuable upper limit on the initial masses of stars that explode as RSGs before they can become

YSGs (a.k.a., “the red supergiant problem”, e.g., [265]).

HD 269953

HD 269953 is a GO YSG, assigned a luminosity class of 0 by [133], which is in agreement with
its high luminosity log(L/ L) = 5.437 from [215]. Coupled with its temperature 7, ;s = 4920 K,
this implies a radius of 566 R, from the Stephan-Boltzmann law. While the light curve presented
in Figure 5.2 initially appears to be dominated by noise, the light curve smoothed by a 128-point
rolling median appears to show coherent oscillations. We re-plot the smoothed, mean-subtracted
light curve in the top panel of Figure 5.3. The periodogram, plotted in the lower panel of Figure 5.3

shows multiple strong peaks at frequencies above 1 day~'. The prewhitening procedure described

“Note that in Chapters 2, 3, and 4, we restricted our definition of YSGs to F- and G-type supergiants — i.e., stars
with T,y < 8000 K. Here, and in Chapter 6, we expand this definition to include A supergiants, as many of these
stars have left the main sequence and are in the midst of crossing the HR diagram.
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Figure 5.3 Top: Light curve for HD 269953, after smoothing with a 128-point rolling median,
showing coherent variability at approximately 600 ppm. Bottom: Lomb-Scargle Periodogram.
The black lines indicate frequencies found via prewhitening. The f = 1.33479 day ! peak and
it’s two detected harmonics are indicated with red vertical lines. Copyright AAS. Reproduced with
permission from Dorn-Wallenstein et al. [71].

in §5.2.2 reveals the presence of 14 unique frequencies, indicated by the vertical black lines. We

search for harmonics of the form f; / f; that satisfy

nfo—fi < \/(7’“‘/0'?0))2 + (ﬁ(fl))Q (5.10)
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Figure 5.4 Similar to Figure 5.3, for HD 269110. Copyright AAS. Reproduced with permission
from Dorn-Wallenstein et al. [71].

where n is an integer greater than 1. In the light curve of HD 269593, we detect the first (n = 2)
and second (n = 3) harmonics of f = 1.3347924 day~', which we indicate with the vertical
red lines. While we search for harmonics up to n = 10 for all sources, the low amplitudes and
frequency resolution make it unlikely that any high harmonics found are real, and we caution
against over-interpreting high harmonics that may not exist. For example, this search also revealed
the ninth harmonic of f = 0.26019548 day~!, but the corresponding peak in the periodogram does

not surpass the 1% false alarm level. Given the additional null detection of any of the preceding
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Figure 5.5 Similar to the bottom panel of Figure 5.3 for HD 268687. We indicate the strongest
peak and its first four harmonics with vertical red lines; these harmonics were not detected via the
procedure described in §5.2.2. We also find harmonics of a ~ 0.4609 day~! signal, indicated in
purple. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [71].

harmonics, we deem this to be a chance coincidence.

We also searched for frequency combinations in the form fy + f; = f2, such that

fot = Fo < () + (e() + ()’ (5.11)

We find that the strongest peak in the periodogram at 1.59360677 day ! can be represented as the
sum of two peaks at 0.26019548 and 1.3347924 day~'. If variability at these frequencies is driven

by pulsations, this may indicate that some of the modes are interacting with each other.

With high amounts of IR reddening, HD 269953 is the dustiest YSG in our sample, making
it quite likely that it is in a post-RSG phase, and thus evolving blueward. Therefore, a direct
measurement of its mass via asteroseismology, using the multiple sets of frequencies presented
here would be an incredibly valuable constraint on stellar evolution. Unfortunately, it is located
in the star-forming LMC cluster NGC 2085, and thus is subject to a high degree of crowding in
TESS’s 217 pixels. While HD 269953 is the brightest star by far in the field, we reserve further
analysis of the light curve until more advanced tools are developed to extract light curves from

crowded regions in TESS.
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HD 269110 & HD 268687

HD 269110 is a lower luminosity YSG with log(L/L¢) = 5.251, T,; = 5624 K [215], and thus
a radius of 445 R,. It has a spectral type of GOI from [?]. Similar to HD 269953, the light curve
initially appears to be just noise, while the light curve smoothed by a 128-point rolling median
shows coherent variability at approximately 750 ppm. Figure 5.4 shows the smoothed, mean-
subtracted light curve in the top panel, and the periodogram in the bottom. Prewhitening reveals
a set of 7 unique frequencies in the lightcurve. On average, these frequencies indicated slower
pulsations than those found in the other YSGs. With physical properties and photometry consistent
with all other YSGs other than HD 269953, it is not clear why might be the case; it is possible that,
as the second-faintest star in the sample, we simply don’t detect higher frequency signals. The
first harmonic of the strongest peak at 0.55 day ' (a period of 1.81 days) can be seen by eye in
the periodogram; however, it was not recovered by our prewhitening procedure. [24] found that
the BIC was the most conservative stopping criterion in their prewhitening procedure, resulting in
the fewest detected frequencies (which may also explain why we do not recover one of the low
frequency peaks seen in the periodogram). Alternatively, this harmonic may not be real. Data
from future TESS sectors will allow us to more firmly establish or disprove the existence of this
harmonic. A group of peaks centered at v,,,, = 0.115 day~! with an average frequency spacing
Av = 0.032 day " is also visible. Similar structures have been found in the periodograms of many
less massive pulsating stars, for which asteroseismic models have yielded precise measurements
of their masses and deep insight into their core structures. Comparable measurements of evolved
massive stars would provide a previously inaccessible constraint on a poorly understood phase of
massive stellar evolution. However, suitable models of YSG pulsations at these timescales do not

yet exist.

HD 268687 is classified as a F6la supergiant by [9], and has a luminosity log(L/L) = 5.169
and effective temperature 7.y = 6081 K from [215], implying a radius of 346 R. The peri-
odogram, shown in Figure 5.5, with prewhitening frequencies shown in grey, displays a clear peak

at 0.3398 day !, corresponding to a period of 2.95 days. We indicate this frequency and its first
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four harmonics with vertical red lines; none of these exact harmonics are found by prewhitening,
however, many of the frequencies recovered are close to the harmonics (though the latter three do
not surpass the 1% false alarm level). Additionally, the series of peaks at ~ 0.3 day ! appears to
repeat with smaller amplitudes at a spacing of ~ 1.2 day™! until ~ 0.8 day™!, though the exact
shape of the peaks changes. The autocorrelation function calculated from the periodogram has
a series of peaks with Af between 0.06 and 0.25 day~!. A total of 33 unique frequencies are
revealed by prewhitening, making its lightcurve the most complex of the YSGs studied. We do
recover the third (n = 4), fifth, seventh, and ninth harmonics of f = 0.46094861 day ! (the last
of which does not surpass the 1% false alarm level), which we indicate with vertical purple lines.
While the fundamental corresponds to a minimum in the periodogram, the harmonics correspond
to the only peaks above ~ 2 day~!. Our search for combinations of frequencies yields two fre-
quencies (0.86314365 and 1.07507415 day~!) that mix with the dominant 0.3398 day~' signal,
along with 8 other combinations. Finally, a broad bump of peaks accompany the dominant peak at

lower frequencies.

All told, the similarities in their periodograms suggest both YSGs are in similar physical sates,
and both show clear peaks in their periodograms on timescales of 2-3 days, in addition to structure
at higher frequencies, and a series of peaks at lower frequencies. We can rule out some possible
sources of the dominant signal in both light curves. If both stars are approximately 25 M, and
the variability is due to binary interactions with a companion, the companion would have to be
approximately 64,000 M, to be in a 2.95-day Keplerian orbit outside of the stellar surface of HD
268687, and 360,000 M, to be in a 1.81-day Keplerian orbit around HD 269110. We determine

both scenarios to be highly implausible.

Rather than interpreting the frequency structures as being due to asteroseismically interesting
stellar pulsations, it is possible that the brightness modulations are instead due to one or more spots
on the surface of the stars, causing the apparent luminosity to change as the star rotates. If the typ-
ical spot latitude were at the stellar equator, then the star would be rotating at approximately 6,000
km s~! for HD 268687, and 12,000 km s~* for HD 269110, well beyond the critical velocity for

both stars. However, we cannot rule out a nearly-polar spot, which may explain the change in the
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shape of the variability in HD 268687 with time, but would require invoking severe surface differ-
ential rotation, as well as extremely fast spot decay times to explain the change of the variability in
HD 269110.

We therefore favor the interpretation that we are observing coherent pulsational variability in
both stars, which is also consistent with the change in the shape of the variability, in addition to
the apparent “frequency comb” seen in the periodogram of HD 269110. YSGs have been observed
to vary with periods of many tens of days [!0] caused by He ionization-driven radial pulsations.
Perhaps we are observing a very high-order harmonic of a radial mode. Alternately, oscillations in
a non-radial mode may be causing this variability. All of our targets are in the LMC and will be
observed almost continuously for a year. Given that the Rayleigh resolution scales as the inverse of
the observing baseline, if the variability we’ve observed is caused by p- or g-mode pulsations, some
of the peaks in the periodogram may resolve into additional frequency combs characteristic of these
pulsations after a full year of TESS data. Another option is that the variability is caused by Rossby
waves (or r-mode oscillations, [221]), which appear as “hump and spike” shapes in the periodogram
[247], which have been observed in main sequence F and G stars. While the fundamental mode is
located at a slightly lower frequency than the rotational frequency (and hence we run into the same
problems as above), higher-azimuthal-order frequencies can arise. Unfortunately the amplitude of
the oscillations declines sharply at the higher orders, implying that the rotation speeds would only

be a factor of a few slower, which is still physically implausible.

HD 270046, HD 269331, & HD 270111

Two of the remaining three YSGs, HD 270046 and HD 270111, have been poorly studied thus far,
and display minimal variability in existing data before TESS. The 5th data release of the RAdial
Velocity Experiment (RAVE, [146]) contains spectra for HD 270046. While the multiple optical
spectra obtained by RAVE yield a wide range of atmospheric parameters (and distances inconsis-
tent with HD 270046’s membership in the LMC), measurements of 7., inferred from infrared
flux are all between 6200 and 6360 K, with a mean of 6275 K. We were unable to find atmo-
spheric parameters for HD 270111. However, with spectral types of F8la and G5I, and TESS
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Figure 5.6 Similar to Figure 5.5 for HD 270046 and HD 270111. Copyright AAS. Reproduced
with permission from Dorn-Wallenstein et al. [71].

magnitudes/infrared colors consistent with HD 269110 and HD 268687, it is fair to assume both
stars are fairly typical yellow supergiants. The final YSG, HD 269331, has atmospheric parameters
from Neugent et al. (2012) [215]. While its temperature is consistent with the other YSGs in their
sample, Ardeberg (1972) [9] assign a spectral type of ASIa to HD 269331. Its lightcurve (Figure
5.2) displays two prominent bumps. However, HD 269331 was not observed by TESS in Sector 1,

so we are unable to see if these bumps are repeating patterns. We present the periodograms of all

three stars in Figure 5.6.
Prewhitening reveals the presence of 10, 6, and 6 unique frequencies in the lightcurves of
HD 270046, HD 269331, and HD 270111 respectively, none of which have a normalized semi-

amplitude larger than 0.0002, and no peaks surpass the 1% false alarm level. Some higher order
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(n > 7) harmonics of various frequencies are found in HD 270046, which we dismiss as coin-
cidental. We also see a combination of the highest peak at f = 0.07243 day ! and the lowest
frequency detected at 0.03865 day !, seen at 0.11055 day~'. However, it appears as if the low
frequency detected by prewhitening corresponds to a peak in the periodogram that actually lies
below our minimum frequency cutoff. In HD 270111, we detect the second and seventh harmonics
of the strongest peak at f = 0.136908 day~'; the second harmonic is also the first harmonic of the
small peak at 0.207207 day~*. With such small amplitudes relative to the noise in the light curve,
we refrain from discussing these patterns until higher signal to noise periodograms are obtainable

with future TESS sectors.

Noise Properties of YSG Light Curves

In addition to the peaks in periodograms of the three YSGs discussed above, background noise
exists for all six YSGs. Is this noise instrumental or astrophysical? Astrophysical red noise is
seemingly ubiquitous in the light curves of hot massive stars as discussed in §5.1, and thus it
would be unsurprising for it to manifest in these cooler stars. When plotted in log-scale, some of
the periodograms in Figure 5.7 appear to display red noise (especially HD 268687). To model the
background, we follow [24], and use curve_fit to fit the Lomb-Scargle periodogram with the
function

a(f) Lty (5.12)

Tt (2T f)
from [275], where f is the frequency, o is the power as f — 0, 7 is a characteristic timescale, and
o, 1s an additional parameter we add in to model the white noise floor at the highest frequencies
(ostensibly equal to the instrumental noise). We perform this fit after calculating the base-10 loga-
rithm of both the Lomb-Scargle power and the fitting function to avoid artificial weighting of real
peaks at high frequencies.

The periodograms and fits for all six YSGs are shown in Figure 5.7. The parameter values
and 1o error estimates are compiled in Table 5.3, and compared to the physical properties of the

stars when available in [215]. It is immediately clear that the noise characteristics of all of the
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light curves differ, indicating that the source of the noise is likely astrophysical. HD 269953 is
quantitatively different from the other YSGs in all parameters but the white noise component of
the fit. Notably the red noise power-law component of the fit is only readily apparent over a narrow
range of frequencies ~ 2 — 4 day !, but the power law slope is approximately twice as steep as
all YSGs but HD 268687. Combined with its status as the dustiest YSG in the sample, it is clear
that this object warrants further follow-up in the short-timescale regime. Finally, both of the F
supergiants have significantly higher power at the lowest frequencies () especially HD 268687.
With a larger sample of YSGs, comparisons between physical quantities and noise parameters will
help constrain the origin of this noise, which has not been detected until now.

In summary, we find a wide range of behavior in the YSGs in our sample, from coherent
variability that we attribute to stellar pulsations, to astrophysical red noise. This variability is
found on timescales from hours to days, far faster than any previously-observed YSG variability.
Comparing the properties of the YSGs, it is readily apparent that the periodogram of HD 269953
is different from the periodograms of the other YSGs discussed above. The strongest peaks in its
periodogram are located at almost an order of magnitude higher frequency, and it displays very
little of the low frequency peaks seen in the periodograms of the other YSGs. Additionally, the
slope of the red noise is much flatter. Coupled with its apparently more-evolved state, this suggests

a distinct difference in variability between pre- and post-RSG yellow supergiants.

5.3.2 Luminous Blue Variables

Luminous blue variables (LBVs) are a phenomenological class consisting of extremely luminous
stars that show signs of dramatic variability. They are arguably one of the least understood stellar
evolutionary phases, and are perhaps best characterized by their giant eruptions (such as those
famously associated with 7 Carina and P Cygni), bright enough to be mistaken as supernovae. In
some cases these “impostor” events are followed by true supernovae on timescales of a few years,
as in the case of SN 2009ip, which underwent two outbursts in 2009 and 2010 before undergoing
what appears to be a terminal explosion in 2012, e.g. [191, 81]. However, LBVs also experience

large episodic variations in their effective temperatures on timescales of months to years, known
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Table 5.3.  Summary of the fit results to the periodograms of the six YSGs in our sample, along
with their physical properties when available from [215]. The 7¢ ;¢ for HD 270046 is the mean
value inferred from the infrared flux in [146]. .

Common Name  Lit. Spectral Type ~ log(L/Le)  Tefs/K ap/104 7/1072d vy 0y /1075

HD 269953 GO0 [133] 5.437 4920 0.02 £ 0.002 8.79 £0.75 3.06 £0.28 0.03 £ 0.0001
HD 270046 F8lIa [9] — 6275 0.66 + 0.306 172.14 £63.31 1.76 =0.09  0.04 £ 0.0002
HD 270111 G5I[255] — — 0.13 £0.056 84.90 £ 42.58 1.40+£0.13 0.04 £ 0.0003
HD 269331 ASIa [9] 5.307 6457 5.56 £ 2.208 100.80 £22.10 2.83+0.19  0.10 £ 0.0006
HD 269110 GOI [9] 5.251 5624 0.32 +0.093 77.23 £ 20.29 1.87£0.13 0.08 &+ 0.0003
HD 268687 Fo6la [9] 5.169 6081 16.03 £2.940 54.06 +5.25 2.79+£0.07  0.11 £ 0.0005

as ”’S Dor variations”. With their bolometric luminosities remaining almost constant, these S Dor
variations manifest as horizontal evolution on the Hertzsprung-Russell diagram between their hot
and cool states that differ by 10-20 kK. In addition to these large scale variations, LBVs also exhibit

~0.1 mag irregular microvariability on timescales of weeks to months [2].

The evolutionary state of LBVs, their status as single or binary stars, and the physical mech-
anisms driving the S Dor variations are all topics of current debate (see [268, , 1], Levesque
& Lamers 2019). One possibility is that pulsations may be important for driving mass loss for
S Doradus variability [168], and may therefore be observable. Indeed, a simple estimate of the

dynamical/free-fall timescale for a typical LBV from [?] yields

RONY2/ M\
Lagn = 0.6 — days, 5.13
& (1012cm) (1001\4@) we .13)

and variability on this timescale should be easily observable by TESS. However, LBVs tend to
be surrounded by a complex and sometimes dusty CSM that can attenuate and modulate these
pulsations. Indeed, both LBVs studied here have incredibly red colors in Table 5.1, indicating that
any intrinsic variability detected by TESS has been processed by circumstellar material. All told,
understanding the short timescale variability of LBVs can offer incredibly valuable insight into the

physical state of LBV and their immediate environments.
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HD 269582

HD (sometimes HDE) 269582 was observed as a H-rich Ofpe/WN9 or WN10h Wolf-Rayet star
as recently as the mid 1990s [52]. However, since 2003, it has entered an outbursting LBV state,
rapidly brightening in V/'-band as it cooled to a late-B/early-A spectral type, accompanied by drastic
changes in various line profiles [317]. Because HD 269582 appears to be newly entering the LBV
phase, studying its variability can be quite instructive. Indeed, a link between light curve structure
and outbursts has been proposed for Be stars [ 115, ]; such a link for LBV's may even be testable

with an entire year of observations.

