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ABSTRACT

Galaxies and stars form out of clouds of gas that collapse under the influence of gravity.

This collapse stops when the gas heats up enough for its outward thermal pressure to coun-

teract the gravitational compression. The cooling and heating functions of gas determine

how efficiently gas can cool down and heat up by respectively emitting or absorbing photons.

Gas thermodynamics drives the formation and evolution of galaxies. In this dissertation, we

explore how locally varying radiation fields impact gas cooling and heating functions. We

begin with a discussion of galaxy formation and evolution, and the atomic line emission and

ionization processes that cool and heat interstellar gas. We also describe the main computa-

tional tools used in this dissertation: photoionization codes, hydrodynamic simulations, and

machine learning.

We then present results from galaxies simulated by the Cosmic Reionization on Computers

(CROC) project, a hydrodynamic simulation of the Epoch of Reionization (EoR). The

EoR is the era when ionizing radiation from early galaxies and stars caused the gas in the

intergalactic medium to transition from neutral to ionized. We find that the cooling and

heating functions of gas in these simulated galaxies cannot be well-described with a spatially

constant radiation field, demonstrating the necessity of accurately accounting for spatial

variations in the radiation field intensity.

Next, we apply a machine learning approach to the problem of accurately approximating

cooling and heating functions in a locally varying radiation field. We train models to predict

cooling and heating functions at fixed metallicity using gas properties and four or more

photoionization rates describing the radiation field. These models are able to compute

cooling and heating functions more accurately than existing interpolation table methods. At

arbitrary metallicity, we are able to reduce the frequency of the largest errors compared to

an interpolation table approach. Interpolating between fixed metallicity models is the main

bottleneck to further improvement. In a corollary study, we train machine learning models

where the only radiation field parameters are its average intensity in various energy bins. We

find that only three bins (one just below and one just above the hydrogen ionization energy,

and one bin corresponding to high energy photons) are sufficient to accurately capture the

cooling and heating behavior at fixed metallicity.
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Finally, to investigate the effects of these various modeling choices in a physical context, we

implement one set of our machine learning cooling and heating models into a hydrodynamic

simulation of an isolated galaxy. To assess the effects of improved accuracy in cooling and

heating function approximations, we compare the gas temperature-density phase diagrams

of this simulation to the same simulation with cooling and heating rates calculated using an

interpolation table.

This dissertation lays groundwork for more accurate modeling of baryonic processes in

next-generation hydrodynamic simulations. This will improve our understanding of both

systematic errors from baryonic uncertainties in the constraints on cosmological parameters

from large-scale structure surveys and our understanding of gas physics in galaxy formation.
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CHAPTER 1

Introduction

This dissertation explores how the thermodynamics of gas in and around galaxies is affected

by the local radiation field environment. In this introduction, we provide a brief overview

of the theoretical framework of galaxy evolution (section 1.1) and the various thermody-

namic processes that heat and cool interstellar gas (section 1.2). Then, we discuss the main

computational tools used in the studies presented in subsequent chapters: photoionization

codes (section 1.3), hydrodynamic galaxy evolution simulations (section 1.4), and machine

learning (section 1.5). Finally, we outline the rest of this dissertation in section 1.6.

1.1 Galaxy formation in a cosmological context

Galaxies are luminous, gravitationally-bound structures containing stars, gas, dust, and the

mysterious invisible substance we call dark matter (Mo et al., 2010). It is now thought that

almost all galaxies have a Supermassive Black Hole (SMBH) at their center (e.g. Binney,

1977; Soltan, 1982; Merritt, 2000). The universe today is full of such galaxies, including our

home galaxy, the Milky Way. The field of galaxy formation and evolution studies how these

structures first formed, and how they changed through time to evolve to their present state.

Galaxy formation is inextricable from cosmology, the study of the state and evolution

of the universe on the largest scales. Almost all the galaxies we can see are receding away

from the Milky Way, with more distant galaxies receding faster, indicating that our universe

is expanding (Hubble, 1929). The standard model of cosmology (called ΛCDM) describes

both the expansion of the universe and the evolution of small density perturbations in the

very early universe into the large-scale structure we see today. Figure 1.1 is a schematic

depiction of the history of the universe, including the formation of galaxies. In section 1.1.1,

we discuss the formation of large-scale structure, in particular dark matter halos, in ΛCDM

cosmology. We describe the formation and evolution of galaxies within these dark matter

halos in section 1.1.2. Much of this overview is based on the galaxy formation textbook Mo
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Figure 1.1: Timeline of the universe, from the Epoch of Recombination and last scattering
of the CMB on the left to the present day universe on the right. Reproduced from Robertson
et al. (2010).

et al. (2010).

1.1.1 Structure formation and dark matter halos

On cosmological scales, the universe appears to be both homogeneous (spatially uniform)

and isotropic (the same in every direction). We describe spacetime in the expanding universe

with comoving coordinates (t, x, y, z) and a scale factor a(t), which depends only on the time

coordinate t. If two points in space are at the comoving positions x⃗1 and x⃗2, then at time t,

they are separated by a physical distance ∆r = a(t) |x⃗2 − x⃗1|. The expansion of the universe

means that light emitted from any point is redshifted as seen from any other point. This

cosmological redshift z is given by:

1 + z =
a(t0)

a(te)
, (1.1)

where te is the time the photon is emitted, and t0 is the time it is observed (i.e. now). It is

conventional to set the current scale factor a(t0) = 1, so that 1 + z = a−1 (Mo et al., 2010).

Applying the equations of general relativity to this homogeneous and isotropic spacetime

yields the Friedmann equation:(
ȧ

a

)
= H2(t) =

8πG

3
ρ = H2

0

[
Ωma

−3 + ΩΛ + Ωra
−4 + (1− Ωm − ΩΛ − Ωr)a

−2
]
, (1.2)

where G is Newton’s gravitational constant, ρ is the energy density of the universe (including

vacuum energy), and ȧ indicates a derivative with respect to time. We have also introduced

the Hubble parameter H(t) = ȧ
a
, the expansion rate of the universe. The current value of

the Hubble parameter is the Hubble constant H0 = H(t0). We define present-day density

parameters Ωi =
ρi

ρcrit
, where the critical density is defined as ρcrit =

3H2
0

8πG
. In ΛCDM, the
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Parameter Value
H0 67.3 km s−1Mpc−1

Ωm 0.315
ΩΛ 0.685
Ωb 0.049

Table 1.1: Cosmological parameter values from Planck Collaboration et al. (2020).

only components that contribute to the energy density of the universe are: matter (both

ordinary ‘baryonic’ matter and invisible dark matter, the ‘CDM’ in ΛCDM), with a density

that dilutes with the expansion of the universe as a−3; the cosmological constant Λ, which

has negative pressure and a constant energy density as the universe expands; and radiation

(photons and neutrinos), with an energy density that dilutes as a−4 (the number of photons

per unit volume dilutes as a−3, and the energy of each photon is redshifted by an additional

factor of a−1). If the universe is flat, the total energy density is exactly equal to the critical

density (i.e. Ωm +ΩΛ +Ωr = 1), so that the a−2 term in equation (1.2) vanishes (Mo et al.,

2010).

The Hubble constant and density parameters Ωi can be constrained from observations of

the Cosmic Microwave Background (CMB; see Figure 1.1 and the discussion below). Ta-

ble 1.1 shows the values inferred from Planck Collaboration et al. (2020). This table also

includes the density parameter for normal ‘baryonic’ matter, Ωb. Note that the total matter

density Ωm ∼ 6Ωb. The radiation density parameter Ωr is not included as it is negligible (at

least in this epoch). When plugged into the Friedmann equation (equation (1.2)), the values

of Ωm and ΩΛ indicate that the expansion of the universe must currently be accelerating. This

agrees with observations of the redshift and distance of Type Ia supernovae in the late uni-

verse. These measurements can also be used to constrain H0. However, these local universe

measurements yield a much higher value of the Hubble constant, H0 = 73.4 km s−1Mpc−1.

This is the so-called “Hubble tension” (e.g. Brout et al., 2022).

A completely homogeneous and isotropic universe would be quite uninteresting. Fortu-

nately, our universe is not homogeneous or isotropic on sufficiently small scales, as can be

easily observed by looking at the night sky. It is thought that quantum mechanical processes

created density fluctuations in the very early universe during an epoch called inflation, when

the universe expanded at an accelerated rate. This could explain why the present-day uni-

verse is so nearly flat, i.e. why Ωm +ΩΛ +Ωr ≈ 1. We define the overdensity δ through the

equation:

δ =
ρ− ρ̄

ρ̄
=
ρ

ρ̄
− 1, (1.3)
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where ρ̄ is the average density described by the Friedmann equation (equation (1.2)). When

δ ≪ 1, the growth of the density perturbations δ is linear, and can be described in terms of

their Fourier transform δk⃗. For adiabatic initial conditions, the linear perturbations evolve

according to:

δ̈k⃗ + 2Hδ̇k⃗ =

[
4πGρ̄− k2c2s

a2

]
δk⃗, (1.4)

where cs is the adiabatic sound speed:

c2s =

(
∂P

∂ρ

)
S

, (1.5)

the derivative of pressure with respect to density at constant entropy (Mo et al., 2010).

Solutions to equation (1.4) will propagate as sound waves if 4πGρ̄ − k2c2s
a2

< 0. This

condition can be rearranged in terms of the proper length of the perturbation λ = 2πa
k

as

λ < λJ, where the Jeans length λJ is defined as:

λJ ≡ cs

√
π

Gρ̄
. (1.6)

Equation (1.6) is just the distance a sound wave traveling at cs can cross in the gravitational

free-fall time tff ∝
√

1
Gρ̄

. If λ < λJ, the thermal pressure propagates quickly enough to

support the perturbation against gravitational collapse. For larger perturbations λ > λJ,

the gravitational collapse is too fast for the thermal pressure to counteract it, and the

perturbation will grow (at least once the expansion of the universe is dominated by matter,

i.e. Ωma
−3 > Ωra

−4, which occurs at z ∼ 3600, Mo et al., 2010).

The early universe was sufficiently hot that all atoms were ionized. Because photons

Thomson scatter strongly off of free electrons, the photons and baryons were strongly coupled

at this epoch. Sound waves called Baryon Acoustic Oscillations (BAO) could propagate

in this baryon-photon fluid until the universe cooled enough for electrons and protons to

combine to form neutral hydrogen at z ∼ 1100. At this redshift, baryons and photons

decouple, and the photons can free-stream as the CMB. Between inflation and z ∼ 1100,

sound waves in the baryon-photon fluid travel a characteristic distance known as the BAO

scale (Mo et al., 2010).

The sound speed for baryons alone scales with their temperature as cs ∝ T 1/2. This speed

is much smaller than the relativistic sound speed in the coupled baryon-photon fluid. After

the baryons and photons decouple at z ∼ 1100, density perturbations in the baryons can

begin to gravitationally collapse, increasing the overdensity δ (Mo et al., 2010).

Dark matter is crucial to forming large-scale structures because the sound speed in dark
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matter is always proportional to T 1/2. This means that dark matter perturbations can begin

to grow gravitationally as early as z ∼ 3600. Before this, the energy density of the universe

is dominated by radiation, and the expansion of the universe is too fast for perturbations

to grow significantly. After the decoupling of the baryon-photon fluid at z ∼ 1100, baryons

begin to fall into the gravitational potential wells of the dark matter perturbations (Mo

et al., 2010).

When perturbations grow to δ ≳ 1, linear perturbation theory (equation (1.4)) breaks

down. Analytical calculations for geometrically simple cases show that perturbations will

grow in both size and mass until they reach a critical density. At this point, non-linear

gravitational collapse will begins to shrink the size of the halo. N-body simulations, where

the dark matter is modeled as particles of fixed mass which interact only through gravity (see

section 1.4.1), are a useful approach in this regime. These simulations show that non-linear

collapse leads to virialized1 halos with a near-uniform density profile, and that these halos are

clustered and connected by thin filaments in a cosmic web. Smaller halos can merge to form

larger halos, creating substructure within higher-mass halos. ΛCDM cosmology predicts the

relative abundance of dark matter halos of a given mass, the halo mass function (Mo et al.,

2010).

The only interaction included in these N-body simulations is gravity. However, gravity

will pull baryons into dark matter halos, and baryons do not only interact through gravity.

Indeed, these additional baryonic interactions are critical to galaxy formation inside dark

matter halos (Mo et al., 2010), which is the subject of the next section.

1.1.2 Baryons within dark matter halos

Galaxies contain baryons in many forms: an evolving population of stars; the SMBHs at the

centers of galaxies; and the Interstellar Medium (ISM) and Circumgalactic Medium (CGM),

which consist of gas in various phases of temperature and density as well as solid dust grains.

Baryons interact both with each other and with photons (Mo et al., 2010). Figure 1.2 is a

flowchart illustrating the interactions between these baryonic components of galaxies.

The most visually prominent feature of galaxies is their stellar population. Stars eject

energy (and momentum) as radiation and stellar winds during their lifetime, and through

supernovae at the end of their lifetime. This energy helps shape the structure of galaxies.

Stars also fuse hydrogen into helium and heavier elements2 in their cores, ejecting both

metal-enriched gas and solid dust grains in their stellar winds and supernovae. The output

1For a system of collisionless particles (like cold dark matter) in equilibrium, the total energy E = −K,
where K is the kinetic energy of the system.

2In astrophysics, these heavier elements are collectively referred to as ‘metals’
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Figure 1.2: Flowchart of interactions during galaxy evolution. The dark gray box with a
dashed border represents the entire galaxy, the lighter gray boxes with solid borders repre-
sent individual (baryonic) components, and the arrows represent interactions between these
components. Reproduced from Mo et al. (2010).
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of energy, momentum, and metals from stars are all aspects of a phenomenon called stellar

feedback (see Figure 1.2, Mo et al., 2010).

Stars form out of the gravitational collapse of cold, dense clouds of molecular gas. The

Jeans length (see equation (1.6)) depends on temperature as λJ ∝ T 1/2 for baryonic gas.

That is, colder gas has a smaller Jeans length and so a perturbation of any given size λ will

satisfy the λ > λJ condition for collapse in a sufficiently cold gas (e.g. McKee & Ostriker,

2007; Girichidis et al., 2020). Empirically, the surface density of star formation ΣSFR in a

galaxy has been observed to follow a Kennicutt-Schmidt law :

ΣSFR ∝ ΣN
gas, (1.7)

where Σgas is the surface density of (atomic or molecular) gas, and N = 1.4±0.15 (Kennicutt,

1998). Stars of different masses form at different rates, described by the Initial Mass Func-

tion (IMF). The IMF is an important property of galaxies because stars evolve differently

depending on both their elemental composition and initial mass. So, the IMF, combined

with the properties of star-forming gas, determines the evolution of the stellar population of

a galaxy (e.g. Salpeter, 1955; Kroupa, 2001; Chabrier, 2003).

The ISM contains gas in multiple phases with roughly equal pressure P ∝ nT (Field et al.,

1969), in addition to star-forming clouds dominated by molecular gas. These phases include

cold neutral gas with T ∼ 100K and nH ∼ 40 cm−3; warm neutral gas with T ∼ 8000K

and nH ∼ 0.25 cm−3; and diffuse, hot ionized gas with T ≳ 105.7K and nH ∼ 0.003 cm−3.

As described above, feedback from stars (as well as Active Galactic Nuclei (AGN), see

below) deposits energy and momentum into the ISM. This can alter the thermal state of

gas, changing the spatial structure of different ISM phases (e.g. McKee & Ostriker, 1977).

So, the cooling and heating of interstellar gas is critically important to the structure and

evolution of the ISM. We describe the thermal processes that contribute to this cooling and

heating in section 1.2. The ISM also contains solid dust grains. Despite making up only

a small fraction of its mass, dust grains are critical to the thermal evolution of the ISM

(Draine, 1978).

In addition to heating the ISM, radiation from stars and AGNs can also ionize the gas.

Recall from section 1.1.1 that, after photons and baryons decouple at z ∼ 1100, almost all

the gas in the universe is neutral. Thus, after the first stars and galaxies form, the radiation

they emit reionizes the universe. This period, between about z ∼ 10 and z ∼ 5 is called the

Epoch of Reionization (EoR, see Figure 1.1). The relative contributions of abundant faint

galaxies and rarer bright galaxies to the reionization process is still an open question (e.g.

Gnedin & Madau, 2022; Robertson, 2022).
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The SMBHs at the centers of most galaxies are another baryonic component. These

objects grow in mass by accreting surrounding gas. How the high-redshift progenitors of

SMBHs form is still an unsolved problem. Gas accreting onto an SMBH forms an accretion

disk. This system of an SMBH and accretion disk, also called an AGN, ejects radiation,

energy, and momentum into the ISM (see Figure 1.2). These processes are referred to as

AGN feedback, and can include relativistic jets emitted by the SMBH (see the review of

Benson, 2010).

Baryons can also be exchanged between the galaxy itself and the surrounding CGM within

the same dark matter halo. Stellar and AGN feedback (as described above) can eject material

out of the galaxy. Similarly, gas from the CGM (or along filaments of the cosmic web) can

accrete into a galaxy (e.g. Tumlinson et al., 2017; Faucher-Giguère & Oh, 2023).

Finally, galaxies (and their host dark matter halos) can merge together into a single

system. This is a key part of the galaxy formation process (e.g. Press & Schechter, 1974;

White & Rees, 1978). If the two galaxies have very different masses (a minor merger),

dynamical friction removes energy from the smaller satellite galaxy and transfers it to the

larger galaxy (Chandrasekhar, 1943; White, 1976). In this process, gas and stars can be

removed from the satellite. The efficiency of dynamical friction increases for larger mass

satellites. If the satellite is sufficiently light, its structure can persist for many orbits around

the host central galaxy. More massive satellites will be absorb into the central galaxy (e.g.

Lacey & Cole, 1993; Navarro et al., 1995; Colpi et al., 1999; Boylan-Kolchin et al., 2008).

On the other hand, if the two galaxies have similar masses (a major merger), then the

structure of both galaxies will be disrupted. A new structure, which is usually elliptical, will

be produced (e.g. Toomre & Toomre, 1972; Farouki & Shapiro, 1982; Negroponte & White,

1983; De Lucia et al., 2006). Collisions between the ISM of merging galaxies can produce

shocks, heating previously cold gas and potentially spurring a burst of star formation (e.g.

Joseph & Wright, 1985; Hernquist, 1989; Barnes & Hernquist, 1991).

1.2 Gas cooling and heating processes

As discussed in section 1.1.2, gas cooling and heating are vital processes in the evolution of

the ISM of galaxies. In this section, we will explore the processes through which interstellar

gas cools down and heats up. This section is based in large part on the Pogge (2008) lecture

notes from a graduate-level course on the ISM.

The ISM is too diffuse to be in local thermodynamic equilibrium, but other kinds of

equilibria where different collisional and radiative processes balance each other out can occur.

Any photoionization process where a photon is absorbed and a free electron is released heats
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the gas. If a gas particle emits a photon, this can cool the gas, but only if the gas is optically

thin to photons of that energy so that the photon is able to escape (Pogge, 2008). In

this dissertation, we will primarily be concerned with atomic cooling and heating processes:

those that involve collisions between atoms, ions, and free electrons, as well as interactions

between these particles and photons. These processes include atomic energy level transitions

(section 1.2.1), ionization and recombination (section 1.2.2), and free electron processes

(section 1.2.3). We can define a cooling function Λ and heating function Γ by factoring out

the quadratic density dependence of the rate of radiative energy loss or gain from two-body

collisional processes (e.g. Gnedin & Hollon, 2012). Different processes and ions dominate the

total cooling and heating functions in different regimes. An example of the cooling function

for a gas with solar element abundances and no incident radiation field from Gnat & Ferland

(2012) is shown in Figure 1.3, where the quantity Λe,H is defined by writing the rate of energy

loss per unit volume as nenHΛe,H, where ne is the electron density. In this dissertation, we

will adopt a slightly different cooling function definition using the overall gas number density

(see equation (2.1)). In section 1.2.4, we will briefly discuss non-atomic cooling and heating

processes.

1.2.1 Energy level transitions

Electrons bound to neutral or partially ionized atoms can be excited to higher energy levels

by collisions or absorbing photons with energy equal to the gap between the initial and final

states. Similarly, these electrons can be de-excited by collisions or emitting a photon with the

same energy. The balance between these excitation and de-excitation processes determines

the equilibrium population of each energy level (e.g. Bahcall & Wolf, 1968).

De-excitation photons cool the gas when the gas is sufficiently optically thin at the rele-

vant energy for an emitted photon to escape the gas without being re-absorbed. This means

that we can neglect absorption and stimulated emission of photons, and need only be con-

cerned with spontaneous emission of photons. Hence, there is a balance between collisional

excitation and both collisional and radiative de-excitation (e.g. Osterbrock, 1965).

Consider a simple example of a two level system with levels ‘1’ and ‘2’, colliding with free

electrons. The equilibrium condition is:

nen1q12 = nen2q21 + n2A21, (1.8)

where A21 is the Einstein coefficient for spontaneous emission, and q12, q21 are collisional

coefficients for excitation and de-excitation. The excitation and de-excitation coefficients

are related by q12 = g2
g1
e−hν21/kT q21, where the gi are the degeneracies of each energy level.
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Figure 1.3: Atomic gas cooling function Λe,H (here defined as the cooling rate divided by
nenH) vs. temperature for a gas with solar element abundances and no incident radiation
field, calculated with the photoionization code Cloudy (Ferland et al., 1998, see section 1.3).
The shaded grey band and dotted grey line show the calculation of the total cooling rate
using two different versions of Cloudy. The solid and dashed red and black lines show the
contributions from various elements and their associated ionization states. Reproduced from
Gnat & Ferland (2012).
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The collisional de-excitation rates can be written as q21 ∝ T−1/2γ12(T ), where the γij(T ) have

weak temperature dependence and are tabulated for various energy levels (Pogge, 2008).

The net cooling is the total energy released as photons: E = n2A21hν21. We can rearrange

equation (1.8) to find:

n2

n1

=
q12
q21

[
1 +

A21

q21ne

]−1

. (1.9)

There is a critical density for this transition ncrit = A21

q21
(Osterbrock, 1965). For small

densities ne ≪ ncrit, equation (1.9) implies that n2 = n1ne
q12
A21

, and radiative de-excitation is

more prevalent than collisional de-excitation. In this regime, the cooling rate E ∝ n1ne, and

depends on the density squared3. For large densities ne ≫ ncrit, equation (1.9) simplifies to

n2 = n1
q12
q21

∝ n1e
−hν21/kT . This is just collisional, i.e. thermal, equilibrium. In this limit, the

cooling E ∝ n1 depends only linearly on the density (Pogge, 2008). So, collisionally excited

line cooling is most effective just below the critical density (Osterbrock, 1965).

Line cooling can only occur when the gas temperature is high enough for collisional

excitation of the relevant energy levels. In colder 100K ≲ T ≲ 15000K gas, forbidden fine-

structure lines from metals with excitation energies similar to the gas temperature (especially

the 157.7µm line of ionized carbon CII) are important coolants. At higher temperatures

20000K ≲ T ≲ 40000K, neutral hydrogen (HI) and neutral helium (HeI) can be collisionally

excited above the ground state, and their line emission is a dominant coolant. At T ≳

60000K, non-forbidden transitions of metals (especially carbon and oxygen) can contribute

to collisionally-excited line cooling as well (see Figure 1.3, Pogge, 2008).

1.2.2 Ionization and recombination

Similarly to section 1.2.1, there is a balance between collision and radiative ionization and

recombination processes. Neutral and partially ionized atoms can be ionized either by col-

lisions, or by absorbing an ultraviolet (UV) or higher-energy photon with energy above the

ionization threshold. The 13.6 eV ionization potential of hydrogen, the most abundant el-

ement in interstellar gas, corresponds to a temperature of T ∼ 105K. For this reason,

collisional ionization is only relevant in very hot gas. In colder gas, photoionization must be

the dominant source of ionization (Pogge, 2008).

Photoionization heats the gas by an amount E = hν − χ, where χ is the ionization

potential of the electron that was released. This is just the kinetic energy of the freed

electron (Dalgarno & McCray, 1972). Note that higher energy photons heat the gas more

3Note that ne ≈ nH because hydrogen is the most abundant element in the gas. Electrons from helium
and metal ions introduce only a small correction factor.
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than photons that are close to the ionization threshold. So, the efficiency of photoionization

heating is very sensitive to the energy spectrum of the incident radiation.

Recombination is a collisional process involving a free electron and a positively charged

ion. The cross section for recombination depends on electron velocity as σ ∝ v−1/2. The

kinetic energy of any recombined electrons is removed from the gas, so recombination is

generically a cooling process. However, because electrons with lower kinetic energy 1
2
mv2

are more likely to undergo recombination than electrons with higher kinetic energy, this

process can actually increase the gas temperature (Pogge, 2008).

Each recombination also emits a photon with energy equal to the difference between the

kinetic energy of the recombining electron and the energy level the electron recombines into.

If the electron recombines into the ground state, the emitted photon will quickly photoionize

another atom and so cannot escape to cool the gas. However, if the electron recombines to an

excited state, it can then “cascade” back to the ground state through multiple transitions.

The photons in this cascade can escape, leading to cooling. This cooling is important at

15000K ≲ T ≲ 20000K, where the lower limit roughly corresponds to the 13.6 eV threshold

for hydrogen ionization and the upper limit is the temperature above which collisionally-

excited line cooling of neutral hydrogen and helium are dominant (Pogge, 2008).

1.2.3 Free electron cooling

Free electrons can also emit cooling radiation through interactions that do not involve re-

combination. The primary cooling mechanism of this type is free-free emission, also known

as bremsstrahlung. In this process, a free electron is accelerated due to an electromagnetic

interaction with a charged ion and emits electromagnetic waves. The cooling rate Ė due to

this process follows Ė ∝ n2T 1/2, and is the primary coolant in very hot gas with T ≳ 107K

(Draine, 2011). This can be seen in the increase in the overall cooling rate at high temper-

atures in Figure 1.3 (primarily due to interactions with H and He ions).

Interactions between free electrons and interstellar magnetic fields lead to synchrotron

emission. However, this emission is primarily at radio frequencies ν ≲ 1GHz, and so has low

enough energy that it is not a significant coolant (Draine, 2011).

Free electrons can Compton scatter off of CMB photons, a process that cools the gas

when the gas temperature is higher than the CMB temperature TCMB = T0(1 + z)2, where

T0 = 2.7K. Note that since this process only involves one gas particle, the cooling rate from

Compton scattering scales linearly with the gas density (the collisional processes discussed

above and in section 1.2.1 and section 1.2.2 all scale with the density squared). Compton

scattering occurs more frequently at higher redshifts when the photon density of the CMB
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is higher. For z ≲ 6, the characteristic timescale for Compton cooling becomes longer than

the age of the universe (Benson, 2010).

1.2.4 Non-atomic processes

In addition to the atomic cooling and heating processes which are the main focus of this

dissertation, there are also cooling and heating processes due to other components of the

ISM. A brief overview of some of these processes is presented below:

• Molecular cooling: Rotational and vibrational line emission from interstellar

molecules can be collisionally excited, similarly to the analysis of atomic line emis-

sion in section 1.2.1. Due to the low excitation energies involved, molecular cooling is

particularly important in very cold regions of the ISM, such as molecular clouds (e.g.

Dalgarno & McCray, 1972; Scoville & Solomon, 1974; McKee et al., 1982; Neufeld &

Kaufman, 1993).

• Dust photoheating: Similarly to the photoionization heating discussed in sec-

tion 1.2.2, photons absorbed by solid dust grains in the ISM can eject an electron,

heating the ISM. This process occurs more frequently for smaller dust grains. This

turns out to be the most important heating process in the diffuse ISM (e.g. Jura, 1976;

de Jong, 1977; Draine, 1978).

• Dust emission: Dust grains can also emit cooling radiation. This includes both

thermal emission in the infrared and line emission from small grains that have recently

been excited by absorbing a photon (Draine, 2004).

• Cosmic ray heating: High-energy ultrarelavistic particles can ionize atoms and heat

the ISM. As described in section 1.2.2, the heating from ionization is dependent on

the difference between the incident cosmic ray energy and the ionization threshold

(e.g. Field et al., 1969; Goldsmith et al., 1969; Habing & Goldsmith, 1971). Estimates

suggest that the heating rate from cosmic rays in the diffuse ISM is significantly smaller

than that from dust photoheating (Pogge, 2008; Draine, 2011).

Given this census of cooling and heating processes in the ISM, we now turn to the question

of how we can model the actual thermal behavior of ISM gas with particular gas properties

and incident radiation field.
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1.3 Photoionization codes

The net cooling or heating from the processes described in section 1.2 can be computed with

a photoionization code that finds the emission spectrum of interstellar gas. This is accom-

plished by solving for the equilibrium populations of ionization states of each element through

balancing recombination processes with both collisional ionization and photoionization (see

section 1.2.2). The equilibrium temperature can be found by balancing all the relevant cool-

ing and heating processes (Ercolano, 2005). In this dissertation, we use calculations from

the photoionization code Cloudy (specifically CLOUDY90, Ferland et al., 1998).