The light curve for HD 269582 presented in the third panel of Figure 5.2 shows coherent ~1%-
level variability on timescales of a few days. The periodogram shown in Figure 5.8 shows a strong
peak, detected with prewhitening at 0.20327588 days~! (corresponding to a 4.919-day period)
with small peaks to either side. Though TESS only observed HD 269582 for 5 full cycles of this
measured period, the shape of the light curve from cycle to cycle changes noticeably. This can
be seen in the dynamic plot in Figure 5.9, showing the flux as a function of phase from cycle to
cycle. The phase of maximum luminosity appears to shift from cycle to cycle, while the amplitude
of modulation decreases. Prewhitening reveals the presence of a total of 25 unique frequencies,
most of which are small amplitude peaks above ~ 1 day~!. Among those frequencies, we find no
convincing harmonics. Interestingly, two frequencies, f = 1.6023258 and 3.1987555 day !, are

found twice each in our search for sums of frequencies.

Similar dominant periods and changes in the light curve shape were observed in WR 110 by
Chenne et al. (2011) [38]. The 30-day light curve presented there appears remarkably similar to
the TESS light curve of HD 269582. [3£] attributed the behavior of WR 110 to a CIR in the wind,
implying that we are measuring the rotational frequency. It is also possible that this frequency and
the surrounding peaks in the periodogram, or the higher frequencies found by prewhitening are
nonradial pulsations. Longer monitoring by TESS will enable us to resolve these peaks further,
and build a more physical model with well-sampled parameter distributions, and spectroscopic

monitoring would allow us to confirm a CIR scenario.
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Figure 5.8 Periodogram for HD 269582, showing a clear peak corresponding to a period of 4.919
days. All frequencies found via prewhitening are indicated with grey vertical lines. Copyright
AAS. Reproduced with permission from Dorn-Wallenstein et al. [71].
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Figure 5.9 Dynamic plot, phased to a 4.919-day period for HD 269582, showing the variability
from cycle to cycle. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al.

[71].
S Doradus

S Doradus is the prototypical S Dor variable, with a long history of photometric and spectroscopic

observations. [307] detected a ~7 year period in S Dor’s light curve, which [2] argued is more
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likely to be a timescale associated with the duration of individual flaring events.

The light curve presented in Figure 5.2 shows strong ~1% variations on sub-day timescales.
From the periodogram (Figure 5.10), it is clear that the variability displayed by S Dor is quite
complicated. Prewhitening reveals a total of 41 unique frequencies, the most of any star in the
sample. However, we find no harmonics in this list of frequencies. Similar to HD 269582, we find
two frequencies (0.66258409 and 1.6460147 day ') that are each the sum of two different pairs
of frequencies. Due to the lack of any single dominant signal, the complexity in the periodogram,
and the current theoretical debate on the physical origin of S Dor outbursts, we reserve further
modelling until a longer baseline TESS light curve is available, in the hopes of measuring lower

frequencies, and resolving the periodogram peaks better.
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Figure 5.10 Similar to Figure 5.8 for S Dor. Copyright AAS. Reproduced with permission from
Dorn-Wallenstein et al. [71].

LBV Noise Properties

In addition to our search for coherent variability in the two LBVs, we also analyze the noise prop-
erties of their light curves, using Equation 5.12 to fit the (log of the) Lomb-Scargle periodograms
between 1/30 day~! and the pseudo-Nyquist frequency. The resulting fit parameters are presented
in Table 5.4, and the fits themselves are shown in Figure 5.11.

The two LBVs have fairly distinct fit properties, as may be expected given their different tem-
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Figure 5.11 Lomb-Scargle periodograms calculated between 1/30 day~! and the pseudo-Nyquist
frequency for both LBVs. Fits using equation (5.12) are in orange. Copyright AAS. Reproduced
with permission from Dorn-Wallenstein et al. [71].

peratures, and the recent evolution of HD 269582 into an LBV state. The noise in the S Dor light
curve has a higher o, which may be expected given that the strength of the dominant period in
HD 269582. Additionally, we find 7 ~ 0.5 day and v = 2.29, while HD 2696582 has 7 ~ 0.1 and
v = 2.96. In longer-cadence AAVSO data, [2] fit the power spectra with a pure power law model,
and found slopes closer to 2 for strongly flaring objects, and flatter slopes for LBVs in quiescence.
While the TESS data don’t probe the low-frequency regime measured by [2], they do indicate that,
in HD 268582, the slope of the stochastic noise is steeper than expected, while in S Dor, the region
of the power spectrum where the power-law behavior dominates extends over a wide range of fre-
quencies. This suggests that the variability on sub-day timescales in LBVs may be generated by a

mixture of physical processes.
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Table 5.4. Summary of the fit results to the periodograms of the
two LBVs in our sample..

Common Name ap/1074 7/1072d v (/1075
HD 269582 6.33 +0.74 11.124+0.76  2.96 £0.08 0.17 £ 0.0011
S Dor 41.234+7.10 50.55£4.68 2.294+0.03 0.0540.000

5.4 Discussion

From this small sample of stars it is impossible to make many sweeping inferences. However, the
broad range of light curve characteristics, unexpected characteristic time scales, and the structured
noise properties displayed by almost every star in this sample make it clear that rare, evolved

massive stars are prime candidates for study with TESS and subsequent missions.

Of the light curves that display clear periodicity, only one (the LBV HD 269582) appears to
be on a timescale that could be consistent with a rotational period. This is unsurprising given the
typical inflated radii of yellow supergiants (~hundreds of R), and the incredible complexity of
the lightcurve of S Doradus. However, the detection of possible rotational modulation is extremely
exciting. Rotation is a deeply important parameter for massive stars which can have drastic ef-
fects on their evolution [76]. Current samples of measured rotation periods in massive stars are
insufficient to statistically measure the distribution of rotation rates, leaving us with spectroscopic
measurements [e.g., ] which are hindered by the unknown inclination of the star relative to
the line of sight. Kepler has revolutionized the study of stellar rotation for low-mass (FGKM) stars
[e.g. , 58]. It is our hope that by extending our measurements of massive stellar rotation periods

beyond the main sequence, TESS will provide similar advancements.

Stars with periodicities inconsistent with rotation (or binary interactions) possess variability on
timescales consistent with pulsations. Pulsational modes can give us deep insight into fundamental
stellar properties like mass and radius. However, models of both radial and nonradial pulsations

in evolved massive stars have only recently been made available [e.g., ]. Developing suitable
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models will allow us to constrain the interior structures of massive stars, and understand energy
transport at an unprecedented level. The impact of wave-energy deposition in the last century of a
massive star’s life can have important impacts on its pre-supernova evolution [£3], and measuring
the pulsational properties of the most massive stars will give us valuable constraints on the masses
of supernova progenitors.

Finally, red noise is a ubiquitous property in all of the light curves. Whether this noise arises
from decoherent pulsations, surface granulations in the cooler stars, wind instabilities in the hot
stars, or some other process entirely, measuring the noise characteristics of a large sample of mas-
sive stars will allow us to search for trends as a function of evolutionary stage, which can give us
some insight into the physical processes involved. All told, studying evolved massive stars at short

timescales can help us answer many unsolved problems in massive star evolution.

5.5 Summary & Conclusion

Our main results are summarized as follows:

* We study eight evolved massive stars. We find distinct periodicity in five stars, including two
luminous blue variables, and three yellow supergiants. We are unable to constrain the source

of the variability in any case.

* The light curve of one YSG, HD 269953, displays unique properties not shared by its fellow
YSGs. We suggest that it is in a post-RSG evolutionary phase.

» All of the YSGs display red noise in their light curves, suggesting that the noise is likely

astrophysical in origin.

* The LBV HD 269582 displays 1% variability at ~5 day timescales. While the shape of the
variability changes, it is possibly due to a rotation period that is imprinting itself into the

wind of HD 269582 via a co-rotating interaction region.
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* S Doradus exhibits incredible complexity in its peridogram at frequencies below ~ 1.5

day~!, with a total of 41 unique frequencies found via prewhitening.

* Both LBVs display red noise. The noise in S Dor is stronger (as parametrized by «y), less

steep, and has a longer characteristic timescale 7 compared to HD 269582.

We wish to emphasize that evolved massive stars have never been studied before with high
cadence space based photometry. As the observed baseline increases for stars in the TESS sour-
thern CVZ, the periodogram peaks will grow sharper, and allow us to probe lower frequencies for
comparison with previous studies. However, our tentative results presented here highlight the po-
tential for studying massive stars in this domain. It is clear that new models are required to explain
the observed variability, which will allow these data to give us an incredibly deep insight into the

physics of evolved massive stars.
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Chapter 6
A NEW CLASS OF COOL, PULSATING SUPERGIANTS

6.1 Introduction

The exact evolutionary pathway a star takes in its late phases and its final fate as a function of initial
mass and composition are both incredibly sensitive to the physics of mass loss. Recent advances
have explored the important roles that interior mixing, pulsations, rotation, binary interactions, and
magnetic fields can play on the evolution of the most massive stars [159]. However, a discrepancy
still exists between the highest mass observed red supergiants (M < 25M,) and the highest mass
observed supernova II-P progenitors (M < 17 — 20M, see Smartt et al. 2009 [265]). Many solu-
tions to this red supergiant problem have been proposed by observers and theorists alike, including
considering extinction effects to account for underestimated progenitor luminosities (e.g. [319],
[141]); reexamining bolometric corrections that are extremely sensitive to effective temperature
to accurately estimate supernova progenitor luminosities(e.g. [162, ]); attemping to quantify
biases in progenitor mass estimates (e.g. [60], [140]); intricately mapping the landscape of explod-
ability in stellar models [283, , ]; and incorporating well-tested prescriptions for RSG mass
loss showing that the highest-mass (>20M,) RSGs may simply evolve back to the blue side of the
H-R diagram before explosion [e.g. 76, ].

A more direct solution is to find yellow or blue stars that have likely already experienced a
RSG phase [98], explicitly determining the mass of stars that can no longer end their lives as
RSGs. Such post-RSGs allow us to place critical observational constraints on which stars do not
simply evolve redward from the main sequence and then explode. The literature contains many
examples of methods for finding these post-RSGs. For example, surface abundance enhancements
of CNO-cycle elements are indicative of both envelope loss and convective mixing that extends

from the envelope to the core during the RSG phase. Alternately, stars with evidence of past strong
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mass loss are likely candidate post-RSGs, and can be detected either via infrared excesses caused
by warm circumstellar dust, or by direct detection of ejected mass [e.g. , ], assuming that
the CSM is detectable. Finally, though stars’ first crossing of the HR diagram proceeds relatively
unimpeded, a small number of very luminous yellow supergiants are observed to encounter the
“yellow void” where their envelopes become dynamically unstable, resulting in outbursts [216,

]. Such outbursting stars have been proposed to be post-RSGs.

A possibility that has only recently been explored is to identify post-RSGs by searching for
stable pulsations in evolved massive stars. While massive stars crossing the HR diagram are not
expected to pulsate, so-called strange modes can arise in stars with high ratios of luminosity to
mass (L/M). Saio et al. (2013) [249] proposed this as the mechanism driving variability in vari-
able B and A supergiants (o Cygni variables). While o Cygni variables are promising candidate
post-RSG objects, their observed surface abundances are discrepant with predictions from stellar
evolution models [249]. Therefore, a better route may be to explore the Hertzprung gap between
blue and red supergiants, and search for pulsating yellow supergiants (YSGs) that may pulsate for
the same reason as o Cygni variables, and whose spectra are more amenable to precision abun-
dance analyses. The discovery of a group of pulsators that are cooler than o Cygni variables, and

separate from both the “yellow void” and the brightest Cepheids, would thus be of great use.

Unfortunately, concrete predictions for whether such a group of pulsators should exist are cur-
rently out of reach given that theoretical modeling of envelope stability in this regime of the HR
diagram still encounters convergence difficulties [122]. Thankfully, where theory falls short, ob-
servations may provide a path forward. The Transiting Exoplanet Survey Satellite (TESS , [242])
is collecting lightcurves of the brightest stars across 85% of the sky. While its primary mission has
been to search for exoplanets, many of the brightest massive stars have already been observed at
two-minute cadence for approximately 27 days at minimum, with observations of stars in the north-
ern and southern continuous viewing zones (CVZs) lasting an entire year. TESS has thus allowed
us to measure microvariability in an unprecedentedly large sample of cool supergiants. In Chapter
5, we examined a small sample of evolved massive stars that had been observed in TESS Sectors 1

and 2, and found evidence for fast pulsations in three YSGs. Here, we utilize the first 22 Sectors
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of TESS data, and report the discovery of a group of yellow supergiants that exhibit rapid (< 1 d)
multiperiodic variability. These stars are more luminous and warmer than the classical Cepheid
instability strip, fainter than outbursting yellow “hypergiants,” and notably cooler than the coolest
a Cygni variables. We describe our sample and methodology in §6.2, then characterize and discuss
the stochastic variability that is ubiquitous in the sample. We present a new class of fast yellow
pulsating supergiants in §6.3, discuss the importance of this new class in §6.4 before concluding

in §6.5. This work originally appeared in Dorn-Wallenstein et al. (2020b) [72].

6.2 Methodology

6.2.1 Sample Selection

We first created a sample of cool supergiants with well-measured effective temperature (7.¢) and
luminosity (L), drawing from a large sample of YSGs and RSGs in the Large Magellanic Cloud
(LMC) from Neugent et al. (2012) [215], who used radial velocities to confirm the membership
of stars in the LMC, along with updated formulae derived from Kurucz [148] and MARCS [106]
to obtain T.q and log L/ L, from J — K photometry. Because we wished to provide a full picture
of the HR diagram including RSGs, and none of the RSGs published in [215] have been observed
by TESS (as described below), we also include the Galactic RSGs from [116], [162, , 1,
and the unique RSG WOH G64 [163]. Finally, we discard stars with log L/ Lo < 4 to avoid
contamination by lower-mass evolved stars (see, for example, [157]). The positions of the YSGs in
the HR diagram have a typical error of 0.015 dex in log T and 0.10 dex in log L/ L, respectively.
For RSGs observed by Levesque et al. [162, , , ], we used their published estimates
of Teg and log L/ L, (derived from M,,) where available. The T,z measurements have typical
uncertainties of +25 K for M stars (T.¢ < 3810 K, log Teg < 3.581), and +100 K for K stars.
The log L/ L. measurements have typical uncertainties of ~ 0.1 dex. One RSG not studied by
Levesque et al., V772 Cen (= HD 101712), is a known RSG+B star binary. A spectrum of V772

Cen is published in [121], and available on the Vizier online service [218]. We obtained this

spectrum, and used it to estimate 7.¢ and log L/ L, for the RSG member of the binary following
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Levesque et al. [162], with comparable uncertainties. Because the method we use relies on the
depths of the TiO bands, we do not expect the B star companion to significantly impact our 7g and
log L/ L, estimates. No suitable archival spectrophotometry exists from which we could estimate

Ter and log L/ L, for fourteen of the RSGs.

6.2.2 TESS Observations

We crossmatched our sample of cool supergiants to the latest version of the TESS Input Catalog
(TIC, [280]) available on the Mikulski Archive for Space Telescopes (MAST). From this sample,
we selected all stars with a magnitude in the TESS bandpass fainter than 7" = 4 (where TESS begins
to saturate), and brighter than 7" = 12 to obtain sufficient signal-to-noise ratios (SNR) in the
lightcurves to detect sub-ppt-level variability (see Chapter 5). We also omitted any stars with
calculated contratio values above 0.1 to mitigate contamination by nearby stars'. We then
downloaded target lists for TESS Sectors 1-22°, and select the cool supergiants that have been
observed at two-minute cadence. This results in a total of 28 YSGs and 48 RSGs.

We can then use TIC to estimate parameters for the fourteen RSGs without temperatures and
luminosities. We use the T, estimate published in the TIC, as well as the radius measurement
to estimate log L/ L. For stars in both the TIC and [162], the parameters from the TIC show
generally good agreement with the results in [162] to within the errors. However, we do expect the
errors on both parameters (especially luminosity) to be significant as the relations used to compute
stellar parameters are only validated on dwarfs and giants [see §2.2 of ]. Table 6.1 shows the
name, TIC number, coordinates, proper motions, TESS magnitude, log T.¢, and log L/ L, of each
star, as well as the source used to determine their position in the HR diagram, whether the star is
a RSG or YSG, and if the star is an o Cygni variable or belongs to the newly identified class of

pulsating yellow supergiants (see below).

ISee [280] for the exact definition of contratio

2TESS target lists are available online at ht tps://tess.mit.edu/observations/target—-lists/
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Table 6.1. Names, TIC numbers, coordinates, proper motions, TESS magnitudes and positions
in the HR diagram of the cool supergiants observed by TESS, ordered by effective temperature
from coolest to warmest. The source of the Ti.¢ and log L/ L., measurements is indicated, where
N corresponds to [215], L to [162, , , ],Ito[121], and T to the TIC [280]. Typical
uncertainties in log Tog and log L/ L, are 0.015 dex and 0.10 dex respectively in [215]. M stars
from [162] have uncertainties of 25 K and 0.1 dex respectively, while the uncertainties in 7, in K
stars are somewhat larger (100 K). Quantities for RSGs derived from the TIC show good
agreement with the values published by [162] where overlap exists. We also indicate whether the
star is a RSG or YSG (indicated with “R” or “Y” respectively), and whether the star is a candidate
« Cygni variable or belongs to the newly identified class of pulsators.

Common Name TIC Number R.A. Dec Mo ns T log Tetr log L/Lg Source RSG/YSG? Var. Type
[deg] [deg] [mas/yr] [mas/yr] [mag] [K] L ®
V1092 Cen 290678703 174.10924243 -61.31944611 -6.709 0.744 5.290 3.534 4.448 T R -
HS Cas 52782147 17.08300080 63.58652909 -2.450 -0.357 5.887 3.535 4.560 T R -
HD 143183 423407817 240.40092730 -54.14322405 -2.301 -3.620 4.245 3.537 5.222 T R -
BD+35 4077 136034302 305.30862034 35.62126593 -2.846 -4.499 5.684 3.556 4.768 L R -
AD Per 348314378 35.12084468 56.99312317 -0.066 -1.423 5.357 3.543 4.587 T R -
KY Cyg 15065085 306.49184826 38.35213201 -3.574 -6.279 4.898 3.544 5.432 L R -
TYC 8626-2180-1 459005094 161.46107152 -59.48870180 -7.080 1.750 4.571 3.547 4.936 L R -
V589 Cas 399355842 26.52283837 60.99352149 -0.952 -0.488 5.843 3.547 4.716 L R -
RS Per 348607532 35.60122973 57.10947226 -0.371 -0.931 5.084 3.550 5.156 L R -
V602 Car 467450857 168.37488668 -60.09134769 -5.425 2.183 4.945 3.550 5.020 L R -
W Per 251118305 42.65788594 56.98341594 0.243 -1.991 5.625 3.550 4.732 L R -
V396 Cen 443405175 199.35433424 -61.58398415 -4.770 -1.758 4.580 3.550 5.212 L R -
BI Cyg 13249363 305.34119647 36.93214587 -2.929 -5.223 4.738 3.553 5.352 L R -
BC Cyg 13325866 305.41061705 37.53303272 -3.856 -5.835 5.094 3.553 5.280 L R -
SU Per 348528265 35.52872734 56.60413801 -0.617 -1.490 4.650 3.553 4.952 L R -
PZ Cas 272324954 356.01366443 61.78949643 -3.110 -1.808 4.972 3.556 5.324 L R -
ST Cep 63963820 337.54474090 57.00085201 -3.517 -2.837 5.150 3.556 4.088 L R -
RW Cyg 15888421 307.21079278 39.98178278 -3.255 -5.511 4.596 3.556 5.156 L R -
TZ Cas 378292562 358.23432055 61.00233067 -3.220 -2.075 5.562 3.556 4.988 L R -
BU Per 264731552 34.72204574 5742132329 -0.526 -1.106 5.898 3.556 4.764 L R -
V349 Car 457427613 157.39738942 -57.96638247 -7.191 3.632 5.250 3.559 4.808 L R -
V774 Cas 399433806 26.75004525 60.37232574 -1.068 -0.601 5.853 3.559 4.616 L R -
HD 95687 466289471 165.39899669 -61.04883831 -6.746 1.084 4.647 3.559 4.948 L R -
V441 Per 445664243 36.34108308 57.43726049 -0.254 -1.559 5.283 3.559 4.820 L R -
HD 303250 458834083 161.08350153 -58.06484800 -6.875 2.935 5.585 3.559 4.936 L R -
RT Car 458861722 161.19645089 -59.41336782 -7.450 2914 6.417 3.559 5.260 L R -
V772 Cen 321656644 175.45585098 -63.41457099 -5.508 1.089 5.258 3.560 4.630 1 R -
HD 101007 319508664 174.23716722 -61.18277794 -6.647 0.928 4.885 3.562 4.368 T R -
V648 Cas 450147792 42.76645187 57.85553435 -0.184 -1.252 5912 3.562 4.900 L R -
IX Car 465185147 162.60957843 -59.98238045 -6.054 2.311 4.902 3.562 5.128 L R -
W Cep 65034243 339.11484739 58.42609816 -3.329 -2.132 5.207 3.566 5.466 T R -
V910 Cen 290681168 173.93730736 -61.57806090 -6.699 0.937 5.304 3.568 4.516 L R -
V528 Car 466325776 165.77563786 -60.91072867 -7.130 1.875 4.335 3.568 4912 L R -
YZ Per 245588987 39.60591607 57.04616613 -0.119 -1.391 5.160 3.568 4.684 L R -
V362 Aur 285640583 81.79257440 29.92105466 -0.678 -2.892 4.886 3.568 4.620 L R -
PR Per 348442493 35.42670692 57.86281915 -0.788 -1.328 5.425 3.570 4.440 T R -
FZ Per 348314886 35.24852231 57.15832387 -0.696 -1.223 5.649 3.571 4.468 T R -
V809 Cas 265186608 349.84905043 62.73977569 -2.257 -2.004 4.117 3.574 4.472 L R -
V439 Per 348671468 3579610521 57.19943969 -0.308 -0.920 5.803 3.580 4.420 L R -
V605 Cas 348436054 35.09359712 59.67136417 -0.711 -0.953 5.710 3.585 4.920 T R -
41 Gem 337334476 105.06593015 16.07900049 -2.088 -4.853 4.230 3.597 4.341 T R -
RW Cep 422108142 335.77923003 55.96322672 -3.616 -2.349 4.370 3.597 5.470 T R -
HD 155603 188405014 258.61523030 -39.76665102 -0.900 -1.087 4.138 3.601 4.870 T R -
NR Vul 435670188 297.54969991 24.92338263 -2.320 -5.807 5.421 3.602 5.348 L R -
QY Pup 334352580 116.91052662 -15.99068889 -2.162 3.511 4.898 3.608 4.756 T R -
HD 17958 390806332 44.10270614 64.33244354 -3.739 0.017 4.124 3.623 4.548 L R -
HD 33299 367172191 77.64572922 30.79754031 -0.015 -3.142 5.274 3.633 4.044 L R -
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Table 6.1 (cont’d)

Common Name TIC Number R.A. Dec s s T log Tets log L/Lg Source RSG/YSG? Var. Type
[deg] [deg] [mas/yr] [mas/yr] [mag] [K] LQ

AZ Cas 444831689 25.56880634 61.42120644 -2.198 -0.263 7.053 3.656 4.550 T R

SK -67 57 40603917 77.96699736 -67.16603943 1.552 0.179 11.736 3.656 4.519 N Y

HV 883 30526897 75.03151958 -68.45001791 1.785 -0.043 11.196 3.680 4.841 N Y -

HD 269953 404850274 85.05069622 -69.66801469 1.718 0.692 9.267 3.692 5.437 N Y FYPS

HD 269110 40404470 77.29420213 -69.60339017 2.081 0.252 10.038 3.750 5.251 N Y FYPS

HD 268687 29984014 72.73273606 -69.43125133 1.833 -0.114 10.465 3.784 5.169 N Y FYPS

HD 269840 277108449 84.04200662 -68.92812902 1.487 0.682 10.132 3.791 5.335 N Y FYPS

HD 269902 277300045 84.53992899 -69.10592146 1.707 0.628 9.790 3.793 5352 N Y FYPS

HD 269331 179206253 79.50763757 -69.56049032 1.772 0.291 10.114 3.810 5.307 N Y -

RMC 137 404768745 84.65400862 -69.08552151 1.886 0.908 11.878 3.847 4.543 N Y

CPD-69 430 277172433 84.23672142 -69.27176831 1.778 0.620 11.922 3.857 4.581 N Y

W61 27-27 277025859 84.01580306 -69.02503035 1.526 0.556 10.770 3.861 4.493 N Y

HD 269392 179376451 79.96588265 -69.88570140 1.979 0.257 11.961 3.865 4.605 N Y

HD 269128 40518041 77.59495623 -68.77328288 1.862 0.284 9.189 3.872 5.134 N Y

HD 269700 425081475 8296784116 -68.54412683 1.602 0.401 8.808 3.882 5.069 N Y

HD 270151 389749856 87.26183616 -70.04170277 1.756 0.847 10.561 3.897 4.635 N Y

CPD-69 491 404852071 85.20335494 -69.28089004 1.801 0.533 10.298 3914 4.665 N Y

HD 270754 294872353 71.76854552 -67.11475533 0.754 0.830 11.191 3915 4.927 N Y

HD 269655 391810734 82.65769726 -68.41088876 1.495 0.972 11.123 3.924 4.497 N Y

HD 269997 404933493 85.33497338 -69.08535421 1.658 0.890 9.313 3.927 4.970 N Y

W6l 6-77 389363675 85.56405367 -69.22241953 1.658 0.424 11.069 3.969 4.502 N Y

HD 269777 276864600 83.57692409 -67.30380846 1.373 0.795 11.153 3.976 5.067 N Y

CPD-69 394 276936320 83.65036911 -69.76013942 1.642 0.341 10.745 3.984 4.571 N Y

HD 269992 404967301 85.36531401 -69.80104224 1.969 0.735 9.256 3.990 5.096 N Y

HD 269786 277022505 83.76501015 -69.75056435 1.872 0.508 9.655 4.000 5.116 N Y -

HD 269101 40343782 77.43830593 -68.76940998 1.760 -0.125 10.577 4.027 4.799 N Y a Cyg

SK -69 68 40515514 77.49501756 -69.11716271 2.311 0.180 11.526 4.029 4.611 N Y «a Cyg

HD 268798 30317301 74.28356450 -68.42008185 1.942 -0.074 10.103 4.033 5.071 N Y «a Cyg

HD 269769 276936458 83.62856915 -69.78104781 1.783 0.526 10.700 4.037 4.714 N Y a Cyg

Using the Python package astroquery, we queried MAST and downloaded all available
two-minute cadence lightcurves for each target. The data are provided by the TESS Science Pro-
cessing Operations Center (SPOC), and include two flux measurements as a function of time:
a simple aperture photometry measurement (SAP_FLUX) and flux measurements that have been
corrected for systematic trends in the data (PDCSAP_FLUX). The time at each cadence is the pho-
ton arrival time at the solar system barycenter, correcting for the position and movement of the
TESS spacecraft. For the following, we used the PDCSAP_FLUX lightcurves. To stitch together

lightcurves from different TESS sectors, we divided each sector’s lightcurve by its median flux.

6.2.3 Stochastic Low Frequency Variability Across the Upper HR Diagram

The top panel of Figure 6.1 shows the lightcurve of the YSG HD 269953, a star that we concluded

is a likely post-RSG in Chapter 5, based on its pulsations and infrared excess measured by Spitzer
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Figure 6.1 (Top): PDCSAP _Flux lightcurve of the YSG HD 269953. Sector numbers are indi-
cated, with the boundaries between TESS sectors marked as dash-dotted black lines. (Middle):
Same as above, zooming in to three 30-day windows, each beginning at the epoch given in the leg-
end, and smoothing with a 128-cadence rolling median to highlight coherent variability. (Bottom):
Periodogram of the entire unsmoothed lightcurve. Power is multiplied by 100. Linear (logarith-
mic) scaling for both frequency is shown for the black (grey) line, with corresponding black (grey)
axis labels. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [72].

[26]. Individual PDCSAP_FLUX measurements are shown as black points®. Dash-dotted vertical

3A rapid dimming/brightening event is visible in the Sector 11 lightcurve that arises due to a combination of
systematics in the detrending and a discontinuity after the mid-sector downlink. However, as revealed in the wavelet
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lines show the boundaries between TESS sectors, and sector numbers are indicated. The middle
panel shows a zoom-in to three different thirty-day portions of the lightcurve, now plotting the
data after smoothing with a 128-cadence rolling median. Oscillations can clearly be seen. We
analyze the frequencies of these oscillations using Lomb-Scargle periodogram [ 1606, ] of the
unsmoothed data calculated with the astropy package (bottom panel). We use the psd nor-
malization option, and divide the power by the number of points in the lightcurve. The resulting

PSD

quantity is equivalent to the absolute value of the power spectral density, , in units of nor-
malized flux squared. We use the default ast ropy heuristics for choosing the frequency grid; the
maximum frequency is set by the pseudo-Nyquist frequency, fn, = 1/(2(At)) (where (At) is the
mean difference in time between two consecutive observations) and the frequency spacing is five
times smaller than the Rayleigh frequency, fr = 1/7 where T is the time baseline of the entire
lightcurve. The black periodogram is plotted with a linear scaling (corresponding to the black axes
labels), and the grey periodogram is plotted with logarithmic scaling on both the frequency and
power axes (corresponding to the grey axes labels). Both are scaled to be in units of %/d!.

As found previously in Chapter 5, the periodogram displays prominent peaks, superimposed
upon a frequency-dependent background. The background shows rising power at low frequency
that levels off at the lowest frequencies — i.e., red noise or stochastic low frequency variability —
that is clearly visible in log scaling. Examining the periodograms of the entire sample shows that
SLFV is present throughout the region of the HR diagram occupied by our sample. Adding on the
fact that SLFV has been identified in hot O and B stars [24, 29, 27, 28], its presence throughout this
sample of A-M supergiants suggests that it is in fact a ubiquitous feature of massive stars. Figure
6.2 shows the periodograms of four stars. The power is normalized to have a maximum value of 1,
and an arbitrary offset constant is added for clarity. The top two periodograms are calculated for
two “normal” supergiants that are representative of the overall sample: the red supergiant BD+35
4077, and the yellow supergiant HD 270754. Their periodograms are dominated by SLFV, and

they display no strong peaks at frequencies above 1 d~!. The bottom two periodograms belong to

analysis below as well as a by-eye inspection of the periodogram computed only on the light curve before this event,
this discontinuity only manifests itself as a low frequency transient and has no effect on the recovered frequencies.
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two yellow supergiants: HD 269101 and HD 268687. While both stars’ variability are dominated

by SLFV, they also show visible peaks in their periodograms at high frequencies.
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Figure 6.2 Periodograms of four stars that are representative of the entire sample: the RSG BD+35
4077, the YSG HD 270754 (neither of which appear to pulsate), the candidate ov Cygni variable
HD 269101, and HD 268687, which belongs to the newly identified class of pulsating YSGs. The
power has been normalized by the maximum power, and an arbitrary offset has been applied for
clarity. Stochastic Low Frequency Variability dominates the power at low frequencies. However,
it is possible to see real peaks superimposed on the background of the bottom two periodograms.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [72].



169

Figure 6.2 suggests a potentially interesting dichotomy among the stars in our sample, dis-
tinguished by the presence or absence of high frequency pulsations. Quantifying the presence or
absence of these pulsations requires that we characterize the underlying broad spectrum of noise in
the periodogram (i.e., the SLFV). We proceed here by first characterizing all star’s SLFV, allowing
us to look for correlations between the SLFV and other stellar properties, before removing the
SLFV from the periodogram and identifying the narrow features in the periodogram. We present
an automated search for these features and then analyze their properties as a function of stellar

subtype, expanding on the examples shown in Figure 6.2.

To characterize the SLFV, we follow [24] and [29, 27, 28] and fit the amplitude spectrum (c( f),
obtained by taking the square root of the PSD) with a phenomenological model. As in Chapter 5,
we adopt the function

R P rrf) + 6.1

a(f)
from [275], where f is the frequency, oy is the amplitude as f — 0 in units of normalized flux,
T 1s a characteristic timescale in days on which the noise is correlated, v sets the slope of the red
noise, and «,, is an additional parameter we add in to model the white noise floor at the highest
frequencies, also in units of normalized flux. We note that Equation (6.1) is equivalent to the
function adopted by [29, 27, 28], and the characteristic frequency in those works is equivalent to
Vehar = (277) 1. Figure 6.3 shows the square of Equation (6.1), |a(f)|?, with ag = 1, and o, =
10~3. The top (bottom) panel shows the effects of varying 7 () at constant v = 2 (7 = 1). The
characteristic timescale 7 determines the timescale/frequency on which the power-law behavior
dominates over the uncorrelated noise at the lowest and highest frequencies, while the slope ~y sets
the range of frequencies where this occurs, with higher slopes resulting in a narrower frequency

range.

We use the curve_fit routine within the scipy package to fit the base-10 logarithm of
the amplitude spectrum to avoid the artificial weighting of real peaks at high frequencies. Note
that we do not first remove any peaks from the periodogram before performing this fit. However,

compared to the periodograms calculated from, e.g., the CoRoT lightcurves of hot stars studied by
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Table 6.2. Names, TIC numbers, fit parameters from Equation (6.1), and
corresponding errors for all stars in our sample.

Common Name TIC Number ag T o7 Qw
ppt d ppt
V1092 Cen 290678703 194.9581 £ 17.3575  0.3464 + 0.0318  1.755 4+ 0.049 7.3583 £+ 0.0077
HS Cas 52782147 414.3034 +33.9049  0.1181 +£0.0095 1.784 £0.042 11.6105 4 0.0196
HD 143183 423407817 114.8980 + 12.2582  0.2139 + 0.0267  1.601 4+ 0.061 7.9003 £ 0.0111
BD+35 4077 136034302 198.9679 + 25.9046  0.6764 + 0.0985  1.544 4+ 0.056 8.5699 £+ 0.0107
AD Per 348314378 173.5579 +£10.9315  0.0597 + 0.0039  2.268 +0.092  18.0802 + 0.0291
KY Cyg 15065085 286.2191 +£37.0462 0.6387 £0.0998 1.359 +0.042 13.1549 £ 0.0172
TYC 8626-2180-1 459005094 546.2201 +£69.9013  0.3636 £ 0.0479  1.456 + 0.032 9.0229 £+ 0.0141
V589 Cas 399355842 92.4473 £ 7.3775 0.0915 4+ 0.0080 2.1424+0.113  12.1910 £+ 0.0188
RS Per 348607532 383.0987 +28.7313  0.0859 +0.0069  1.654 £ 0.037  14.4608 4+ 0.0264
V602 Car 467450857 163.9396 + 10.5384  0.1408 + 0.0098  2.165 4+ 0.093  21.4533 %+ 0.0220
Note. — This table is published in its entirety in the machine-readable format. A portion is shown here for guidance

regarding its form and content.