Running photoionization codes requires inputting the properties of the gas itself (its initial

temperature and density, as well as the abundances of the various elements), and the energy

spectrum of any incident ionization sources (photons and cosmic rays). Early photoionization

codes considered spherically symmetric gas clouds around an ionizing source, such as an HII

region of ionized hydrogen around a hot, young star or a planetary nebula. Advances in

computing have enabled 3D photoionization codes that consider multiple ionizing sources

with nearly arbitrary geometry relative to the gas (see the review of Ercolano, 2005).

A key element of any photoionization code is the database of atomic properties used. Im-

portant properties include the temperature-dependence of collisional excitation rates γij(T )

discussed in section 1.2.1, photoionization cross sections and recombination rates to various

energy levels, and Einstein coefficients for radiative transitions. As described in section 1.2.4,

dust grains can contribute significantly to the heating and infrared emission of the ISM. Pho-

toionization codes differ in how realistically they treat dust (Ercolano, 2005).

Photoionization codes computationally model the thermal and ionization equilibrium of

an interstellar gas cloud on the scale of interactions between atoms, molecules, dust grains,

and ionizing photons in a given geometry. However, this is many orders of magnitude smaller

than any individual galaxy. In the next section, we turn to the problem of simulating the

formation and evolution of galaxies.

1.4 Hydrodynamic simulations

Galaxy formation and evolution involve the interplay of many different physical processes

(see Figure 1.2 and section 1.1). In this section, we provide a brief overview of computational

simulations of galaxy evolution. Galaxy formation simulations are often called hydrodynamic

simulations because the baryonic gas is a critical component (Vogelsberger et al., 2020). We

begin with a discussion of simulations which include only dark matter in section 1.4.1, then

describe how the baryonic gas can be incorporated in section 1.4.2. In section 1.4.3, we
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consider how to incorporate processes on scales too small to be spatially resolved. Finally,

we introduce two specific types of hydrodynamic simulations that are utilized in this disser-

tation: radiative transfer simulations of the EoR (section 1.4.4) and idealized simulations

of individual galaxies (section 1.4.5). In this dissertation we use the Adaptive Mesh Refine-

ment (AMR) hydrodynamic simulation code Adaptive Refinement Tree (ART) (Kravtsov,

1999; Kravtsov et al., 2002; Rudd et al., 2008).

1.4.1 Gravity and dark matter

In ΛCDM cosmology, dark matter interacts only through gravity. So, the only ingredients

we need to simulate the formation of dark matter halos (as described in section 1.1.1) are

dark matter and gravity. N-body simulations model dark matter with particles of fixed mass

that interact through the force of gravity. The mass of these dark matter particles is known

as the mass resolution of the the simulation (e.g. the review of N-body simulation techniques

Angulo & Hahn, 2022). The ART simulations used in this dissertation use an N-body code

also called ART (Kravtsov, 1999; Kravtsov et al., 2002; Rudd et al., 2008). We describe the

ART N-body solver (Kravtsov et al., 1997) below.

We can only simulate a finite volume, but we do not want the gravitational field to have

a sharp cutoff at the edge of this volume. We also do not want dark matter particles to

disappear if their momentum takes them outside of the volume. This problem is solved

by using periodic boundary conditions. Each side of the simulated box is equivalent to the

opposite side. For example, a particle that exits the right side of the simulation immediately

re-enters the left side. Put another way, the simulated universe consists of infinite repeated

copies of the simulated volume (Kravtsov et al., 1997).

One difficulty that arises with simulating gravitational interactions is that the force of

gravity F ∝ 1
r2
, where r is the distance between particles, diverges at small distances. A

common solution to this is adding a softening length ϵ. The dependence of force on separation

is re-defined as F ∝ 1
r2+ϵ2

. For r ≫ ϵ, the softening has essentially no effect. However, for

separations r ≲ ϵ, the softening makes the force anomalously small. So, the softening length

sets the effective spatial resolution of an N-body simulation (Angulo & Hahn, 2022).

Calculating the gravitational force on every dark matter particle requires considering

the gravitational interaction between every pair of particles. This scales as N2 with the

number of particles N , making it difficult to run higher-resolution simulations with more

dark matter particles. Rather than finding the force on each particle, ART proceeds by

solving the Poisson equation for the gravitational potential ϕ:

∇2ϕ = 4πGa2(ρ− ρ̄), (1.10)
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where G is Newton’s gravitational constant. The force on a particle of mass m due to this

potential is F = −am∇ϕ (Kravtsov et al., 1997).

There are several approaches to solving equation (1.10) in a box with period boundary

conditions used in modern N-body simulations. The ART simulations utilized in this dis-

sertation use a technique called particle mesh (Kravtsov et al., 1997). Particle mesh codes

discretize the gravitational potential ϕ on a 3D grid inside the simulation box. This dis-

cretization truncates the Fourier transform of ϕ at a wavenumber kmax corresponding to the

side length of the mesh grid. So, the Fourier series can be computed numerically with the

Fast Fourier Transform (FFT) algorithm. In Fourier space, the Poisson equation and the

equation for the force due to the potential ϕ are no longer differential equations and can be

directly solved. Applying the inverse FFT gives the gravitational potential ϕ and force in

real space (Angulo & Hahn, 2022).

These methods allow for simulations of the growth of dark matter halos and the cosmic

web. However, to simulate galaxies within those halos, the baryonic gas must also be included

(see section 1.1.2). This is the topic of the next section.

1.4.2 Incorporating the gas: hydrodynamics

Baryonic gas interacts through gravity with both dark matter and itself. However, as de-

scribed in section 1.1, the gas is also collisional and is subject to pressure. To include this gas

in hydrodynamic simulations of galaxy evolution, we need dark matter particles modeled as

described in section 1.4.1, and the gas. The gas is generally modeled as a fluid with density

ρ, velocity field v⃗, and energy per unit mass e = u+ 1
2
v2, where u is the thermal energy per

unit mass and v = |v⃗| is the speed. In addition to Poisson’s equation (still equation (1.10),

but now with the density ρ including both dark matter particles and the gas density), there

are additional differential equations describing the evolution the gas density, velocity, and

energy:
∂ρ

∂t
+∇ · (ρv⃗) = 0, (1.11)

∂(ρv⃗)

∂t
+∇ · (ρv⃗ ⊗ v⃗ + P I) = 0, (1.12)

∂(ρe)

∂t
+∇ · (ρe+ P )v⃗ = 0, (1.13)

where P is the (isotropic) fluid pressure and I is the identity tensor (see the technical review

of galaxy formation simulations Vogelsberger et al., 2020). Equation (1.11) for the density ρ

is known as the continuity equation, and equation (1.12) for the velocity v⃗ is Euler’s equation

(Mo et al., 2010).
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There are two common approaches to solving equations (1.11-1.13): (1) Lagrangian

Smoothed Particle Hydrodynamics (SPH) simulations, and (2) Eulerian AMR simulations

(Vogelsberger et al., 2020). Figure 1.4 shows snapshots from various cosmological volume

hydrodynamic simulations, including both SPH and AMR approaches. ART is an AMR

code (Kravtsov, 1999; Kravtsov et al., 2002; Rudd et al., 2008).

The main difference between AMR and SPH simulations is how the gas fluid is divided

into coarse-grained resolution elements. Each such element is treated as having constant

properties over the volume of the resolution element. In an SPH simulation, the gas is

modeled as a set of particles that sample the motion of the gas. That is, the particles advect

with the fluid flow. This is why SPH simulations are also referred to as Lagrangian. These

particles have constant mass, momentum, and energy. A region of the simulation with denser

gas will have more SPH particles as compared to a region with less dense gas. This approach

is very useful for any scenario where the bulk flow of gas is of interest, such as outflow from

a galaxy or gas accretion along cosmic web filaments (Vogelsberger et al., 2020).

In AMR simulations (like the ART simulations used in this dissertation), the gas is

discretized on a mesh grid similarly to the particle mesh N-body method described in sec-

tion 1.4.1. On this grid, the differential equations (1.11-1.13) become finite difference equa-

tions. To conserve mass, momentum, and energy, we need to solve for the flux of each across

every interface between grid cells (Vogelsberger et al., 2020). Even within the ISM of a single

galaxy, the range of gas densities covers several orders of magnitude. Dense, star-forming

molecular clouds have densities as high as nH ≳ 1000 cm−3 while hot, diffuse ionized gas has

low densities nH ∼ 0.004 cm−3 (Draine, 2011). A cosmological simulation will also include

the CGM of galaxies and intergalactic gas, which both reach even lower densities. For this

reason, the gas mesh grid cells in an AMR simulation are generally adaptive, with smaller

cells in regions with denser gas. This is usually accomplished by starting with a fixed-size

mesh grid, and refining the mesh once a cell becomes denser than some threshold value

(Vogelsberger et al., 2020).

Note that the gas pressure P is included in the equations for the evolution of the velocity

(equation (1.12)) and energy (equation (1.13)). Both the pressure P and the energy density

e depend on the temperature and density of the gas. So, to solve equations (1.11-1.13) in

either an AMR or SPH simulation, we need to evaluate the cooling and heating rates of

the gas to determine its temperature, density, and pressure. That is, cooling and heating

function calculations are critical components of a hydrodynamic simulation (Vogelsberger

et al., 2020).

AMR and SPH methods describe the behavior of baryonic gas. However, we saw in

section 1.1.2 that there are other important baryonic components of galaxies which are not
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Figure 1.4: Snapshots from various hydrodynamic cosmological simulations: Illustris (Vo-
gelsberger et al., 2014), IllustrisTNG (Springel et al., 2018), Magneticum (Bocquet et al.,
2016), EAGLE (Schaye et al., 2015), Romulus25 (Tremmel et al., 2017), SIMBA (Davé et al.,
2019), Massiveblack-II (Khandai et al., 2015), and Horizon-AGN (Dubois et al., 2014). Re-
produced from Vogelsberger et al. (2020).
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accounted for in equations (1.10-1.13). These include stars and SMBHs. We discuss how to

incorporate these components in the next section.

1.4.3 Subgrid physics models

Most of the baryonic processes in galaxy evolution (see section 1.1.2) occur on spatial scales

that are too small to resolve in galaxy evolution simulations. That is, the spatial scales

involved are smaller than the most refined cell in an AMR simulation or the mass involved is

smaller than the gas particle mass in an SPH simulation. This is true for both cosmological

volumes and isolated galaxy simulations (described in section 1.4.5 below).

To model such processes in a hydrodynamic simulation, we need subgrid models. These are

approximations using physics-informed parameters available in the simulation. They can be

empirically informed based on either observational data or high-resolution small-scale mod-

eling of the processes in question (Vogelsberger et al., 2020). Note that a variety of subgrid

modeling choices are implemented in various simulations based on the ART hydrodynamics

code (e.g. Rudd et al., 2008; Gnedin, 2014; Semenov et al., 2021). We list examples of some

common subgrid models used in state-of-the-art hydrodynamical simulations below:

• Star formation: The molecular clouds where stars form are usually ≲ 10 pc in size

(Mo et al., 2010). Both these clouds and individual stars are too small to be resolved

in most galaxy formation simulations. Instead, one approach is to form star particles

describing a population of stars characterized by some IMF following an empirical

Kennicutt-Schmidt law (equation 1.7) in sufficiently cold and dense gas (Vogelsberger

et al., 2020).

• Stellar feedback: The evolution of a star particle is dictated by the IMF, along

with the element abundances of the gas in which the star particle formed. The most

massive stars will die as supernovae. Stellar winds and supernovae eject momentum,

energy, and gas enriched with metals into the surrounding gas, potentially leading

to an outflow of gas from the galaxy (see Figure 1.2 and section 1.1.2). While the

overall amount of metals, energy, and momentum deposited can be calculated with a

stellar evolution model, the individual stars and supernovae cannot be resolved. So,

it is not obvious how the metals, energy, and momentum should be distributed into

the surrounding gas. Energy can be deposited into the gas either as kinetic energy or

radiation. Studies that deposit the energy as radiation often pause radiative cooling

(see section 1.2) in the affected gas for ∼ 107 years to prevent the gas from cooling too

quickly. Kinetic feedback does not require this ad hoc procedure, but can sometimes
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be insufficient to drive galactic outflows without artificially decoupling the affected

gas from the gravity and hydrodynamic pressure of nearby gas. A more empirical

and approximate approach to stellar feedback is incorporating a mass loading factor

η so that the mass flowing out of a galaxy is proportional to the star-formation rate:

Ṁout = ηṀ∗. The free parameter η can be tuned to match observations (Vogelsberger

et al., 2020).

• SMBH accretion: SMBHs in simulations are usually treated by placing a seed black

hole in all galaxies above a given mass threshold, and allowing the mass of the seed to

grow by accreting gas at a rate given by:

ṀSMBH =
4πGM2

SMBHρgas
(c2s + v2rel)

3/2
, (1.14)

where MSMBH is the black hole mass, ρgas is the gas density, cs is the adiabatic sound

speed (see equation (1.5)), and vrel is the relative velocity between the black hole and

the gas (Vogelsberger et al., 2020).

• AGN feedback: SMBHs also eject gas, momentum, and energy into the surrounding

gas via AGN feedback (see section 1.1.2). Two different types of AGN feedback are

commonly incorporated in hydrodynamic simulations as subgrid models: (1) adding

energy and momentum to gas near the black hole at a rate proportional to the accretion

rate as calculated in equation (1.14), and (2) relativistic jets that extend far from the

SMBH when the accretion rate is below some threshold (Vogelsberger et al., 2020).

• ISM turbulence: If there is turbulence in the ISM, the turbulent cascade will con-

vert flows on resolved scales to smaller flows on unresolved scales. This will continue

until the turbulent energy is dissipated as heat. So, there are both resolved and unre-

solved components to the turbulent energy density. A subgrid model which conserves

the overall energy is needed for the unresolved component (e.g. Schmidt et al., 2014;

Semenov et al., 2016).

• Multiphase ISM: The ISM of galaxies contains gas in multiple temperature-density

phases (see Figure 1.2 and section 1.1.2). High-resolution simulations of individual

galaxies (see section 1.4.5 below) can have sufficiently high spatial resolution to sepa-

rate different ISM phases, but cosmological volume simulations typically will not. In

general, cold dense gas occupies a significant fraction of the ISM mass but a small

fraction of the ISM volume. This is because it has a high density compared to more

diffuse phases. Other complications to simulating a multiphase ISM include the many

20



radiation-matter interactions described in section 1.2, as well as turbulence. One ap-

proach is to assume that the gas fluid in the simulation represents a hotter, more diffuse

phase and add a cold phase with an effective equation of state T ∝ ργ, where γ is the

usual gas adiabatic index in thermodynamics (Vogelsberger et al., 2020).

Subgrid models generally include free parameters that must be either chosen based on

heuristic physical considerations or calibrated to match observational constraints. Calibra-

tion is a difficult problem because the number of simulations that can be run is limited by the

available computational resources (Vogelsberger et al., 2020). It is also challenging to com-

pare results from simulations which use different subgrid models. Several collaborations have

emerged to use common subgrid models and parameters across various simulation groups,

including Aquila (Scannapieco et al., 2012), AGORA (Kim et al., 2014), and CAMELS

(Villaescusa-Navarro et al., 2021).

After this overview of how hydrodynamic galaxy evolution simulations work, we turn to

two particular types of such simulations that we use in this dissertation.

1.4.4 Epoch of Reionization simulations and radiative transfer

To simulate the EoR, we need to follow the ionization of intergalactic gas. This requires a

large cosmological volume containing many galaxies. In addition to the subgrid models listed

in section 1.4.3, simulations of the EoR also need radiative transfer of ionizing radiation.

That is, given the flux of ionizing radiation emitted by star particles and SMBHs, the simu-

lations must follow how this radiation propagates through the gas. This is difficult because

the relevant absorption and scattering cross sections are functions of photon frequency. The

high speed of light also means that short timesteps are needed to limit the distance a photon

can propagate (Vogelsberger et al., 2020). Simulations sometimes use a reduced speed of light

approximation, where a lower value c̄ for the speed of light is used, so that the non-relativistic

limit v/c̄ ≪ 1 is still satisfied for the gas speed v (Gnedin & Abel, 2001). Because of the

computational expense of radiative transfer, simulations of the EoR are usually only run to

the end of the EoR at z ∼ 5 (Vogelsberger et al., 2020).

In Chapter 2, we analyze data from the Cosmic Reionization on Computers (CROC)

project simulations of the EoR. These simulations are based on the ART hydrodynamic

AMR code and end at z = 5. Figure 1.5 shows the neutral hydrogen fraction in slices

through a CROC simulation at redshift z = 8.04 and z = 7.01. At z = 8.04, individual

bubbles of ionized hydrogen are visible. By z = 7.01, these ionized bubbles have begun to

merge together, creating a Swiss cheese-like topology (Gnedin & Kaurov, 2014).

The CROC project uses an Optically Thin Variable Eddington Tensor method (Gnedin &
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Figure 1.5: Slices through one realization of the CROC (Gnedin, 2014) simulations of the
EoR showing the neutral hydrogen fraction at z = 8.04 (top panel) and z = 7.01 (bottom
panel). Reproduced from Gnedin & Kaurov (2014).
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Abel, 2001) to implement radiative transfer (Gnedin, 2014; Gnedin & Kaurov, 2014). This

approach uses the zeroth and first moments of the radiative transfer equation, which give

differential equations for the zeroth and first moments of radiation field. These moments

are, respectively, the energy density and flux of the radiation field (Gnedin & Abel, 2001).

On the scale of an AMR cell, the radiative transfer equation can be written as:

a

c

∂fν
∂t

+ ni∂fν
∂xi

= −κ̂νfν + ψν , (1.15)

where fν ≡ Jν/Jν is the ratio of the radiation field specific intensity Jν to its spatial and

angular average Jν ; n⃗ is a unit vector pointing in the direction the photon propagates;

ψν ≡ a
c
Sν/Jν , were Sν is the source term; and κ̂ν ≡ a

c
(kν − k̄ν) + (Sν/Jν), where kν is the

absorption coefficient. Note that equation (1.15) uses the Einstein summation convention

where the repeated index i indicates that this term is summed over all spatial directions

i = {x, y, z} (Gnedin & Abel, 2001).

Taking the zeroth moment of equation (1.15) gives:

a

c

∂Eν

∂t
+
∂F i

ν

∂xi
= −κ̂νEν + ψν , (1.16)

and taking the first moment of equation (1.15) gives:

a

c

∂F j
ν

∂t
+

∂

∂xi
Eνh

ij
ν = −κ̂νF j

ν , (1.17)

where the relative energy density Eν is the zeroth moment of fν is:

Eν(t, x⃗) ≡
1

4π

∫
fν(t, x⃗, n⃗) dΩ, (1.18)

the flux F i
ν is the first moment of fν is:

F i
ν(t, x⃗) ≡

1

4π

∫
nifν(t, x⃗, n⃗) dΩ, (1.19)

and the Eddington tensor hijν is derived from the second moment of fν through (Gnedin &

Abel, 2001):

Eν(t, x⃗)h
ij
ν (t, x⃗) ≡

1

4π

∫
ninjfν(t, x⃗, n⃗) dΩ. (1.20)

Equation (1.16) and equation (1.17) describe the evolution of the relative energy density

Eν and flux F i
ν in terms of the Eddington tensor hijν , which must be specified to solve these

equations. In the Optically Thin Variable Eddington Tensor approach, hijν is calculated using
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equation (1.20) under the assumption of optically thin gas so that no photons are absorbed

and hijν is independent of the frequency ν (Gnedin & Abel, 2001). Similar radiative transfer

methods are implemented in cutting-edge EoR simulations such as Cosmic Dawn (Ocvirk

et al., 2016) and THESAN (Kannan et al., 2022).

1.4.5 Zoom-in and isolated galaxy simulations

Simulations of the EoR need a large volume to track how ionizing radiation from galaxies

ionizes intergalactic gas. However, this large volume limits the resolution in any of the

simulated galaxies. In this section, we discuss how to achieve higher resolution in individual

galaxies. This is crucial to studying galaxy formation and evolution in more detail than is

possible in cosmological volumes (e.g. Guedes et al., 2011; Wang et al., 2015; Sawala et al.,

2016; Wetzel et al., 2016; Grand et al., 2017).

To achieve higher spatial resolution in a galaxy, we need higher resolution initial conditions

in the region where the galaxy will form. Everywhere else, lower resolution than for a typical

cosmological volume simulation is acceptable. For that reason, these types of simulations are

sometimes referred to as zoom-in simulations, since they are essentially re-simulations of a

small volume at higher resolution. Note that this usually requires first running a cosmological

volume simulation to determine where the regions of interest in the initial conditions are.

This initial simulation can be of relatively low resolution (Vogelsberger et al., 2020).

The computational expense of a zoom simulation scales with the mass of the galaxy being

simulated and with the desired resolution inside the galaxy. If the galaxy is large and accretes

a significant fraction of its mass through a major merger, the initial condition volume we

need to sample at high(er) resolution could be quite large. For this reason, the smallest dwarf

galaxies are the easiest to model with zoom-in simulations. Dwarf galaxy simulations are

very useful for calibrating subgrid models as described in section 1.4.3 (Vogelsberger et al.,

2020). In Chapter 5, we run and compare two versions of an ART dwarf galaxy simulation

from Semenov et al. (2021) utilizing two different methods for computing the gas cooling

and heating rates. Gas properties in a slice through the disk of the fiducial galaxy simulation

from Semenov et al. (2021) are shown in Figure 1.6.

1.5 Machine learning

The last main computational technique we use in this dissertation is machine learning. In

the past few decades, the size of astrophysical datasets available for analysis has increased

dramatically. This has spurred a wave of research using machine learning techniques to
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Figure 1.6: Slices through the disk of the Semenov et al. (2021) idealized galaxy simulation
showing the gas number density (leftmost panel), temperature (middle left panel), turbulent
velocity dispersion (middle right panel), and UV radiation field strength (rightmost panel).
Reproduced from Semenov et al. (2021).

analyze large data sets and extract patterns. The number of published astrophysics papers

per year referencing machine learning in the title, keywords, and/or abstract has risen from

∼ 10 in the year 2000 to over 400 by the year 2020 (Rodŕıguez et al., 2022).

In Chapter 3 and Chapter 4, we use machine learning to interpolate the dependence

of the base-10 logarithm of the atomic gas cooling and heating functions log Λ and log Γ

(see section 1.2) for a gas with given element abundances using the gas temperature T , gas

density nH, and some set of frequency-averages of the incident radiation field intensity Jν .

We can calculate ‘true’ cooling and heating functions using the photoionization code Cloudy

(Ferland et al., 1998, see section 1.3). These calculations are the training data for our

machine learning models. The cooling and heating functions can depend on a large number

of factors, such as the abundances of important metal-line coolants and the intensity of the

radiation that can ionize relevant atoms and ions.

We discuss the general framework of applying machine learning to interpolation problems

in section 1.5.1 and the specific machine learning algorithm we use in 1.5.2. Finally, we

introduce the tool we use to interpret the predictions of our machine learning models in

section 1.5.3.

1.5.1 Machine learning for interpolation

As described in section 1.4.2, hydrodynamic galaxy formation simulations require computing

the cooling and heating functions of the gas resolution elements. These can be computed with

the photoionization codes discussed in section 1.3. However, these codes are computationally

expensive. A common practice is to construct an interpolation table of cooling and heating
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functions calculated from a photoionization code such as Cloudy on a grid of gas and radiation

field properties. When cooling and heating function values are needed at intermediate points

not included in the table, the values can be interpolated using the adjacent grid points (e.g.

Wiersma et al., 2009; Gnat & Ferland, 2012; Gnedin & Hollon, 2012; Ploeckinger & Schaye,

2020).

However, because cooling and heating functions are non-linear functions of the gas and

radiation field properties, these interpolation table approximations will inevitably result in

large errors (compared to calculations from the photoionization code used to construct the

table) at some points in parameter space (e.g. Wiersma et al., 2009; Gnedin & Hollon,

2012). Cooling and heating calculations that include all the relevant processes (as described

in section 1.2) are known to be important for capturing the thermal properties of the ISM

(e.g. Kim et al., 2023). The need for accurate cooling and heating function interpolation in

galaxy formation simulations makes cooling and heating function interpolation a good use

case for applying machine learning interpolation techniques, with the aim of improving on

the accuracy of existing interpolation table approaches.

Cooling and heating functions are continuous functions of gas properties and the incident

radiation field. So, predicting them with machine learning is a general case of a regression or

interpolation problem: fitting a continuous function given training data of the true values of

the function on a set of input parameters called features. Because the training data is labeled

with the true values of the function, regression models are supervised learning algorithms

(Sarker, 2021).

The training data for fitting a multivariate function like atomic gas cooling and heating

rates is essentially tabular : each row is one instance of the input features. Each column

represents a different input feature, with one additional column for the true value of the

output. The rows of this table can be swapped freely, but swapping the columns changes the

meaning of the table. Studies have shown that the best-performing class of machine learning

algorithm for regression problems with this type of tabular training data are gradient-boosted

tree algorithms (Shwartz-Ziv & Armon, 2022; Grinsztajn et al., 2022), which we introduce

in the next section.

1.5.2 Gradient-boosted tree algorithms

Gradient-boosted tree algorithms (Friedman, 2001) are based on regression trees. Each node

of a tree is split into two nodes the next level down based on the value of one feature xi

compared to a threshold y. The nodes at the bottom level of the tree are called leaves. Each

leaf is assigned a value. Any data point (either a labeled point in the training or test data or
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an unlabeled point) will be assigned to exactly one leaf of the tree after considering the value

of the relevant feature at each node. The value on this leaf is the prediction of the regression

tree. The threshold values y are chosen (i.e. trained) by minimizing a loss function that is

the sum of the Mean Squared Error (MSE) and a regularization term that penalizes more

complicated models. The MSE is defined as (Chen & Guestrin, 2016):

MSE =
1

N

∑
i

(yi − ypred(xi))
2, (1.21)

where xi are the training data features, yi are the associated labels, N is the number of

training data points, and ypred(xi) is the prediction of the tree on the training point xi. This

loss function is minimized using its gradient (Chen & Guestrin, 2016).

A single regression tree would not be a very accurate regression model. Instead, gradient-

boosted tree models use an ensemble of trees. The first tree is trained to predict the training

data labels. Each subsequent tree is trained to predict the residual between the training

labels and the prediction made by all the previous trees. The prediction of the ensemble

is simply the sum of the predictions made by each tree (Chen & Guestrin, 2016). This is

illustrated schematically in Figure 1.7. In Chapter 3 and Chapter 4 we train models using

the gradient-boosted tree algorithm eXtreme Gradient Boosting (XGBoost) implemented

with the package xgboost (Chen & Guestrin, 2016).

The computational complexity of (training and evaluating) gradient-boosted tree models

scales very well with the number of input features, since each node of any tree only considers

one feature value. Furthermore, XGBoost contains a hyperparameter 4 which sets the fraction

of the input features that are considered in when constructing each tree (Chen & Guestrin,

2016).

While it is technically possible to visualize any regression tree as a graph to under-

stand how the predictions depend on the inputs, this quickly becomes infeasible for trained

XGBoost models with more than a handful of trees, or a maximum tree depth5 larger than

a few6. XGBoost models also interface easily with methods to assess the relative importance

of the model features, which are discussed in the following section.

4A parameter that is manually chosen prior to model training, rather than being optimized in the training
process (Chen & Guestrin, 2016).

5The number of nodes traversed until reaching a leaf (Chen & Guestrin, 2016).
6Both the number of trees and maximum tree depth are hyperparameters of XGBoost models (Chen &

Guestrin, 2016).
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Figure 1.7: A schematic picture of XGBoost regression models. Reproduced from Wang
et al. (2019).

1.5.3 Feature importance analysis with SHAP values

Machine learning models often function as so-called ‘black boxes’. In other words, it is unclear

how changing a given model input will affect the prediction of the model. An antidote to

this is provided by interpretability methods, which provide a quantitative measure of the

importance of each input feature. In Chapter 3 and Chapter 4 of this dissertation, we

make use of one particular interpretability tool: SHapley Additive exPlanation (SHAP)

values, which are an approximation of Shapley regression values (Lundberg & Lee, 2017).

Calculation of SHAP values for XGBoost models is implemented in the Python package

shap (Lundberg et al., 2018; Lundberg et al., 2020), making them particularly useful for this

work.

Shapley regression values can be computed for each feature for any given model prediction.

They describe the difference between the actual prediction of the model and what the model

would predict if it ignored the feature in question. The Shapley regression value ϕi for a

feature i is given by (Lundberg & Lee, 2017):

ϕi =
∑

S⊆F\i

|S|!(|F | − |S| − 1)!

|F |!
[
fS∪{i}(xS∪{i})− fS(xS)

]
, (1.22)

where F is the set of all features and |F | is the total number of features. The sum is over
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Figure 1.8: A schematic depiction of the SHAP values (see equation (1.22)) for a machine
learning model with 4 features. The ϕi shown in this figure should be averaged over all
possible orderings of the 4 features to obtain the SHAP values. Reproduced from Lundberg
& Lee (2017).

any subset of features S which does not include the feature i. The model fS is trained using

only the features in the subset S, and |S| is the number of features in S. Equation (1.22)

is just a weighted sum of the difference between model predictions with and without the

feature i in question (Lundberg & Lee, 2017).

Computing equation (1.22) requires training models using every possible subset of the

available features. In realistic scenarios, this is not possible. SHAP values approximate

equation (1.22) by averaging over predictions on the training data rather than training

additional models (Lundberg & Lee, 2017).

SHAP values have the advantage that the sign and numerical value are both meaningful:

a SHAP value is the deviation of the model prediction from a naive expectation ignoring the

value of the feature in question. Furthermore, the SHAP values for each feature at a given

data point always add to the difference between the model prediction and the expected value

by ignoring all features. This is just the median prediction on the training set (Lundberg &

Lee, 2017). Figure 1.8 illustrates SHAP values for a model with 4 features.

However, because SHAP values are only defined for individual model predictions, we have

to average their absolute value over some sample of points to assess the overall importance

of each feature. Since SHAP values are relatively computationally expensive to compute, we

only do this on a subset of model predictions (see Chapter 3 and Chapter 4 for more details).

It is also worth noting that SHAP values are based solely on the predictions of the model

and ignore how accurate these predictions are (Lundberg & Lee, 2017). This means that

if the underlying machine learning model is biased or inaccurate, the feature importance

calculations will inherit that bias.

1.6 Outline of dissertation

The body of this dissertation consists of four related studies about how the cooling and

heating rates of gas (often subject to a spatially-varying incident radiation field) are modeled
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in hydrodynamic galaxy formation simulations.

In Chapter 2, we analyze the cooling and heating rates of gas in the ISM of simulated EoR

galaxies from theCROC project. We compare the calculations within the simulations (which

includes spatial variations in the radiation field) to approximations assuming a uniform

radiation field throughout the ISM. Chapter 2 is reproduced with minimal alterations from

Robinson et al. (2022), published in The Astrophysical Journal. This paper was co-authored

with Dr. Camille Avestruz and Dr. Nick Gnedin.

We develop an XGBoost framework to approximate atomic gas cooling and heating rates

subject to a spatially-varying incident radiation field in Chapter 3. We train models for

5 fixed element abundance patterns, and compare models trained using different sets of

photoionization rates to describe the incident radiation field. This chapter is reproduced

from Robinson et al. (2024a), published in the Monthly Notices of the Royal Astronomical

Society, and also co-authored with Dr. Camille Avestruz and Dr. Nick Gnedin.

In Chapter 4, we extend the machine learning framework of Chapter 3 to characterize

the radiation field with other frequency-averages of the intensity. We use SHAP values to

find minimal sets of radiation field parameters that result in reasonably accurate models.

Chapter 4 is reproduced from a pre-print (Robinson et al., 2024b) which has been accepted

for publication in the Open Journal of Astrophysics, and once again co-authored with Dr.

Camille Avestruz and Dr. Nick Gnedin.

Chapter 5 presents the results of implementing one of the machine learning models de-

veloped in Chapter 3 into the ART isolated galaxy simulation of Semenov et al. (2021).

We compare galaxy properties between between the fiducial simulation and a run with our

machine learning model. We focus on the temperature-density phase diagram of the gas and

emission rates for the fine-structure CII line from various excitation processes. This chap-

ter is reproduced from a preprint (Robinson et al., 2024c), co-authored with Dr. Camille

Avestruz, Dr. Nick Gnedin, and Dr. Vadim Semenov, which is currently in the revision

process at the Open Journal of Astrophysics.

Finally, we present a summary of the main conclusions from the preceding chapters and

several potential directions for future work in Chapter 6.
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CHAPTER 2

Can Cooling and Heating Functions Be

Modeled with Homogeneous Radiation

Fields?

2.1 Motivation

The physics of galaxy formation depends on the interplay between gravitational compression

and dissipative cooling of the proto-galactic material. On smaller scales, this same behavior

is replicated in star formation (e.g. Binney, 1977; Rees & Ostriker, 1977; Silk, 1977). For

example, the cooling rate of gas in a galactic disk can affect the accretion rate of new material

onto the disk, which in turn affects the star formation rate (Kannan et al., 2014).

Cooling and heating functions describe how the energy density of a gas fluid element

changes with time due to radiative processes (e.g. Tucker & Gould, 1966; Cox & Tucker,

1969; Sutherland & Dopita, 1993). Hence, these functions play an important role in galaxy

formation. The form of these functions depend on the ionization states and energy levels

of atoms and ions, and have been extensively calculated and tabulated for solar and cosmic

abundances with the assumption that the gas is in Collisional Ionization Equilibrium (CIE).

CIE assumes that there is no incident ionizing radiation and the abundances of various ions

are set by a balance between collisional ionization and recombination (Cox & Tucker, 1969;

Sutherland & Dopita, 1993; Tucker & Gould, 1966). Under the assumption of CIE, the

cooling and heating functions depend only on the gas temperature, density, and metallicity.

Without the CIE assumption, the cooling and heating functions can depend on any physical

quantity which affects the ionization states and energy levels of any chemical element in

the gas. In particular, one such quantity is the incident radiation field, specified by its

specific intensity Jν . Radiation fields can ionize and change the energy levels of ions, thus

affecting which atomic transitions can emit or absorb photons. Previous works indicate that

the presence of ionizing radiation fields can significantly modify the cooling and heating
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functions of gas (e.g. Gnedin & Hollon, 2012; Wiersma et al., 2009; Faerman et al., 2022;

Romero et al., 2021).

Since radiation fields impact cooling and heating functions, which, in turn, impact galaxy

formation, incident radiation fields can affect galaxy formation in a non-trivial way. Some

examples of this include suppressing of cooling, leading to fewer dwarf galaxies forming

(Efstathiou, 1992) or preventing cooling of gas at T ∼ 104−4.5 K through suppression of

cooling via photoionization of neutral hydrogen (Ceverino et al., 2014).

Proper modeling of cooling and heating functions therefore requires an understanding

of the dependence of cooling and heating functions on the incident radiation field Jν . For

example, Wiersma et al. (2009) demonstrates that photoionization by extragalactic radia-

tion can modify cooling functions by about an order of magnitude in realistic conditions.

There are various ways to approach modeling this dependence, with varying accuracy. The

most conceptually straightforward approach is to compute the cooling and heating functions

using the full radiation field via a radiative transfer code such as Cloudy (Ferland et al.,

1998). However, this is too computationally expensive to be viable in simulations. A more

practical approach is to tabulate results from Cloudy with gas temperature, density, and

metallicity assuming a spatially constant but temporally varying extragalactic background

(e.g. Haardt & Madau, 2001; Faucher-Giguère et al., 2009; Faucher-Giguère, 2020). Both

Illustris (Vogelsberger et al., 2014, 2013) and EAGLE (Schaye et al., 2015), two state of the

art cosmological hydrodynamic simulations, use such an approach. While this approach does

incorporate some effects of photoionizing radiation on cooling and heating, it does not ac-

count for the radiation field from local sources within galaxies, which is by far the dominant

contribution for ISM gas (Schaye et al., 2015).

Gnedin & Hollon (2012) describe a straightforward, albeit approximate, way to incorpo-

rate local Jν contributions by approximating the full radiation spectrum dependence with

several key photoionization rates. Hence, one can tabulate the values for cooling and heating

functions in a reasonably sized grid in temperature, density, metallicity, and photoionization

rates. We will describe this approach in further detail in section 2.2.2. Other works approach

including the effect of the local radiation field in different ways. For example, Ploeckinger

& Schaye (2020) includes an interstellar radiation field with the same shape as that of the

Milky Way, scaled by the local gas properties. Thus, their approximation scheme does not

include any radiation field parameters (such as photoionization rates).

In this chapter, we examine the cooling and heating functions of simulated galaxies from

the CROC project (Gnedin, 2014). In these simulations, the dependence of the cooling and

heating functions on the local radiation field is computed using the approximation scheme

of Gnedin & Hollon (2012). We compare three approaches to finding the median cooling
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and heating function across halos of similar mass at a given redshift to see whether the

forms of these functions vary, and if so, how. In section 2.2, we discuss the methodology:

the simulations we use, how we calculate the cooling and heating functions, and the three

different cooling and heating function medians we consider. In section 2.3, we demonstrate

our results comparing the cooling and heating function medians. Finally, we close with a

summary and discussion of our results and potential future work in section 2.4.

2.2 Methodology

2.2.1 CROC simulations

For this work, we use simulations from the CROC project, a program of simulations utilizing

the ART code (Kravtsov, 1999; Kravtsov et al., 2002; Rudd et al., 2008). The simulations

include many physical processes expected to be necessary to model cosmic reionization self-

consistently. These processes include gravity, gas dynamics, star formation, stellar feedback,

the formation of molecular hydrogen, ionizing radiation from stars and other sources, radia-

tive transfer, and metallicity and radiation field-dependent cooling and heating computed

using the approximation scheme of Gnedin & Hollon (2012), which excludes cooling and

heating effects due to cosmic rays, molecules, and dust. The ionizing radiation due to stars

is the only ionizing radiation source fully calculated self-consistently. The simulation incor-

porates other sources in the radiation background as seen by all regions of the simulation,

instead of calculating the contribution from those sources locally. For more details on the

CROC simulations, see Gnedin (2014).

For this study, we use one 20h−1 comoving Mpc box size simulation realization (denoted

box A), which has a spatial resolution of 100 pc. CROC resolves the radiation field in both

space and time, allowing us to study both the space and time-dependence of cooling and

heating functions.

2.2.2 Cooling and heating functions

We can divide the rate of change of the gas energy density due to radiative processes into

two pieces: processes which increase the energy density of the gas (heating processes), and

processes which decrease the energy density of the gas (cooling processes). Guided by this

distinction, we can write:

dU

dt

∣∣∣∣
rad

= n2
b [Γ(T, . . .)− Λ(T, . . .)], (2.1)
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where U is the energy density of the gas, nb is the number density of baryons (here, baryons

refer to hydrogen, helium, and metal nuclei), and Γ,Λ are the respective heating and cooling

functions of the gas; T is the gas temperature and ‘. . .’ in the cooling and heating functions

indicate that these functions generally depend on additional variables besides T . The factor

of n2
b accounts for the baryon number density dependence of collisional processes involving

two gas particles. In CIE, where collisional ionization is balanced by electron recombination,

the prefactor of n2
b ensures that both Γ and Λ are independent of nb in the absence of three-

body processes (Gnedin & Hollon, 2012). Note that the left-hand side of equation (2.1) only

includes changes in energy density due to radiative processes, excluding other processes (e.g.

gas heating due to adiabatic compression).

While Γ and Λ are independent of density nb and depend only on gas temperature and

metallicity for gas in CIE, an incident radiation field Jν can modify the distribution of energy

levels and ionization states of gas particles, changing Γ and Λ. For an arbitrary Jν , calculating

Γ and Λ would require a radiative transfer code such as Cloudy (Ferland et al., 1998). In

order to calculate the radiation field-dependent cooling and heating functions, we use the

approximation scheme of Gnedin & Hollon (2012). This is the same approximation that

CROC uses to follow gas cooling and heating within the simulation, making this procedure

self-consistent (Gnedin, 2014).

This approximation assumes that Jν follows a general form including contributions from

stars and AGN. The implementation approximates the Jν dependence with 4 key photoion-

ization rates: HI (neutral hydrogen), HeI (neutral helium), CVI (quintuply-ionized carbon),

and the Lyman and Werner bands photodissociation rate for molecular hydrogen (parame-

terized by QHI, QHeI, QCVI, and QLW, where Qi = Pi/nb, and Pi is the photoionization rate

for the relevant band). The cooling and heating functions also depend on the local gas

temperature T , baryon number density nb, and metallicity Z. The cooling and heating func-

tions are computed using the radiative transfer code Cloudy for a table of 4000 values of

these parameters, and linear interpolation in each parameter is used for intermediate values

(Gnedin & Hollon, 2012).

This approximation scheme fares well compared to Cloudy calculations within the pa-

rameter space of the table described above. When evaluated on a uniformly log-spaced grid

of parameter values (different from the table described above) and compared to the cooling

and heating functions calculated by Cloudy, the approximation scheme leads to fractional

errors > 2 in fewer than 1 in 103 cases. Fractional errors of about 6 occur in around 1 in 106

cases (Gnedin & Hollon, 2012).
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2.2.3 Cooling and heating functions in the simulations

We now consider how to describe the cooling and heating functions in a simulation. To

put this question in a broader context, imagine that someone wants to simulate a set of

individual galaxies similar to ones modeled in our cosmological simulations. What cooling

and heating functions should they adopt?

There are several options of increasing level of complexity:

A The simplest option would be to adopt a single set of cooling and heating functions F(T )

(i.e. function of temperature only) for the whole simulation. This would be the case

if one used, for example, the CIE only cooling function (Sutherland & Dopita, 1993).

It is rarely a good approximation, since cooling and heating functions also depend on

other gas properties.

B The next step is to take the cooling and heating functions F(T, n, Z) that depend on

the gas density and metallicity, but ignore the dependence on the spatial variations in

the radiation field (such an approximation may still depend on the uniform radiation

field, like cosmic background, e.g. Kravtsov et al., 2002; Wiersma et al., 2009). This

is the most commonly used approximation. It is the approach used in Illustris-TNG

(Vogelsberger et al., 2014, 2013) and EAGLE (Schaye et al., 2015), which both include

the effects of a time-varying but spatially homogeneous extragalactic radiation field.

C Finally, a simulation can adopt the full dependence of the cooling and heating functions

F(T, n, Z, Jν) on gas density, metallicity, and the radiation field at every spatial loca-

tion. This is the approach used here, and has also been adopted in other simulations

such as DRAGONS (Mutch et al., 2016) and Cosmic Dawn (Ocvirk et al., 2016).

The main question we consider in this chapter is how well approximations for cases A and

B describe the cooling and heating functions from the case C that is used in our simulations.

In order to simplify this question, we consider limited bins in gas density and metallicity

within which we can treat densities and metallicities as being approximately constant at the

median values n0 and Z0, respectively. Within each bin, cases A and B are identical.

In the simulation, resolution elements (in our case grid cells) within a single bin in density

and metallicity have a range of temperatures and radiation fields, and hence also a range

of cooling and heating rates Fi that the cells i have at a given timestep. There are several

possible ways one can turn a set of such rates into a single set of cooling and heating functions

F(T ).

The most direct way one can define F(T ) is for each value at T to be an average or a

median of all cells i that have temperatures Ti sufficiently close to T (say, within a bin of
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half-width ∆T , i.e.

F̄R(T ) = ⟨F(Ti, ni, Zi, Jν,i)⟩|T−Ti|<∆T

≈ ⟨F(Ti, n0, Z0, Jν,i)⟩|T−Ti|<∆T

(2.2)

The second line of equation (2.2) emphasizes that, hereafter, we only use cells within single

bins of density and metallicity, |n0 − ni| < ∆n and |Z0 − Zi| < ∆Z. We omit dependence

on ni and Zi for brevity.

Since the cooling and heating rates span several orders of magnitude, we choose the

median rather than the average. We refer to the resulting function from the median rates as

the actual rates, as it represents the actual cooling and heating rates seen by the cells in the

simulation. Note that the actual cooling and heating rates FR do not necessarily correspond

to cooling and heating functions for some “typical” values of density, metallicity, and the

radiation field.

The latter can be defined as the cooling and heating functions for the median values of

density, metallicity, and the radiation field,

F̄M(T ) = F(T, n0, Z0, ⟨Jν,i⟩). (2.3)

Note that such a median ignores all the information about gas cell temperatures Ti, only

cell density, metallicity, and the radiation field contribute to that definition. We will refer

to this median as the median ISM cooling and heating functions.

One can also define another median, which we call “instantaneous”. Imagine a cell i with

given values of Ti, ni, Zi, and Jν,i. If it heats/cools instantaneously, without any change in

ni, Zi, or Jν,i (which actually change on dynamical and/or star formation timescales), then

the temperature of cell i changes with the cooling/heating functions F(T, ni, Zi, Jν,i). Hence,

one can define the median instantaneous cooling and heating functions,

F̄I(T ) = ⟨F(T, n0, Z0, Jν,i)⟩ , (2.4)

where the median is taken over all cells in the narrow bins of density and metallicity but

with any values of temperature or the radiation field.

The distinction between the three definitions of the cooling and heating functions above

is subtle but important. The median ISM cooling and heating functions F̄M(T ) are indeed

cooling and heating functions in the canonical sense - they can be computed with, say,

Cloudy, for fixed values of n0, Z0, and Jν,0 = ⟨Jν,i⟩, while the actual cooling and heating

rates and the median instantaneous cooling and heating functions may not be. The physical
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interpretations of the actual cooling and heating rates and median ISM functions are more

clear than for the instantaneous case.

In order to illustrate that a collection of cooling and heating rates is not equal to the

cooling and heating function, let us consider a single fluid element with the given density ni,

metallicity Zi, and the radiation field Ji. Its cooling function is Λ (T, ni, Zi, Ji(ν)). As that

fluid element cools thermodynamically (let us assume its heating function is initially small), it

may also evolve dynamically. In general, the density of that element will change (for example,

if the cooling is isobaric or adiabatic), unless the cooling is isochoric and no new gas is

introduced into the element. The metallicity and radiation field may also change. The cooling

rate along the flowline of that fluid element is ĖC(t) = Λ (Ti(t), ni(t), Zi(t), Ji(ν, t)) and the

collection of these cooling rates in some time interval, {ĖC}t0<t<t1 may not correspond to

any cooling function Λ(Ti(t), n∗, Z∗, Jν∗) for some fixed parameters n∗, Z∗, and Jν∗. We show

in subsequent sections that this is in fact the case, and highlight the comparison for a range

of halo masses and gas metallicities.

2.2.4 Median cooling and heating rates and functions of the ISM

We ultimately want to examine how the actual cooling and heating rates and median ISM

and instantaneous cooling and heating functions of the interstellar medium of galaxies in our

cosmological simulations vary with cosmologically relevant quantities, such as redshift z and

host halo mass. Before we can quantify this behavior, we first need to examine differences in

median cooling and heating rates and functions to capture the average behavior of galaxies

in a given mass range and at a given redshift.

In practice, we consider dark matter halos within the cosmological simulation, rather than

individual galaxies. For each halo identified by the ROCKSTAR (Behroozi et al., 2013) halo

catalog at the relevant redshift, we select all gas cells within one virial radius Rvir of the

center of each halo. For the mass of the halo, we use the virial mass Mvir from the ROCKSTAR

halo catalog. To account for potential effects due to variations in spatial clustering, we also

distinguish between central halos and subhalos using the ‘parent ID’ from the ROCKSTAR

halo catalog. The particular simulation from the CROC project we use for this work has

redshift snapshots ranging between z ∼ 5 and z ∼ 10. Except for when considering the

mass dependence of the cooling and heating functions, we choose a fiducial mass range of

Mvir > 1010 h−1M⊙ (for the rest of this chapter, we write M for Mvir, as virial masses are

the only masses used here).

For each combination of mass range, redshift, and choice of central or subhalos, we ran-

domly select 50 halos when they are available, and otherwise select all the halos. To find
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and utilize the temperature, number density, metallicity, and photoionization rates of cells

within each halo, we used the toolkit yt (Turk et al., 2011). We combine the cell data from

each of the selected halos, then compute the median cooling and heating functions using the

procedures described in section 2.2.3 for specific bins in density and metallicity (see below).

At the density scales explored in this chapter, the hydrodynamic cells have approximately

constant mass. Hence, in physical terms, the median over hydrodynamic cells is effectively

mass-weighted.

We also apply cell selection criteria when calculating the cooling and heating functions.

We examine the cooling and heating functions for cells in the density range of 1 < nb < 10

cm−3, the metallicity range 0.03 < Z/Z⊙ < 0.1, where Z⊙ ≈ 0.02 is the metallicity of gas in

the solar neighborhood (Gnedin & Hollon, 2012), and with radiation field values PHI, PHeI

> 0, and PCVI > 2 × 10−20s−1. The density range corresponds to the typical galactic ISM.

We limit the metallicity to a relatively narrow range since cooling and heating functions can

depend on metallicity. Generally, both cooling and heating functions increase with metallicity

across all temperatures, since adding more metals to the gas increases the available pathways

for radiative cooling and heating. Increasing metallicity can also introduce new features (i.e.

peaks) to the cooling and heating functions due to elements besides hydrogen and helium.

This range (0.03 < Z/Z⊙ < 0.1) ensures that we have sufficient cells for our analysis between

redshifts z ∼ 10 and z ∼ 5. The photoionization rate cuts are discussed in more detail in

the next section. Unless otherwise noted, all gas cells used in the analysis below are within

these parameter ranges.

For each approach described in section 2.2.3, we compute the median cooling and heating

rates and functions over all cells remaining after the cuts described above from the selected

halos at a given redshift in our fiducial mass bin. As a measure of spread, we compute the

25th and 75th percentiles. For the spread of actual rates and the instantaneous functions, we

compute percentiles within all cells in each temperature bin. For the median ISM cooling and

heating functions, we compute the spread by evaluating the cooling and heating functions

(in each temperature bin) at the 25th and 75th percentile ISM (that is, the 25th and 75th

percentiles of nb, Z, PLW, PHI, PHeI, and PCVI. This spread is dominated by spread between

cells rather than spread between the medians of different halos. To choose temperature

bins, we begin by finding the minimum and maximum cell temperatures for the halos under

consideration. We construct logarithmic temperature bins between these values, with 20

bins per decade. For ease of comparison, we evaluate the median ISM and instantaneous

cooling and heating functions for the same halos at the logarithmic center of the bins used

for the actual cooling and heating rates (the geometric mean of the bin edges).
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Redshift z Fraction of discarded cells (%)
5 1.5
8 2.1
9 3.2
10 0.7

Table 2.1: Cell fraction with PHI, PHeI, or PCVI = 0 after density and metallicity cuts.

2.2.5 Numerical artifacts

We exclude cells with any of PHI, PHeI, PCVI equal to 0 because such cells can yield anoma-

lously large cooling and heating function values with the approximation described in sec-

tion 2.2.2. The table used to interpolate between photoionization rate values in the approxi-

mation does not extend to PHI, PHeI, PCVI this low, so we interpret these cooling and heating

function values as numerical artifacts. Some simulated cells where PHI, PHeI, or PCVI = 0

are obvious numerical artifacts (that is, none of these three photoionization should be 0 for

that cell). It is possible that some cells with zero photoionization rates are not numerical

artifacts of the simulation, but there is no straightforward way to separate such cells, so we

choose to exclude all such cells in this analysis. This restriction removes a few percent of

the cells with density and metallicity in the ranges described in section 2.2.4. The fraction

of cells removed for the (up to) 50 randomly selected central halos in our fiducial mass bin

at various redshifts is shown in Table 2.1.

Furthermore, we also exclude cells with PCVI < 2×10−20 s−1. We find that the distribution

of the CVI photoionization rates, PCVI, of gas cells in all galaxies in the fiducial mass range

is distinctly bimodal across the entire range of simulated redshifts, with no difference in

behavior between galaxies hosted by central or subhalos. A representative plot is shown

for our 50 randomly selected central halos at z ∼ 5 with masses M > 1010 h−1M⊙ in

Figure 2.1. We term the two distinct regions of the distribution ‘low PCVI’ for gas populating

the distribution in blue and ‘high PCVI’ for gas populating the distribution in orange. A cutoff

of 2 × 10−20 s−1 (as shown in the mid-plot horizontal axis in Figure 2.1) separates the two

modes at all the redshifts we examined. The range of PCVI for the low PCVI distribution

does not vary strongly with redshift. However, the location of the narrow range of high PCVI

values systematically increases with time from ∼ 7× 10−20 s−1 at z ∼ 10 to ∼ 3× 10−17 s−1

at z ∼ 5 as the cosmic X-ray background gradually builds up. The cells in each mode are

not separated in the phase space of gas properties. That is, cells in both parts of the PCVI

distribution are similarly distributed in temperature, number density, and metallicity; PCVI

is the only feature which cleanly separates the two distributions. The correlation between

PCVI and PLW for the low PCVI population seen in Figure 2.1 is surprising. CVI is ionized
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Figure 2.1: Histograms of the CVI photoionization rate PCVI vs the Lyman-Werner band
photodissociation rate PLW (left) or the HI photoionization rate PHI (right) for cells in the
50 randomly selected central halos in the fiducial mass range at z ∼ 5. The dashed green
horizontal line shows the cutoff between the low and high radiation field parts of the distri-
bution (PCVI = 2× 10−20 s−1). The two populations of cells are distinguished by color. The
low PCVI values and correlation between PCVI and PLW for the low PCVI population have no
obvious physical reason and are likely to be numerical artifacts.
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Redshift z Fraction of discarded low PCVI cells (%)
5 2.9
8 2.8
9 7.9
10 8.8

Table 2.2: Redshift evolution of low PCVI cell fraction.

by X-rays, sourced only by the spatially constant quasar background in the simulation. On

the other hand, the UV radiation in the Lyman-Werner (LW) bands comes from both local

stellar sources and a spatially constant UV background (Gnedin, 2014). Since these rates

originate from disparate sources, there is no obvious reason why they should be correlated.

We examined some of these cells visually, and while some of them are located in very high

density regions and could be optically thick to X-rays, not all such cells are obviously located

in these regions. Hence, we also choose to exclude the cells with low PCVI, since we cannot

clearly show that they are not a previously unidentified numerical artifact of the radiative

transfer solver.

Note, no more than a few percent of gas cells (for halos in our fiducial mass range at a

given redshift) are cut from our cooling and heating function calculation with these radiation

field selection criteria (after the density and metallicity selection criteria have already been

applied).

We find that the fraction of cells with low PCVI values (which we remove) varies with

redshift. In Table 2.2, we show the fraction of total gas cells in (up to) 50 randomly selected

central halos after the density, metallicity, and photoionization rate cuts described above

with low PCVI across various redshifts. The fraction of low-PCVI cells generally increases

with increasing redshift.

2.3 Results

2.3.1 Actual rates vs. median functions

We first compare the behavior of the median ISM and instantaneous cooling and heating

functions against the actual cooling and heating rates for the 50 randomly selected central

halos at z ∼ 5 in our fiducial mass range, shown in Figure 2.2. From Figure 2.2, we see

that the instantaneous and median ISM cooling and heating functions differ from the actual

cooling and heating rates by more than the 25th-75th percentile spread below T ∼ 103 K.

They even have different qualitative shapes at these lower temperatures. Above T ∼ 104
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Figure 2.2: Comparison of actual rates (dashed blue curves) and the median ISM (dotted
green) and instantaneous (solid orange) functions for cooling (top panel) and heating (bottom
panel) for the 50 randomly selected central halos at z ∼ 5 in the fiducial mass range M >
1010 h−1M⊙ (the same as shown in Fig. 2.1). The shaded bands show the 25th-75th percentile
spread.
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K, there is quantitative agreement for the cooling functions, but only qualitative agreement

between the shapes of the heating functions. On the other hand, the median ISM and

instantaneous cooling and heating functions agree very well across all temperature bins,

the main difference being that the median ISM cooling and heating functions have slightly

smaller spread. Since the median ISM cooling and heating functions have a clearer theoretical

interpretation than the instantaneous case, and these two agree very closely here, we will

now focus on the comparison between actual cooling and heating rates against the median

ISM cooling and heating functions.

The median ISM cooling and heating functions and actual cooling and heating rates are

not the same. This suggests that the actual cooling and heating rates experienced by actual

gas cells as their temperature changes are not given by the cooling and heating functions

evaluated at median ISM properties. Hence, we find that the actual cooling and heating

rates are not expressible in the form F(T, n∗, Z∗, J∗(ν)) for fixed n∗, Z∗, J∗(ν) (as explained

in section 2.2.3). For example, the actual heating rates do not monotonically decrease

with temperature, but all Γ(T, n∗, Z∗, J∗(ν)) do. Since the actual cooling and heating rates

explicitly describe the thermal evolution of gas cells, we conclude that the thermodynamics

of the simulated gas cells cannot be well-described by a single set of cooling and heating

functions of the form F(T, n∗, Z∗, J∗(ν)) , which is a necessary approximation for simulations

which use cooling and heating functions with a homogeneous radiation field computed with

tools such as Cloudy. This illustrates how the assumption of a spatially fixed radiation field

(the case B approximation discussed in section 2.2.3) can break down in the presence of local

radiation fields. Since we have restricted 1 < nb < 10 cm−3 and 0.03 < Z/Z⊙ < 0.1 for these

cells, the spread in median ISM cooling and heating functions is primarily due to variations

in photoionization rates. We discuss this in further detail below.