[27], the power of the low frequency excess seen in this sample is far stronger than the power of the
observed peaks, with the exception of HD 269953, and so we don’t expect the fit parameters to be
significantly affected. In the case of HD 269953, fitting the logarithm of the amplitude spectrum

mitigates any significant effect.

Figure 6.4 shows histograms with the distribution of the best-fit SLFV parameters for YSGs in
yellow, with RSGs stacked on each bin in red. While the distributions for o and v appear to be
similar between RSGs and YSGs, we can see that the YSGs have characteristic timescales clustered
around log 7/day = 0.5, while the distribution of log 7 for RSGs has a long tail extending to quite
short timescales (log 7/day ~ —1.5). We also see a clear difference in the instrumental noise, «,,
which is systematically lower for the YSGs. All YSGs are in the LMC, and thus were observed
nearly continuously during the first year of TESS observations, with the exception of small gaps
when e.g., individual stars passed through the gaps between CCDs in TESS camera 4. Therefore,
we expect the signal in the periodogram (relative to the intrumental noise) to be much higher for
these stars. In contrast, all the RSGs in our sample are Galactic, and most were only observed for

a single TESS sector which reduces the lightcurves’ sensitivity for RSGs.
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Figure 6.3 Plotting Eq. (6.1), squared so the units are comparable to the Lomb-Scargle peri-
odogram, with ag = 1, a,,, = 1072 and varying 7 (top), and v (bottom). Copyright AAS. Repro-
duced with permission from Dorn-Wallenstein et al. [72].

To examine the behavior of these parameters further, we also plot them as a function of log T g
in Figure 6.5. Errorbars are calculated from the covariance matrix returned by curve_fit, and
the color corresponds to increasing log L/ L, from darker to lighter colors. The amplitude of the
SLFV q« (top left) is suppressed at temperatures around log 7.g ~ 3.7 — 3.8. The characteristic
timescale 7 (top right) slightly increases with increasing temperature. While we don’t place any
bounds on 7 when performing the fits, there is an implicit upper limit to 7 that can be seen in
the data, as the SPOC processing pipeline and our sector-combining procedure effectively erases
correlations in the lightcurves on timescales longer than a few days. The slope of the noise
(bottom left) clusters around v = 2 for the cooler stars, while favoring slightly smaller values for
YSGs with log T 2 3.7. Finally, we again see that the instrumental noise «, (bottom right) is

systematically lower for the YSGs.

Convection or Something More?

As demonstrated above, the characteristic timescale of the background noise, 7, appears to increase

with increasing temperatures. Given that 7 roughly corresponds to the characteristic timescale over
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Figure 6.4 Histogram of the best-fit values for amplitude o (top-left), characteristic timescale 7
(top-right), power-law slope v (lower-left), and instrumental noise «,, (lower-right). Bins are split
into their contribution from YSGs in yellow and from RSGs in red. The YSGs have both higher
characteristic timescales and lower instrumental noise values than the RSGs.

which the stochastic variability is correlated, the observed correlation gives us some clues as to the

origin of the noise.

One possibility is that the noise is due to granulation in these stars’ outer layers. Much lower

mass yellow stars like our Sun show similar low-frequency power excesses due to granulation,

however, noise due to convective granulation should leave the opposite scaling as what we observe.

Kallinger et al. (2014) [130] demonstrate that, from first principles, the characteristic convective
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Figure 6.5 Best-fit values for amplitude o (top-left), characteristic timescale 7 (top-right), power-
law slope v (lower-left), and instrumental noise «,, (lower-right) as a function of log T.g. Stars
are color-coded by luminosity, with YSGs plotted as circles, and RSGs as triangles. Errorbars are
calculated from the covariance matrix returned by curve_fit.

timescale, T.on, (denoted 7.r¢ in Kallinger et al.) scales with the surface gravity, g, and effective

temperature as g~ ST 4 |

]. Because g occ MR™2 and R™2 oc T4 L™, this implies Tepny X

T4 (L/M)*%5. Thus as a massive star evolves rightward at essentially constant L in the HR

diagram, the convective timescale increases strongly as the star’s surface cools (with a small boost

as the star’s L /M increases as the star loses mass). This is the exact opposite of the trend we

observe, implying that the low-frequency variability that we see in our sample is not (solely) a

result of surface convection, at least in the warmer stars.

Another possible explanation for the behavior of 7 in Figure 6.5 comes from studies of hotter
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(Teg > 40 kK) stars, where correlated stochastic variability has been linked with sub-surface
convection zones [24], that may interact with pulsations [230], or possibly through internal gravity
waves (IGW) arising from the boundary of internal convective and radiative layers ([29], though see
[154] for possible caveats). Perhaps the stochastic variability in this sample is connected with that
seen in hot stars? Recently, [28] characterized stochastic variability in a sample of 70 OBA stars
spanning a range of temperatures above ~10* K and masses between ~ 5 and 80 M, (see Figure
2 in that work). Unfortunately, their sample has very few post-main sequence stars, especially
in the mass range of our sample, and so we are unable to construct a complete sequence of «y,
v, of T & 1/Uepnqr as stars evolve across the HR diagram. If stochastic variability proves to be
attributable to IGWs, such an evolutionary sequence would be an incredibly powerful means of

applying asteroseismology to massive stars as they near the ends of their lives.

It also remains possible, however, that sub-surface processes that aren’t IGWs are causing
the low frequency stochastic variability. Therefore, we cannot uniquely identify the stochastic
variability with any particular source, and reserve such identification for a study of low frequency
stochastic variability in massive stars across the entire HR diagram. That said, the RSGs display
power law slopes clustered around v = 2, consistent with what was found by Kiss et al. (2006)
[138] in AAVSO data of RSGs — though in a significantly higher frequency range, and with lower
amplitude than the lightcurves studied by Kiss et al. — and which was attributed by those authors
to convective processes. Indeed, though the observed scaling of 7 with 7.g is inconsistent with
surface convection, the timescales of simulated turbulent convection in stellar interiors (albeit in

lower mass stars) are not expected to obey the simple scaling presented above [101].

Indeed, Kiss et al. (2006) found that there is no point at which the power spectra of RSGs
turn over; as observing time increases, more power at low frequencies is recovered. We note
that while our analysis suggests longer timescales in warmer massive stars, it is not clear exactly
how strong the correlation is. Because the TESS observations of RSGs only span a few sectors
at most, and correlations on long timescales are smoothed out by the detrending performed by
the SPOC, we might expect to see values of 7 clustered at the maximum value possible given

the detrending (a few tens of days). However, RSGs display the smallest observed values of 7
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seen in our sample, suggesting that, at the precision of TESS , RSG microvariability is not entirely
consumed by convective noise.

One possible way to distinguish between subsurface convection and IGWs from core convec-
tion may be to measure the macroturbulent velocity of these stars, and compare these measurements
with the stars’ locations in the HR diagram and observed values of o, 7, and 7y (see both [102] and
[28]). It is also entirely possible that both scenarios are at play, and contributing to the observed
stochastic variability in this sample. Regardless of the physical origin, stochastic variability is
ubiquitous across the upper HR diagram, from hot stars [e.g. 28] to cool supergiants (this work and
[138]). Characterizing this variability and determining its origin has the potential to offer critical

insight into the evolution of massive star interiors from birth to death.
6.3 Fast Yellow Pulsating Supergiants

After fitting the amplitude spectrum of each star to obtain the best-fit model, &(f), we divide
its signal out of the power spectrum by computing |PSD|/&(f)?. The resulting quantity has no
formal definition, but is incredibly useful at showing the power of peaks relative to the background.
Hereafter, we refer to the background-normalized power spectrum as the residual power spectrum
(RPS). Figure 6.6 shows the HR diagram, where each star in the sample is replaced by its RPS
between 0 and 5 d~!, normalized by its maximum value and scaled to fit in the plot. Note that
because of this scaling, the relative heights of peaks in two different RPS have no relation, but the
relative heights of two peaks in the same RPS are meaningful. In particular, plotting the RPS in
this way allows us to simultaneously assess the approximate signal to noise in the periodogram
as a function of each star’s location in the HR diagram. A subset of the nonrotating, Z = 0.006
evolutionary tracks calculated with MESA and described below are plotted as thin black lines with
the initial masses.

For the majority of stars in this sample, their lightcurves appear to be entirely composed of
SLFV, and their RPS show either no peaks, or small peaks with low signal to noise. There are,
however, two groupings of stars with high signal-to-noise peaks in their RPS. The first group,

comprised of a vertical strip of four stars with log T.¢ ~ 4.0 lies in the region of the HR diagram
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Figure 6.6 HR diagram showing the residual power spectra of each star in our sample between 0 and
5d~!, obtained after dividing out the SLFV in each periodogram, and normalized by the maximum
value. Each RPS is centered on the 7. and L of the star it corresponds to. The rough boundaries
of the yellow void is shown as a goldenrod rectangle. The Cepheid instability strip derived from
nonrotating, LMC-metallicity (Z = 0.006) stellar models on their first crossing of the HR diagram
from [7] are shown by the yellow crosshatched region. Four oo Cygni variables are highlighted in
blue. Separate from all three regions of instability, we find five stars, highlighted in green, that
display prominent, high signal-to-noise peaks in their RPS, which we name Fast Yellow Pulsating
Supergiants (FYPS). For reference, we plot a subset of the nonrotating, Z = 0.006 evolutionary
tracks calculated with MESA that are described in the text as solid black lines, with their initial
masses indicated by the corresponding box. Copyright AAS. Reproduced with permission from
Dorn-Wallenstein et al. [72].
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where o Cyg variables are expected to be found*, which we highlight in blue. We searched for any

past work that has studied their variability, as listed in SIMBAD [322], and find the following:

* HD 268798 was previously identified as an eclipsing binary by [19], and as a rotational
variable with ellipsoidal variations by [229]. It has not previously been identified as an «

Cyg variable.

* HD 269101 was identified as a candidate o Cyg variable by [19], and incorrectly identified
as a Slowly Pulsating B-star by [229] (likely due to its entry in SIMBAD erroneously listing

it as an early-B supergiant).

* HD 269769 has not previously been studied in the time domain, and thus has not previously

been identified as an o Cyg variable.

* Sk-69° 68 has not previously been studied in the time domain, and thus has not previously

been identified as an o Cyg variable.

Apart from these candidate o Cyg variables, we also find a cluster of five stars, all with 5.1 <
log L/L® < 5.5 and 3.69 < logT.s < 3.8 with high signal to noise peaks in their RPS. We
highlight these stars in green in Figure 6. This region of the HR diagram contains no other stars®.
We list the common names (found on SIMBAD), TIC numbers, coordinates, temperatures, and
luminosities for the five stars in Table 6.3. They are well-separated in the HR diagram from the

lower-right edge of the yellow void — a region of the HR diagram occupied by a very small

“The frequencies found in the lightcurves of these stars are somewhat higher than in other o Cyg variables [249].
However, most observations of o Cyg variables have been taken from the ground, where detecting frequencies
around ~ 1 d~! is difficult. While not the focus of our work, we note these candidate v Cyg variables for use by
other authors.

One star, HD 269331, has a similar luminosity and a log T.g that is 0.02 dex higher than the warmest identified
pulsator. Its RPS is low signal-to-noise and shows no significant peaks. In Chapter 5 we identified two prominent
bumps in the first two sectors of TESS data. Examination of the remaining sectors shows that these bumps are
present throughout the lightcurve, and that the star is displays variability with an amplitude of ~ 1 ppt. With no
significant RPS peaks, we exclude HD 269331 from our subsequent analyses; however it is possible that HD 269331
is a genuine member of this novel class of supergiant pulsator.



178

Table 6.3. Names, TIC numbers, coordinates, temperatures, and
luminosities of the five pulsating YSGs.

Common Name TIC # R.A. Dec. logTer logL/Lg
o o K L@
HD 269953 404850274  85.050696 -69.668015  3.692 5.437
HD 269110 40404470  77.294202 -69.603390  3.750 5.251
HD 268687 29984014  72.732736 -69.431251  3.784 5.169
HD 269840 277108449  84.042007 -68.928129  3.791 5.335
HD 269902 277300045 84.539929 -69.105921  3.793 5.352

number of stars that exhibit extreme variability and mass loss due to dynamical instabilities in their
atmospheres [63] — which is shown in goldenrod, and the upper-left edge of the Cepheid instability
strip (shown in cross-hatched orange, derived from Z = 0.006, nonrotating stellar models on their
first crossing of the HR diagram; see [7]). This group includes the three pulsating YSGs previously
identified in Chapter 5, as well as two newly identified stars. Many of the frequencies found in their
lightcurves (see below) are on timescales shorter than 1 day, and, as discussed in Chapter 5, are
hard to explain with rotational or orbital effects given the large radii of YSGs. Furthermore, while
it is possible that these frequencies may arise in the winds of these stars, we deem it unlikely that
only YSGs in this region of the HR diagram would show coherent modulations in their winds.°
Finally, spectra of all five stars from [2 1 5] indicate that they are all fairly typical YSGs, though HD
269902 has a slightly weaker Ca 11 triplet. Therefore, we adopt the name “Fast Yellow Pulsating

Supergiants” (FYPS)’ for these stars, and discuss them below.

®Regardless, with the notable exception of a small number of incredibly luminous YSGs that have undergone
outbursts, YSG winds remain poorly understood.

"The authors acknowledge the poor adjective ordering in this acronym. However, we believe that FYPS is easier
to pronounce than FPYS.
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6.3.1 Chance or New Class?

All five of the FYPS are located in the LMC. Each TESS pixel is 21” on a side (~ 17 ly at the
distance of the LMC). Furthermore, YSGs are found in crowded regions with many hot young
stars, making it highly unlikely that the starlight in the optimal aperture defined by the SPOC is
coming only from these stars. This effect is somewhat mitigated by TESS ’s relatively red passband
(centered at 7865 A); while in bluer passbands, the flux in the aperture may contain significant flux
from nearby O and B stars, cool, evolved evolutionary phases of massive stars that dominate the
flux in the aperture are significantly rarer due to their shorter lifetimes. Additionally, the binary
fraction of massive stars is high [253, , ]; even the most evolved red supergiants that are
the most likely to have interacted and merged with a companion have a binary fraction of ~ 20%
[212]. Therefore it is possible that we are recovering five stars with pulsating companions that
happen to be located in a small region of the HR diagram by chance. Assuming the initial massive
star binary fraction (as well as the initial period and mass ratio distributions) is roughly constant for
the masses of stars in our sample, it is effectively equally likely for any star in our sample to have
a pulsating companion (with decreasing likelihood for the largest stars in our sample). Finally,
detrending of time series photometry can generate spurious low frequency peaks, which propagate
to higher frequencies via harmonics and combinations with real peaks [e.g. ]. Potentially, it
could appear as if these five stars, which may be ordinary YSGs, are pulsating when they are in

fact not.

Therefore, we need to assess the likelihood that the five stars identified above are otherwise
normal YSGs, and their lightcurves are all contaminated by starlight from actual pulsating stars
(whether from nearby stars in the aperture or a binary companion), or contain spurious periodic
signals introduced by detrending. If five stars were randomly selected as “pulsators” from our
sample due to contamination, we would not expect them to be found in such a small region of
the HR diagram. To determine the extent to which crowding may have influenced this detection,
we can ask the question: assuming any of the stars in our sample could have randomly been con-

taminated by pulsators, how likely is it to draw five stars from our sample and have them form a
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grouping in the HR diagram with equal or lesser size. We can answer this question directly with a
simple bootstrap analysis. For each of the 18,474,840 unique subsamples of 5 stars, we calculate
the dimensions, Alog Tor and Alog L/ L, of the smallest box in the HR diagram that contains
the subsample. Note that this analysis does not account for the decreasing likelihood of finding a
binary companion around a large supergiant, and so in just the case of contamination by a binary
companion, the derived likelihood is an uppper limit. Figure 6.7 shows the two-dimensional his-
togram of Alog Ter and Alog L/ L. The actual values of Alog Teg and Alog L/ L, calculated
from the five FYPS is indicated by the red star. We find that only 8.8% (1.2%) of all possible
subsamples have equal or lesser ranges of A log Tog (Alog L/ L). All told, only 0.07% of all pos-
sible subsamples are bounded by a smaller region in the HR diagram. If we repeat this calculation
with only the LMC YSGs, this number decreases to 0.03%. Thus, we deem it exceedingly unlikely
that the lightcurves of these five stars (and only these five stars) happened to have randomly been
contaminated by a nearby pulsator or pulsating companion, and conclude that we have discovered

a genuine new class of pulsating star.