2.3.2 Redshift trends

The actual cooling and heating rates do not vary strongly with redshift. For simplicity, we

do not overplot these. On the other hand, there is redshift evolution for the median ISM

functions. Since the number of cells in each temperature bin varies and some temperature

bins may contain no cells at all, the actual cooling and heating rates are much more ‘jagged’

and less smooth than the median ISM cooling and heating functions (see Figure 2.2, Fig-

ure 2.4, and Figure 2.7). This effect tends to obscure the effects of the redshift evolution

seen for the median ISM, discussed below. Figure 2.3 shows the median ISM cooling (top

panel) and heating (lower panel) functions for gas in central halos in our fiducial mass range

at z ∼ 5, 8, 9, and 10 in the solid curves. Note that the temperature range for each curve
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is given by the minimum and maximum temperatures of the selected (i.e. within the den-

sity, metallicity, and photoionization rate ranges specified in section 2.2.4) cells in the up to

50 halos used at the given redshift. We overplot the heating function in faint lines in the

top panel to illustrate the evolution of the intersection point (i.e. equilibrium temperature)

between the cooling and heating functions. The equilibrium temperature increases with red-

shift: from ∼ 104 K at z ∼ 5 to 2 × 104 K at z ∼ 10. For comparison of populations, the

dashed lines correspond to the same curves for gas in subhalos at z ∼ 5, where we have a

sufficient number of reasonably resolved subhalos to illustrate a comparison; the central and

subhalo populations have indistinguishable median ISM functions within the spread.

From Figure 2.3, we see that the median ISM cooling functions increase with redshift for

T ≲ 104 K and the median ISM heating functions increase with redshift for all temperatures.

At z ∼ 9, 10, the median cooling and heating functions are about three orders of magnitude

larger than at lower redshifts, reflecting the weakness of the extragalactic X-ray background

in the earliest galaxies before the onset of reionization, reflected in the lower value of PCVI

(see section 2.2.5). As the X-ray background increases, it will heat up and ionize gas that

was previously cooler and less ionized. Cooler gas heats more efficiently than hotter gas

with the same other properties. Consistent with the expected decrease in cooling efficiency

of hotter gas, Figure 2.2 shows that the median ISM heating function is a monotonically

decreasing function of temperature. This overall suggests that the median ISM heating

function should decrease as the X-ray background builds up with decreasing redshift, as we

see in Figure 2.3. At all the redshifts shown, the cooling function has two peaks (above

∼ 104 K) corresponding to hydrogen and helium. The location of the first peaks shifts to

higher temperatures at z ∼ 9, 10 compared with z ∼ 5, 8.

2.3.3 Mass dependence

Our fiducial halo mass range is relatively wide: M > 1010 h−1M⊙. To justify this choice, we

examine the actual cooling and heating rates and median ISM cooling and heating functions

in narrow mass bins across the range of halo masses at z ∼ 5. We choose mass bins of

(1.0− 1.1)× 1010h−1M⊙, (5.0− 5.5)× 1010h−1M⊙, and (1.0− 1.1)× 1011h−1M⊙. We show

the cooling and heating functions in these mass bins at z ∼ 5 in Figure 2.4.

We observe no halo mass dependence for either the actual cooling and heating rates or

median ISM cooling and heating functions at z ∼ 5. While there are slight offsets in the

curves for the three mass bins at low T (≲ 105 K for heating and ≲ 10 K for cooling), these

offsets are much smaller than the 25th-75th percentile bands. Despite the wide choice of

fiducial mass bin, neither the actual cooling and heating rates nor the median ISM cooling
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Figure 2.3: Median ISM cooling (top panel) and heating (bottom panel) functions vs. tem-
perature for up to 50 central halos in the fiducial mass range at z ∼ 5, 8, 9, 10 (solid lines)
and for sub halos at z ∼ 5 (dashed lines). The solid lines show the median, while the shaded
bands show the 25th-75th percentile spread for central halos at z ∼ 5. For direct compar-
ison, we overplot the heating functions in the upper panel with faint lines; the intersection
between the cooling and the heating function corresponds to the equilibrium temperature.
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Figure 2.4: Actual rates (blue) and median ISM functions (orange) for cooling (top panel)
and heating (bottom panel) for central halos in three mass bins at z ∼ 5. The 25th-75th
percentile shaded region is shown only for the middle mass bin, but the widths are similar
for all bins.
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and heating functions depend on the halo mass within our fiducial mass range.

2.3.4 Density and metallicity ranges

To consider our choices of 1 < nb < 10 cm−3 and 0.03 < Z/Z⊙ < 0.1 for density and

metallicity ranges, we explore the median ISM cooling and heating functions and actual

cooling and heating rates for other density and metallicity ranges (using the same halos as

above).

First, we consider the density range. Similar to the lack of redshift dependence, the actual

cooling and heating rates also do not vary strongly with the choice of density bin, so we do

not overplot these curves. Instead, we explore how much of the median ISM spread is due

to the width of our chosen density range. In Figure 2.5, we plot the median ISM cooling

and heating functions for density ranges of 1 < nb < 3, and 3 < nb < 10 cm−3, in addition

to 1 < nb < 10 cm−3. For comparison, we also include the median ISM cooling and heating

functions for density ranges 0.01 < nb < 0.1 and 0.1 < nb < 1 cm−3, which are of the same

logarithmic width as our 1 < nb < 10 cm−3. These low density ranges explore the density

range of the CGM rather than the ISM.

As shown in Figure 2.5, the 25th to 75th percentile spreads in the median ISM cooling

and heating functions for 1 < nb < 3 and 3 < nb < 10 cm−3 have comparable width to

that for 1 < nb < 10 cm−3, and all three ranges overlap very strongly. This suggests that

the spread within our adopted density range of 1 < nb < 10 cm−3 is not primarily due to

the range of cell densities, but rather to the spread in photoionization rates. However, the

median ISM cooling and heating function spreads for 0.01 < nb < 0.1, 0.1 < nb < 1, and

1 < nb < 10 cm−3 overlap only weakly, if at all. For the lowest density range shown with the

blue dotted line, 0.01 < nb < 0.1 cm−3, the peaks in the cooling function that correspond to

hydrogen and helium shift to higher temperatures (but lower cooling function values). The

shift to higher temperatures is due to the fact that fewer atomic collisions occur in low gas

density regions, e.g. the CGM. This gas therefore requires higher temperatures to excite a

sufficient number of hydrogen atoms for radiative cooling, which is ultimately less efficient

than radiative cooling in a higher density medium.

In general, the heating function includes contributions from direct photoionization heat-

ing. Since this process involves one photon and one atom, the rate of change of energy

density is proportional to nb rather than n
2
b (Sutherland & Dopita, 1993). Due to the def-

inition of the heating function Γ(T, . . .) in equation (2.1), we can expect Γ(T, . . .) ∝ n−1
b if

photoionization is the only contribution to the heating function. Thus, for a density range

of 1 < nb < 10 cm−3, a one dex spread in the cooling and heating functions (at fixed T, Z,
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Figure 2.5: Median ISM cooling (top panel) and heating (bottom panel) functions vs. tem-
perature for selected cells from the random subsample of 50 central halos at z ∼ 5 in our
fiducial mass range (the same sample as previous figures) for cells with 0.01 < nb < 0.1
(blue), 0.1 < nb < 1 (orange), 1 < nb < 10 (green), 1 < nb < 3 (red), and 3 < nb < 10 cm−3

(purple). The bands correspond to the 25th to 75th percentile spread for each density range.
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and radiation field, i.e. the median ISM case) can be explained by the width of the density

range. It is therefore also useful to compare the product nbΓ for the density ranges discussed

above, since nbΓ would be constant across all density ranges if Γ ∝ n−1
b from photoheating

were the only nb dependence. We show this product for the median ISM in Figure 2.6. Here,

we see that nbΓ is indistinguishable for temperatures below T ∼ 4×105 K to within the 25th

to 75th percentile spread for all density ranges except 0.01 < nb < 0.1 cm−3. The 25th to

75th percentile spread in nbΓ for all density ranges is considerable (larger than 1 dex at the

lowest temperatures). The scatter in nbΓ is primarily due to the scatter in ISM properties

other than nb, i.e. the photoionization rates, since we also select a relatively narrow range

for the metallicity, Z. By definition, the radiation field for the median ISM cooling and

heating functions is constant. The photoionization heating rate is therefore also constant.

Thus, if photoionization is the dominant contribution to the heating function (say, over a

given temperature range), then the median ISM heating function will also be constant in

that regime.

To consider any potential dependence on our adopted metallicity range of 0.03 < Z/Z⊙ <

0.1, we examine a different, non-overlapping metallicity range of similar logarithmic width,

0.1 < Z/Z⊙ < 0.3. We compare both the actual cooling and heating rates and median ISM

cooling and heating functions in Figure 2.7. The qualitative shapes are similar for both

metallicity ranges for both actual rates and median ISM functions, but the normalization

differs for T ≲ 104 K for cooling functions and all temperatures for heating. Our choice of

fudicial metallicity range has some effect on the numerical values of the cooling and heating

functions at a given redshift, but does not affect our conclusions about the differences between

the actual cooling and heating rates and median ISM cooling and heating functions.

2.4 Summary and discussion

In this chapter, we compare the actual cooling and heating rates with the median ISM and

instantaneous cooling and heating functions of halos in a simulation from the CROC project

to assess the validity of universal (i.e. independent of redshift and halo mass) cooling and

heating function formulations with a spatially fixed radiation field. Such formulations are

often used in cosmological hydrodynamic simulations, as described in the case B approxima-

tion discussed in section 2.2.3. Here, cooling and heating functions are computed with tools

such as Cloudy using a fixed extragalactic background radiation field. The main conclusions

from this work are:

• The actual cooling and heating rates cannot be described by the canonical cooling and

heating functions of temperature for median values of gas density, metallicity, and the
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Figure 2.6: The median baryon number density nb multiplied by the median ISM heating
function vs. temperature for selected cells from the random subsample of 50 central halos at
z ∼ 5 in our fiducial mass range (the same sample as above) for cells with 0.01 < nb < 0.1
(blue), 0.1 < nb < 1 (orange), 1 < nb < 10 (green), 1 < nb < 3 (red), and 3 < nb <
10 cm−3 (purple). The shaded regions correspond to the 25th and 75th percentile nb values
respectively multiplied by the heating function evaluated for 25th and 75th percentile ISM
properties.
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Figure 2.7: Actual (solid lines) cooling and heating rates and median ISM (dashed lines)
cooling (top panel) and heating (bottom panel) functions vs. temperature for selected cells
from a random subsample of 50 central halos at z ∼ 5 in our fiducial mass range (the same
sample as above) for cells with 0.03 < Z/Z⊙ < 0.1 (blue, as used for the above plots) and
0.1 < Z/Z⊙ < 0.3 (orange).
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radiation field (see Figure 2.2). In fact, the heating rates depend non-monotonically on

the gas temperature and thus cannot be described by a heating function at any fixed

values of gas density, metallicity, and the radiation field. Specifically, the commonly

used approximation of the gas cooling and heating functions with dependence only

on T, nb, Z, and a spatially fixed radiation field is inadequate to describe the actual

cooling and heating rates of the ISM illuminated with a spatially varying radiation field

(such as with the simulations used here). While one can still parameterize these rates

as functions of temperature, such parameterizations do not have the form of cooling

and heating functions which could be computed with with typical, fixed values of the

gas density, metallicity, and the radiation field as might be done with codes such as

Cloudy.

• The median ISM cooling and heating functions (a single cooling and heating function

evaluated at the median nb, Z, and photoionization rates) and instantaneous cooling

and heating functions (the median of the cooling and heating functions evaluated for

the nb, Z, and photoionization rates of each cell) are nearly identical (see Figure 2.2).

• While there is no significant redshift evolution for the actual cooling and heating rates,

the median ISM cooling functions increase with redshift for T ≲ 104 K and the median

ISM heating function increases with redshift for all temperatures (see Figure 2.3),

reflecting the weakness of the extragalactic X-ray background from quasars prior to

the onset of recombination. Note, 50% of the hydrogen becomes ionized between

z ∼ 7− 8 in the CROC project simulations considered here (Gnedin & Kaurov, 2014).

• Galaxies hosted by central halos and subhalos exhibit no systematic difference in ei-

ther their actual cooling and heating rates or their median ISM cooling and heating

functions.

• There is no significant mass trend in either the actual cooling and heating rates or

median ISM cooling and heating functions across a decade of mass within our fiducial

mass bin (see Figure 2.4).

• The scatter in cooling and heating rates is dominated by the scatter within individual

halos rather than the scatter between different halos.

In our analysis we discovered that a few percent of all cells in CROC simulations have

anomalous photoionization rates (PHI = PHeI = PCVI = 0 or PCVI is suspiciously low),

resulting in anomalously high cooling and heating function values in such cells. In future

work, we will consider eliminating these numerical artifacts by extending the interpolation
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tables in the approximation of Gnedin & Hollon (2012) to smaller values of PHI, PHeI, and

PCVI. In addition to extending the interpolation tables, it may also be possible to improve the

approximation (and extend its range of validity further) by using a different combination of

photoionization rates in place of the four described in equation (9) of Gnedin & Hollon (2012).

Machine learning provides a promising tool to assess which combinations of photoionization

rates might most impact cooling and heating functions. A natural follow-up project would

be to use these rates to construct new interpolation tables for use in cosmological simulations

with radiation fields. We explore interpretable machine learning approaches to interpolating

cooling and heating functions in Chapter 3 and Chapter 4.
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CHAPTER 3

Exploring the Dependence of Gas Cooling

and Heating Functions on the Incident

Radiation Field with Machine Learning

3.1 Motivation

Galaxy formation involves many interacting processes, of which the primary one is the grav-

itational collapse of baryonic gas into the potential wells of dark matter halos after the de-

coupling of baryons and photons. Since baryonic gas can provide thermal pressure support,

the rate at which the gas can dissipate energy (via cooling) is a critical factor in determin-

ing the density and temperature at which the gravitational collapse stops (Rees & Ostriker,

1977). Cooling and heating functions are a traditional way of describing how the internal

energy of the gas changes due to radiative processes (e.g. Cox & Tucker, 1969; Sutherland &

Dopita, 1993; Lykins et al., 2013; Wang et al., 2014), and determine the thermal evolution of

gas (e.g. Dalgarno & McCray, 1972; Gnat & Sternberg, 2007). Coupled with other relevant

processes, cooling and heating functions help determine the overall evolution of the gas (e.g.

Mart́ınez-Serrano et al., 2008; Richings et al., 2014; Galligan et al., 2019; Romero et al.,

2021). Hence, cooling and heating functions are important to theoretical modeling of galaxy

formation (see the review of Benson, 2010). For example, the comparison between the gas

cooling time and the gravitational freefall time introduces characteristic scales where the two

are equal (e.g. Rees & Ostriker, 1977; Silk, 1977; White & Frenk, 1991; Kauffmann et al.,

1993). Cooling also regulates how efficiently additional gas can accrete onto a (proto)galaxy

(e.g. Binney, 1977; Bertschinger, 1985; Cole et al., 1994; Croton et al., 2006; Brooks et al.,

2009), and the radiation emitted by the accreting gas (Fardal et al., 2001). Gas mass can

be lost from a (forming) galaxy due to heating by ionizing radiation from outside the galaxy

(Okamoto et al., 2008).

Given an atomic and molecular composition, and using values for relevant atomic prop-
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erties, the equilibrium populations of various ionization states and energy levels in a gas can

be computed (e.g. Spitzer, 1962; Arnaud & Rothenflug, 1985; Ferland, 1993, 2009). These

populations can then be used to determine the cooling and heating rates of the gas (e.g.

Cox & Tucker, 1969; Dalgarno & McCray, 1972; Sutherland & Dopita, 1993; Ferland et al.,

1998). In the absence of external sources of ionizing radiation, these populations are set by

CIE and become well-known and relatively simple functions of gas density, metallicity, and

temperature only (Cox & Tucker, 1969; Sutherland & Dopita, 1993).

An incident radiation field can change the distribution of ionization states and energy

level populations, and hence can alter cooling and heating functions from the CIE limit

(e.g. Wiersma et al., 2009; Gnedin & Hollon, 2012; Galligan et al., 2019, and Chapter 2).

Computing cooling and heating functions for an arbitrary radiation field is a highly complex

and computational expensive effort, requiring major development efforts and sophisticated

software, in particular photoionization codes (see the review of Kallman, 2001) such as

Cloudy (Ferland et al., 1997, 1998, 2013, 2017; Chatzikos et al., 2023). Photoionization codes

require a comprehensive database of atomic data related to ionization and recombination,

such as XSTAR (Bautista & Kallman, 2001). Photoionization codes have been developed for

a variety of geometries, such as a spherical cloud with an illuminating source at the center

(Kallman & McCray, 1982), a slab illuminated from either side (Dumont et al., 2000), a

cone illuminated from the apex (Kinkhabwala et al., 2003), pseudo-3D geometries with non-

extended sources (Morisset et al., 2005), and fully general 3D geometries (e.g. Ercolano et al.,

2003; Wood et al., 2004; Baes et al., 2005).

In this chapter, we aim to accurately predict cooling and heating functions for an atomic

gas in the presence of an incident radiation field, which may include a local component in

addition to the extragalactic background. Local contributions can dominate the radiation

field inside galaxies and in the CGM (Draine, 1978).

Since gas cooling (and heating) is a vital ingredient in galaxy formation, cooling and heat-

ing functions need to be included in numerical simulations of galaxy formation. However, the

full calculation of level and ionization state populations is much too complex (and, hence,

slow) for modeling cooling and heating functions on the fly in galaxy formation simulations.

Hence, for simulation use, the cooling and heating functions must be approximated with a

less computationally intensive method. One traditional approach to this is pre-computing

cooling and heating functions with Cloudy on a grid of relevant parameters, and interpolat-

ing between table values in the simulation (e.g. Kravtsov, 2003; Smith et al., 2008; Hopkins

et al., 2011; Vogelsberger et al., 2014). Cooling and heating tables for gas in CIE gener-

ally include dimensions of temperature, density, and metallicity (e.g. Cox & Tucker, 1969;

Sutherland & Dopita, 1993; Smith et al., 2008). The same table dimensions can be used for
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gas with a constant ionizing background at fixed redshift (e.g. Hopkins et al., 2011). Incor-

porating a spatially constant UV background adds one additional dimension, the redshift

z (or radiation field strength), to the tables (e.g. Kravtsov, 2003; Robertson & Kravtsov,

2008; Smith et al., 2017; Gutcke et al., 2021; Schaye et al., 2023). In particular, various

simulations incorporate the redshift-dependent cooling tables of Wiersma et al. (2009), in-

cluding simulations described in Thomas et al. (2009); Schaye et al. (2015); McCarthy et al.

(2017). More recent simulations, such as those of Gutcke et al. (2021) and Schaye et al.

(2023) incorporate the cooling tables of Ploeckinger & Schaye (2020). These tables include

an interstellar radiation field with a fixed frequency dependence and normalization depend-

ing on the gas column density, in addition to a spatially constant UV background. Tables

with more dimensions can also be constructed for gas illuminated by an incident radiation

field which includes local contributions from a synthesized stellar spectrum and a quasar-like

power law (Gnedin & Hollon, 2012).

Interpolation tables are not the only approach to approximating cooling and heating

functions. One alternate approach is simplified chemical networks which follow only the

most relevant atoms and molecules, which can be evaluated on-the-fly (e.g. Anninos et al.,

1997; Grassi et al., 2011; Richings et al., 2014; Salz et al., 2015; Bovino et al., 2016). Other

works use Cloudy to calculate cooling and heating functions for gas properties sampled

from a numerical galaxy formation simulation of interest (e.g. Robertson & Kravtsov, 2008;

Wiersma et al., 2010; Romero et al., 2021, and Chapter 2). These ‘true’ cooling and heating

functions can then be used to train a neural network to predict cooling and heating functions

(at least for gas properties which are reasonably consistent with those seen in the training

data) (e.g. Grassi et al., 2011; Galligan et al., 2019).

Cooling and heating functions depend on several gas parameters, as well as the incident

radiation field, which is in general a function of frequency. The effect of the incident radiation

field on the gas can be described by the photoionization rates for all possible ionization states

of elements in the gas. Since an interpolation table in very large dimension is computationally

impractical, we need to find a smaller number of photoionization rates that are still able to

capture the dependence of cooling and heating functions on the incident radiation field. This

is an example of the general class of dimensionality reduction problems. Such problems are

common in machine learning, and several machine learning techniques exist to approach

these problems (see reviews by Zebari et al., 2020; Jia et al., 2022).

Several additional factors which we do not include in this chapter can also impact gas

cooling and heating, such as cosmic rays, dust, and molecules. Cosmic rays can ionize gas

particles, heating the gas. Dust grains contribute to the heating function via photoheating,

and to cooling via collisions between gas particles and dust grains (Ferland, 1993). Dust
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also impacts the cooling function indirectly, via the accretion of gas-phase metals onto dust

grains. In general, this accretion will modify the relative abundances of metals (Dwek, 1998).

Note that UV radiation fields can destroy dust grains through sublimation (Guhathakurta

& Draine, 1989). Hence, low incident ionizing radiation is needed to have significant dust

mass. Molecules contribute to heating via photodissociation, and cooling via vibrational

and rotational line emission (Richings et al., 2014). In a hydrodynamic simulation, addi-

tional numerical approximations for the contributions of molecules, dust, and cosmic rays

to the total cooling and heating functions could be added to the atomic cooling and heating

approximations described in this chapter.

In this work, we use the machine learning algorithm XGBoost (Chen & Guestrin, 2016))

to model the dependence of cooling and heating functions on gas properties and various

radiation field parameters. We train XGBoost models on tabulated cooling and heating

functions calculated with Cloudy (Ferland et al., 1998). XGBoost is known to perform well

on this type of tabular training data (Shwartz-Ziv & Armon, 2022; Grinsztajn et al., 2022).

We also explore the SHAP (Lundberg & Lee, 2017)) values (Lundberg et al., 2018; Lundberg

et al., 2020) of our model inputs, which we use to determine what radiation field parameters

are most predictive of cooling and heating functions. The XGBoost algorithm has been

used in the astrophysics literature for a variety of tasks in classification (e.g. Tamayo et al.,

2016; Ivanov et al., 2021; Lucey et al., 2023; Luo et al., 2023), such as identifying pulsar

candidates in gamma ray data (e.g. Mirabal et al., 2016; Wang et al., 2019) and separating

stars, galaxies, and quasars in photometric data (e.g. Jin et al., 2019; Chang et al., 2021; Fu

et al., 2021; Golob et al., 2021; Li et al., 2021; Nakoneczny et al., 2021; Hughes et al., 2022);

and regression (as here, see also Calderon & Berlind, 2019; Hayden et al., 2022; Machado

Poletti Valle et al., 2021; Dang et al., 2022; Andrae et al., 2023), including for predicting

quasar redshifts from photometry (so called “photo-z”s, e.g. Jin et al., 2019; Nakoneczny

et al., 2021; Kunsági-Máté et al., 2022). Some works include the use of SHAP values to

analyze feature importances (e.g. Machado Poletti Valle et al., 2021; Heyl et al., 2023).

In this chapter, we first describe our methodology, including the Cloudy calculations we

use to train and evaluate XGBoost models, the input features we use and their distributions

and correlations, how we determine which combinatos of radiation field features to use, and

how we compare and evaluate XGBoost models. Next, we present results for trained models

compared to each other and the interpolation table in Gnedin & Hollon (2012), on both the

training data grid and an independent off-grid sample. Finally, we discuss our conclusions

and potential future directions.
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3.2 Data and methods

3.2.1 Model data input

In order to train machine learning models to predict cooling and heating functions, we use

computations from the photoionization code Cloudy (Ferland et al., 1998). The training

data used here is very similar to that used in Gnedin & Hollon (2012), with some additional

information included.

For a given parcel of gas, we define cooling and heating functions through equation (3.1):

dU

dt

∣∣∣∣
rad

= n2
b [Γ(T, . . .)− Λ(T, . . .)], (3.1)

where U is the thermal energy density of the gas, nb = nH+4nHe+. . . is the number of density

of baryons (protons and neutrons), T is the gas temperature, and Γ,Λ are, respectively, the

heating and cooling functions. The prefactor n2
b is included because of the importance of

collisional two-body processes in radiative cooling and heating. In the limit of CIE, where

there is no external ionizing radiation field on the gas, and accounting for two-body processes

only, Λ and Γ are independent of nb. However, even in CIE, multi-electron processes such as

Auger ionization and dielectronic recombination can contribute to the cooling and heating

functions when the gas contains metals (Ferland et al., 1998), introducing nb dependence

to Λ and Γ. Here, we consider the more general case of an external radiation field, and

account for other relevant physical processes beyond two-body collisions. Hence, Λ and Γ

also depend on nb, metallicity, the incident radiation field, and may depend on other physical

characteristics - this complex dependence is captured by the dots in equation (3.1).

The input data we use consists of Cloudy computations of Λ and Γ evaluated on a grid of

values for the gas properties from Gnedin & Hollon (2012). The relevant gas properties used

are temperature T , hydrogen number density nH (since Cloudy uses the hydrogen number

density nH as its density parameter instead of the baryon density nb, Ferland et al., 1998),

metallicity Z, and 4 parameters describing a model for the incident radiation field:

Jν = J0

[
1

1 + fQ
sν +

fQ
1 + fQ

x−α

]
e−τν , (3.2)

where x = hν/(1Ry) is the photon energy in Rydbergs. The parameter J0 in equation (3.2)

accounts for the overall amplitude of the radiation field. The expression in square brackets

contains two terms: a stellar spectrum sν and an AGN-like power law with slope α. The

parameter fQ quantifies the ratio of the stellar and AGN-like contributions to Jν at 1 Ry.
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Parameter Values
log (T/K) 1, 1.1, 1.2, . . . , 9,
log (nH/cm

−3) −6,−5,−4, . . . , 6,
Z/Z⊙ 0, 0.1, 0.3, 1, 3,
log (J0 cm

−3/nb/JMW) −5,−4.5,−4, . . . , 7,
log fQ −3,−2.5,−2, . . . , 1,
log τ0 −1,−0.5, 0, . . . , 3,
α 0, 0.5, 1, . . . , 3,

Table 3.1: The parameters describing the training data table and the values they take. Here,
JMW = 106 photons cm−2 s−1 ster−1 eV−1 (Gnedin & Hollon, 2012). The Z = 0 case actually
uses Z = 10−4Z⊙.

The stellar spectrum sν is given by:

sν =
1

5.5



5.5 x < 1,

x−1.8 1 < x < 2.5,

0.4x−1.8 2.5 < x < 4,

2× 10−3 x3

ex/1.4−1
x > 4,

(3.3)

and is a fit to stellar spectra from the Starburst99 spectral synthesis library (Leitherer et al.,

1999). The radiation field Jν in equation (3.2) is also subject to attenuation due to neutral

hydrogen and helium with optical depth τν given by:

τν =
τ0
σHI,0

[0.76σHI(ν) + 0.06σHeI(ν)] , (3.4)

where τ0 describes the overall optical depth, σHI,0 is the photoionization cross section of

neutral hydrogen at its ionization threshold, and σHI(ν), σHeI(ν) are the photoionization

cross sections for neutral hydrogen and helium, respectively, as functions of frequency. A

loose justification for this parameterization choice is that a random place in the universe

may be irradiated by both stellar and AGN radiation, and the strongest nearby source may

happen to lie behind a sufficiently dense absorbing cloud. More complex scenarios with

multiple nearby sources of approximately equal strengths can obviously be imagined, but

they are unlikely to be common.

In total, the input data we use is fully described by 7 parameters: T, nH , Z, J0, fQ, τ0, and

α. We define our training data on a grid of these parameters, described in Table 3.1.

The 4 radiation field parameters (J0, fQ, τ0, and α) are only well-defined for a radiation

field with the functional form given by equation (3.2), and cannot necessarily be determined
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HI HeI CVI CaXX CI NaXI
Min -6.91 -5.55 -9.02 -13.20 0.68 -11.12
Max 0.48 0.72 -1.06 -2.11 1.29 -1.59

Table 3.2: Minimum and maximum values of log(Qj/QLW) for some rates of interest attained
in the training data table described in Table 3.1.

.

for a given radiation field from a galaxy formation simulation. Since photoionization of atoms

in the gas play an important role in radiative cooling and heating, we choose to represent

the radiation field via the specific photoionization rates Qj defined as:

Qj =
c

nH

∫ ∞

0

σj(ν)nν dν, (3.5)

where nν is the number density of photons with frequency ν (Gnedin & Hollon, 2012).

We explore 58 different such Qj, including rates for all the ionization states of magnesium

(MgI−MgXII) and iron (FeI− FeXXVI). We also include the photodissociation rate of

molecular hydrogen QLW in order to sample the radiation field at UV energies below the

threshold for hydrogen ionization. Since the subsequent ionization states of chemical ele-

ments usually have increasing ionization thresholds, ionization rates of all ionization states

of a given element sample a wide range of photon energies and hence may serve as good

proxies of a radiation field spectrum. These Qj sample the radiation field across different

wavelength ranges, and are determined both by the minimum photon frequency required for

the particular ionization and the shape of the ionization cross section σj(ν) for higher fre-

quencies. The minimum and maximum values attained given the radiation field parameter

ranges from Table 3.1 are given for rates of particular interest for our analysis in Table 3.2.