6.3.2 Variability and Pulsation Frequencies of FYPS
Prewhitening

The extraction and measurement of individual pulsation frequencies from lightcurves with frequency-
independent noise is a fairly well-defined procedure: the strongest peak can be identified based on
its amplitude or FAP, and a prewhitening procedure can be applied to iteratively fit and subtract
sinusoids from the lightcurve corresponding to the extracted frequencies until some noise threshold
is reached [e.g., 24]. The resulting lists of frequencies, amplitudes, and phases in principle, com-
pletely describe the coherent variability found in the lightcurve. However, in the case of frequency
dependent noise (in this case, stochastic low frequency variability of astrophysical origin), spuri-
ous peaks that are random fluctuations superimposed on the noise are extracted, while true peaks
that lie on top of the much lower-amplitude white noise at higher frequencies can be ignored. To

account for this effect, we adopt the procedure used by [24], with the following modifications and
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Figure 6.7 Two-dimensional histogram of AlogT.s and Alog L/L, for all simulated five-star
subsets. The actual Alog T.g and Alog L/ L, of the real sample of FYPS is shown with the red
star. We conclude that the association of FYPS in the HR diagram is unlikely to arise by chance.
Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [72].

stopping criterion:

1. At each stage of prewhitening, we fit the (amplitude) spectrum as described above, and
obtain the RPS before selecting a frequency to prewhiten. We note that this is the opposite
procedure adopted by [29, 27, 28], who prewhiten coherent frequencies before fitting the
amplitude spectra to characterize the stochastic background. This is because the power of
the stochastic variability is much higher than that of the peaks in the periodogram, especially
at low frequency. However, because we are not removing the stochastic variability from the
lightcurve itself, this only helps us locate the peaks in the RPS. The frequencies, amplitudes,

and phases we obtain are otherwise identical to what we would obtain following [29, 27, 28].

2. Chapter 5 identified multiple harmonics of some recovered frequencies. To properly treat

potential harmonics, at each stage of prewhitening, we fit both the selected frequency and
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the amplitude and phase of its first two harmonics. There are some instances where we
select a frequency that is itself a harmonic of another lower amplitude frequency, and so
the fundamental is not removed by the harmonic fit. We note all instances when this occurs

below.

. In addition to saving the best-fit parameters of each sinusoid, we calculate the associated

errors on each parameter, using the formulae given in [169] and [201]:

6 1 o;

e(fj) = NW_T% (6.2)
2

E(Aj) = NO'j (63)
2 .

() =\ 52 (6:4)

J

(6.5)

where NN is the number of points in the lightcurve, 7" is the time baseline of the lightcurve, f;,
A;, and ¢; are the frequency, amplitude, and phase extracted at the 5™ prewhitening stage,
and o; is the standard deviation of the flux at the same stage. We also record the value of
the RPS at the selected frequency, and the SNR, calculated as the peak height divided by the

standard deviation of the RPS in a narrow window between f,,.. = 2fr and f,,.. £ 7fr.

. As a stopping criterion, we proceed until we reach a minimum in the Bayesian Information

Content (BIC, [257]) of the fit:

BIC = —2In(£) + mIn(N) (6.6)
N (g — F(t:, O))?
—2(L) =Y y ((72’ ) 6.7)

i=1 ¢

where L is the likelihood (to within a constant), m is the number of free parameters in the

fit (77 + 7 at the j*® stage of prewhitening, beginning with j = 0), y; are the original fluxes
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observed at times t;, F'(t;, ©,,) is the sum of all of the fit sinusoids evaluated at fit parameters

O, and o; are the normalized errors in the original lightcurve [234, §15.1].

As a postprocessing step, we discard frequencies that are quite similar to each other (i.e., the
difference in frequencies is within 1.5 f, keeping the earliest frequency found). These similar and
spurious frequencies can arise due to the short length of the observing baseline [167]. The unique
frequencies, amplitudes, and phases, corresponding formal errors, RPS peak heights, and RPS
SNRs found for each star are listed in Appendix A.3. The frequencies extracted from the FYPS

are all between ~ 0.5 and ~ 4.6 d~! with semi-amplitudes ranging between ~ 40 and ~ 280 ppm.

From the final list of extracted frequencies, we search for harmonics of the form f;/f; = n,

where n is an integer greater than 1, that satisfy

nfi— f; <\ (ne(£)? + (e(£))” (6.8)

i.e., f; is an exact integer multiple of f; to within the errors, and the £*™ harmonic corresponds to
n = k + 1 (e.g., the first harmonic is n = 2). We also search for frequency combinations in the

form f; + f; = f&, such that

it = e <\ (05) 4 (e05)” + () (6.9)

Wavelet Analysis

In addition to the frequencies extracted from the entire lightcurve, we also attempt to determine
whether the frequencies and amplitudes are stable. To that end, we employ a time-frequency
analysis to search for variability in the dominant frequencies. We calculate the Weighted Wavelet

Z-transform [WWZ, 80], an extension of wavelet analysis with the Morlet wavelet:

B(t,7,w) = el (6.10)
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where here 7 is the time of the center of the wavelet, w = 2n f is the angular frequency, and ¢
sets the width of the Gaussian envelope and is chosen to be sufficiently small so that the wavelet
decays appreciably over the course of one cycle. Here we adopt ¢ = 0.0125, following [80]; in
principle, smaller or larger values of ¢ can be chosen to alter the time and frequency resolution,
which is frequency dependent. The discrete wavelet transform can be converted into a projection

onto the continuous basis functions

O (t,w,7) =1 (6.11)
Oy (t,w,7) = cosw(t — 1) (6.12)
O3(t,w,7) =sinw(t — 1) (6.13)

and we now fold the Gaussian envelope into a weighting function for each data point at time ¢; that

depends on the frequency and time center of the wavelet:
wi(T,w) = e (ti=m)? (6.14)

This change ensures that a wavelet centered on a gap in the data won’t pick up small amplitude
random fluctuations on either side of the gap, thereby suppressing false power that can often arise
in wavelet transformations of unevenly sampled data [e.g. , 288]. Ateach 7 and w, we calculate

the number of effective data points,

(6.15)

Nepr(T,w) =
and the weighted variance of the flux (which we denote x):

Vo(r,w) = (z]2) — (®4]2)? (6.16)
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where the inner product of two functions, (f|g) is defined as

> wi(T,w) f(t:)g(t:)

(flg) = 6.17)
Zj Wj (Ta CU)
We also calculate the weighted variance of a sinusoidal fit to the model:
Vy(r.w) = (yly) — (21]y)* (6.18)
defining
Y= ® (6.19)

where @ is a vector containing the basis functions, ®. 3 is a vector containing the coefficients of

the projection onto the basis functions,
Jo =S~ (6.20)

with the entries of the matrix S equal to Sy, = ($,|P,) and entries in the vector i, are y, = (Dp|z).

With these ingredients, we can calculate the WWZ at each 7 and w as

(Nepr —3)Vy

WWZ =
2(Va = V)

(6.21)

Finally, we set WIWWZ = 0 if min(t; — 7) > 27 /w (i.e., the nearest data point is more than one

cycle away from the center of the wavelet), to reduce computation cost.

HD 269953

HD 269953 is the brightest FYPS discovered with log L /L. = 5.437. We initially analyzed it in
Chapter 5, and suggested that it was a post-RSG, largely due to its infrared excess hinting at past
mass loss. It was previously studied by [306], who noted its variability. Figure 6.8 shows the RPS

of HD 269953, with the four unique frequencies recovered by prewhitening in grey. After search-



186

Frequencies
— f=1.335d""
-=-=- 1% Harmonic

0 2 4 6 g 10
Frequency [d™!]

Figure 6.8 RPS for HD 269953, with frequencies extracted by prewhitening indicated by vertical
grey lines. Red lines correspond to f = 1.335 d~! and its harmonic. Copyright AAS. Reproduced
with permission from Dorn-Wallenstein et al. [72].

ing for harmonics, we find one instance where the fundamental at 1.335 d~! has a lower amplitude
than the first harmonic at 2.671 d~! and so both frequencies are recovered. No combination fre-
quencies are recovered, implying the presence of three independent frequencies in the lightcurve of
HD 269953. The presence of these non-aliased frequencies may indicate the presence of multiple
oscillation modes in HD 269953. Alternately, the aperture may contain two different pulsating
stars. Without a better model of YSG pulsations, we cannot conclusively determine which sce-
nario is more likely; however, if the pulsation mechanism of FYPS is identical to that of o Cygni

variables, the presence of multiple modes may not be surprising [131].

Figure 6.9 shows the lightcuve (top, black), rolling median of the flux (top, green), RPS (right),
and WWZ (center) calculated on 500 linearly spaced time points, and 1000 frequency points on a
log, grid between log, (27 f) = —1 (f =~ 0.08 d™1) and 5.5 (f ~ 7.2 d™'). Frequencies extracted

via prewhitening are shown as horizontal white (WWZ) or grey (RPS) lines. At frequencies below
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1 d~!, the WWZ shows transient events that are associated with times where systematics in the data
appear to be present — e.g. the discontinuity after the mid-sector downlink at Time ~ 1620 days.
However, the wavelet map demonstrates that these transient events have no effect on the highest
amplitude frequencies in the RPS. At higher frequencies, the frequency of maximum power in
the WWZ rapidly changes as a function of time, appearing to oscillate between the three lowest
extracted frequencies. There even appear to be times when the peak in the WWZ almost disappears
(e.g., around Time = 1400; note the gap at Time = 1500 is due to a gap in the data). This indicates
that the detected pulsations are not stable, with amplitudes changing on timescales of days. Perhaps
the modes are stochastically excited and damped on these timescales. YSG interiors are complex,
with multiple boundaries between convective and radiative zones, which may be responsible for
driving the pulsations. However, with no reliable models of YSG pulsations, we can only speculate
at this time. Of the seven higher frequency peaks detected, five are harmonics of lower-frequency
signals as discussed. Some brief, low amplitude transient events are associated with the peaks in
the RPS corresponding to harmonics of lower frequency signals. Unfortunately, a drawback of the
WWZ (and most time-frequency analyses in general) is that potential interesting high-frequency

features are smeared out in exchange for increased time resolution.

HD 269110

HD 269110 was also discussed in Chapter 5, and had the lowest frequency signals detected there.
It has not been analyzed by any other modern variability studies. With our updated prewhitening
scheme, we extract four unique frequencies, including three incredibly close to each other: a main
peak with the highest SNR at f = 0.553 d~*!, and two small peaks, each separated from the main
peak by Af = +0.011 d~! (~ 10 times the resolution of the periodogram). The peak in the RPS
corresponding to the first harmonic of this frequency shows similar structure, though the higher fre-
quency subpeak is very low signal to noise. The lightcurve, RPS, and WWZ are shown in Figure
6.10. Only the three closely spaced peaks can be seen in the WWZ, and those peaks appear to fade
and reappear semi-regularly. While the modulation in the WWZ is not sinusoidal, extracting the

WWZ in a 0.2 d~! band around the closest frequency to the main peak and calculating the power
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Figure 6.9 (Top): TESS lightcurve of HD 269953 in black points, with green indicating the 128-
cadence rolling median. (Right): RPS, with frequencies identified by prewhitening in grey. (Cen-
ter): Weighted Wavelet Z-transform (WWZ, as defined in text) of the lightcurve as a function of
time and frequency. Higher values of the WWZ are shown in yellow, and lower values in blue.
Identified frequencies are shown as horizontal white lines, and region of the WWZ where the cen-
ter of the wavelet is within one cycle (1/f) of the beginning and end of the data are shaded in
white. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [72].

spectrum reveals a strong peak at f = 0.010 d~*!, quite similar to the frequency difference between
the three peaks recovered by prewhitening. One possibility is that HD 269110 is a binary system.
Pulsating stars in binaries exhibit frequency modulation similar to what we see [e.g. ], and ec-
centric close binaries can induce modulations in pulsation amplitudes on the orbital timescale [see

, for a lower-mass example], also in line with what we have detected. An alternate hypothesis
is that the f = 0.553 d™! is split by rotational effects [§I1.B.3 3], and 0.011 d~* is the rotational

frequency.

If HD 269110 is a binary system with a 20 M YSG primary and a 1/0.011 ~ 91 d orbital
period, a companion star would have to be ~ 100M in order for the semimajor axis of the orbit

to be larger than the stellar radius derived from the parameters listed in Table 6.3. Such an object



189

would have to be a black hole in order to not be significantly brighter than the primary, in which
case it would still be more massive than any known stellar mass black hole, a scenario we deem
to be incredibly unlikely. Alternately, rotational modulation of the WWZ on a ~ 90 d timescale
requires invoking a misalignment of the pulsational and rotational axes. Furthermore, a 91 day ro-
tation period is either quite close to, or exceeds the critical rotation periods of YSGs in the Geneva
models, depending on the mass. Regardless, the similarity between A f and the characteristic
timescale extracted from the WWZ is intriguing, and warrants follow-up observations. We discuss

the implications on the evolutionary status of FYPS below.
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Figure 6.10 Similar to Figure 6.9 for HD 269110. Note that the tallest peak in the RPS is the

triplet of split frequencies at f = 0.553 d~!. Copyright AAS. Reproduced with permission from
Dorn-Wallenstein et al. [72].

HD 268687, HD 269840, & HD 269902

HD 268687 was the third candidate pulsating YSG found in Chapter 5. However, the most promi-
nent frequencies we had found previously were superimposed upon the part of the power spectrum

dominated by low frequency stochastic variability. Apart from Chapter 5, it was identified as a
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Frequency [d™!] _ Frequency [d™] — Frequency [d™]

Figure 6.11 RPS for HD 268687 (left), HD 269840 (center), and HD 269902 (right). Light grey
lines show frequencies extracted by prewhitening, and light purple lines show the inferred fun-
damental, fj, and harmonics, as discussed in text. Copyright AAS. Reproduced with permission
from Dorn-Wallenstein et al. [72].

variable star in OGLE photometry [299]. With prewhitening, we extract six unique frequencies.
The RPS and extracted frequencies are shown in the left panel of Figure 6.11. The RPS displays
a broad comb of peaks, all but one of which correspond to periods faster than one day. None
of the low-frequency peaks identified in Chapter 5 are recovered; however, the peaks previously
identified as harmonics of the (now nondetected) dominant peak are recovered. From this, we con-
clude that the dominant peak identified in early TESS data without correcting for the SLFV may
have belonged to the overall pattern of peaks, even though it is no longer detected. Searching for
harmonics in the recovered frequencies reveals one frequency at 1.844 d—! with a detected first
harmonics at 3.687 d~!. A search for combination frequencies shows that the sums of the lowest
frequency peak and both the fundamental and first harmonic are also recovered frequencies. In-
terestingly, the four recovered frequencies in ascending order starting with 1.844 d~! are roughly
equally spaced, with a frequency difference of A f = 0.922 d!.

Pulsations in both HD 269840 and HD 269902 are newly discovered; the former was identified
as a variable in OGLE photometry [299]. Similar to HD 268687, the RPS of both stars show a
broad frequency comb (center and right panels of Figure 6.11) with a total of seven and three unique
frequencies extracted from HD 269840 and HD 269902 respectively. We do not find any remaining
harmonics or combination frequencies amongst the frequencies extracted from both stars. As in
HD 268687, the four frequencies recovered in HD 269840 above 2.270 d~! are regularly spaced
with a spacing A f ~ 0.567 d~! (though the spacing between the highest two frequencies is 0.001
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d~! higher). No such regular spacing is found in HD 269902.

Motivated by the apparent regular spacing of peaks in the RPS of all three stars, we searched
for evidence that each of the three FYPS exhibits a harmonic chain of peaks. In all three panels
of Figure 6.11, we assume that one of the extracted frequencies is a fundamental frequency and
plot its first few harmonics. In the case of HD 269840, we instead assume that the frequency of
the tallest peak at f = 2.270 d™! is four times the frequency of the fundamental, which lines up
with a peak in the RPS that is not selected by our prewhitening procedure. In all three cases, we
find an exceptional match between the assumed harmonic chain and most of the peaks in the RPS.
However, the actual observed frequencies are inconsistent with regular harmonic patterns to within

the errors

This fact could be due to one of two causes. The offsets from an even spacing pattern could
be caused by, e.g., structural glitches [§IV.B 3]. Such glitches can be used to assess sharp features
in the stellar structure that would otherwise be inaccessible by other means. Alternately, we may
have underestimated the errors for the extracted frequency. Instrumental correlations exist in data
taken by the Kepler and CoRoT missions, and can add to the uncertainty in extracted frequencies
[258]. As the theory of pulsations in YSGs is still nascent, we have no asteroseismic model for
these stars, and thus cannot determine whether the observed offset from an even spacing pattern
is astrophysical. However, we can determine the extent to which the uncertainty in the extracted

frequencies may be underestimated, assuming that the frequencies should be evenly spaced.

For each star, we calculate the difference between the observed frequencies and the closest fre-
quency in an evenly-spaced grid extrapolated from the fundamental frequencies assumed above,
Af, ignoring the observed frequency if the difference between it and the closest predicted fre-
quency is more than 0.005 d~'. We also calculated the associated uncertainties, oo by adding
the errors of the observed frequencies and the assumed fundamental frequency in quadrature. Fi-
nally, for the entire collection of A f measurements for all three stars, we calculate the reduced

chi-squared,

1 Af
=D 22
XTEd N DO'Af (6 )
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where D is a correction factor to account for underestimated errors, and N is the total number
of frequencies in the lightcurves of all three stars. If any scatter in the values of A f around 0 is
driven by measurement error, we can find the value of D for which 2 ; &~ 1 — i.e., the extent to
which our errors are underestimated. Doing so yields a value of D ~ 3, consistent with typical
values of D for similar space-based photometric observations [typically ~2-10, ]; of course,
this requires that we have correctly identified the right fundamental frequency, that the frequency
spacing is indeed a regular pattern, and that these offsets are not actually due to astrophysical

effects.

Ultimately, until systematic correlations in TESS data are better quantified and we are able to
generate accurate asteroseismic models of FYPS, we will not be able to make a concrete determi-
nation of the cause of the offset between the observed frequencies and a regularly spaced harmonic
series. The wavelet analysis used above may be able to help diagnose the behavior of the observed
frequencies. Unfortunately, HD 268687 has a measured SLFV amplitude of o = 0.064 £ 0.002,
the highest of all of the discovered FYPS, and the WWZ of the lightcurve is entirely dominated
by low-frequency transient features associated with this stochastic variability. The values of « are

smaller for HD 269840 and HD 269902. We plot the WWZs of both stars in Figure 6.12.

In HD 269902, most of the power in the WWZ is contained in the lower frequencies where
the stochastic low frequency background dominates — unsurprisingly given that the star has the
second-largest value of « out of the five FYPS (0.024 £ 0.001). Only by altering the scaling of the
image of the WWZ are we able to see the ridge associated with the lowest frequency peak, and it
is only detected with low signal-to-noise. In both stars, the the lowest frequency peak in the RPS
is associated with a broad band of power in the WWZ, similar to the WWZ of HD 269953, with a
secondary band appearing at ~ 2 — 3 d~! in HD 269840, at the approximate location of the highest
peak in the RPS.
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Figure 6.12 Similar to Figure 6.8 for HD 269840 (top) and HD 269902 (bottom). Copyright AAS.
Reproduced with permission from Dorn-Wallenstein et al. [72].
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6.4 Discussion

6.4.1 Asteroseismic Modeling

The discovery of fast pulsations in YSGs has very interesting implications for the study of the
interiors of evolved massive stars. The 25 M, solar-metallicity Geneva model [76] has a main
sequence lifetime of approximately 7 Myr. It then crosses the HR diagram in under 1 Myr, and
half a Myr later, has evolved bluewards once more to become a Wolf-Rayet star [190]. Due to
the incredibly short lifetime of YSGs on both crossings of the HR diagram, theoretical uncertainty
has long stymied our understanding of massive star evolution [137]. Pulsation frequencies ex-
tracted from long-baseline lightcurves assembled from space-based observations are perhaps the
most precise measurements we can make; typical values of f/e(f) for frequencies listed in Tables
A.10-A.14 are ~ 10~* — 107°. In better-studied stars, such precision allows for the diagnosis of
incredibly complicated physics, and is truly the benchmark of testing stellar evolution theory [3].
No asteroseismic models for YSGs that reliably converge exist [122], and so the era of precision
YSG asteroseismology is not yet upon us. However, we can compare the frequencies observed in

the FYPS with the characteristic Lamb and Brunt-Viiséld angular frequencies in a model YSG:

2
S? = w (6.23)
T
N2 = L [5(Ves = V) + 6V, (6.24)
Hp

where ¢ is the harmonic degree, ¢ is the sound speed, r is the radius of the local shell, g is
the gravity, and the remaining variables are defined as in [5]. Modes with angular frequencies
lw| > |N| and |w| > |S;| are mostly restored by pressure (p-modes), and modes with |w| < |N|
and |w| < |S,| are mostly restored by buoyancy (g-modes). While rudimentary, such a comparison
would illustrate the approximate regions of the stellar structure the observed pulsations will allow
us to probe.

To do this, we use version 12778 of Modules for Experiments in Stellar Astrophysics (MESA,

[223, , , , ]) to evolve a grid of nonrotating stellar models with initial masses between
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Figure 6.13 Left: HR diagram with non-FYPS plotted as black points, and FYPS plotted as green
stars. Z = 0.006 evolutionary tracks calculated with MESA are shown as solid grey lines with
their initial mass indicated. The 23 M, model is shown as a solid black line. The navy point is
the pre-RSG timestep in this model closest to the position of HD 269953 in the HR diagram. The
goldenrod point is the closest post-RSG timestep in the same evolutionary track. Right: Evolution
of the structure of the 23 M, MESA model as a function of time. The purple/light blue/green
regions are the parts of the star (in mass coordinates) dominated by H/He/metals, respectively. The
time axis is broken to illustrate the rapid post-main sequence evolution, including the strong mass
loss in the star’s final stages. The vertical navy line shows the age of the closest pre-RSG timestep
to HD 269953 in the HR diagram. The vertical goldenrod shows the age of the closest post-RSG
timestep. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al. [72].
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15 and 30 M, with a spacing of 1 M, initial metallicity set to Z = 0.006, and initial helium
mass fraction set to Y = 0.25 + 1.57 = 0.259. We first evolve the models through the entire pre-
main sequence stage until the entirety of the star’s luminosity comes from nuclear burning then
introduce more elaborate physics. Convective mixing follows the m1t ++ prescription from [224],
with overshoot following [78]. For mass loss, we use the “Dutch” [95] and “Vink™ [315] cool/hot
wind schemes respectively, and adopt an efficiency of n = 0.8 for the former [e.g. ]. Because
the luminosity in the outer layers of red supergiants can exceed the Eddington luminosity due to
high opacity in these layers, we follow [76], and increase the mass-loss rate in by a factor of 3
when the luminosity exceeds five times the Eddington luminosity. Finally, we use Type 2 opacities
for when the star has extra C/O during and after He burning. With these controls, all but the 28
M, model successfully ran; as we focus the remainder of our analysis on a single model, we chose
not to introduce additional controls for this one model. Our inlist files, including our timestep and

spatial resolution controls, are available online at ht tps://github.com/tzdwi/TESS.

The post-ZAMS evolutionary tracks are plotted in the left panel of Figure 6.13, with the 15, 20,
25, and 30 M, tracks labeled. We note that evolutionary modeling of post main-sequence massive
stars is fraught with uncertainty; different prescriptions for overshooting, or mass loss [e.g. [ 81], or
different choices of input physics like binary interactions or rotation [e.g. 70] can radically alter the
evolutionary pathway a given stellar model might take. Nonetheless, we can use these evolutionary
tracks to find a model that may approximate the structure and evolution of the FYPS. Interestingly,
the stars with initial mass M > 180 lose enough mass to begin turning around on the HR
diagram. Models more massive than 19 M become luminous and warm enough to encounter the
yellow void, at which point the models begin to exhibit rapid changes in their luminosities and
effective temperatures on ~month to year timescales — for clarity, we do not show the post-RSG
portion of the tracks after they reach an effective temperature hotter than 7000 K. The stars in our
sample are plotted as grey points, and the FYPS are plotted as green stars. The dark line shows
the model that passes the closest to the position of HD 269953 in the HR diagram, which has an
initial mass of 23 M. We show the evolution of the interior structure of this model throughout

its lifetime in the right panel of Figure 6.13. Each colored region shows the part of the star (in
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mass coordinates) dominated by H (purple), He (light blue), and metals (green) respectively as a

function of the age of the star.

The navy point and navy line in both panels of Figure 6.13 indicate the pre-RSG timestep
whose temperature and luminosity best match the observed values for HD 269953. At this point,
the model is ~ 9.0 Myr old, has a current mass of 21.6M, and has logT.,s = 3.694, and
log L/ L. = 5.398. By this time, the star has begun core He fusion, has created ~ 0.8M, of
C, and is losing significant mass from its envelope. Similarly, the goldenrod point and vertical line
in Figure 6.13 correspond to the post-RSG timestep in the same model that is closest to HD 269953.
This model is 9.3 Myr old, has undergone extensive mass loss as an RSG, and has log T = 3.683
and log L /Lo = 5.446. It is still fusing He in its core, but has built up significant C and O mass.

It’s current mass is only 16.6 M,

We show the interior structures of both models as a function of mass coordinate in the top panels
of Figure 6.14; the pre-RSG model is on the left, the post-RSG model is on the right. The density
profiles, normalized by the central density p., are shown in dark yellow, while the composition is
shown as the profiles of X, Y, and Z with identical colors as the right panel of Figure 6.13. We
calculate the Lamb and Brunt-Viisili frequencies in each model. The bottom panels of Figure 6.14
show the logarithm of N? (blue) and S? (orange). The frequencies detected in the TESS lightcurve
of HD 269953 are shown as horizontal black dashed lines. Two regions exist within the pre-RSG
model where g-modes are able to propagate (shaded in blue), while p-modes are able to propagate
throughout the envelope of the star (shaded in orange). The inner g-mode cavity corresponds to
the region outside of the core that experienced previous H burning, while the outer cavity cavity
corresponds to a chemically-stratified outer envelope. In the post-RSG model, the innermost g-
mode cavity has moved outward, and combined with the outer cavity. Sharp features in the stellar

structure can be seen in both characteristic frequencies.®

We stress that this is not an asteroseismic analysis of the star; we have made no attempt at

8We note that the sharp steps in the composition profiles of the envelopes of both models (and the corresponding
spiky behavior of N? in this region) are due to small discontinuities in the resolution of the MESA model, and are
not real features.
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predicting the excited frequencies in either model, and are by no means identifying the observed
frequencies with p- or g-modes, let alone more complicated phenomena such as strange modes.
Furthermore, the exact treatment of mixing (including semiconvection and thermohaline mixing,
which we do not include in our simple models) can have an incredibly strong infuence on the
pre-supernova structure of the star [e.g. 78]. Indeed, with no reliable interior models of YSGs,
we cannot identify modes in order to conduct a full asteroseismic analysis, which may allow us
to constrain these physics as well as the evolutionary status of FYPS. However, this rudimentary
comparison does illuminate the regions of the stellar structure that the observed pulsations might
probe, as well as the drastically different interior structures and pulsational properties seen in pre-
and post-RSG models that reside in quite similar regions of the HR diagram. One possible step
towards mode identification is to see whether the highest amplitude pulsation frequencies scale
with the observed parameters of the stars to ascertain whether the pulsations may be in the acoustic,
gravity, or gravito-intertial regime. We searched for correlations between the strongest observed
frequencies and log 7., log L/ Ly, and log R~ (as a proxy for log g), but a sample of only five
FYPS is insufficient to find any obvious trends. Futhermore, the available spectra are of insufficient
resolution to measure v sin i, which are typically less than 10 km s ~! in YSGs [21]. With more
FYPS, and higher resolution spectroscopy we may be able to conclusively determine the origin of
these pulsations. Again, we emphasize that this demonstration serves only to motivate future work

on these stars, and show the potential of FYPS for asteroseismology of YSGs.

6.4.2 Evolutionary Status: Leftward vs. Rightward Evolution, and the Red Supergiant Problem

Examining Figure 6.13, the FYPS appear to be descended from stars with initial masses of Mgy ps 2
20M,. As discussed above, the maximum observed luminosity of Supernovae II-P progenitors is
significantly lower than the maximum luminosity of field RSGs (the red supergiant problem), im-
plying that stars with an initial mass above M,,,, ~ 200 don’t end their lives as red supergiants
that explode [140]. The coincidence between M,,.. and Mgy pg is consistent with perhaps the

most natural solution to the red supergiant problem: high mass RSGs aren’t found as supernova

progenitors because they do not explode as RSGs. They instead evolve bluewards on the HR di-
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Figure 6.14 Top: Interior structure of the closest pre-RSG (left) and post-RSG (right) 28 M
MESA models to HD 269953. The dark yellow line shows the density profile, while the purple,
light blue, and green lines correspond to the profiles of X, Y, and Z, respectively, as in the right
panel of Figure 6.13. Bottom: Calculated values of the log of the square of the Brunt-Viisala
(blue line) and Lamb (orange line) frequencies as a function of the mass coordinate within both
MESA models. Here we only show S; for simplicity. Regions where w < |N| and |w| < |S|
(i.e., where g-modes of a given frequency can propagate) are shaded in blue, and regions where
w > |N| and |w| > |Si| (i.e., where p-modes of a given frequency can propagate) are shaded in
orange. Frequencies extracted from the TESS lightcurve of HD 269953 are shown as horizontal
black dashed lines. Copyright AAS. Reproduced with permission from Dorn-Wallenstein et al.

[72].

agram after losing significant mass as RSGs, attaining high enough values of L/M to excite the
rich spectrum of observed pulsation modes as predicted in the post-RSG models of [249]; FYPS
are thus post-RSG objects.’

While this hypothesis offers a tantalizing solution, putting it on more solid footing would re-

Note that the MESA models more massive than 18 My, lose enough mass as RSGs to evolve bluewards in the

HR diagram. This is not seen in the low-metallicity Geneva models [91, ]. If FYPS are genuine post-RSGs,
this would require an increase in the mass loss rates used in standard stellar models. RSG mass loss rates have only
been directly measured in very small numbers of stars in the Galaxy [e.g. ], and in even fewer LMC RSGs [e.g.

]. RSG mass loss is also episodic, and while constant mass loss prescriptions can reproduce the makeup of RSG
populations [213], they are still only an approximation to the actual mass loss histories of individual objects.
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quire additional evidence that FYPS are indeed in a post-RSG phase. One route is to search for
evidence of strong past mass loss. The TIC contains photometry from the Wide Field Infrared
Exlorer (WISE, [324]), in four mid-infrared bands: W1 (3.4 pym), W2 (4.6 ym), W3 (12 pm),
and W4 (22 pm). For most stars, the WISE bands are in the Rayleigh-Jeans tail of their spectral
energy distribution (SED), and they therefore have colors ~ 0 in Vega passbands [59]. Deviations
from 0 may be attributable to infrared molecular bands, especially in the spectra of red supergiants

(Dicenzo & Levesque, in prep). However, they may also be indicative of circumstellar dust.

We inspected the WISE colors of all stars in our sample. Only the brightest and coolest FYPS,
HD 269953, has significantly larger values in each WISE color than nearby stars on the HR di-
agram. The remaining FYPS are mostly indistinguishable from their fellow stars, though HD
269840 also has a slightly larger W3 — W4 value than other nearby stars. The three FYPS dis-
cussed in §6.3.2 have somewhat smaller values of W3 — W4, more consistent with the RSGs than
the YSGs. While suggestive that the two most luminous FYPS may have some warm dust con-
tributing to their SEDs, this is not concrete evidence that all five FYPS are in a post-RSG phase. Of
course, these mid-infrared measurements are only sensitive to warm dust located relatively close
to the star. Perhaps HD 269953 is a less-evolved FYPS with a warm and close CSM, while the
CSM of the remaining FYPS have cooled and are undetectable. Probing cooler dust further from
the stellar surface would require higher resolution imaging at longer wavelengths [e.g. . If
the mechanism powering the pulsations in FYPS also operates at higher metallicity, it would be

possible to find a more nearby FYPS in our Galaxy in order to perform such observations.

It is also important to note that the circumstellar dust produced by RSGs is known to be larger
grain than that found in the interstellar medium, and that incorrectly accounting for “gray” extinc-
tion from this dust can lead to underestimates of L in RSGs (e.g. [187, , , D). If the same
is true for the circumstellar dust found around post-RSG YSGs (produced during the RSG phase),
it is possible that this could lead to underestimating the L of these stars, which would in turn lead to
underestimating stellar mass when comparing the stars to evolutionary tracks on the HR diagram.
Quantifying this requires careful observations of these stars’ circumstellar environments and dust

properties.
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One concrete counterargument to the post-RSG hypothesis is found in HD 269110. If HD
269110 is a binary, and the pulsation amplitudes are orbitally modulated, such a binary system
would have to be relatively close and eccentric, implying that the two stars have not previously
exchanged significant mass. If the primary had previously experienced strong mass-loss as an RSG,
the orbit would most likely have circularized instead. However, as discussed above, a companion
star with a 91 day orbit would have to be ~ 100M, in order for the semimajor axis of the orbit to
be larger than the stellar radius. As rotation is an equally unlikely culprit due to the low surface
gravity/critical rotation speeds typical of YSGs, a more thorough characterization of HD 269110
is required.

Ultimately, it is hard to draw any conclusions from such a small sample of pulsators. A total
of 341 YSGs identified from [1 16], [271], [313], [103] — all in the Milky Way — [214] — SMC
— and [215] have entries in the TIC. Assuming our sample of YSGs observed by TESS is rep-
resentative of the entire population, ~ 5/27 = 19% of YSGs are FYPS, implying that TESS can
detect ~ 63 FYPS. Even if TESS observes half as many FYPS, we would be able to better char-
acterize the boundaries of the region in the HR diagram in which they reside, and whether the

presence/behavior of FYPS is dependent on metallicity.
6.5 Conclusions
Our main results are summarized as follows:

* We study the TESS lightcurves of 76 cool supergiants with accurate temperatures and lumi-
nosities. For YSGs located in the Large Magellanic Cloud, these lightcurves span a time
baseline of a year. We discover that low-frequency stochastic variability is ubiquitous in
these stars, and rule out surface convection as the underlying cause for all but the red super-
giants. This implies that this variability, also observed in main sequence O stars, is a constant

feature of massive stars throughout their lifetimes.

» After removing the contribution of this background variability from the periodograms of the

stars in our sample, we find two regions in the HR diagram with pulsating stars. Four of
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these stars are candidate ov Cygni variables, of which three are newly identified as such. The
remaining five pulsating stars are clustered in a region of the HR diagram not previously

identified as a region of instability.

We rule out binarity, spurious signals, and chance alignment with nearby stars causing us to
mistakenly find these pulsators in the same part of the HR diagram by chance, and conclude
that these five stars comprise a real class, that we dub Fast Yellow Pulsating Supergiants

(FYPS).

We extract pulsation frequencies from the FYPS lightcurve using a new procedure to ac-
count for the stochastic background, search for harmonics and frequency combinations from
the extracted frequencies, and calculate the Weighted Wavelet Z-transform (WWZ) of the

lightcurves to study the time-dependent behavior of these frequencies

In HD 269953 and HD 269840 (and perhaps HD 269902), the lowest frequency strong peri-
odogram peak extracted is coincident with a broad ridge of power in the WWZ that rapidly

switches frequencies and amplitudes on ~day timescales.

HD 268687, HD 269840, and HD 269902 show a broad comb of frequencies, with most

extracted peaks being close to but not exactly in a harmonic chain.

One of the frequencies found in HD 269110 is split into a triplet, and the WWZ of the
lightcurve at that frequency is modulated on the same timescale as the difference between
peaks in the triplet. We are unable to determine whether or not this is due to rotation, binary

effects, or some other cause.