3.2.2 XGBoost

For this work, we use the gradient-boosted tree algorithm XGBoost. XGBoost uses an

ensemble of trees, where the trees are trained sequentially to predict the residual between

the true value and the prediction of the previous trees (Chen & Guestrin, 2016). XGBoost

is known to perform very well, including outperforming deep learning models, on tabular

training data (Shwartz-Ziv & Armon, 2022; Grinsztajn et al., 2022). Given the tabular

setup of our training data as described in section 3.2.1, XGBoost is an appropriate choice

of machine learning model. XGBoost is also well-suited to the high-dimensional input data

described in section 3.2.1 because the structure of regression trees means that the splitting at

any node of any tree is determined by the value of only one feature. Furthermore, XGBoost
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includes a hyperparameter which limits the fraction of the input features used for each tree

(Chen & Guestrin, 2016). An additional reason for the choice of XGBoost over other machine

learning models is the availability of tools to compute feature importances, as discussed

in section 3.2.7 below. We train XGBoost regression models on a Graphics Processing

Unit (GPU) using the tree method gpu hist. Explanations of the XGBoost hyperparameters

we varied from their default values can be found in section 3.6.1.

3.2.3 Training data preparation

The true cooling and heating functions Λ and Γ vary over several orders of magnitude on

the training data, so we train our XGBoost models to predict log Λ and log Γ as functions

of the gas temperature T , density nH , metallicity Z, and photoionization rates Qj.

Since we only have very sparse sampling in Z/Z⊙, we do not use metallicity as an in-

put feature for our XGBoost models. Instead, we train separate models at each of the 5

metallicity values in Table 3.1, and interpolate between model predictions (with the input

features fixed) at intermediate metallicities. This interpolation is discussed further in sec-

tion 3.2.8. We explored incorporating the metallicity Z as an additional XGBoost feature,

but found that we could predict cooling and heating function more accurately by combining

fixed-metallicity XGBoost models with interpolation in metallicity. This is somewhat un-

surprising, since XGBoost models perform a piecewise constant interpolation in each input

feature (Chen & Guestrin, 2016). With only 5 data points in metallicity, we can outperform

this by choosing a manual fitting function with some knowledge of the expected behavior.

We utilize gas temperature log (T/K) and density log (nH/cm
−3) as input features for all

of our XGBoost models. To describe the radiation field Jν , we use photoionization rates Qj

to capture how the incident radiation field impacts various elements in the gas. As suggested

by the structure of the interpolation table in Gnedin & Hollon (2012), we expect to need

at least 4 distinct Qj to adequately describe the radiation field dependence. However, all

rates Qj scale linearly with the radiation field amplitude J0. Hence, to keep our features as

uncorrelated as possible, we use the photodissociation rate of molecular hydrogen QLW as a

reference rate. That is, we use QLW as an input to all of our XGBoost models, and scale all

other photoionization rates as Qj/QLW to remove the overall amplitude. The radiation field

features we use are log (QLW/cm
3 s−1) and various sets of log (Qj/QLW) for j ̸= LW.

As seen in Table 3.1 and Table 3.2, these features have large, and very different, ranges.

For example 1 ≤ log (T/K) ≤ 9 and −6 ≤ log (nH/cm
−3) ≤ 6. To avoid this, we linearly

rescale all features to be between 0 and 1 for the training data, using MinMaxScaler()

from the preprocessing module of scikit-learn (Pedregosa et al., 2011). The resulting
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Figure 3.1: Feature distributions of six scaled rates log(Qj/QLW). All have been linearly
rescaled to the range [0, 1], and their distributions normalized.

distributions for 6 log (Qj/QLW) features are shown in Figure 3.1.

3.2.4 PCA of rates

The 58 photoionization rates Qj we consider have similar ionization thresholds and frequency

dependence for their absorption cross-section, σj(ν). This means that many of the wave-

length ranges sampled overlap with each other. As such, we should expect many of the

Qj to be highly correlated with each other. As discussed in section 3.2.3, we always use

log (QLW/cm
3 s−1) as a feature to encode the overall radiation field amplitude J0, and con-

sider the scaled rates log (Qj/QLW) for j ̸= LW as candidate features. There are still 57 of

these scaled rates, with highly overlapping wavelength ranges and similar absorption cross

sections. An example of this can be seen visually in the right-hand column of Figure 3.1,

where the feature distributions of log (Qj/QLW) for j = CVI and NaXI appear very similar

by eye.

In order to measure how strongly correlated the photoionization rate features are, we eval-
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uate the correlation matrix of log (Qj/QLW), j ̸= LW for the data described in section 3.2.1.

We use the Spearman correlation coefficient, so that the correlations would be the same re-

gardless of whether or not we take the logarithm of the scaled rates (since the logarithm is a

monotonically increasing function). The correlation matrix (for the same scaled rate features

log (Qj/QLW) as Figure 3.1) is shown in Figure 3.2. Note the high Spearman correlations of

0.95 or above for several pairs of features, and that the Spearman correlation is positive for

all pairs.

To limit both the number of photoionization rate features we need to include and the

correlations between them, we utilize tools from PCA. In particular, we determine the

eigenvalues λi and normalized eigenvectors v⃗i of the 57 × 57 Spearman correlation matrix

described above. We find that the principal components of this correlation matrix depend

non-trivially on almost all of these rates. That is, the correlation matrix is close to de-

generate, and the principal components are poorly constrained. For this reason, we depart

from PCA and instead rank each log (Qj/QLW) by a “relative importance” cj defined as

the sum of the magnitude of the j-th component of each eigenvector v⃗i(j), weighted by the

corresponding eigenvalue:

cj =
∑
i

λi |v⃗i(j)| . (3.6)

As defined by equation (3.6), the relative importance for a given scaled rate is essentially

a weighted average of the contribution of the scaled rate to each principal component of

the correlation matrix, where the weights are the eigenvalue of each principal component.

However, since we do not normalize the sum in equation (3.6), only comparisons between

different cj are physically meaningful, and not the magnitude of any individual cj. In par-

ticular, a scaled rate with a larger relative importance cj, on average, contributes more to

more important principal components of the correlation matrix. Limiting the scaled rates we

use as features for our XGBoost models to those with sufficiently large relative importance

actually limits the number of scaled rates utilized in our analysis. In contrast, even selecting

only the principal component with the largest eigenvalue would technically require the use

of all 57 scaled rates, due to the near-degeneracy of the correlation matrix.

We show the relative importance, cj, in Figure 3.3. We choose to select all rates with

relative importance cj larger than that of j = FeII (i.e. left of the dashed line in Figure 3.3),

using a natural break in the distribution of cj. Note that all the photoionization rates for

iron, and most magnesium rates (with the exception of MgI− III and MgV) have very low

relative importance cj and are excluded from the remainder of our analysis.

This leaves 21 scaled rates, which we include as features in a set of XGBoost models at

each metallicity. We perform a feature importance analysis, discussed in section 3.2.7, on
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Figure 3.2: Spearman correlation matrix of the same six scaled rate features log (Qj/QLW)
as Figure 3.1.
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Figure 3.3: The relative importance cj defined by equation (3.6) for scaled rates
log (Qj/QLW), in decreasing order. For simplicity, only the 35 scaled rates with the highest
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the left of the vertical dashed line) in our analysis, as all other rates have similarly small
significance.
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these models to guide further downselection of the set of scaled rate features. We use these

models as a baseline comparison for models incorporating fewer scaled rate features.

3.2.5 How to define an error?

To train and quantitatively evaluate the performance of our XGBoost models, we must define

the error in a predicted cooling or heating function. We generally define this as:

∆ logF = |(logF)pred − (logF)true| , (3.7)

where F = Λ or Γ.

In order to train our XGBoost models, we must choose a ‘loss function’ to minimize on

the training set (which is described below in section 3.2.6). This loss function compares the

XGBoost predictions to the true values in the data table described in section 3.2.1, averaged

over a set of predictions. For this purpose, we use the MSE:

MSE = ⟨(∆ logF)2⟩, (3.8)

where the average is over all points in the specific data set in question.

However, we must also keep in mind that for any set of model predictions we will have

a distribution of errors ∆ logF , which cannot be completely characterized by the MSE in

general. Instead, we can consider the cumulative error distribution function P (> ∆ logF),

which is defined by:

P (> ∆ logF) =
Number of pointswith error above∆ logF

Total number of points
. (3.9)

In particular, the cumulative error distribution function defined in equation (3.9) may include

very large “catastrophic errors”. While it may have a minimal effect on the overall MSE,

minimizing both the frequency and magnitude of these catastrophic errors is crucial for

robust prediction of cooling and heating functions.

3.2.6 Model training

For each set of features, we must perform model validation (hyperparameter optimiza-

tion), training, and testing for both the cooling function and heating function at Z/Z⊙ =

0, 0.1, 0.3, 1, 3. That is, we validate, train, and test 10 different XGBoost models for each set

of features.
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After calculating the photoionization rates, evaluating the cooling or heating function

at the desired metallicity, and scaling the features as described above, we split the data

into validation, training, and test sets. Note that we scale the features before splitting, so

that the minimum and maximum values used to scale each feature could be in any of the

testing, training, or validation data. To split the data, we use train test split() from

the model selection module of scikit-learn. We split 20% of the data as the testing

set. Of the remaining 80% of the data, we use 10% for hyperparameter validation (i.e.

8% of the total data). Our hyperparameter tuning procedure is described in section 3.6.1.

The remaining 72% of the data is used for model training using hyperparameters obtained

from the validation step. These fractions are chosen so that the set used for model training

contains the majority of the data, the testing set is large enough to be reasonably qualitatively

representative of the feature distributions in the entire data set, and the separation of the

validation set does not significantly reduce the amount of data available for model training.

We do not expect small numerical changes to these fractions to significantly affect our results,

as long as they satisfy these qualitative constraints. We use the same train-test-validation

split for all models.

Using a suitable set of hyperparameters found as described in section 3.6.1, we then

retrain XGBoost models on the 80% training set (but without splitting off any of this data

for hyperparameter validation). We also retrain these XGBoost models on the entire grid

for interpolating in Z, where we have independent testing data at intermediate values of Z.

3.2.7 Feature importances with SHAP values

To analyze which scaled photoionization rates have the most impact on the cooling and

heating functions, we calculate SHAP values (Lundberg & Lee, 2017; Lundberg et al., 2018;

Lundberg et al., 2020), using models with the 21 scaled rate features described in sec-

tion 3.2.4 and retrained with optimal hyperparameters using 80% of the training data table,

as described in section 3.2.6. We evaluate SHAP values for all features on 500 randomly

sampled points from the 20% test set using the Python package shap (Lundberg & Lee,

2017; Lundberg et al., 2020).

The formula for computing the exact SHAP value for a particular model prediction and

input feature comes from game theory, and describes the difference between the true model

prediction and what would be expected without including the feature in question. These

feature importances have several desirable properties, including exactly matching the model

prediction in question, and always giving a value of 0 for a feature that does not affect the

model prediction. However, the exact computation involves evaluating machine learning
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Z/Z⊙ = 10−4 Z/Z⊙ = 0.1 Z/Z⊙ = 0.3 Z/Z⊙ = 1 Z/Z⊙ = 3
MgII (3) CI (4) CI (4) HI (4) MgII (4)
CI (4) HI (5) HI (5) MgII (5) HI (5)
HeI (5) MgII (6) MgII (6) CI (6) CVI (6)

Table 3.3: The three most important scaled rates, by mean absolute SHAP value, for 500
randomly sampled test points on cooling function models with the 21 scaled rate features
from section 3.2.4, retrained on 80% of the training data table using the optimized hyperpa-
rameters found via the procedure in section 3.2.6.

models analogous to the one we wish to explain using every possible subset of features. Since

this is computationally unfeasible for complex models with many features, SHAP values

must often be approximated in practice (Lundberg & Lee, 2017). The specific approximation

for tree-based models implemented in the shap package which we use here is described in

Lundberg et al. (2020).

To compare the importance of the various features, we evaluate the mean absolute SHAP

value (since SHAP values can be positive or negative) across the 500 random test points.

Ranking these (in decreasing order) gives a description of the most important features (for

a given XGBoost model predicting cooling or heating, at a given metallicity). The 7 most

important features by this ranking are shown for all models trained using the 21 rates from

the PCA described in section 3.2.4 in Figure 3.4. For all these models, temperature log (T/K)

and radiation field amplitude (described by log (QLW/cm
3 s−1)) are the two most important

features. For the cooling function at metallicities Z/Z⊙ ≥ 0.1, density log (nH/cm
−3) is the

third-most important feature by SHAP value, but it is less important at Z/Z⊙ = 0 and for

the heating function at all metallicities. The three most important scaled photoionization

rates, along with their SHAP value importance rank, are shown in Table 3.3 for the cooling

function and Table 3.4 for the heating function. Several scaled rates (MgII,CI,HI,HeI) have

high SHAP values at all metallicities for both cooling and heating, while CaXX has high

SHAP values for heating at all metallicities except for Z/Z⊙ = 0. At the highest metallicities

(Z/Z⊙ = 1, 3), the rate CVI reaches high SHAP values. Since the models in Figure 3.4 are

trained at fixed metallicity values Z/Z⊙ = {0, 0.1, 0.3, 1, 3}, these trends hold only in the

metallicity range 0 ≤ Z/Z⊙ ≤ 3, and should not be extrapolated beyond this range. Within

this metallicity range, we also do not determine the functional form of the dependence of

SHAP values on metallicity, and instead describe only trends of increasing or decreasing

SHAP values with metallicity.

To limit the data size of the XGBoost models, and to compare with the 4 photoionization

rates used in the interpolation table in Gnedin & Hollon (2012) (QLW, QHI, QHeI, QCVI), we
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Figure 3.4: Mean absolute SHAP value for 500 randomly selected points in 20% of the
training grid withheld from model training (see section 3.2.3) for models trained with 21
scaled rate features selected from the PCA analysis described in section 3.2.4. Cooling
function models are shown in blue in the left column, with heating function models in red in
the right column. The rows are for models at the 5 metallicity values in the training data.
Only the 7 features with the largest mean absolute SHAP value are shown. Note that the
full descriptions of the features are log(T/K) for T , log(nH/cm

−3) for nH, log(QLW/cm
3 s−1))

for LW, and log(Qj/QLW) otherwise.

Z/Z⊙ = 10−4 Z/Z⊙ = 0.1 Z/Z⊙ = 0.3 Z/Z⊙ = 1 Z/Z⊙ = 3
MgII (3) MgII (3) MgII (3) CaXX (3) CaXX (3)
HeI (4) CaXX (4) CaXX (4) MgII (4) MgII (4)
HI (5) HeI (5) HeI (5) ArXVIII (5) CVI (5)

Table 3.4: Same as Table 3.4, but now for the heating function.
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choose to use the 3 scaled rates with the highest SHAP values to train new models (as above,

the feature log (QLW/cm
3 s−1) is always used). For cooling and heating at each metallicity, we

train models using the 3 most important scaled rate features from our SHAP value analysis

in Figure 3.4, Table 3.3, and Table 3.4 using the procedure described in section 3.2.6. We also

select several candidate sets of 3 scaled rates that appear frequently in Table 3.3, Table 3.4,

or both.

3.2.8 Interpolation in metallicity

To approximate Λ and Γ at values of Z besides the sample points, we must interpolate

between the predictions of the 5 fixed-Z models evaluated at the relevant feature values.

Following Gnedin & Hollon (2012), we perform a quadratic fit to Λ and Γ at the five metal-

licity values Z/Z⊙ = {0, 0.1, 0.3, 1, 3}. However, we found that their quadratic fit sometimes

yields unphysical negative predictions for Λ or Γ.

For this reason, we trained our XGBoost models to predict Λ and Γ at the five metallicities

for which we have cooling and heating functions calculated with Cloudy, and perform a

quadratic fit between XGBoost predictions that is constrained so as to never predict negative

values on the metallicity domain of interest, i.e. 0 ≤ Z/Z⊙ ≤ 3. Specifically, we fit a

quadratic in metallicity:

f(Z|A,B,C) = A+B

(
Z

Z⊙

)
+ C

(
Z

Z⊙

)2

. (3.10)

We find the best fit values of the parameters (A,B,C) by numerically minimizing the loss

function:

L(A,B,C) = χ2(A,B,C) + g(A,B,C). (3.11)

The χ2 term is the error between F (Γ or Λ) predicted by XGBoost, and the quadratic fit,

calculated as:

χ2(A,B,C) =
∑
i

[Fpred(Zi)− f(Zi|A,B,C)]2 , (3.12)

where the sum is over Zi/Z⊙ = {0, 0.1, 0.3, 1, 3}. The constraint function g(A,B,C) is

defined by:

g(A,B,C) =



f(Z|A,B,C) > mini Fpred(Zi) and

0 f(Z|A,B,C) < maxiFpred(Zi)∀ i

and∀ 0 ≤ Z/Z⊙ ≤ 3,

1010 otherwise,

(3.13)
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where again Zi/Z⊙ = {0, 0.1, 0.3, 1, 3}. This constraint ensures that the quadratic fit is

bounded by the minimum and maximum XGBoost predictions at fixed metallicity. Our

XGBoost models actually predict logF , so the values of F predicted by XGBoost are always

positive. Hence, the constraint g(A,B,C) also ensures that the quadratic fit always yields

positive values for the metallicity range where we make predictions (0 ≤ Z/Z⊙ ≤ 3).

To evaluate the performance of our XGBoost models combined with a quadratic

fit in metallicity, we use a sample of off-grid data, which is randomly sampled in

log(nH/cm
−3), log(J0 cm

−3/nb/JMW), log fQ, log τ0, and α for the same ranges as in Table 3.1,

and in the range [−3, log 3] for log(Z/Z⊙). We use 8666 such random samples, evaluated at

the same 81 values of log(T/K) as in Table 3.1, for a total of 701,946 evaluation points.

3.3 Results

3.3.1 Comparison on training data

We first compare the performance of our XGBoost models at fixed metallicity to the inter-

polation table in Gnedin & Hollon (2012) on the training data described in section 3.2.1.

To make this comparison, we use XGBoost models trained on the entirety of this data set,

as Gnedin & Hollon (2012) uses that same set to construct their interpolation table. To

understand how accurately the XGBoost models can generalize outside of the training data,

we also consider the performance of models trained on only 80% of the training grid (as

described in section 3.2.6) on the 20% test set withheld from model training.

To quantify the performance of these models, we consider the cumulative distribution

function of errors P (∆ > logF) defined in equation (3.9). This is just the frequency of

errors at least as large as ∆ logF . We also consider the mean squared error (MSE, defined

in equation (3.8)).

At each fixed metallicity, we compare the interpolation table in Gnedin & Hollon (2012)

with 3 different XGBoost models: a model trained using the same inputs as Gnedin & Hollon

(2012), i.e. using the scaled photoionization rates log(Qj/QLW) for j = {HI,HeI,CVI};
a model trained using the 21 scaled rates identified from the PCA analysis described in

section 3.2.4; and a model trained with the top 3 scaled rates from the SHAP value analysis

of section 3.2.7.

The approach of Gnedin & Hollon (2012) involves a quadratic fit to Cloudy calculations

at the 5 metallicity values in the training data table described in section 3.2.1, Z/Z⊙ =

{0, 0.1, 0.3, 1, 3}. Here, we focus on Z/Z⊙ = 0 and 1 for comparison with our XGBoost

models.
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Cooling XGBoost (HI, HeI, CVI)
GH12 Training Test

Z/Z⊙ = 0 3.27× 10−3 (0) 1.49× 10−5 3.76× 10−5

Z/Z⊙ = 0.1 1.65× 10−3 (1.63× 10−4) 1.36× 10−5 3.58× 10−5

Z/Z⊙ = 0.3 1.69× 10−3 (2.98× 10−4) 1.28× 10−5 4.04× 10−5

Z/Z⊙ = 1 1.69× 10−3 (0) 2.29× 10−5 5.94× 10−5

Z/Z⊙ = 3 1.91× 10−3 (2.49× 10−5) 3.95× 10−5 8.06× 10−5

XGBoost (21 scaled rates) XGBoost (Top 3 SHAP scaled rates)
Training Test Training Test

Z/Z⊙ = 0 2.11× 10−5 4.19× 10−5 1.37× 10−5 3.60× 10−5

Z/Z⊙ = 0.1 1.97× 10−5 4.33× 10−5 2.86× 10−5 5.54× 10−5

Z/Z⊙ = 0.3 1.93× 10−5 4.56× 10−5 4.39× 10−5 8.39× 10−5

Z/Z⊙ = 1 2.51× 10−5 6.02× 10−5 9.80× 10−5 1.74× 10−4

Z/Z⊙ = 3 6.83× 10−5 1.11× 10−4 3.40× 10−5 7.84× 10−5

Table 3.5: MSEs for the cooling function models shown in Figure 3.5 and Figure 3.8. For
the interpolation table in Gnedin & Hollon (2012), the MSE is on the entire training grid
described in section 3.2.1. The values in parentheses are the fraction of ‘catastrophic errors’
on the training set where the prediction is negative (so ∆ logF = ∞). We remove these
points from the MSE calculation. For the three XGBoost models, the MSE is shown for
a model trained and evaluated on the entire training grid (‘training’ columns), and for a
model trained on 80% of the training grid and evaluated on the 20% that is withheld (‘test’
columns).

Figure 3.5 shows the cumulative distribution function of training errors for the interpola-

tion table in Gnedin & Hollon (2012) and the three types of XGBoost model described above

for the cooling and heating function at Z/Z⊙ = 0 and 1 (for the same plots at all metallicities

in the training data, see section 3.6.2). The MSEs for all these models are shown for the

cooling function in Table 3.5 and heating function in Table 3.6.

From Figure 3.5, Figure 3.8, Table 3.5, and Table 3.6, we see that all 3 types of XGBoost

model greatly outperform the interpolation table in Gnedin & Hollon (2012) in all cases,

with lower MSEs and a smaller cumulative error distribution function for all values shown

on the plots (10−2 < ∆ logF < 2). The MSE on the 20% of the training table withheld

from model training is always larger than that for analogous models trained on the entire

table by a factor of order unity. However, these MSE values are still always smaller than

for the interpolation table in Gnedin & Hollon (2012), and the cumulative error distribution

function is similarly lower at the same error values.

The comparisons between the 3 different types of XGBoost model are not so clear. In

particular, we can see that the cumulative error distribution functions for the XGBoost

models (on the entire training table) sometimes intersect in Figure 3.5 and Figure 3.8 (see
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Figure 3.5: Cumulative distribution function of errors ∆ logF (see equation (3.9)) on the
training data (described in section 3.2.1) for the cooling function Λ (left column, in blue)
and heating function Γ (right column, in red) at fixed metallicity Z = 0 (top row) and
Z = Z⊙ (bottom row), for the interpolation table in Gnedin & Hollon (2012) (solid lines)
and XGBoost models trained using the same scaled photoionization rates j = HI,HeI,CVI
(dashed lines), 21 scaled rates from the PCA analysis described in section 3.2.4 (dotted lines),
and the top 3 scaled rates from the SHAP value analysis , described in section 3.2.7 (dashed-
dotted lines). For the “XGBoost (HI, HeI, CVI)” model, we also include the cumulative error
distribution function on 20% of the training grid withheld from model training for otherwise
identical models (thin dashed lines).

73



Heating XGBoost (HI, HeI, CVI)
GH12 Training Test

Z/Z⊙ = 0 1.27× 10−2 (0) 1.10× 10−5 2.08× 10−5

Z/Z⊙ = 0.1 3.26× 10−2 (0) 4.51× 10−5 6.74× 10−5

Z/Z⊙ = 0.3 2.19× 10−2 (0) 3.22× 10−5 5.79× 10−5

Z/Z⊙ = 1 9.51× 10−2 (1.84× 10−3) 1.96× 10−5 4.38× 10−5

Z/Z⊙ = 3 2.05× 10−2 (1.05× 10−5) 3.28× 10−5 5.82× 10−5

XGBoost (21 scaled rates) XGBoost (Top 3 SHAP scaled rates)
Training Test Training Test

Z/Z⊙ = 0 3.03× 10−5 4.05× 10−5 3.41× 10−5 5.03× 10−5

Z/Z⊙ = 0.1 2.89× 10−5 6.13× 10−5 4.45× 10−5 8.24× 10−5

Z/Z⊙ = 0.3 3.95× 10−5 7.44× 10−5 3.09× 10−5 6.13× 10−5

Z/Z⊙ = 1 3.28× 10−5 6.12× 10−5 3.09× 10−5 5.75× 10−5

Z/Z⊙ = 3 1.68× 10−5 4.32× 10−5 2.16× 10−5 4.27× 10−5

Table 3.6: Same as Table 3.5, but now for heating function models.

the cooling function at Z/Z⊙ = 0 in the upper left of both figures), meaning that we cannot

unambiguously identify a single ‘best-performing’ XGBoost model.

3.3.2 Comparison on off-grid data

Next, we compare the performance of our XGBoost models combined with the interpola-

tion in metallicity described in section 3.2.8 to the interpolation table in Gnedin & Hollon

(2012) on the sample of off-grid data (also described in section 3.2.8). Note that we are

now evaluating the XGBoost models on points not seen in model training, and introducing

interpolation between individual XGBoost predictions. Both of these factors decrease model

performance. Since the rate of change of the energy density of a gas cloud is proportional

to the heating function minus the cooling function, as seen equation (3.1), the physical evo-

lution will usually be dominated by whichever of the cooling or heating function is larger.

Hence, we will also consider the error in the maximum of the cooling and heating function

at each point in the evaluation data.

For the interpolation in metallicity, we must select a common set of scaled rate features

to use in the XGBoost models at each Z value. Here, we consider two different sets of

3 scaled rates, {CaXX,HI,CVI} and {CI,HI,NaXI}, in addition to the set {HI,HeI,CVI}
that makes XGBoost take the same inputs as the interpolation table in Gnedin & Hollon

(2012). The choice of these sets of scaled rates is motivated by considering rates which have

high SHAP value importance across the range of metallicity values, and by the heuristic

of needing a photoionization rate with X-ray threshold to capture the quasar part of the
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Figure 3.6: Cumulative distribution function of errors ∆ logF on the evaluation data de-
scribed in section 3.2.8. Left panel: Comparison of results from the interpolation table in
Gnedin & Hollon (2012) and the constrained quadratic fit described in section 3.2.8 between
XGBoost models trained with the same scaled rates (HI, HeI, CVI). Right panel: Com-
parison of the same constrained quadratic fit between XGBoost models trained with three
different sets of scaled rates.

ionizing radiation field (parameterized by the power-law slope α).

In the left panel of Figure 3.6, we plot the cumulative error distribution function on the

off-grid evaluation data described in section 3.2.8 for the interpolation table in Gnedin &

Hollon (2012) and our constrained quadratic interpolation between XGBoost models using

the same inputs. In the right panel, we compare the cumulative error distribution function

for our constrained quadratic interpolation between XGBoost models with the three different

sets of scaled rates described above. In Table 3.7, we show the MSEs corresponding to each

of the cumulative error distribution functions in Figure 3.6.

From the left panel of Figure 3.6, we see that our XGBoost models plus constrained

quadratic interpolation can reduce the frequency of the largest cooling and heating function

errors compared to the interpolation table in Gnedin & Hollon (2012), using the same inputs.

From Table 3.7, we see that these XGBoost models (using the scaled rates {HI,HeI,CVI}
yields comparable MSE values to the interpolation table in Gnedin & Hollon (2012), while

(by construction) completely removing the occurrence of ‘catastrophic errors’ for cooling or

heating. However, this improvement does not affect the prediction of the maximum of the

cooling or heating functions. Indeed, both the cumulative error distribution function at each
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GH12 XGBoost (HI, HeI, CVI)
Max(C, H) 2.29× 10−3 (0) 6.89× 10−3

Cooling (C) 2.02× 10−3 (7.55× 10−5) 5.26× 10−3

Heating (H) 3.00× 10−2 (5.56× 10−5) 4.49× 10−2

XGBoost (CaXX, HI, CVI) XGBoost (CI, HI, NaXI)
Max(C, H) 6.84× 10−3 7.94× 10−3

Cooling (C) 5.07× 10−3 6.32× 10−3

Heating (H) 3.71× 10−2 4.06× 10−2

Table 3.7: MSEs on the off-grid data set described in section 3.2.8 for the models in Fig-
ure 3.6. For the GH12 column, the values in parentheses are the fraction of ‘catastrophic
errors’ on the evaluation set where the prediction is negative (so ∆ logF = ∞). We remove
these points from the MSE calculation.

error value shown (10−2 < ∆ logF < 2) and the overall MSE are higher for XGBoost than

Gnedin & Hollon (2012).

The performance of all three XGBoost calculations in the right panel of Figure 3.6 are sim-

ilar. Neither rate set in this figure produces significant improvement in the performance for

the maximum of the cooling or heating function compared to {HI,HeI,CVI}, in either MSE

or the cumulative error distribution function. However, the scaled rate set {CaXX,HI,CVI}
results in lower MSE, and slightly lower cumulative error distribution in the high-error tail

for cooling and heating individually. Hence, we are able to produce some improvement in

overall performance with judicious choices of scaled rate features.

Comparison of Figure 3.5 and Figure 3.6 suggests that, for the training data grid used

in this project and Gnedin & Hollon (2012), there is a bottleneck in model performance on

off-grid data due to the interpolation in Z. This is perhaps unsurprising, given that we have

only 5 values of Z to interpolate over, and that we should expect the true dependence of Γ

and Λ on Z to be more complicated than a quadratic.

3.4 Conclusions and discussion

In this chapter, we train XGBoost models to predict cooling and heating functions at the

fixed metallicities Z/Z⊙ = {0, 0.1, 0.3, 1, 3}, using the same pre-computed Cloudy tables as

Gnedin & Hollon (2012). We perform a constrained quadratic fit (with the input features

held constant) between these XGBoost models to predict cooling and heating functions at

arbitrary metallicity. Using model features selected from a PCA and SHAP value feature

importances, we compare both fixed metallicity performance and performance at arbitrary

metallicity with results from the interpolation tables in Gnedin & Hollon (2012) in order
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to assess the potential of XGBoost as an alternative approach for evaluating cooling and

heating functions in the presence of generalized radiation fields. We summarize our findings

as follows:

• Using the same photoionization rates as Gnedin & Hollon (2012) (j =

LW,HI,HeI,CVI) our XGBoost models are able to significantly reduce the frequen-

cies of errors 0.01 < ∆ logF < 2, as well as the mean squared error, at all 5 fixed

metallicities. This can be seen in the comparison between solid and dashed thick lines

in Figure 3.5 and Figure 3.8.

• Using an eigenvalue and eigenvector analysis of the correlation matrix of scaled pho-

toionization rates, we identified 21 particularly significant scaled photoionization rates

(see Figure 3.3).

• For models trained using these 21 rates, we identified the most important features

using SHAP values (see Figure 3.4). Many rates have consistently high importance for

both cooling and heating across all five metallicity values, especially MgII,CI,HI, and

HeI. The rate CaXX has high importance for the heating function, but not cooling.

The rate CVI has low importance at low metallicities, but emerges as one of the more

important rates for the highest metallicity Z/Z⊙ = 3 for both the cooling and heating

functions. We expect trends in mean SHAP values with metallicity to be robust for

the metallicity range we sample, 0 ≤ Z/Z⊙ ≤ 3. Higher mean SHAP values for a given

rate signifies that the wavelengths sampled by that photoionization rate affect cooling

or heating more strongly at that metallicity.

• The shape of the cumulative error distribution functions for various fixed Z models (see

the dashed, dotted, and dot-dashed lines in Figure 3.5) cannot be adequately described

by a single parameter. While the MSE (see the corresponding values in Table 3.5 and

Table 3.6) describes the overall normalization of these curves, they also can differ in

overall shape, particularly in how steeply the cumulative error distribution function

falls off at high errors. This generally prevents determination of a single clearly ‘best-

performing’ model.

• Using the same scaled rates as Gnedin & Hollon (2012), we are able to reduce the

frequency of the largest errors logF ≥ 1 for cooling or heating individually. We were

able to achieve further reduction with other rate sets suggested by a combination of

SHAP values and physical heuristics, such as {CaXX,HI,CVI} (see Figure 3.6).
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The reduction in the frequency of cooling or heating function errors ∆ logF ≥ 1 that we

achieve at arbitrary metallicity (see Figure 3.6 and Table 3.7) is much more modest than

that seen for our individual fixed metallicity XGBoost models (see Figure 3.5, Table 3.5, and

Table 3.6). This is likely due to the small number of samples we have to perform a fit in

metallicity (the five Z/Z⊙ values in Table 3.1).

Our metallicity fit, seen in equation (3.10), assumes that the dependence of cooling and

heating functions on metallicity (with all other parameters fixed) is quadratic. If the only

processes involved were two-body collisions, then this assumption would be exactly correct

for the cooling and heating functions computed by Cloudy. However, the Cloudy training data

includes additional processes involving multiple electrons (Ferland et al., 1998). Furthermore,

even small errors in our XGBoost predictions at fixed metallicity imply that the dependence

of these predictions on metallicity will not exactly match the metallicity dependence of

the Cloudy calculations they approximate. Also, we introduced an additional unphysical

constraint on our quadratic fits in order to prevent negative predicted cooling and heating

functions. These all suggest that a different, more complex metallicity fitting function is

needed to accurately capture the metallicity dependence.

Hence, our findings suggest future work running Cloudy at intermediate metallicity values

between the five used here, in order to implement a more flexible and accurate fit in metal-

licity and better understand the metallicity dependence of cooling and heating functions.

This additional Cloudy data could also enable further exploration of how the importances

of various radiation field parameters changes with metallicity.
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3.6 Appendix

3.6.1 Hyperparameter tuning

There are many hyperparameters that can be tuned to adjust how precisely an XGBoost

model can be fit to its training data1. For this chapter, we consider non-default values for

only 7 of the available hyperparameters:

• max depth: the maximum depth of each tree. Default: 6, must be a positive integer.

• min child weight: the minimum weight required to split a node, where smaller means

a more complex model. Default: 1, must be non-negative.

• subsample: the fraction of training data rows used in each tree. Default: 1, must be

between 0 and 1 (inclusive).

• colsample bytree: the fraction of features used in each tree. Default: 1, must be

between 0 and 1 (inclusive).

• gamma: the cost for adding each new node in the objective function. Default: 0, must

be non-negative.

• eta: the learning rate. Default: 0.3, must be positive.

• n estimators: the number of trees in the ensemble (results of each tree are added

together). Since the trees are trained sequentially, this is equivalent to the number of

training rounds. Default: 100, must be a positive integer.

To find the ‘best’ hyperparameters using the validation set (described in section 3.2.6), we

use 5-fold cross validation, as implemented in scikit-learn and the Bayesian optimization

1Detailed descriptions of these hyperparameters can be found in the XGBoost documentation: https:
//xgboost.readthedocs.io/en/stable/index.html
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scheme BayesSearchCV from scikit-optimize (Head et al., 2021). We set up the search

space as follows.

• min child weight: Real, log-uniform prior between 0.1 and 2.

• subsample: Real, uniform prior between 0.6 and 1.

• colsample bytree: Real, uniform prior between 0.6 and 1.

• gamma: Real, uniform prior between 0 and 1.

• eta: Real, log-uniform prior between 0.03 and 0.3.

We use the negative MSE as the scoring method for the Bayesian hyperparameter search.

In principle, the error on the training set (defined in section 3.2.6) can be made arbitrary

close to 0 with an overfitted model. However, we do not necessarily need to find the lowest

possible error, but rather are looking for a sufficiently well-performing set of hyperparameters.

For these reasons, rather than incorporating them into the Bayesian search, we perform a

manual grid search in max depth and n estimators (the two hyperparameters which we

found to have the strongest effect on model performance), where we explore the Cartesian

product of:

max depth = {8, 12, 16, 20},

n estimators = {1, 10, 100, 300, 1000}.

At each of these 40 combinations of {max depth, n estimators}, we perform the Bayesian

optimization of the other 5 hyperparameters as described above. We compare both the mean

squared error and the cumulative error distribution evaluated at ∆ logF = 0.3, P (∆ logF >

0.3) (the frequency of errors ∆ logF > 0.3) on the test set, to constrain the frequency of

large errors. The latter quantity is more meaningful for discriminating between similar

well-performing models, because the mean squared error is dominated by the more frequent

smaller errors and is not very sensitive to changes in the magnitude of the largest, most

infrequent errors. As an additional comparison, we evaluate the time needed to train each

of the 40 models. In general, pairs {max depth, n estimators} which produce lower MSE

and/or frequency of large errors on the test set have longer training times.

An example of such a grid search, for a cooling function model trained using the 21 scaled

rates selected by the PCA described in section 3.2.4 at Z/Z⊙ = 1 is shown in Fig. 3.7. From

this grid search, we selected max depth = 20, n estimators = 100 as our choice, because it

has the shortest training time (middle panel) among choices of max depth and n estimators
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Figure 3.7: Results from a grid search in max depth and n estimators for cooling function
model trained with the 21 scaled rates from the PCA of section 3.2.4 at Z/Z⊙ = 1. The three
panels show heatmaps of the MSE in logF on the test set (a randomly select 20% of the
training data table described in section 3.2.1 (left), the training time in seconds (middle),
and the frequency of errors ∆ logF larger than 0.3 on the test set (right). The heatmaps
are all on a logarithmic scale.

with similar mean squared error and frequency of large errors (left- and right- most panels

in Fig. 3.7 to the best cases in the grid search.

We find that the results of such grid searches, and in particular the choice of max depth =

20, n estimators = 100, are consistent across models trained using the 21 scaled rates iden-

tified in the PCA analysis described in section 3.2.4 for both cooling and heating functions

at Z/Z⊙ = 0 and 1, and using both the 21 scaled rates from section 3.2.4 and only the top

3 scaled rates from the feature importance analysis discussed in section 3.2.7.

After confirming that the choice of max depth = 20, n estimators = 100 is robust across

metallicity, cooling vs. heating functions, and for models with very different numbers of

scaled rate features, we adopted max depth= 20, n estimators= 100 for all other models,

without performing further grid searches in max depth and n estimators (but still perform-

ing a Bayesian optimization of the other 5 hyperparameters we consider).

3.6.2 Comparison on training data for all metallicities

In Figure 3.8, we extend the comparison in Figure 3.5 to all metallicities in the training data

table (described in Table 3.1): Z/Z⊙ = {0, 0.1, 0.3, 1, 3}.
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Figure 3.8: Same as Figure 3.5, but now for all 5 metallicity values in the training data table
(described in Table 3.1).

82



CHAPTER 4

On the Minimum Number of Radiation Field

Parameters to Specify Gas Cooling and

Heating Functions

4.1 Motivation

The various feedback processes through which stars and active galactic nuclei deposit energy,

momentum, and gas enriched with metals and dust into the CGM and back into the ISM

from which they formed, are crucial parts of galaxy formation and evolution. One particular

mode of feedback is direct photoionization and photoheating of gas by the local Interstellar

Radiation Field (ISRF), which modifies the thermodynamics of the gas (see, e.g., the reviews

of Benson, 2010; Naab & Ostriker, 2017).

Cooling and heating functions describe how the energy density of a cloud of gas changes

in time due to radiative processes (e.g. Cox & Tucker, 1969; Sutherland & Dopita, 1993),

and so will be affected by photoionization and photoheating feedback. Cooling and heating

functions are critical to understanding galaxy formation and evolution (e.g., the reviews of

Benson, 2010; Naab & Ostriker, 2017). The energy density of a gas cloud can also change due

to mechanical expansion or compression. In an idealized scenario without star formation,

the evolution of the size of the cloud is determined by the balance between (net) radiative

cooling and gravitational compression (e.g. Lee, 2024). This same balance also occurs in the

process of star formation. Including the effects of photoionization feedback in the cooling

function has been shown to change the stellar mass formed in a simulated Milky Way-like

galaxy (Kannan et al., 2014).

The incident radiation field in galaxies, which affects the cooling and heating functions,

can have contributions from a variety of sources. External galaxies and quasars combine

to produce a mildly undulating (but time-varying) UV background of ionizing radiation.

Theoretical models for (the spatial average of) this background include Faucher-Giguère
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et al. (2009) and Haardt & Madau (2012). The interstellar radiation field within the Milky

Way depends on location through the spatial positions of sources (including stars) and

absorbers (such as gas and dust, Popescu et al., 2017).

In a cosmological or galaxy evolution simulation with radiative transfer, we can calculate

the radiation field in various energy bands. Some recent works have focused on modeling the

radiation field in simulations across a wide range of wavelengths (e.g. Romero et al., 2023),

or in specific wavelength ranges such as polycyclic aromatic hydrocarbon emission in the

infrared (e.g., Narayanan et al., 2023); the ultraviolet Lyman and Werner bands for the pho-

todissociation of molecular hydrogen (e.g., Incatasciato et al., 2023); and ultraviolet bands

containing the photoionization thresholds for neutral hydrogen (HI), neutral helium (HeI),

and singly ionized helium (HeII), among others (e.g., Kannan et al., 2020; Baumschlager

et al., 2024). Baumschlager et al. (2024) uses narrow energy bins of width 0.1 eV at the

edges of the HI, HeI, and HeII-ionizing bins, in order to model the radiation field spectrum

in each of those bins as a power law (as opposed to a constant).

Given an arbitrary incident radiation field, we can evaluate a network of differential equa-

tions for the creation and destruction of each relevant ion by chemical reactions, collisions,

and absorption and emission of radiation. The net emission and absorption of photons at

each relevant energy determine the cooling and heating functions. This is implemented in

both photoionization codes like Cloudy (Ferland et al., 1998), and chemical networks such

as GRACKLE (Smith et al., 2017) and KROME (Grassi et al., 2014). These networks can have

varying degrees of complexity (i.e. numbers of ions and reactions incorporated). Including

more ions makes the calculations more exact at the cost of increased computational com-

plexity. Including fewer ions decreases the accuracy, but can make the networks fast enough

to utilize in a hydrodynamic simulation (e.g. Grassi et al., 2014; Smith et al., 2017). An-

other approach to simplifying the computational complexity of large chemical networks is

to emulate the network with a machine learning algorithm (e.g. Branca & Pallottini, 2023,

2024).

In general, approximating cooling and heating functions subject to an incident radiation

field requires making some assumptions to simplify the radiation field to a finite number of

parameters. The simplest possible radiation field, Jν = 0, has no parameters. In this limit,

known as CIE, no ionizing radiation is incident on the gas, and the cooling and heating

functions depend only on properties of the gas (density, temperature, and metallicity, e.g.,

Cox & Tucker, 1969; Sutherland & Dopita, 1993). Since the extragalactic UV background

radiation depends only on redshift, the cooling and heating functions of a gas irradiated

by this background depend on redshift, in addition to gas properties (e.g., Kravtsov, 2003;

Wiersma et al., 2009). Gnedin & Hollon (2012) assume a 4-parameter model for the local
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radiation field: an arbitrary mixture of a synthesized stellar spectrum and a quasar-like

power law, optionally attenuated by an additional optical depth due to the local absorption

by HI and HeI (this spectrum is discussed in more detail in section 4.2.1 and 4.2.2), and

tabulate the resulting cooling and heating functions using photoionization rates calculated

from that spectrum. Another possibility is to use the average intensity of the radiation

field in various energy bins as the parameters, as is done in Branca & Pallottini (2024).

Rather than interpolating on a grid of parameter values, Galligan et al. (2019) uses gas and

radiation field properties from a zoom-in galaxy simulation with radiative transfer to run

Cloudy models to calculate the cooling and heating functions, and trains a machine learning

algorithm to interpolate the results.

In this chapter, we utilize a machine learning framework to approximate cooling and

heating functions that we developed in Chapter 3. We parameterize the radiation field

with its average intensity in various energy bins instead of the photoionization rates used in

Chapter 3. Using radiation field bins is useful because many radiative transfer simulations

calculate the radiation field in such bins (see above). These bins also summarize the radiation

field in a different way than photoionization rates. In particular, they do not include the

frequency dependence of photoionization cross sections. So, comparing the performance of

machine learning models trained using binned radiation field intensities with those trained

using photoionization rates allows us to gain more insight into what aspects of the incident

radiation field are most important to cooling and heating functions.

Following the approach of Chapter 3, we use a training table from Gnedin & Hollon (2012),

which consists of cooling and heating functions calculated with Cloudy across a range of

temperatures, densities, metallicities, and 4 radiation field parameters (see Table 4.1). We

apply the machine learning algorithm XGBoost (Chen & Guestrin, 2016) to predict the

cooling and heating functions at fixed metallicity. XGBoost is an example of a gradient-

boosted tree algorithm, where an ensemble of trees are trained sequentially. Each new

tree is trained to predict the difference between the true value and the prediction from the

previously-trained trees. The final prediction is then the sum of the predictions from each

tree. At each tree node, the branches split based on the value of one feature (Chen &

Guestrin, 2016). Gradient-boosted tree algorithms have been shown to outperform deep-

learning methods on problems where the training data is in tabular form (Shwartz-Ziv &

Armon, 2022; Grinsztajn et al., 2022), such as the training data used here.

XGBoost also interfaces easily with SHAP values (Lundberg & Lee, 2017; Lundberg

et al., 2018; Lundberg et al., 2020), which we use to study the relative importance of various

radiation field bins. For any given model prediction, the SHAP value for each feature is

the difference between the actual model prediction and an expected prediction ignoring the
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feature in question. This definition ensures that the SHAP values for every feature add up

to the exact point prediction in question, and gives 0 for any feature that does not affect the

model prediction. But, training models on all subsets of features is impractical for models

with a significant number of features (Lundberg & Lee, 2017), leading to the development

of tools to approximate SHAP values for various kinds of models (Lundberg et al., 2018;

Lundberg et al., 2020).

In this chapter we present our methodology in section 4.2, including our training data,

how we choose radiation field bins, our machine learning pipeline, and using SHAP values

to compare the importance of various model features. Then, in section 4.3, we evaluate the

performance of the various machine learning models trained in this chapter. We conclude

with a summary and discussion in section 4.4.

4.2 Methodology

4.2.1 The training grid

Similarly to Chapter 4, we train our machine learning models to predict atomic gas cooling

and heating functions computed with the photoionization code Cloudy (Ferland et al., 1998),

using the same data table as Gnedin & Hollon (2012). We define the gas heating function Γ

and cooling function Λ through the equation

dU

dt

∣∣∣∣
rad

= n2
b [Γ(T, nb, Z, Jν)− Λ(T, nb, Z, Jν)] , (4.1)

where U is the thermal energy density of the gas, Z is its metallicity, nb = nH + 4nHe + . . .

is its baryon number density, and Jν is the specific intensity of the incident radiation field.

The factor of n2
b accounts for the expected density dependence in the limit of collisional

ionization equilibrium, and with only two-body collisions. However, in the more general case

considered here, the cooling and heating functions will depend on nb (and also Z and Jν).

We assume a radiation field model with specific intensity given by

Jν = J0

[
1

1 + fQ
sν +

fQ
1 + fQ

x−α

]
e−τν , (4.2)

where the overall amplitude J0 is a free parameter, and x = hν/(1Ry) is the photon energy in

Rydbergs (1Ry = 13.6 eV, the ionization threshold for neutral hydrogen HI). The first term

in the square brackets is a stellar spectrum fit from the spectral synthesis library Starburst99
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(Leitherer et al., 1999):

sν =
1

5.5



5.5 x < 1,

x−1.8 1 < x < 2.5,

0.4x−1.8 2.5 < x < 4,

2× 10−3 x3

ex/1.4−1
x > 4.

(4.3)

The second term is a quasar-like power law, with index α (another free parameter). The free

parameter fQ is the strength of the quasar-like component relative to the stellar spectrum

at x = 1. The entire spectrum is also attenuated by neutral hydrogen and helium (HeI)

absorption with optical depth

τν =
τ0
σHI,0

[0.76σHI(ν) + 0.06σHeI(ν)] , (4.4)

where σj(ν) is the photoionization cross section as a function of frequency for ion j, computed

using the fits from Verner et al. (1996), and σj,0 is that same cross section evaluated at the

threshold frequency. Finally, τ0 is a dimensionless free parameter which scales the overall

optical depth. That is, it describes the gas column density attenuating the radiation field.

The training data consists of Cloudy models evaluated on a grid of values for the gas

temperature T , hydrogen number density nH, and metallicity Z, as well as the radiation

field parameters J0, fQ, τ0, and α. We describe the values used in Table 4.1. For Z/Z⊙ ≲

0.01, the cooling and heating functions do not depend on metallicity (metal-line cooling is

unimportant, Boehringer & Hensler, 1989). Hence, we choose Z/Z⊙ = 0.1 as the lowest non-

zero metallicity value.1 We also require Z/Z⊙ ≤ 3 as higher metallicity values are unlikely

to occur in the ISM or CGM. This results in 81× 13× 5× 25× 9× 9× 7 ≈ 7.5× 107 points.

4.2.2 Radiation field sampling

Note that if a radiation field Jν does not have precisely the form given by equation (4.2), the

field may not have well-defined values of the parameters J0, fQ, τ0, and α. To represent the

radiation field, we instead compress the spectrum Jν into a few parameters rj by integrating

over the frequency domain with some weight functions wj(ν),

rj =

∫ ∞

0

Jνwj(ν) dν. (4.5)

1The Z/Z⊙ = 0 case actually has Z/Z⊙ = 10−4, but that value is small enough to be indistinguishable
from the primordial gas for our purposes.
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Parameter Values
log (T/K) 1, 1.1, 1.2, . . . , 9
log (nH/cm

−3) −6,−5,−4, . . . , 6
Z/Z⊙ 0, 0.1, 0.3, 1, 3
log (J0 cm

−3/nb/JMW) −5,−4.5,−4, . . . , 7
log (fQ) −3,−2.5,−2, . . . , 1
log (τ0) −1,−0.5, 0, . . . , 3
α 0, 0.5, 1, . . . , 3

Table 4.1: Gas and radiation field parameters used to train XGBoost models of Cloudy-
computed cooling and heating functions. We normalize the radiation field amplitude J0 by
JMW = 106 photons cm−2 s−1 ster−1 eV−1.

In Chapter 3, we used weights wj(ν) = 4πσj(ν)/(hν), where σj(ν) is the frequency-dependent

cross section for photoionization of the ion j. With this choice, equation (4.5) yields the

photoionization rates

Pj = c

∫ ∞

0

σj(ν)nν dν, (4.6)

where nν = 4πJν/(chν) is the number density of photons at frequency ν.

However, we could in principle choose any sufficiently large set of weight function wj(ν),

and we are not aware of a rigorous way to find an optimal choice for such a set. In the

absence of a way to define optimal weighting functions, we choose to use the simple case of

constant weights w(ν) = const within a fixed interval νa < ν < νb. More specifically, we

compute the average intensity in a frequency bin:

⟨Jνa−νb⟩ =
1

νb − νa

∫ νb

νa

Jν dν, (4.7)

for several bins as our parameters for representing the radiation field.

This definition still leaves a choice of bin edges νa and νb. To choose these bin edges,

we consider the correlations between different ⟨Jνa−νb⟩ values. Plugging equation (4.2) into

equation (4.7) indicates that ⟨Jνa−νb⟩ scales linearly with the overall amplitude J0 for all bins

νa−νb. To account for this, we choose the bin 0.5−1Ry, just below the ionization threshold

for HI, and divide all other ⟨Jνa−νb⟩ by ⟨J0.5−1Ry⟩ to remove the dependence on J0. This

is directly analogous to our use of the photodissociation rate of molecular hydrogen PLW to

scale all other photoionization rates Pj in Chapter 3. The photons that dissociate molecular

hydrogen have energies of about 0.82 − 1Ry (Draine & Bertoldi, 1996), lying within this

0.5− 1Ry bin.

We are now faced with the question of how to choose bin edges νa − νb for the values
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Figure 4.1: Examples of the radiation field Jν (normalized by its overall amplitude J0) defined
by equation (4.2) for different choices of α, fQ, and τ0. The dashed vertical lines indicate our
choice of bin edges, at 0.5, 1, 4, 7, 10, 13, and 16Ry.

⟨Jνa−νb⟩/⟨J0.5−1Ry⟩. Two options for selecting bin edges are linear spacing and logarithmic

spacing. Linear spacing produces bins of constant width, while logarithmic spacing creates

bins that increase in width exponentially with increasing frequency. Our choices here are

guided by the correlations between bins and heuristic physical considerations. For example,

the ionization energies for helium are approximately 1.8Ry for HeI and 4Ry for doubly

ionized helium HeII (Verner et al., 1996). We select a 1− 4Ry bin to include the ionization

thresholds for HI and HeI, but exclude HeII ionizing radiation.2

To shed more light on the correlations between various ⟨Jνa−νb⟩/⟨J0.5−1Ry⟩ values, we

consider how the radiation field Jν given by equation (4.2) changes with different choices of

fQ, τ0, and α. Three examples are shown in Figure 4.1, along with our choice of bin edges

discussed below. Comparing the three panels of Figure 4.1 shows that Jν/J0 is strongly

dependent on α at energies above about 16Ry, but has only weak dependence on fQ and

τ0. So, we should expect all ⟨Jνa−νb⟩/⟨J0.5−1Ry⟩ to be highly correlated for hνa ≳ 16Ry.

The correlations between bins with logarithmically spaced edges are explored further in

section 4.6.1, but we find linear bins to work better.

The Pearson and Spearman correlation matrices of log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩) for bins of

constant width hνb−hνa = 3Ry, up to hνb = 22Ry are shown in Figure 4.2. The Spearman

correlation only considers the ranks of points. Thus, these correlations are unaffected by

taking the logarithm of the scaled intensities (the logarithm is a monotonically increasing

function). In contrast, the Pearson correlation is sensitive to the values of individual points,

not just their ranks. The bins with energies above 16Ry are very highly correlated, with

both Pearson and Spearman correlations of at least 0.99. We explore energies up to 2048Ry

2See appendix 4.6.1 for a discussion of using two energy bins in the 1− 4Ry range.
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Figure 4.2: The absolute value of the Pearson (left panel) and Spearman (right panel)
correlation coefficients between binned radiation field intensities log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩) for
the values in Table 4.1, with linear bin spacing. Given the high correlation between the
highest three energy bins, we exclude the two highest bins (16− 19Ry and 19− 22Ry) from
our initial model training.

(with logarithmic bin spacing) in section 4.6.1, but, as expected from Figure 4.1, all bins

above 16Ry are highly correlated with each other. The correlations are more modest for

energies below 13Ry.

For any fQ > 0, the radiation field spectrum given by equation (4.2) becomes dominated

by the quasar-like power law x−α at sufficiently high photon energies x. Increasing fQ

(moving left to right in Figure 4.1) decreases the energy at which this power law becomes

dominant. Since the optical depth τν described in equation (4.4) includes absorption by HI

and HeI, the primary effect of increasing the optical depth scaling τ0 (moving left to right in

Figure 4.1) is to reduce Jν in the 1− 4Ry bin containing the ionization energies for HI and

HeI. However, sufficiently large values of τ0 also reduce the specific intensity in bins above the

photon energy 4Ry. This can be seen in the 4− 7 and 7− 10Ry bins in the rightmost panel

of Figure 4.1. So, increasing τ0 decreases the flux in every bin above 1Ry, but decreases the

flux in the 1 − 4Ry bin most strongly. Recall here that the Pearson correlation coefficient

is sensitive to the values of each log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩), while the Spearman correlation

coefficient depends only on their ranks. This suggests that the optical depth τ0 should cause

the Pearson correlation coefficient for log (⟨J1−4Ry⟩/⟨J0.5−1Ry⟩) and log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩)
with hνa > 4Ry to be smaller than the corresponding Spearman correlations (ignoring the
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effects of varying fQ and α). From Figure 4.2, we see that this is true for all but the 4−7Ry

bin.

For the remainder of this chapter, we focus on the less-correlated values of

log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩) from Figure 4.2: 1 − 4, 4 − 7, 7 − 10, 10 − 13 and 13 − 16Ry (as

well as ⟨J0.5−1Ry⟩, which incorporates the overall amplitude J0).

4.2.3 Machine learning models

Gradient-boosted tree algorithms like XGBoost are known to outperform other machine

learning methods for tabular training data like the the grid described in Table 4.1 (Shwartz-

Ziv & Armon, 2022; Grinsztajn et al., 2022). XGBoost provides a useful framework for

exploring a variety of radiation field parameters. Because each individual tree in an XGBoost

model only utilizes a fixed fraction of the available features, the data size and computational

cost scale weakly with the number of features. Furthermore, XGBoost interfaces easily with

the feature importance tools described in Section 4.2.4.

We train the machine learning algorithm XGBoost (Chen & Guestrin, 2016) to predict

log(Γ) and log(Λ) at fixed values of the metallicity Z. This results in 10 distinct models

(cooling and heating at Z/Z⊙ = {0, 0.1, 0.3, 1, 3}). As discussed in Chapter 3, we train

separate models at each metallicity because the 5 metallicity values in the training grid

(see Table 4.1) are not enough samples for XGBoost to outperform a manual quadratic

interpolation in metallicity. Indeed, Chapter 3 found that this metallicity interpolation is

the main bottleneck for accurately predicting cooling and heating functions at arbitrary

metallicities. The models are trained to optimize the MSE, defined as:

MSE = ⟨[logFtrue − (logF)pred]
2⟩, (4.8)

where F = Γ or Λ.