We introduce the possibility that FYPS are post-RSG objects that have lost enough mass as
RSGs to attain high luminosity-to-mass ratios, and excite pulsations [as in ]. This pos-
sibility is bolstered by the coincidence between the lowest estimated mass of the FYPS and

the highest mass RSG progenitors. While we are unable to concretely determine the exact
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evolutionary status of the FYPS, future work to determine whether or not they are genuine
post-RSG objects is of extreme importance, both theoretically by modeling their pulsation
frequencies, and observationally by finding more FYPS. Regardless of the evolutionary sta-
tus of FYPS, their pulsational properties will be of great use in the study of the interiors of

evolved massive stars.
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Chapter 7
CONCLUSION

Having reached the end,' it is worthwhile to now take a look back, see what we’ve learned,
and maybe even think a bit about what’s next. After all, much of this work has knocked on doors
that haven’t yet been opened for massive stars. If you’ll allow me, I’d like to indulge in some
speculation of what the future may bring.

I view this work as being neatly separable into three discrete chunks: Chapters 2 and 3 concern
themselves with modeling massive stars using approaches based in stellar population synthesis;
Chapter 4 is focused on applying ideas of machine learning to a field where “big data” has, until
recently, meant a few hundred stars; and Chapters 5 and 6 showcase the power of studying the high
frequency variability of massive stars. I’ll now discuss each of these topics in turn, before ending

everything with what I hope to be a satisfying summary.
7.1 Studying Populations of Massive Stars

To be a stellar theorist must be quite difficult. Crafting stellar models requires not only the ac-
knowledgement but the embracing of countless unknowns. This includes both known unknowns
— for example, the mixing length efficiency or the mass loss rates — and the unknown unknowns
that won’t reveal themselves until observers like me come along and ruin the collective days of
theorists everywhere.

Many of these quantities can be constrained by careful observations of massive stars. Aster-
oseismology has tremendous potential as a tool for probing the interior structures of stars, and
constraining evolutionary models. But as I’ve said once or twice already, massive stars are rare.

In order to gather large enough samples, we must turn to the massive star content of entire galax-

!Congratulations, by the way! As much fun as this has been to write, it must have been quite something to read.
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ies. Beyond individual bright objects in the Local Group, however, the careful observations that
guide us in our Milky Way aren’t feasible, and so we must study the ensemble properties of stellar

populations.

In Chapter 2, I introduced a method of estimating an unknown quantity, the massive star binary
fraction fj;,, using the demographics of a stellar population, while accounting for the fact that our
samples of massive stars are typically incomplete. In Chapter 3, I extended this analysis to stellar
models that incorporate the effects of rotation, and developed a statistical framework that ensures
the measurements we are making are the same quantities that are predicted by theoretical mod-
els. This work demonstrated that the models are remarkably consistent with the data, leading to
the intriguing possiblity that we could actually measure the massive star binary fraction in distant
galaxies. I also found tentative evidence that the massive star binary fraction increases with metal-
licity, a fact that has tremendous implications on both the formation and evolution of massive stars.
Indeed, recent work [210] has found direct evidence of this fy;,-Z relationship, albeit only in red
supergiants. Current work that uses a much improved sample of massive stars [189] has also used
the population synthesis method I have developed to find that this result is robust to a variable, and

unknown star formation history.

Of course, this work only implements a somewhat crude, post-hoc method of varying the binary
fraction in the models. This is largely because the population synthesis itself — calculating weights
and creating the synthetic populations — is computationally expensive. However, in theory, much
of the computational cost can be done before weighing each model, with the only remaining step
being the final summation over evolutionary tracks. In this case, provided weights could be gener-
ated quickly, the stellar populations could be synthesized “on the fly” using simple linear algebra in
order to forward model the observed data. Such methods would allow for not only the comparison
of models to data, but the actual inference of the binary fraction using Bayesian techniques. And
why stop at f3;,? Throughout the analysis, I assumed the distributions of the initial periods and
mass ratios from [198], but if the binary fraction changes with metallicity, why shouldn’t these
quantities as well? With the high quality data of massive stars that will be observed by Webb,

Roman, and LSST at the Vera Rubin observatory, the time to solve these computational issues is
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now.

7.2 Massive Stars in the Era of Big Data

For quite some time, the era of “big data” seemed to be a distant future for most of the massive
star community. Our samples are just too small, our methods of observation too inhomogeneous,
our error bars too large. And so many of our studies relied upon intense observational campaigns
focused on individual stars, or on “surveys” of dozens of poorly-characterized objects. But the
times, they are a-changin’.

In Chapter 4, I demonstrated that data from the Gaia mission constrains the absolute magni-
tudes and colors of stars in our Galaxy and the Magellanic Clouds with fantastic precision, allowing
us to construct huge samples of massive stars, with no need for narrowband surveys, or spectro-
scopic follow up. So are we ready to take out our fancy machine learning techniques, turn the
crank, and go? Much like most rhetorical questions in science, the answer is no. We are severely
limited by the existing quality of our labels: identifications of a given star as a red supergiant, or
luminous blue variable, or whatever class of massive star you happen to care about, are just too
unreliable to give us the results we want. This is an urgent problem given the imminent launch
of the James Webb Space Telescope® and the planned 2025 launch of the Nancy Grace Roman
Space Telescope, which will observe luminous stars 10s of Megaparsecs from our Galaxy. With
limited ability to obtain follow-up observations of these stars from the ground, we’re going to need
machine learning techniques.

Thankfully, the data necessary to classify the stars that we can use in future training samples
already exists: ground-based spectroscopic surveys like the APO Galaxy Evolution Experiment

(APOGEE) and the Large Sky Area Multi-Object Fibre Spectroscopic Telescope survey (LAM-

2Tt is important to note that before and during his tenure as NASA administrator, James Webb oversaw an era
of persecution, harassment, and purging of queer people in government service known as the “Lavender Scare;”
evidence indicates that Webb was personally involved in the creation and enforcement of the policies leading to
this period. If the stated purpose of the telescope named after Webb is to “reveal the unknown for the benefit of
all humankind,” we must ask ourselves how Webb can inspire us — all of us — in such a way, while the legacy of
Webb himself is one of persecution? At the time of this writing, NASA is currently investigating Webb’s record. 1
believe this is not enough, and I urge my readers to urge NASA to rename the telescope after a more worthy figure.
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OST) are measuring temperatures, surface gravities, and compositions for millions of stars. Un-
fortunately, the focus on their spectroscopic pipelines — which themselves use machine learning
— is on low mass dwarfs and giants. However, with additional information available on Galactic

massive stars from Gaia , it is time to invest our resources into machine learning and massive stars.

7.3 Towards an Asteroseismic Future

If you’re anything like me from a few years ago, then maybe “asteroseismology” sounds like
magic, a whispered incantation to summon measurements of seemingly impossible quantities; I
mean come on, measuring how fast a star’s core is rotating using just single-band photometry?
You’ve gotta be joking. But think about it like this: the frequencies listed in §A.3 are measured
with a precision f/e(f) of about 10°. That’s like measuring the temperature of Betelgeuse to the
nearest tenth of a Kelvin, when in reality, our measurements of stellar temperatures have errors on
the order of a few tens to a couple hundred Kelvin! And these frequencies are incredibly sensitive
to the conditions inside the star, in a way that effective temperatures, surface gravities, and even
surface abundances just aren’t. And so it’s no surprise that missions like Kepler and TESS are
changing the game when it comes to stellar astrophysics.

Unsurprisingly, many of the advancements enabled by asteroseismology have been for low
mass stars. Part of this was an observational problem: massive stars — especially evolved massive
stars — are rare, and their average density on the sky is low. This is made even worse by the
fact that the massive stars observable by small telescopes (like Kepler and TESS ) cluster together,
either in the Galactic plane or in the Milky Way’s satellite galaxies. This means that missions with
small fields of view who won’t be named® just didn’t observe any evolved massive stars — at least
not during “Schmepler’s” original 4-year mission.

But TESS , with its large field of view and all-sky observing strategy, is fixing this problem. In
Chapter 5 I showed that even with single sectors of observations, TESS revealed both stochastic

and coherent variability in yellow supergiants and luminous blue variables. In Chapter 6, I showed

30k, one of their names rhymes with “Schmepler.”
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that with an entire year of data for stars in the continuous viewing zones, we can measure the fre-
quencies of coherent modes with incredible precision, while constraining stochastic low frequency
variability. Indeed, this SLFV seems tied to a star’s location in the HR diagram (Figure 6.4), and
therefore its mass and evolutionary status.

The remaining stumbling block for us is now one of theory. As discussed in depth in the
introduction, low mass stellar models are generally in agreement, but models for the post-main
sequence evolution of massive stars diverge rapidly from one another. Even worse, recent efforts
to model the stability of evolved massive stars to pulsations have found difficulties getting models
to converge in the part of the HR diagram where asteroseismic analysis could have the greatest
impact (i.e., the region occupied by fast yellow pulsating supergiants). While the existence of
FYPS has tremendous potential for unravelling the mysteries of massive star evolution, this will
only be possible if stellar theorists turn their attention to the pulsations of massive stars crossing

the HR diagram.

7.4 In Summary...

...massive stars are cool!* They are tremendously important objects given their impact on their
surroundings, as well as their status as complex astrophysical laboratories in which our theories of
stellar evolution can truly be put to the test. In order to truly understand these fantastic objects,
we must take a broad scope, using every tool in our collective toolbox. Some unknown quantities
(like the binary fraction, or the distribution of natal rotation rates, etc.) require the observation and
modelling of large populations of massive stars. In particular, simple demographic information of
young stellar populations can be incredibly insightful (Chapters 2 and 3). However, these methods
need large numbers of stars with well-measured properties (e.g., their rough evolutionary stage,
or even better, temperatures and gravities). Making these measurements at scale is only going to
be possible with machine learning techniques, a prospect for which we are currently unprepared

(Chapter 4). Finally, some of our studies of massive stars are going to have to stay close to home,

40Or hot. Whatever.
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bringing the full might of asteroseismology to bear, and providing us with truly unprecedented
glimpses into the interiors of massive stars (Chapter 5 and 6). But this can only be done with
models that don’t currently exist.

If there is one guiding theme to this work, it is the underlying push and pull that exists between
new technologies — techniques or telescopes or models — that have allowed us to take enormous
strides in the last 5-10 years, and the resulting mess when these steps have taken us into new lands
where our current knowledge and abilities are no longer sufficient. It is my sincerest hope that
this thesis has outlined this tension and described a few necessary steps that we as a community
must take to prepare to study massive stars in the 2020s and beyond. I also hope you’ve enjoyed
my work! It is the result of six years of intense thought and research; twenty-four years of formal
education; and countless late nights, lines of code, cups of coffee, housing disasters, personal
drama, joy, sadness, and everything in between. And after all that, I can’t wait to see what’s next.

Thank you for reading.
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Appendix A
SUPPLEMENTARY DATA

A.1 Coarse labels for 2550 stars

Table A.1 lists all 2550 stars with no known label, and predicted labels generated by the SVC

trained on coarse labels.
A.2 Frequencies found via prewhitening

The following tables contain the list of unique frequencies (separated by 1.5/7") found by the
prewhitening procedure described in §5.2.2, not accounting for the red noise that we later identify

as stochastic low frequency variability.



Table A.1. Common names, coordinates, and predicted labels

of 2550 stars input to the SVC trained on coarse labels.

Common Name

R.A. [deg]

Dec [deg]

Predicted Coarse Label

WISE J000559.28-790653.3
TYC 4500-1480-1

BD+61 45

NGC 104 LEE 2520

WISE J002203.44-693554.7
WISE J002207.43-742212.1
WISE J002318.05-742326.4
WISE J002340.20-750446.9
WISE J002758.92-764527.2
WISE J002759.32-742119.8

1.49713706
2.86210879
5.25504760
5.41170226
5.51434821
5.53102165
5.82523611
5.91756693
6.99552600
6.99734043

—79.11483482
79.08686958
62.77064970

—72.21106679

—69.59851087

—74.37003199

—74.39068759

—75.07972556

—76.75757402

—74.35552728

Hot
Hot
Hot
Hot
Hot
Hot
Hot
Hot
Hot
Hot

Note. — This table is published in its entirety in the machine-readable format. A portion is

shown here for guidance regarding its form and content.
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Table A.2. Unique frequencies, amplitudes, phases, and formal errors for S Dor found via
prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether

the corresponding signal is significant under the assumption of white noise.

fi e(f5) A; €(4;) b; €(¢;) SNR  White Noise Significant?
[day—1] [day—'] [ppt] [ppt] [radians] [radians]
0.17914669 0.00018699 1.37355329 0.02618908 2.1115 0.0191 1.3475 Y
0.74026962 0.00019105 1.29287459 0.02518611 —2.1163 0.0195 1.2684 Y
0.40287251 0.00019943 1.14940943 0.02337377 3.0257 0.0203 1.1276 Y
0.43090953 0.00019300 1.14783830 0.02258911 2.2956 0.0197 1.1261 Y
1.01866464 0.00020589 1.03719972 0.02177483 —2.7873 0.0210 1.0176 Y
0.31848154 0.00019611 1.05415657 0.02108043 1.5970 0.0200 1.0342 Y
0.29162660 0.00017781 1.12253453 0.02035210 —2.9533 0.0181 1.1013 Y
0.24027468 0.00021217 0.90005164 0.01947179 0.9284 0.0216 0.8830 Y
0.13744498 0.00021613 0.83184153 0.01833204 —1.7119 0.0220 0.8161 Y
1.07115176  0.00022219 0.78722343 0.01783562 1.8799 0.0227 0.7723 Y
0.78858490 0.00022709 0.74934953 0.01735188 —1.3781 0.0232 0.7352 Y
0.90828327 0.00021351 0.77605388 0.01689571 1.7982 0.0218 0.7614 Y
0.48307755 0.00020698 0.77700877 0.01639875 —2.3994 0.0211 0.7623 Y
0.34807760 0.00022384 0.69613397 0.01588865 2.3071 0.0228 0.6830 Y
0.85068961 0.00022519 0.67309428 0.01545560 —1.3659 0.0230 0.6603 Y
0.56272556 0.00022740 0.64883341 0.01504492  —2.4447 0.0232 0.6365 Y
1.22788836  0.00022903 0.62763187 0.01465752 —0.5198 0.0234 0.6157 Y
0.98355185 0.00025223 0.54339970 0.01397567 —2.0356 0.0257 0.5331 Y
0.07590602 0.00025525 0.52566523 0.01368190 —1.4919 0.0260 0.5157 Y
0.60660139 0.00025350 0.51849540 0.01340258 0.4052 0.0258 0.5087 Y
1.33015001 0.00024735 0.47928094 0.01208818 1.8572 0.0252 0.4702 Y
0.52554769 0.00029181 0.39080118 0.01162824 2.6079 0.0298 0.3834 Y
0.63478994 0.00028666 0.38523180 0.01126049 0.3253 0.0292 0.3779 Y
1.12676389 0.00031689 0.33764956 0.01091027 —2.3219 0.0323 0.3313 Y
1.77927887 0.00032095 0.32894596 0.01076545 1.6639 0.0327 0.3227 Y
1.46672799 0.00031496 0.33088598 0.01062659 —2.3816 0.0321 0.3246 Y
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fi e(f;) A; €(4;) ®; e(¢;) SNR  White Noise Significant?
[day~!] [day~!] [ppt] [ppt] [radians] [radians]
1.42147429 0.00035459  0.27557523 0.00996403 —1.6050 0.0362  0.2704 Y
1.28479399 0.00035017 0.27609702 0.00985824  —2.3815 0.0357  0.2709 Y
0.66258409 0.00034800 0.27480157 0.00975139 —0.1970 0.0355 0.2696 Y
1.67496645 0.00035948 0.26019401 0.00953745 2.8436 0.0367  0.2553 Y
1.59025206  0.00034506 0.26826890 0.00943897 —1.8810 0.0352  0.2632 Y
1.72867338  0.00034824  0.26282574 0.00933267  0.6700 0.0355  0.2578 Y
1.89236098 0.00034930 0.25913313 0.00922956  2.8694 0.0356  0.2542 Y
1.17357337 0.00038477 0.22163510 0.00869573  1.7063 0.0392  0.2174 Y
0.82216092 0.00040298 0.20429334 0.00839472 —1.6606 0.0411 0.2004 Y
1.84679016 0.00041217 0.19482554 0.00818812 0.8427 0.0420 0.1911 Y
1.99892588  0.00039723 0.20056820 0.00812403  0.4310 0.0405  0.1968 Y
1.64601470 0.00039939  0.19780379 0.00805566  —0.7468 0.0407  0.1941 Y
1.92956387 0.00041821 0.18733961 0.00798889 —0.3576 0.0426  0.1838 Y
1.55320350 0.00045138 0.16847434 0.00775430 —0.8069 0.0460 0.1653 Y
2.36401361 0.00048031 0.15626593 0.00765330 1.8377 0.0490 0.1533 Y
Table A.3. Unique frequencies, amplitudes, phases, and formal errors for HD 269953 found via

prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether
the corresponding signal is significant under the assumption of white noise.