The 8 dimensionless, logarithmically scaled inputs we use are described in the ‘6 bins’

column of Table 4.2. Even after taking the logarithm, these features vary over quite different

ranges (e.g., see Table 4.1). To ameliorate this, we linearly rescale each feature to the range

[0, 1] for the values in Table 4.1.

Before training the ‘final’ XGBoost models we use for our analysis below, we perform

an initial hyperparameter validation step. We use a random subsample of 80% of the input

data (described in section 4.2.1) for model training. We subselect 10% of this training subset

(i.e. 8% of the total data) for hyperparameter validation and train models with the optimal

hyperparameter on the remaining 72%. The remaining 20% is used as a test set for final

model evaluation. These fractions were chosen to ensure that the training, hyperparameter
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6 bins 3 bins
Temperature T/K T/K
Density nH/cm

−3 nH/cm
−3

Amplitude ⟨J0.5−1Ry⟩ cm−3/nb/JMW ⟨J0.5−1Ry⟩ cm−3/nb/JMW

Other ⟨J1−4Ry⟩/⟨J0.5−1Ry⟩ ⟨J1−4Ry⟩/⟨J0.5−1Ry⟩
⟨J4−7Ry⟩/⟨J0.5−1Ry⟩ ⟨J13−16Ry⟩/⟨J0.5−1Ry⟩
⟨J7−10Ry⟩/⟨J0.5−1Ry⟩
⟨J10−13Ry⟩/⟨J0.5−1Ry⟩
⟨J13−16Ry⟩/⟨J0.5−1Ry⟩
2 bins

Temperature T/K
Density nH/cm

−3

Amplitude ⟨J1−4Ry⟩ cm−3/nb/JMW

Other ⟨J13−16Ry⟩/⟨J1−4Ry⟩
4 rates 3 rates

Temperature T/K T/K
Density nH/cm

−3 nH/cm
−3

Amplitude PLW cm−3/s−1 PLW cm−3/s−1

Other PHI/PLW PHI/PLW

PHeI/PLW PCVI/PLW

PCVI/PLW

Table 4.2: The features sets used for each XGBoost model considered in this chapter. Note
that all features are the logarithm of the quantities shown here. Above the line are features
describing gas properties, which are the same for each of our models. Below the line are
features related to the incident radiation field. The first row describes the radiation field
features containing the overall amplitude of the radiation field J0 (see equation (4.2)). The
remaining rows show all other radiation field features, which are scaled to the rate or bin
containing the overall amplitude.
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validation, and test sets are all large enough to accurately sample the distributions of each

feature and that the training set contains a majority of the available data. We use the same

data splitting for all the models discussed below. See section 4.6.2 for a brief description of

the hyperparameter optimization procedure, which we more fully laid out in section 3.6.1.

Finally, we retrain models using the optimized hyperparameters (found as described in

section 4.6.2) on both the same 80% training subset described above (so we can analyze

model performance on a 20% test set withheld from model training) and on the entire

input data. The model evaluation on the 20% test set illustrates how well our models

generalize to data they have not yet seen, providing an unbiased measure of how well our

models perform. Training models on the entire training grid (and testing on the same data)

provides a quantification of an overfitted result and a potential best-case scenario of how

well our models might do with a larger training sample.

4.2.4 Feature importance with SHAP values

To evaluate the impact each feature has on model predictions, we use SHAP values (Lundberg

& Lee, 2017; Lundberg et al., 2018; Lundberg et al., 2020). SHAP values can be calculated

for each feature for any given point prediction of a machine learning model. SHAP values

describe how the model prediction differs from what would be expected from ignoring the

value of the feature in question (Lundberg & Lee, 2017).

We use the Python package shap (Lundberg et al., 2018; Lundberg et al., 2020), which

incorporates functions to approximate SHAP values for tree-based models like XGBoost, to

calculate SHAP values for predictions on the 20% test set from the 10 models trained on only

80% of the input data. We randomly select 500 points from the 20% test set for each model.

Since SHAP values can be either positive or negative (i.e. a model prediction can be either

increased or decreased, given the value of a specific feature), we consider the mean absolute

SHAP value over the 500 test points for each feature. As an example of this, Figure 4.3

shows the 7 features with the largest mean absolute SHAP values for cooling and heating

function models at Z/Z⊙ = 1 (trained using 6 bins, as described in the ‘6 bins’ column of

Table 4.2).

As seen in Figure 4.3, the temperature feature log (T/K) and the 0.5 − 1Ry bin that

includes the overall radiation field amplitude, log (⟨J0.5−1Ry⟩ cm−3/nb/JMW), are the two

most important features for all 10 models. The density feature, log (nH/cm
−3), tends to

have relatively low mean absolute SHAP values, especially for the heating function.

In order to examine the SHAP values for the scaled radiation field bin features more

closely, we divide the mean absolute SHAP values for each log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩) feature
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Figure 4.3: Mean absolute SHAP values on 500 randomly selected points in the test set (20%
of the training grid withheld from model training) for XGBoost models trained using 6 bins
(see ‘6 bins’ column of Table 4.2). Models for the cooling function (top panel) and heating
function (bottom panel) at Z/Z⊙ = 1 are shown. Only the 7 features with the largest mean
absolute SHAP values for each model are shown. At Z/Z⊙ = 1, the gas temperature and
overall amplitude of the radiation field are most important.

94



by the corresponding mean absolute SHAP values for log (⟨J0.5−1Ry⟩ cm−3/nb/JMW). These

scaled SHAP values are shown in Figure 4.4 for all 10 models described in section 4.2.3

above.

Figure 4.4 shows that the 13−16Ry bin has high importance relative to the other radiation

field bins for the heating function at metallicities Z/Z⊙ > 0. Other bins have similarly low

importance for the heating function. The 1− 4Ry bin has high relative importance for the

cooling function at all metallicities. The 13−16Ry bin has similar relative importance to the

1−4Ry bin at the highest metallicities (Z/Z⊙ = 1, 3). Overall, the 1−4Ry and 13−16Ry are

the most important scaled bins. For Z/Z⊙ > 0.1, the cooling function for 104 ≲ T/K ≲ 107

is dominated by high ionization states of heavy elements like carbon, oxygen, neon, and

iron (Wiersma et al., 2009). The relevant ionization thresholds are ≳ 13Ry, and so are

sampled by the 13− 16Ry bin. For example, FeIX becomes an important coolant in highly

photoionized gas (e.g. Cohen et al., 2000; Cantalupo, 2010) and has an ionization potential

of ∼ 12Ry (Kramida et al., 2024).

Motivated by these observations, we also train an additional 10 models (cooling and

heating at each metallicity) using only the two scaled bins 1− 4Ry and 13− 16Ry. These

models are trained using exactly the same pipeline as described in section 4.2.3. We label

these models as ‘3 bins’, since they incorporate 3 radiation field bins (0.5 − 1, 1 − 4, and

13− 16Ry), in contrast to the ‘6 bins’ models described in section 4.2.3 (see Table 4.2 for a

comparison between the features used in these models).

Figure 4.4 shows that 1 − 4 and 13 − 16Ry are the most important scaled bins at all

metallicities. Photoionization of HI and HeI by photons with energies greater than 1Ry are

vital contributions to the heating function (Ferland et al., 1998). So, we decide to train

additional heating function models using the 1 − 4Ry bin to include the overall radiation

field amplitude J0, and scale the intensity in the 13 − 16Ry bin by that value. We label

these models as ‘2 bins’, since only the 1− 4 and 13− 16Ry bins are utilized. The features

used are described in corresponding column of Table 4.2. Again, these models are trained

using the pipeline of section 4.2.3.

For comparison with these models, we also consider two sets of models trained with

photoionization rates Pj (see equation (4.6)) as described in Chapter 3. First, we use models

trained with Pj for j = LW, HI, HeI, and CVI (the same rates used in the interpolation table

of Gnedin & Hollon (2012)), which we label ‘4 rates’. As demonstrated in Chapter 3, these

models perform comparably well to models trained with other sets of 4 photoionization rates,

as well as larger sets of photoionization rates. We also train new models with ‘3 rates’ (Pj for

j = LW, HI, and CVI) to compare with our ‘3 bins’ models described above. Note that the

choices of rates and bins for these models are entirely analogous. The radiation responsible

95



log( J1 4 Ry / J0.5 1 Ry )
log( J4 7 Ry / J0.5 1 Ry )

log( J7 10 Ry / J0.5 1 Ry )
log( J10 13 Ry / J0.5 1 Ry )
log( J13 16 Ry / J0.5 1 Ry )

Z/Z = 0

Cooling
Heating

log( J1 4 Ry / J0.5 1 Ry )
log( J4 7 Ry / J0.5 1 Ry )

log( J7 10 Ry / J0.5 1 Ry )
log( J10 13 Ry / J0.5 1 Ry )
log( J13 16 Ry / J0.5 1 Ry )

Z/Z = 0.1

log( J1 4 Ry / J0.5 1 Ry )
log( J4 7 Ry / J0.5 1 Ry )

log( J7 10 Ry / J0.5 1 Ry )
log( J10 13 Ry / J0.5 1 Ry )
log( J13 16 Ry / J0.5 1 Ry )

Z/Z = 0.3

log( J1 4 Ry / J0.5 1 Ry )
log( J4 7 Ry / J0.5 1 Ry )

log( J7 10 Ry / J0.5 1 Ry )
log( J10 13 Ry / J0.5 1 Ry )
log( J13 16 Ry / J0.5 1 Ry )

Z/Z = 1

0.0 0.1 0.2 0.3 0.4 0.5
mean(|SHAP|)/mean(|SHAP for log( J0.5 1 Ry cm 3/nb/JMW)|)

log( J1 4 Ry / J0.5 1 Ry )
log( J4 7 Ry / J0.5 1 Ry )

log( J7 10 Ry / J0.5 1 Ry )
log( J10 13 Ry / J0.5 1 Ry )
log( J13 16 Ry / J0.5 1 Ry )

Z/Z = 3

Figure 4.4: The mean absolute SHAP values for the quantity log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩), di-
vided by that for log (⟨J0.5−1Ry⟩) cm−3/nb/JMW). For each feature, the values are shown for
the cooling function (above, blue) and the heating function (below, red). The 5 panels are
for models trained at different metallicities, from Z/Z⊙ = 0 at the top to Z/Z⊙ = 3 at the
bottom. Either the 1 − 4 or 13 − 16Ry bins (top and bottom bars in each panel) are the
most important for both cooling and heating at each metallicity.
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for photodissocation of molecular hydrogen lies in the 0.5 − 1Ry bin, as described above.

The 1−4Ry contains HI-ionizing radiation, and the 13−16Ry bin and CVI photoionization

rate both sample Jν at X-ray energies. The features for these ‘4 rates’ and ‘3 rates’ models

are described in Table 4.2.

4.3 Results

As seen in Chapter 3, XGBoost models trained on the data described in section 4.2.1 occa-

sionally make very large ‘catastrophic errors’. To track these, the primary metric we use to

evaluate the performance of our models is the distribution of all errors in a given sample,

rather than the MSE. Specifically, we define the error distribution function

P (> ∆ logF) =
Pointswith error above∆ logF

Total number of points
, (4.9)

where, once again, F = Γ or Λ.

We examine error distributions for all the cooling and heating function models described

in Table 4.2, at each metallicity value. We show the error distribution on the entire input

data for models trained on the entire input data, which assesses how well the models are

able to fit this data, in Figure 4.5. The error distributions on the 20% withheld test set

for models trained on 80% of the input data, which assesses how predictive the models are,

are discussed in section 4.6.3. We compare the performance of our XGBoost models on the

entire training grid with that of the interpolation table from Gnedin & Hollon (2012) (see

Figure 4.5). The corresponding MSE values are shown in section 4.6.3. We also compare the

MSEs for 3 bin and 2 bin heating function models in section 4.6.4. Since both the training

and test set MSEs are about two orders of magnitude higher for the 2 bin models than the

3 bin models, we do not include the 2 bin heating function models in Figure 4.5.

For both cooling and heating functions, and at each metallicity value, the performance of

the models trained with 3 or 6 radiation field bin features and 3 or 4 photoionization rates

is comparable, and much better than the interpolation table of Gnedin & Hollon (2012).

This can be seen through the similarity of the thick solid, dashed, dash-dotted, and dotted

training data error distribution curves in Figure 4.5. Note that the interpolation table of

Gnedin & Hollon (2012) uses a quadratic Taylor expansion in metallicity. The errors for the

interpolation table are dominated by errors in the metallicity interpolation (see Chapter 3).

Because of this, our XGBoost models are able to outperform the interpolation table at fixed

metallicity. However, the Gnedin & Hollon (2012) interpolation scheme is more general, and

works at all metallicities (within the range 0 ≤ Z/Z⊙ ≤ 3 of the training data in Table 4.1).
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Figure 4.5: Error distributions for the interpolation table of Gnedin & Hollon (2012) (thin
solid lines) and our XGBoost models trained with 6 bins (thick solid lines, described in
section 4.2.3), 3 bins (thick dashed lines, described in section 4.2.4), 4 rates (thick dash-dotted
lines, described in section 4.2.4), and 3 rates (thick dotted lines, described in section 4.2.4)
for models trained and evaluated on the entire training grid. See Table 4.2 for the features
included in each model. Error distributions for the cooling function are shown in the left
column, with the heating function in the right column. All models are trained to minimize
the MSE on the training set. Our XGBoost models all have similar performance on the
training data, and significantly outperform an interpolation table.
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The MSEs for 3 and 6 bin and 3 and 4 rate models differ only by factors of order unity (on

either the entire training grid, or the test subset). The MSEs on the test set are always larger

than the corresponding training set MSEs by a factor of order unity (again, see section 4.6.3).

The heating function models using 2 radiation field bin features have much larger MSEs than

the 3 bin models for both the training and test sets (see section 4.6.4, where this is explored

further).

For the heating function at Z/Z⊙ = 0.3, and both cooling and heating at Z/Z⊙ = 3, we

observe that the training data MSEs for the 3 bin models are rather counterintuively smaller

than the training data MSEs for the corresponding 6 bin models (see section 4.6.3). Note

that, since the dependence of the cooling functions and heating function on radiation field bin

features log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩) is non-linear, training on a finite set of data results only in

the approximately optimal dependence of the cooling and heating functions on these binned

radiation field features. In other words, while the XGBoost training procedure minimizes the

MSE on a given set of training data, it is entirely possible that the model performance could

be improved with additional training data (that better samples the dependence of the cooling

or heating function at the given metallicity on the features being used). For the models in

question, our training data table may not be large enough to take full advantage of the the

extra information provided by the additional 3 scaled radiation field bin features in the 6

bin models. Also, for a given number of trees and maximum tree depth (see section 4.6.2),

the predictions are likely to be more precise for a model with fewer features. This is because

each feature will be used to split the input data more often than in a model with more

features.

4.4 Conclusions and discussion

In this chapter, we used machine learning to analyze the cooling and heating functions of gas

in the presence of a generalized radiation field. The radiation field contains a synthesized

stellar spectrum, a quasar-like power law, and absorption by neutral hydrogen and helium.

We describe the radiation field with averaged intensities in discretized photon energy bins.

We use the 0.5 − 1Ry bin to encode the overall amplitude of the radiation field and scale

all other binned intensities by that value. Then, we examine the correlations between such

binned intensities. We train machine learning models to predict the true (i.e. Cloudy-

computed) cooling and heating functions of the gas at 5 fixed metallicities with the 6 least

correlated radiation field intensity bins, and the subsequently identified 3 most important

radiation field bins, to predict cooling and heating functions. We also compare these models

to models from Chapter 3 trained using 3 and 4 photoionization rates. The main conclusions
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from this analysis are:

• For our radiation field model (equation (4.2)), very little additional information is

included above a photon energy of 16Ry (see Figure 4.2). This is because, at such

high energies, the radiation field (up to a factor of the overall amplitude J0) is strongly

dependent on the quasar-like power law index α, and only weakly dependent on the

other parameters (fQ, τ0, see Figure 4.1).

• For XGBoost models trained with 6 radiation field intensity bins, the 0.5 − 1Ry bin

(containing the overall radiation field amplitude) and temperature are always the two

most important features by mean absolute SHAP values (e.g., see Figure 4.3).

• Among the scaled radiation field bin intensities, the 13 − 16Ry bin has the largest

mean absolute SHAP value for heating function models at Z/Z⊙ > 0. The 13 − 16

and/or 1 − 4Ry bins have significantly larger mean absolute SHAP values than the

other bins for cooling function models at all metallicities (see Figure 4.4).

• The MSEs and error distributions (on both the training data, and a 20% subset with-

held from training) are very similar for models trained with 3 and 6 radiation field

bins, and also for 3 and 4 photoionization rates. These errors are ≳ 10 times smaller

than for the interpolation table of Gnedin & Hollon (2012) applied to the same data.

However, the MSEs are significantly worse for the heating function models trained with

only 2 bins (see Figure 4.5 and section 4.6.3).

• We conclude that just 3 photon energy bins (0.5 − 1, 1 − 4, and 13 − 16Ry) or 3

photoionization rates (Pj for j = LW, HI, and CVI) are sufficient to capture the

dependence of gas cooling and heating functions on an incident radiation field with a

spectrum given by equation (4.2).

We find that XGBoost models trained using both photoionization rates and energy bins

to describe the incident radiation field are able to interpolate Cloudy calculations of gas

cooling and heating functions more accurately than the interpolation table of Gnedin &

Hollon (2012) at fixed metallicity. The ‘4 rates’ XGBoost model is slower to evaluate than

the interpolation table while utilizing the same input parameters. However, adding new

radiation field parameters to an interpolation table means increasing the dimension and

data size of the table. Because each tree in an XGBoost model only uses a given subset of

the available features, the data size of XGBoost models (with the same hyperparameters)

scales only weakly with the number of features. This allows us to construct models (such

as the ‘6 bins’ models presented here) which incorporate more radiation field parameters
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than the Gnedin & Hollon (2012) interpolation table without significantly increasing the

evaluation time from a model with fewer features.

Given that our radiation field model (see equation (4.2)) has 4 free parameters, it is

surprising that 3 radiation field features are enough to capture the dependence of cooling

and heating functions on that radiation field. In particular, the high energy power-law tail

of the radiation spectrum is set by the power-law slope α and the amplitude J0, and these

two parameters cannot be captured by the single value in the 13− 16Ry band.

Our conclusion that 3 energy bins are enough to accurately capture the cooling and

heating functions with XGBoost relies on our specific choices of energy bins. We expect

the most important energy bins to be robust to changing the atomic data set or using a

different photoionization code. The overall amplitude of the radiation field and H and He

ionization radiation in the 1-4 Ry bin will always be important, and cooling at Z/Z⊙ > 0.1

is dominated by metal-line cooling (e.g. Wiersma et al., 2009), ensuring that radiation in the

quasar-dominated part of the spectrum capable of accessing the highest ionization states of

metals such as carbon, oxygen, and iron will have a significant effect. However, the machine

learning pipeline used in this work (section 4.2.3) could be used to train new cooling and

heating function models with any set of radiation field energy bins, and in particular a set

used in a radiative transfer simulation.

The radiation field sampling in equation (4.5) can be done with any frequency bounds

νa and νb, and any weight functions wj(ν). In this work, we have only consider two cases,

constant weights wj(ν) = const and photoionization cross sections wj(ν) ∝ σj(ν). As shown

in Figure 4.5 and section 4.6.3, 3 such radiation field samples are sufficient to describe the

cooling and heating functions reasonably accurately in both cases. It is of course possible

that with different, more optimal weighting functions wj(ν), one could find a set of only 2

radiation field samples sufficient to specify the gas cooling and heating functions or a set of 3

samples with significantly smaller errors than the samples presented here. However, finding

such weighting functions is a non-trivial exercise.

We have also assumed the radiation field spectrum is well-described by equation (4.2).

While this is fairly general, it of course does not include every possible radiation field. For

example, it only include absorption by neutral hydrogen and helium, and not other elements

or ions. Our machine learning framework is capable of handling a more complex radiation

field model, and future work could involve running more Cloudy models to expand or add

more dimensions to the training data in Table 4.1. The Cloudy calculations in the training

data used here include only atomic cooling and heating processes. Additional processes such

as cooling and heating from dust grains and cosmic ray heating could be incorporated by

adding additional dimensions (e.g. describing the dust abundance and cosmic ray ionization
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rate) into the training data in Table 4.1. These processes might introduce additional impor-

tant radiation field energy bins, perhaps including photons capable of ejecting an electron

from dust grains and heating the gas. Non-solar element abundances would also change

the cooling and heating functions from the values in the training data. Abundances for a

few particularly important elements could also be included as additional dimensions of the

training data in Table 4.1. While incorporating non-solar abundances would require train-

ing new XGBoost models, we expect our qualitative conclusions about the most significant

energy bins and photoionization rates to be robust as long as there are non-trivial amounts

of any important metal coolants whose higher ionization states are excited by photons in the

quasar-dominated region of the radiation field spectrum described by the 13− 16Ry energy

bin.

4.5 Acknowledgements

I, and co-author CA, acknowledge support from the Leinweber Foundation. Co-author CA

acknowledges support from DOE grant DE-SC009193. This chapter has been co-authored

by Fermi Research Alliance, LLC under Contract No. DE-AC02-07CH11359 with the U.S.

Department of Energy, Office of Science, Office of High Energy Physics. This research was

also supported in part through computational resources and services provided by Advanced

Research Computing (ARC), a division of Information and Technology Services (ITS) at

the University of Michigan, Ann Arbor, in particular the Great Lakes cluster and the U-M

Research Computing Package.

This work utilizes many Python packages, including xgboost (Chen & Guestrin, 2016),

shap Lundberg et al. (2018); Lundberg et al. (2020), numpy (Harris et al., 2020), pandas

(pandas development team, 2020), matplotlib (Hunter, 2007), seaborn (Waskom, 2021),

scikit-learn (Pedregosa et al., 2011), and scikit-optimize (Head et al., 2021). The

code pipeline to train and evaluate these models can be found at https://github.com/

davidbrobins/ml chf.

4.6 Appendix

4.6.1 Logarithmic bin spacing

In addition to the bin edges with linear spacing shown in Figure 4.2, we also consider the

correlations of log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩) for bins with logarithmic spacing, from 1−2Ry up to

1024−2048Ry. The Pearson and Spearman correlation matrices for the first 7 of theses bins
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Figure 4.6: The absolute value of the Pearson (left panel) and Spearman (right panel)
correlation coefficients between binned radiation field intensities log (⟨Jνa−νb⟩/⟨J0.5−1Ry⟩) for
the values in Table 4.1 with logarithmic bin spacing.

are shown in Figure 4.6 (the remaining five bins are all highly correlated with the 64−128Ry

bin.

rom Figure 4.6,we see that the 1− 2 and 2− 4Ry bins have large correlations with each

others for both Pearson (0.99) and Spearman (0.94). Thus, it is reasonable to combine these

into a single 1− 4Ry, as we do in section 4.2.2.

The correlation matrices for both linear (Figure 4.2) and logarithmic (Figure 4.6) bins

show that all bins above 16Ry are highly correlated with each other. As discussed in sec-

tion 4.2.2, this is unsurprising because the radiation field given by equation (4.2) is dominated

by the quasar-like power law at these energies (see Figure 4.1). This power law depends on

only one parameter, the index α. The logarithmic bin spacing used in Figure 4.6 results in

only 4 bins below 16Ry, while the linear spacing we use in section 4.2.2 gives 5 bins below

16Ry (exactly the bins used for our 6 bin models).

4.6.2 Hyperparameter tuning

In the XGBoost hyperparameter validation step described in section 4.2.3, we optimize 5

XGBoost parameters:3

3These, as well as other XGBoost hyperparameters, are described in more detail in the code documenta-
tion: https://xgboost.readthedocs.io/en/stable/index.html
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• min child weight: minimum ‘weight’ required for each tree leaf. Larger values result

in simpler models. Default value: 1 (cannot be negative).

• subsample: the fraction of the training data points used to train each tree. Default

value: 1 (cannot be negative or larger than 1).

• colsample bytree: the fraction of features used to train each tree. Default value: 1

(cannot be negative or larger than 1).

• gamma: the minimum improvement in model performance required to split a node.

Larger values result in simpler models. Default value: 0 (cannot be negative).

• eta: the learning rate. Default value: 0.3 (cannot be negative or larger than 1).

Similarly to Chapter 3, we fix the maximum depth (number of nodes to reach the leaves of

the tree) to max depth = 20 and the number of trees to n estimators = 100.

To optimize min child weight, subsample, colsample bytree, gamma, and eta, we use

5-fold cross-validation. That is, we split the validation subset (as described in section 4.2.3,

this is 8% of the input data) into 5 disjoint subsets. For each of these 5 ‘folds’, we train a

model on the remaining 4 folds and evaluate it on the fold in question. The performance

of each model is the average MSE across each of the 5 folds. To minimize this value, we

perform a Bayesian search, with the following priors:

• min child weight: log-uniform prior from 0.1 to 2.

• subsample: uniform prior from 0.6 to 1.

• colsample bytree: uniform prior from 0.6 to 1.

• gamma: uniform prior from 0 to 1.

• eta: log-uniform prior from 0.03 and 0.3.

This entire procedure is implemented with the function BayesSearchCV in the

scikit-optimize package (Head et al., 2021).

4.6.3 Model error comparisons

In this section, we present further details on the performance on our XGBoost models. The

error distributions (see equation (4.9)) on the 20% withheld test set for models trained on

80% of the training grid are shown in Figure 4.7. We also overplot the error distributions

for the interpolation table of Gnedin & Hollon (2012) on the entire data grid (described
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Cooling 6 bins 3 bins
Training Test Training Test

Z/Z⊙ = 0 1.65× 10−5 4.05× 10−5 2.52× 10−5 5.18× 10−5

Z/Z⊙ = 0.1 1.10× 10−5 4.62× 10−5 2.15× 10−5 4.94× 10−5

Z/Z⊙ = 0.3 2.72× 10−5 5.83× 10−5 3.63× 10−5 6.69× 10−5

Z/Z⊙ = 1 2.58× 10−5 6.63× 10−5 2.39× 10−5 6.66× 10−5

Z/Z⊙ = 3 3.48× 10−5 9.10× 10−5 3.46× 10−5 8.64× 10−5

4 rates 3 rates
Training Test Training Test

Z/Z⊙ = 0 1.49× 10−5 3.76× 10−5 1.89× 10−5 3.85× 10−5

Z/Z⊙ = 0.1 1.36× 10−5 3.58× 10−5 2.41× 10−5 4.77× 10−5

Z/Z⊙ = 0.3 1.28× 10−5 4.04× 10−5 1.96× 10−5 4.56× 10−5

Z/Z⊙ = 1 2.29× 10−5 5.94× 10−5 3.25× 10−5 6.82× 10−5

Z/Z⊙ = 3 3.95× 10−5 8.06× 10−5 3.84× 10−5 8.02× 10−5

Table 4.3: MSEs (see equation (4.8)) for the cooling function XGBoost models in the left
column of Figure 4.5 and Figure 4.7 (see Table 4.2). All MSEs have similar orders of
magnitude.

in section 4.2.1). Similarly to Figure 4.5, the error distributions for all 4 XGBoost models

shown in Figure 4.7 are similar, and much better than the interpolation table of Gnedin &

Hollon (2012).

The MSEs for the XGBoost models in Figure 4.5 and Figure 4.7 are shown for cooling

function models in Table 4.3 and for heating function models in Table 4.4. As discussed in

section 4.3, all of the MSEs in each row of Table 4.3 or Table 4.4 are of the same order of

magnitude.

4.6.4 The performance of 2 bin models

We compare the MSEs of our 2 bin and 3 bin heating function models in Table 4.5. Models

trained with only 2 bins have MSEs that are about 2 orders of magnitude higher than the

corresponding 3 bin models, both for models evaluated on the entire training grid and on a

20% withheld test set (see Table 4.2 for the specific features used in each model).

To understand why the 2 bin models have such large MSEs, we choose a single point from

the training data where the heating function error at Z/Z⊙ = 0 satisfies ∆ log Γ > 0.8. The

values of each input to the training table for the selected point are shown in Table 4.6.