fi e(f) Aj €(4,) oy e(¢;) SNR  White Noise Significant?
[day~ 1 [day~ h [ppt] [ppt] [radians] [radians]
1.59360677 0.00033360 0.16933302 0.00576003 —2.4637 0.0340  0.2248 Y
1.17415786 0.00045342 0.12308820 0.00569092 —0.7787 0.0462  0.1634 Y
1.33479243 0.00067704 0.08190471 0.00565440 —1.2113 0.0690  0.1087 Y
0.22397835 0.00077286 0.07154318 0.00563809 2.3700 0.0788  0.0950 Y
2.67017901 0.00084583 0.06522685 0.00562564  0.3010 0.0862  0.0866 Y
0.58964787 0.00123743 0.04450296 0.00561529 —1.1783 0.1262  0.0591 Y
4.00557547 0.00130137 0.04228006 0.00561047 1.8289 0.1327  0.0561 Y
0.79888166  0.00134452 0.04089120 0.00560608 2.3207 0.1371 0.0543 Y
2.35305773 0.00136719 0.04018379 0.00560199 —2.6328 0.1394  0.0533 Y
0.56055207 0.00141498 0.03879914 0.00559803  0.5170 0.1443  0.0515 Y
0.26019548 0.00145392 0.03773483 0.00559432 1.0507 0.1483  0.0501 Y
0.41029670 0.00166929 0.03284581 0.00559081 2.5195 0.1702  0.0436 Y
0.64779043 0.00171080 0.03203336 0.00558813 —3.1395 0.1744  0.0425 Y
0.31217690  0.00180051 0.03042365 0.00558561 0.1242 0.1836  0.0404 N
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Table A.4. Unique frequencies, amplitudes, phases, and formal errors for HD 269582 found via
prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether
the corresponding signal is significant under the assumption of white noise.

fi e(f;) Aj €(4,) oy e(¢;) SNR  White Noise Significant?
[day~ 1 [day~ 1 [ppt] [ppt] [radians] [radians]
0.20327588 0.00026040 2.82300142 0.03653911 1.9457 0.0129 1.4285 Y
0.11705849 0.00038216 1.56893390 0.02980298 —1.8281 0.0190  0.7939 Y
0.27226816  0.00053917 1.02731918 0.02753193 —2.3371 0.0268  0.5199 Y
0.78368008 0.00069788 0.76229473 0.02644290  0.0658 0.0347  0.3857 Y
0.42011270 0.00076838 0.67630930 0.02583021 1.8420 0.0382  0.3422 Y
0.93338470 0.00082913 0.59356109 0.02446216 2.5364 0.0412  0.3004 Y
1.04145053 0.00111576 0.42869614 0.02377533 —1.8655 0.0555  0.2169 Y
1.60232584 0.00110823 0.42783042 0.02356714  —2.4842 0.0551 0.2165 Y
2.30579937 0.00112019 0.41940449 0.02335219 1.7965 0.0557  0.2122 Y
1.84981762 0.00115772 0.39499834 0.02273024 1.7261 0.0575  0.1999 Y
3.19875548 0.00124431 0.36446275 0.02254161 —0.4055 0.0618  0.1844 Y
1.24393495 0.00124528 0.36155380 0.02237916  —2.3360 0.0619  0.1830 Y
0.64113112 0.00136209 0.32818766 0.02221935 —0.2110 0.0677  0.1661 Y
2.60327615 0.00142004 0.31293170 0.02208795 —2.7382 0.0706  0.1584 Y
2.15944146  0.00143368 0.30823824 0.02196565 —1.2146 0.0713  0.1560 Y
1.48653861 0.00144310 0.30457385 0.02184704  3.0061 0.0717  0.1541 Y
0.87749148 0.00150520 0.28886982 0.02161222 —2.1677 0.0748  0.1462 Y
3.42963659 0.00152746 0.28324793 0.02150505 —1.3241 0.0759  0.1433 Y
1.79273050 0.00169152 0.25455605 0.02140248 —0.6712 0.0841 0.1288 Y
1.95391049 0.00168754 0.25415661 0.02131865 —1.6620 0.0839  0.1286 N
1.33240989 0.00234358 0.18158923 0.02115312 —0.4892 0.1165  0.0919 N
1.13080040 0.00161657 0.26272929 0.02111096 —2.4513 0.0804  0.1329 Y
0.50022915 0.00173592 0.24363786 0.02102219 —0.9353 0.0863  0.1233 Y
3.86015782 0.00167586  0.25044910 0.02086229 —1.1760 0.0833  0.1267 Y
3.34708610 0.00170259 0.24554829 0.02078023 —2.5729 0.0846  0.1243 Y




261

Table A.5. Unique frequencies, amplitudes, phases, and formal errors for HD 270046 found via
prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether
the corresponding signal is significant under the assumption of white noise.

fi e(fy) A, €(4,) oy e(¢;) SNR  White Noise Significant?
[day—1] [day—1] [ppt] [ppt] [radians] [radians]
0.07243476 0.00030333 0.20507787 0.00634302 —0.3777 0.0309 0.2496 Y
0.17088628 0.00053075 0.11542925 0.00624698 1.5664 0.0541 0.1405 Y
0.11054852  0.00062375 0.09772997  0.00621592 2.9262 0.0636 0.1189 Y
0.03864776 0.00059915 0.10138306 0.00619388 —1.7175 0.0611 0.1234 Y
0.23757177 0.00081819 0.07373290 0.00615146 —0.3369 0.0834 0.0897 Y
0.30727002 0.00088671 0.06790027 0.00613926 —2.1785 0.0904 0.0826 Y
0.26646463 0.00108406 0.05544526 0.00612890 —1.8481 0.1105 0.0675 Y
1.03232899 0.00124699 0.04814869 0.00612224 —2.4317 0.1272 0.0586 Y
0.38422638 0.00153431 0.03905225 0.00610975 2.7074 0.1565 0.0475 Y
1.46213112 0.00165260 0.03621682 0.00610298 —1.3304 0.1685 0.0441 Y

Table A.6. Unique frequencies, amplitudes, phases, and formal errors for HD 270111 found via
prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether
the corresponding signal is significant under the assumption of white noise.

fi e(f;) A €(4,) oy e(¢;) SNR  White Noise Significant?
[day—1] [day—1] [ppt] [ppt] [radians]  [radians]
0.13690821 0.00134854 0.13655040 0.00931212 2.5988 0.0682 0.1563 Y
0.20720738 0.00228811 0.08001971  0.00925903 —2.9088 0.1157 0.0916 Y
0.48123388 0.00267880 0.06819859  0.00923862 —2.4779 0.1355 0.0781 Y
0.28689396 0.00253835 0.07186560 0.00922492 —1.0078 0.1284 0.0823 Y
0.41136823 0.00327074 0.05561540 0.00919881 0.6688 0.1654 0.0637 N
1.10220750 0.00358087 0.05074735 0.00918952 2.2761 0.1811 0.0581 N
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Table A.7. Unique frequencies, amplitudes, phases, and formal errors for HD 269331 found via
prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether
the corresponding signal is significant under the assumption of white noise.

fi e(f;) A; €(4;) ®; e(¢;) SNR  White Noise Significant?
[day~!] [day~!] [ppt] [ppt] [radians] [radians]
0.09042104 0.00050776 0.61699402 0.01557183  —0.4965 0.0252  0.4745 Y
0.17425772  0.00049282 0.60733804 0.01487734 —2.6545 0.0245 0.4670 Y
0.24876181 0.00072428 0.39309944 0.01415176 —0.3416 0.0360 0.3023 Y
0.48741510 0.00153999 0.18011694 0.01378726 0.6008 0.0765 0.1385 Y
0.31028888 0.00155887 0.17711953 0.01372399 —2.5111 0.0775  0.1362 Y
0.72997431 0.00315091 0.08710461 0.01364212 —0.4636 0.1566  0.0670 Y
Table A.8. Unique frequencies, amplitudes, phases, and formal errors for HD 269110 found via

prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether
the corresponding signal is significant under the assumption of white noise.

fi e(f;) Aj €(4,) oy e(¢;) SNR  White Noise Significant?
[day~ 1 [day~ 4 [ppt] [ppt] [radians] [radians]
0.55347685 0.00054988 0.15765766 0.00883984 —3.0872 0.0561 0.1345 Y
0.11644097 0.00063650 0.13560965 0.00880137  0.0247 0.0649  0.1156 Y
0.15753531  0.00084280 0.10207525 0.00877217 —2.7811 0.0859  0.0871 Y
0.06899622 0.00092764 0.09256332 0.00875550  0.3983 0.0946  0.0789 Y
0.19233848 0.00121647 0.07031901 0.00872248 —2.6869 0.1240  0.0600 Y
0.03827322 0.00123650 0.06911817 0.00871466 —2.0575 0.1261 0.0589 Y
0.40617680 0.00160856 0.05304164 0.00870001 —0.8097 0.1640  0.0452 N
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Table A.9. Unique frequencies, amplitudes, phases, and formal errors for HD 268687 found via
prewhitening. For each frequency, we specify the signal to noise as defined in text, and whether
the corresponding signal is significant under the assumption of white noise.

fi e(f5) A; €(4;) b; €(¢;) SNR  White Noise Significant?
[day—1] [day—'] [ppt] [ppt] [radians] [radians]
0.33981559 0.00016013 0.99396295 0.01623009 2.0925 0.0163 0.7147 Y
0.08920241 0.00018662 0.80772984 0.01537070 1.5642 0.0190 0.5808 Y
0.15510687 0.00020617 0.70324644 0.01478409 —1.6240 0.0210 0.5056 Y
0.27854537 0.00024130 0.58182295 0.01431571 —0.7820 0.0246 0.4183 Y
0.42764474 0.00023359 0.58723924 0.01398757 —0.7239 0.0238 0.4222 Y
0.12802564 0.00026270 0.49788111 0.01333659 1.4333 0.0268 0.3580 Y
0.63934778 0.00026317 0.48760456 0.01308489 —3.0826 0.0268 0.3506 Y
0.04723986 0.00032221 0.37892065 0.01244933 2.3780 0.0329 0.2725 Y
0.22510722 0.00031700 0.38006651 0.01228505 —2.1114 0.0323 0.2733 Y
0.53353809 0.00032444 0.36148395 0.01195896 —2.5173 0.0331 0.2599 Y
0.49649588  0.00039730 0.29148694 0.01180883 —2.3401 0.0405 0.2096 Y
0.68791268 0.00041399 0.27292858 0.01152133 —1.9944 0.0422 0.1962 Y
1.34086866 0.00045333 0.24730899 0.01143192 —2.5120 0.0462 0.1778 Y
0.37663919 0.00048990 0.22604532 0.01129199 —2.2111 0.0500 0.1625 Y
0.91512039 0.00049874 0.21952667 0.01116421 2.4091 0.0509 0.1578 Y
1.84286938 0.00049901 0.21823149 0.01110428 —1.1779 0.0509 0.1569 Y
0.73238778  0.00054246 0.19967911 0.01104494 2.9946 0.0553 0.1436 Y
0.80885741 0.00057409 0.18694716 0.01094361  —1.4790 0.0585 0.1344 Y
0.56637230 0.00058752 0.18116978 0.01085355 —0.1779 0.0599 0.1303 Y
0.94887342 0.00059490 0.17821977 0.01081098 0.5464 0.0607 0.1281 Y
2.76492751 0.00062369 0.16936638 0.01077111 0.0375 0.0636 0.1218 Y
0.86314365 0.00069636 0.15073177 0.01070295 —0.4226 0.0710 0.1084 Y
0.77723411 0.00076226 0.13697958 0.01064685 —1.6051 0.0777 0.0985 N
1.20371478 0.00083481 0.12400270 0.01055564 0.6327 0.0851 0.0892 Y
3.68650176  0.00097373 0.10559870 0.01048488 —0.9334 0.0993 0.0759 Y
0.99151843 0.00101754 0.10078308 0.01045694 2.3637 0.1038 0.0725 Y
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Table A.9 (cont’d)
fi e(f;) Aj €(4,) oy e(¢;) SNR  White Noise Significant?
[day™ 1 [day™ 1 [ppt] [ppt] [radians]  [radians]
0.46094861 0.00124317 0.08212864 0.01041091 —1.0581 0.1268 0.0591 Y
1.28252486  0.00126920 0.08030607 0.01039306 2.7736 0.1294 0.0577 N
1.41451720 0.00145098 0.07008822 0.01036985 0.1645 0.1480 0.0504 N
1.58281137 0.00152920 0.06630589 0.01033905  —1.7477 0.1559 0.0477 N
1.63275628 0.00163583 0.06188241 0.01032218 —1.3461 0.1668 0.0445 N
1.07507415 0.00166747 0.06067859 0.01031709 2.8570 0.1700 0.0436 N
4.60899785 0.00171384 0.05900802 0.01031210 —3.1032 0.1748 0.0424 N

A.3 Frequencies found via prewhitening

The following tables contain the list of unique frequencies (separated by 1.5/7") found in the

lightcurves of the FYPS by the prewhitening procedure described in §6.3.2, now taking into ac-

count the stochastic low frequency variability. Frequencies that are exact harmonics of other fre-

quencies are indicated. Combination frequencies recovered are noted in the comments of each

table. However, these are only the “exact” harmonics and combination frequencies recovered to

within the precision of the observed frequencies. As discussed in §6.3.2, frequencies with spac-

ings that are close to but not exact harmonics and combinations are recovered in HD 268687, HD

269840, and HD 269902; in these stars, only f4, f, and fg, and fo> respectively don’t belong to

these sequences of near-harmonics.
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Table A.10. Unique frequencies, amplitudes, phases, and formal errors for HD 269953 found
via prewhitening. For each frequency, we specify the SNR as defined in text, and the height of the
associated peak in the RPS at that stage of prewhitening.

Frequency fi e(f5) A; e(4;) on e(9;) SNR  RPS Peak Height
[day—1] [day—1] [ppt] [ppt] [radians] [radians]

fo 1.59347960 0.00002335 0.17835463 0.00269747 2.2998 0.0151 53.8321 1187.4096

i 2.67052158 0.00009247 0.04452312 0.00266624 0.2701 0.0599 32.9642 150.6893

fo 1.33523329  0.00006790 0.06058007 0.00266395 —0.5273 0.0440 20.1564 133.2001

f3 1.17424693 0.00006774 0.06062141 0.00265962 0.2279 0.0439 29.5097 118.7172

Note. — *: harmonics of fs.

Table A.11.

Unique frequencies, amplitudes, phases, and formal errors for HD 269110 found

via prewhitening. For each frequency, we specify the SNR as defined in text, and the height of the
associated peak in the RPS at that stage of prewhitening.

Frequency fi e(f;) A, €(4;) ®; e(¢5) SNR RPS Peak Height
[day~!] [day~!] [ppt] [ppt] [radians] [radians]

fo 0.55280981 0.00003493 0.16642430 0.00376526  —1.7283 0.0226 19.2635 173.6190

f 1.76353979  0.00013526 0.04277167 0.00374665 1.0248 0.0876  28.0123 59.3401

fa 0.54185885  0.00007463 0.07747331 0.00374458 —1.2620 0.0483 14.7085 40.2324

f3 0.56377424  0.00009201 0.06277635 0.00374066 —2.2209 0.0596 7.5121 29.0397
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Table A.12. Unique frequencies, amplitudes, phases, and formal errors for HD 268687 found
via prewhitening. For each frequency, we specify the SNR as defined in text, and the height of the
associated peak in the RPS at that stage of prewhitening.

Frequency fi e(f;) A; €(4,) oy e(¢5) SNR RPS Peak Height
[day™ 1 [day™ 1 [ppt] [ppt] [radians]  [radians]
fo 2.76530509 0.00006476 0.18020143 0.00755737 —2.9889 0.0419 63.1039 268.6123
i 3.68693149 0.00010893 0.10696509 0.00754615 2.7915 0.0705 86.6110 171.2117
fo 1.84352713  0.00005631 0.20680066 0.00754233 —2.5874 0.0365 44.4964 148.7754
f3 4.60860763 0.00018083 0.06428032 0.00752813 2.2392 0.1171 57.2225 88.0887
fa 1.34234726 0.00004934 0.23553062 0.00752674 3.0867 0.0320 50.1173 87.3329
f5 0.92187126  0.00004733 0.24496247 0.00750823 —2.2787 0.0307 8.2893 33.9434

Note. — «: harmonics of fo. f3 = f1 + f5. fo = fo+ f5.

Table A.13.

Unique frequencies, amplitudes, phases, and formal errors for HD 269840 found

via prewhitening. For each frequency, we specify the SNR as defined in text, and the height of the
associated peak in the RPS at that stage of prewhitening.

Frequency fi e(f;) A; e(4;) b e(¢5) SNR RPS Peak Height
[day—'] [day—'] [ppt] [ppt] [radians] [radians]

fo 2.26965893 0.00005279 0.19821747 0.00463827 —1.0031 0.0234 60.4289 490.7758

f 3.40445242 0.00007777 0.13350616 0.00460197 2.2648 0.0345 45.3612 460.6608

fo 1.13468853 0.00003708 0.27915368 0.00458731 1.8206 0.0164 41.2142 332.8405

f3 2.83703781 0.00020544 0.04966845 0.00452268 2.2047 0.0911 33.1261 61.2621

fa 0.71676916  0.00007334 0.13905708 0.00451996 0.5576 0.0325 18.0708 57.1411

fs 3.97206611 0.00024415 0.04160807 0.00450260 —0.9063 0.1082 32.0854 55.6234

f6 1.38512974 0.00013130 0.07734552 0.00450113 2.4916 0.0582 24.1347 52.1294
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Table A.14. Unique frequencies, amplitudes, phases, and formal errors for HD 269902 found
via prewhitening. For each frequency, we specify the SNR as defined in text, and the height of the
associated peak in the RPS at that stage of prewhitening.

Frequency fi e(f;) A; €(4;) oy e(¢5) SNR RPS Peak Height
[day~ 1 [day~ 1 [ppt] [ppt] [radians]  [radians]

fo 2.90337860 0.00006011 0.12717671 0.00455148 —1.2740 0.0358  62.4969 333.8202

fi 1.45175166 0.00003744 0.20368400 0.00454088 —1.4444 0.0223  53.9124 307.3930

fo 0.08163766 0.00002411 0.31421154 0.00451126 —2.6455 0.0144 5.5540 21.4397
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