Then we select all other points in the training grid with the same density, and

values for the two binned radiation field features, log (⟨J1−4Ry⟩ cm−3/nb/JMW) and

log (⟨J13−16Ry⟩/⟨J1−4Ry⟩) within 10% of the values of the point described in Table 4.6 after
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Figure 4.7: Error distributions for our XGBoost models trained with 6 bins (solid lines,
described in section 4.2.3), 3 bins (dashed lines, described in section 4.2.4), 4 rates (dash-
dotted lines, described in section 4.2.4), and 3 rates (dotted lines, described in section 4.2.4)
for models trained on 80% of the training grid and evaluated on the withheld 20% test
subset (see section 4.2.3). See Table 4.2 for the features included in each model. The error
distributions for the interpolation table of Gnedin & Hollon (2012) on the entire training grid
are overplotted as thin solid lines. Distributions for the cooling function are shown in the left
column, with the heating function in the right column. All models are trained to minimize
the MSE on the training set. All our XGBoost models have comparable performance on the
test subset.
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Heating 6 bins 3 bins
Training Test Training Test

Z/Z⊙ = 0 1.53× 10−5 2.59× 10−5 1.81× 10−5 2.93× 10−5

Z/Z⊙ = 0.1 1.94× 10−5 6.16× 10−5 2.64× 10−5 5.88× 10−5

Z/Z⊙ = 0.3 3.83× 10−5 7.80× 10−5 2.58× 10−5 6.57× 10−5

Z/Z⊙ = 1 2.97× 10−5 7.33× 10−5 4.99× 10−5 8.69× 10−5

Z/Z⊙ = 3 3.23× 10−5 7.68× 10−5 2.75× 10−5 6.79× 10−5

4 rates 3 rates
Training Test Training Test

Z/Z⊙ = 0 1.10× 10−5 2.08× 10−5 1.97× 10−5 3.15× 10−5

Z/Z⊙ = 0.1 4.51× 10−5 6.74× 10−5 3.25× 10−5 5.46× 10−5

Z/Z⊙ = 0.3 3.22× 10−5 5.79× 10−5 1.79× 10−5 4.65× 10−5

Z/Z⊙ = 1 1.96× 10−5 4.38× 10−5 1.77× 10−5 4.17× 10−5

Z/Z⊙ = 3 3.28× 10−5 5.82× 10−5 2.17× 10−5 4.61× 10−5

Table 4.4: MSEs (see equation (4.8)) for the heating function XGBoost models in the right
column of Figure 4.5 and Figure 4.7 (see Table 4.2). All MSEs have similar orders of
magnitude.

Heating 3 bins 2 bins
Training Test Training Test

Z/Z⊙ = 0 1.81× 10−5 2.93× 10−5 2.01× 10−3 2.79× 10−3

Z/Z⊙ = 0.1 2.64× 10−5 5.88× 10−5 4.95× 10−3 6.82× 10−3

Z/Z⊙ = 0.3 2.58× 10−5 6.57× 10−5 5.90× 10−3 9.35× 10−3

Z/Z⊙ = 1 4.99× 10−5 8.69× 10−5 7.03× 10−3 1.09× 10−2

Z/Z⊙ = 3 2.75× 10−5 6.79× 10−5 7.68× 10−3 1.18× 10−2

Table 4.5: MSEs (see equation (4.8)) for 3 bin and 2 bin heating function models (see
Table 4.2). The 2 bin model is systematically ∼2 orders of magnitude less accurate than the
3 bin model.

Parameter Values
log (T/K) 1
log (nH/cm

−3) −6
Z/Z⊙ 0
log (J0 cm

−3/nb/JMW) −5
log (fQ) 1
log (τ0) −2
α 0

Table 4.6: Parameters for a point in the training grid (see Table 4.1) with ∆ log Γ > 0.8 for
a 2 bin heating function model at Z/Z⊙ = 0.
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Figure 4.8: The predicted heating function for the training grid point described in Table 4.6
(thick orange curve), and the true heating functions for every training grid point with the
same density, as well as binned radiation field features (see Table 4.2) within 10% of the
values for the point in Table 4.6 (thin light blue curves).

scaling to the interval 0−1 (0.512886 and 0.306554, respectively). In Figure 4.8, we plot the

true heating function (i.e. as a function of temperature) from Cloudy for each such point,

along with the predicted heating function for the point in Table 4.5.

While the true heating functions in Figure 4.8 are fairly similar for T ≳ 106.5K, they span

almost 3 orders of magnitude for T ≲ 104K. So, any single prediction would by necessity

have ∆ log Γ ∼ 1 at T ≲ 104K for some of the true heating functions shown in Figure 4.8.

This indicates that points with similar values of the radiation field features for our 2 bin

models (see Table 4.2) can have very different heating functions, suggesting that these two

radiation field features are insufficient to capture the behavior of the heating function.

To illustrate this, we plot the radiation field specific intensity Jν for the points with the

highest and lowest heating function values at log(T/K) = 1 from Figure 4.8. These spectra

108



10 1 100 101 102

Photon energy h [Ry]

10 18

10 16

10 14

10 12

10 10

10 8

10 6

10 4
Sp

ec
ifi

c 
in

te
ns

ity
  J

/n
b/J

M
W

= 0

log(fQ) = -2.5

log( 0) = 2

log(J0/nb/JMW) = -4.5

10 1 100 101 102

Photon energy h [Ry]

Sp
ec

ifi
c 

in
te

ns
ity

  J
/n

b/J
M

W

= 0

log(fQ) = 1

log( 0) = 2

log(J0/nb/JMW) = -3.5

Figure 4.9: The radiation field specific intensity Jν (equation (4.2)) for the points from
Figure 4.8 with the lowest (left panel) and highest (right panel) heating function values at
log(T/K) = 1.

are shown in Figure 4.9.

The two spectra in Figure 4.9 have the same values of optical depth scaling τ0 = 100 and

quasar-like power law index α = 0, but very different values of the fractional contribution of

quasars, fQ. The value of Jν plateaus at energies above about 10Ry in both spectra. In the

right panel, the high value of fQ means that Jν is as large above 10Ry as it is below 1Ry.

However, in the left panel, the value of Jν above 10Ry is almost 3 orders of magnitude smaller

than that below 1Ry. This difference would be captured by the radiation field features of

our 3 and 6 bin models (see Table 4.2), which utilize the 0.5 − 1Ry bin to scale all other

bins. However, it is not captured by scaling with the 1− 4Ry bin used in our 2 bin heating

function models.

The intensity in the 0.5 − 1Ry bin (used to include J0 and for scaling all other bins in

our 3 and 6 bin models) has no dependence on the optical depth parameter τ0, because

only photons with energies greater than 1Ry can ionize HI or HeI (see equation (4.4)). On

the other hand, the intensity in the 1 − 4Ry is strongly sensitive to the value of τ0 (see

Figure 4.1). The 13 − 16Ry bin, should only have weak dependence on τ0. Scaling by

the 1 − 4Ry bin (as is done in our 2 bin models) introduces additional dependence on τ0.

This creates a degeneracy in the radiation field Jν implied by our 2 bin model features (see

Table 4.2). This is the same degeneracy seen in the spread of the heating function at low
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temperatures in Figure 4.8.
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CHAPTER 5

The Effects of Different Cooling and Heating

Function Models on a Simulated Analog of

NGC300

5.1 Motivation

Gas in the ISM and CGM of galaxies exists in multiple interacting phases with different

temperatures and densities. These phases include a diffuse hot ionized medium (Spitzer,

1956), clouds of an atomic cold neutral medium (Ewen & Purcell, 1951), a warm ionized

medium surrounding the cold clouds (Hjellming et al., 1969), and very cold molecular clouds

(Cheung et al., 1968). Gas cools and heats through the respective emission and absorption

of radiation, providing a critical mechanism for gas to transition between these phases (e.g.

McKee & Ostriker, 1977). Star formation (primarily) occurs in cold molecular clouds, and

the star formation rate can depend on both the thermal state and turbulent properties of the

molecular gas (see Dobbs (2023) and Hennebelle & Grudić (2024) for recent reviews).

Gas cooling and heating rates thereby play a vital component of galaxy evolution models,

including hydrodynamic simulations. However, there are many different prescriptions in

use for calculating the cooling and heating rates as functions of the gas properties and the

galactic environment (see Kim et al. (2023) for an overview).

The effects of different cooling and heating function models on galaxy formation can be

tested using galaxy formation simulations. Simulation comparisons from the Aquila and

AGORA collaborations typically focus on the effects of differing stellar feedback models

(Scannapieco et al., 2012; Kim et al., 2014). But, differences between varied gas thermody-

namic prescriptions in simulations is relatively understudied. Previous work has explored

the effect of varying the assumed initial temperature and density profiles of halo gas in

semi-analytic models, which changes how the gas subsequently cools (e.g. Monaco et al.,

2014; Hou et al., 2018, 2019). However, each of these works assumes a non-evolving cooling
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function which does not depend on the ionization state of particles in the gas.

Some hydrodynamic simulations now incorporate non-equilibrium chemistry, where the

simulations calculate element abundances on-the-fly using a chemical network. We can

also calculate gas cooling and heating rates from these non-equilibrium abundances. The

assumption of gas photoionization equilibrium yields an alternate set of cooling and heating

rates. Richings & Schaye (2016) compare isolated galaxy simulations run with gas cooling

calculated from non-equilibrium against those run with equilibrium chemical abundances.

Capelo et al. (2018) perform a similar comparison, but with the non-equilibrium metal

abundances only used to calculate cooling in cold (T < 104K) gas. Both works find that

non-equilibrium cooling has little effect on the overall star formation rate of the galaxy, but

can change the overall amount of molecular gas.

In this chapter, we consider the isolated galaxy simulations of an NGC300 analog pre-

sented in Semenov et al. (2021). These simulations were originally used to study the spatial

decorrelation between dense molecular gas and sites of recent star formation, and include

subgrid models for gas turbulence and turbulence-regulated variable star formation efficiency.

We use these simulations to compare two different prescriptions for approximating cooling

and heating functions: the interpolation table approach from Gnedin & Hollon (2012) and

the machine learning approximation from Chapter 3, which yields more accurate cooling and

heating function approximations at fixed metallicity.

Since the only differences between the two simulation runs are in the gas cooling and heat-

ing functions, we focus on the comparison between the resulting temperature-density phase

diagrams of the simulated gas. These phase diagrams describe the gas fraction in various

phases of the ISM and CGM. We also compare CII emission between each simulation run.

The luminosity in various ionic emission lines depend on the thermal state (i.e. temperature

and density) of the gas. The 157.7µm fine-structure line emitted by ionized carbon (CII) is

a particularly important case. This line is often used to trace molecular, star-forming gas

in galaxies (e.g. Zhao et al., 2024; Casavecchia et al., 2025). The CII fine-structure line is

also a candidate for Line-Intensity Mapping (LIM) surveys mapping the 3-D structure of the

universe. LIM surveys could probe CII emission across a wide range of redshifts 3 ≲ z ≲ 9,

stretching back into the EoR (Kovetz et al., 2017).

We explain our methodology, including the simulation code and how we analyze simulated

snapshots, in section 5.2. We compare gas phase diagrams and CII emission rates from

our two simulation runs in section 5.3, and present conclusions and further discussion in

section 5.4.
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5.2 Methodology

5.2.1 Simulations

In this work, we use the isolated galaxy simulation of Semenov et al. (2021). This simulation

is run using ART, a Eulerian adaptive mesh refinement hydrodynamics code (Kravtsov, 1999;

Kravtsov et al., 2002; Rudd et al., 2008).

The specific simulation we use includes a sub-grid prescription for turbulence and a star

formation efficiency that depends on the velocity dispersion (including both turbulent and

thermal components) through the local virial parameter (Padoan et al., 2012; Semenov et al.,

2016, 2021). Different versions of the isolated galaxy simulation incorporate a constant

value for star formation efficiency below a maximum virial parameter (or above a minimum

density), different contributions to feedback (type II supernovae and/or pre-supernova stellar

winds), and iterations with and without radiative transfer (Semenov et al., 2021).

The metallicity-dependent atomic gas cooling and heating functions in the simulation

are evaluated using the interpolation table of Gnedin & Hollon (2012), which interpolates

between exact cooling and heating rates evaluated with the photoionization code Cloudy

(Ferland et al., 1998). This approximation depends on the temperature T , baryon number

density nb, and metallicity Z of the gas, and on rates calculated from the local radiation

field: PLW (the photodissociation rate of molecular hydrogen), and the photoionization rates

PHI, PHeI, and PLW, in units of [s−1] (Gnedin & Hollon, 2012).

The thermal energy density U of the gas evolves due to radiative processes as:

dU

dt

∣∣∣∣
rad

= n2
b [Γ− Λ] , (5.1)

where Γ is the heating function and Λ is the cooling function. Note that the cooling and

heating functions also include additional contributions from non-atomic components of the

gas such as molecules that are not included in the interpolation table of Gnedin & Hollon

(2012), as they depend on additional properties of the gas. Examples include heating from

the photodissociation of molecular hydrogen, and cooling from vibrational and rotational

transitions in molecular hydrogen, which both depend on the molecular gas fraction. These

contributions are treated separately in the simulation (Gnedin & Kravtsov, 2011), and are

not varied in this chapter.

The initial conditions of the fiducial simulation are chosen to approximate observed struc-

tural properties of the NGC300 galaxy from Westmeier et al. (2011). The dark matter par-

ticles are initialized with a Navarro-Frenk-White profile with mass M200c ≈ 8.3 × 1010M⊙

(defined as the mass contained in a sphere with average density equal to 200 times the critical
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Parameter Value
Radiative transfer Off
QLW 2× 10−11 s−1

QHI 2× 10−17 s−1

QHeI 3× 10−16 s−1

QCVI 9× 10−18 s−1

Z 0.3Z⊙
Timestep 1Myr

Table 5.1: Important parameters for our simulation runs

density) and concentration c200c ≈ 15.4. The stellar and gas components are initialized as

(independent) exponential scale disks. The stellar disk has mass M = 109M⊙, scale radius

1.39 kpc, and scale height 0.28 kpc. The gas disk has mass 2.29 × 109M⊙ and scale radius

3.44 kpc (the scale height is determined by the ISM pressure gradient). The minimum gas

cell size reached in the simulation run is ∆ = 10 pc. The fiducial simulation run includes

radiative transfer, all feedback processes, and a star formation efficiency depending on the

local virial parameter (Semenov et al., 2021).

As described in section 5.2.2, we turn off radiative transfer and use constant photoioniza-

tion rates. We also fix the gas metallicity. Following Semenov et al. (2021), we initialize our

simulations with a snapshot from a fiducial simulation run at t ≈ 600Myr. The fiducial sim-

ulation turns on various physical processes (such as radiative transfer, gas cooling, and star

formation) in stages, allowing the galaxy to ‘settle’ after each stage. By t ≈ 600Myr, each

relevant process has been incorporated (Semenov et al., 2021). After the initial snapshot,

we save snapshots every ∆t = 1Myr.

Key parameters for our simulations are shown in Table 5.1. We run both simulations for

the same duration in simulated cosmic time and find that the thermodynamic properties of

the gas in the two simulations have sufficiently converged relative to each other after 5Myr.

This convergence is discussed in more detail in section 5.6.

5.2.2 Cooling and heating function models

The Semenov et al. (2021) simulations calculate metallicity-dependent atomic gas cooling

and heating functions using the interpolation table of Gnedin & Hollon (2012), which incor-

porates a local radiation field including contributions from a synthesized stellar spectrum,

quasar-like power law, and absorption by neutral hydrogen and helium. Gnedin & Hollon

(2012) constructed these tables by interpolating between exact calculations of cooling and

heating function from the Cloudy photoionization code (Ferland et al., 1998). In Chapter 3,
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we trained machine learning models on the same Cloudy calculations, with the same gas

properties and radiation field parameters as inputs. So, we can directly replace the Gnedin

& Hollon (2012) interpolation table with machine learning models from Chapter 3 in the

simulation code. The interpolation table of Gnedin & Hollon (2012) implements a quadratic

interpolation in metallicity that can lead to occasional unphysical negative predicted cooling

or heating functions. The machine learning models from Chapter 3 are constructed to always

predict positive cooling and heating functions.

Additionally, the interpolation table of Gnedin & Hollon (2012) is known to make ‘catas-

trophic errors’ at some points in parameter space, due to interpolating a non-linear function

on a grid of parameters with fixed spacing. To assess the impact of these catastrophic errors

on the simulation, we replace the interpolation table with analogous machine learning mod-

els from Chapter 3, constructed using the gradient-boosted tree algorithm XGBoost (Chen

& Guestrin, 2016). We label the simulation run using the cooling and heating function in-

terpolation table from Gnedin & Hollon (2012) as ‘GH12’ and the run using the analogous

XGBoost models from Chapter 3 as ‘XGB’.

More specifically, we use fixed metallicity cooling and heating function models from Chap-

ter 3 with input parameters that parallel the dimensions of the Gnedin & Hollon (2012)

interpolation table: temperature T , hydrogen number density nH, and rates QLW, QHI, QHeI,

and QCVI, where Qj = Pj/nH. Separate models are trained to predict the cooling function

and the heating function. Both the interpolation table of Gnedin & Hollon (2012) and the

machine learning models of Chapter 3 use quadratic interpolation in metallicity to make

predictions at arbitrary metallicities, and in Chapter 3 we found that this quadratic inter-

polation (with the 5 metallicity values present in the training data) is the main limitation

to improving accuracy at intermediate metallicities. In order to avoid the complications of

the metallicity interpolation, we fix the gas metallicity at Z = 0.3Z⊙ (this is one of the

metallicites with exact Cloudy calculations we used to train the machine learning models in

Chapter 3).

Since the inputs (gas temperature, gas density, and 4 photoionization rates) and outputs

(cooling function and heating function) at fixed metallicity are the same, we can perform a

one-to-one replacement of the Gnedin & Hollon (2012) interpolation table for the machine

learning models of Chapter 3 in the simulation code. For this initial study, because the

machine learning models of Chapter 3 are more computationally expensive than the Gnedin

& Hollon (2012) interpolation table, we turn off radiative transfer in the ART code. So, the

photoionization rates are spatially constant throughout the simulation box. For these rates,

we use ISM averages computed from the fiducial simulation run in Semenov et al. (2021)

with radiative transfer: QLW = 2× 10−11 s−1, QHI = 2× 10−17 s−1, QHeI = 3× 10−16 s−1, and
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GH12 XGB
Cooling 1.69× 10−3 1.28× 10−5

Heating 2.19× 10−2 3.22× 10−5

Table 5.2: MSEs of the cooling and heating function approximations used in our simulations
on the training grid of Cloudy calculations at gas metallicity Z = 0.3Z⊙. The MSEs for
the XGBoost models from Chapter 3 are 2-3 orders of magnitude smaller than those for the
Gnedin & Hollon (2012) interpolation table.

QCVI = 9× 10−18 s−1 (see Table 5.1).

The exact Cloudy calculations used to train both approximations we use are done on a

grid of data points with gas temperature 10 ≤ T/K ≤ 109 and hydrogen number density

10−6 ≤ nH/cm
−3 ≤ 106 (Gnedin & Hollon, 2012). We approximate the conversion between

the number densities of hydrogen and baryons as:

nb =
1.4nH

1− 0.02(Z/Z⊙)
. (5.2)

For Z = 0.3Z⊙, nb ≈ 1.41nH. Outside of these ranges, both models are extrapolating from

the Cloudy calculations. The table of Gnedin & Hollon (2012) performs a linear extrapolation

from the nearest tabulated value. The machine learning approximations of Chapter 3 are

piecewise constant, so will simply output the nearest tabulated value.

To compare the approximations on the entire grid of Cloudy computations (which is used

to train both models), we compute the MSE ∆ = ⟨(logFtrue − logFpred)
2⟩, where F is

either the cooling function or the heating function. Note that a fraction 2.98 × 10−4 of the

grid points result in negative predicted cooling functions using the Gnedin & Hollon (2012)

interpolation table. These points are removed from the MSE calculation. The MSEs for the

approximations at Z = 0.3Z⊙ are shown in Table 5.2, which shows that both models have

small errors, but the machine learning models of Chapter 3 produce MSEs that are 2-3 orders

of magnitude smaller at this metallicity. More details about the performance comparison

can be found in Chapter 3. However, this comparison is only on the data used to construct

both models, so does not realistically predict their performance on new data. In the rest of

the chapter, we investigate the physical effect of these differences to assess how significant

how they are in a simulated galaxy.

Note that, while we can directly replace calls of the interpolation table of Gnedin &

Hollon (2012) with evaluations of machine learning models from Chapter 3 in the ART

code, this has a major computational cost. Evaluating each timestep of the Semenov et al.

(2021) isolated galaxy simulation (see section 5.2.1 for details) is nearly 20 times slower
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with the machine learning models. While it is possible that this slowdown could be reduced

with careful optimization of the simulation run with machine learning models, a one-to-one

replacement for simulations run over a longer timescale or a cosmological volume is simply

not practical. For these applications, an interpolation table that can be evaluated quickly

and an understanding of the effects of the errors made by this interpolation are crucial. But,

it is much easier to incorporate additional photoionization rates as inputs in the machine

learning framework of Chapter 3 (which includes models using as many as 22 photoionization

rate features) than to add an additional dimension to an interpolation table.

5.2.3 CII luminosity

From the simulation data, we can compute quantities that depend on the density and tem-

perature of the gas. As a representative example, here we consider CII emission. When

collisionally excited, CII ions can emit a 157.7µm photon. Setting this photon energy equal

to kT yields a temperature of 91.2K (Draine, 2011).

To compare the two simulation runs, we compute the ratio of CII emission due to various

excitation channels, j:

rj =

∫
fXGB(nb, T )Rj(T ) dT∫
fGH12(nb, T )Rj(T ) dT

. (5.3)

where f(nb, T ) is the density-temperature distribution function (the phase diagram, normal-

ized by the total gas mass) andRj(T ) is a temperature-dependent rate factor that encodes the

likelihood of a collision inducing the emission of a 157.7µm photon, with units [erg cm3 s−1].

The excitation channels j include free electrons, elemental hydrogen and helium, molecular

hydrogen H2, and CMB photons (Draine, 2011). Note that the only difference between the

numerator and denominator of equation (5.3) is the simulation run used to determine the

distribution function, while Rj(T ) remains the same.

Since Rj(T ) appears inside a temperature integral in both in the numerator and de-

nominator of equation (5.3), we only need the temperature dependence of Rj(T ) and can

neglect multiplicative constants. For j = H2 (i.e. for collisions with molecular hydrogen),

we separate the two spins of molecular hydrogen, and have (Draine, 2011):

RH2 para(T ) ∝
(

T

100K

)0.124−0.018 ln (T/(100K))

, (5.4)

and

RH2 ortho(T ) ∝
(

T

100K

)0.095+0.023 ln (T/(100K))

. (5.5)
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For collisions with atomic hydrogen, we use (Barinovs et al., 2005):

RH(T ) ∝ e−91.2K/T

(
16 + 0.344

√
T

1K
− 47.7K

T

)
. (5.6)

The rate for helium RHe(T ) = 0.38RH(T ) (Draine, 2011), and so has identical dependence

on the gas temperature.

Collisions with free electrons result in the rate (Tayal, 2009; Draine, 2011):

Re(T ) ∝ e−91.2K/T

√
1K

T
. (5.7)

Finally, CII emission can be excited by CMB photons at a rate which depends on the

CMB temperature TCMB (Draine, 2011):

RCMB(T ) ∝ e−91.2K/TCMB . (5.8)

Since the CMB temperature is independent of the local gas temperature, RCMB(T ) = const.

5.3 Results

Here, we present results comparing our two simulation runs, using the cooling and heat-

ing function interpolation table from Gnedin & Hollon (2012), labelled ‘GH12’, and the

analogous XGBoost models from Chapter 3, labelled ‘XGB’. We show results from our final

snapshot, 5Myr after our starting snapshot. This is sufficiently long for the new steady-state

temperature-density distribution to settle (see section 5.6).

5.3.1 Phase diagrams and residuals

We begin by calculating residuals between the temperature-density phase diagrams of gas

in each simulation. Without radiative transfer, simulation snapshots include the gas mass

density ρ, thermal energy density U , and molecular weight µ. From these, we calculate the

baryon number density nb and temperature T as follows

nb =
ρ

mp

, (5.9)

T =
2

3

µ

knb

U, (5.10)
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where mp is the mass of a proton and k is Boltzmann’s constant.

We select 175 logarithmically spaced bins in temperature with 10 < T/K < 108 and 200

logarithmically spaced bins in baryon number density with 10−7 < nb/cm
−3 < 103 to include

nearly all of the gas in the simulation box.

In each density bin, we calculate the median gas temperature, as well as the 10th, 25th,

75th, and 90th percentiles to show the spread. These temperature quantiles are shown for

both simulation runs as a function of gas density in the upper panel of Figure 5.1. The ratio

of the median temperatures for the two runs is shown in the bottom panel of Figure 5.1. The

distributions are generally similar, but the temperature for the XGB run is systematically

higher for low gas densities −3 ≲ log (nb/cm
−3) ≲ −1. The bottom panel of Figure 5.1

shows that the median temperature for the XGB run is generally lower than for the GH12

run at higher gas densities −1 ≲ log (nb/cm
−3) ≲ 1. However, at these densities, the 25th-

75th percentile spread is larger than the difference between median temperatures, so the two

simulations do not have systematically different temperatures here.

To further examine the difference in gas thermodynamics between the two simulations,

we evaluate the residual in each temperature-density bin:

∆ =
mGH12 −mXGB

mGH12 +mXGB

, (5.11)

where mj is the gas mass in a temperature-density bin for simulation j. The sign of the

residual ∆ indicates which simulation run has a higher gas mass in a given bin. These

residuals are shown for our final snapshot in Figure 5.2.

Figure 5.2 shows that there is a ‘critical curve’ where ∆ = 0, indicating that the two

simulation runs have identical gas mass in the bins along this curve. The critical curve

runs from temperatures of T ∼ 104K at a density of nb ∼ 10−4 cm−3 down to T ∼ 10K at

nb ∼ 102 cm−3, and has a non-trivial shape. Just above this curve, the GH12 run has higher

gas masses (∆ > 0), while just below it, the XGB run has higher gas masses (∆ < 0). There

is also a band at T ∼ 104K across several orders of magnitude in density where the XGB

run has higher gas masses (∆ < 0). This band and the residuals on either side of the critical

curve are the most prominent structures in Figure 5.2. At temperatures T ≳ 104K, there is

noise with no clear structure in phase space.

To better understand the critical curve in Figure 5.2, we examine the temperature de-

pendence of cooling and heating functions at fixed density nb = 1 cm−3 calculated using the

same approach as in the GH12 and XGB simulation runs. This is shown in Figure 5.3. Note

that the gas reaches thermal equilibrium at a temperature Tequib when Γ(Tequib) = Λ(Tequib)

(i.e., when the cooling and heating functions are equal) if no external work is done on it.
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Figure 5.1: Upper panel: Median (curves), 25th-75th percentile (darker bands), and 10th-
90th percentile (lighter bands) temperatures as a function of gas density bin for GH12
(blue, solid curve) and XGB (orange, dashed curve) runs. Bottom panel: ratio of median
temperature for the XGB run to the GH12 run as a function of density bin.
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Figure 5.3: Predicted cooling (blue curves) and heating functions (red curves) for the GH12
interpolation table (Gnedin & Hollon, 2012, solid curves) and XGBoost machine learning
models from Chapter 3 (dashed curves) at nb = 1 cm−3. The cooling and heating curves for
a given model intersect at the equilibrium temperature.

Thus, the curves for a given model in Figure 5.3 intersect at the equilibrium temperature

for that model.

Figure 5.3 shows that XGBoost predicts a lower equilibrium temperature Teq than does

GH12 for log(nb/cm
−3) = 0. At some value between the two predicted equilibrium temper-

atures, the two simulation runs will have equal gas masses (the values are consistent with

the ‘critical curve’ in Figure 5.2). Just below this critical temperature, Γ > Λ for GH12, so

the gas in the GH12 simulation heats up and gets above the critical temperature. For the

XGB simulation, Λ > Γ, so the gas can cool down to its equilibrium temperature. So, the

XGBoost simulation should have higher gas mass just below the critical curve, as we see in

Figure 5.2. A similar argument predicts that the GH12 simulation should have higher gas

mass just above the critical curve.
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5.3.2 Effects on CII luminosity

In addition to seeing differences in the temperature-density phase diagram of simulated gas

in section 5.3.1, we would also like to understand how these differences affect observable

properties of the gas. To investigate this, we plot the ratio rj defined in equation (5.3)

versus nb in the upper panel of Figure 5.4 for the various processes contributing to the CII

emission described in section 5.2.3. In the lower panel, we show the overall density profile

for the GH12 simulation run (the profile for the XGB run is nearly identical) to compare the

size of the difference in CII emission with where most of the gas lies in phase space.

As shown in Figure 5.4, the density profile is nearly flat between −4 ≲ log(nb/cm
−3) ≲ 2,

and sharply decreases for log(nb/cm
−3) ≳ 2. The ratios rj are always of order 1 for all CII

emission processes. The largest values rj ≈ 1.4 are reached for collisions with electrons and

atomic hydrogen or helium at densities log(nb/cm
−3) ≈ 2, where the gas mass has already

begun to decrease from its value at lower densities. At the lower densities where the gas

mass is at is plateau for both simulation runs, rj differs noticeably from 1 for collisions with

electrons (as low as 0.9 and as large as 1.2), ortho H2 (as low as 0.95 and as large as 1.05),

and atomic hydrogen and helium (as low as 0.9). At a density of nb ∼ 102 cm−3, all processes

shown have rj ≳ 1. So, we would expect the actual CII luminosity to be different between

XGB and GH12 runs for gas at these densities (and, in particular, for the XGB gas to have

a higher CII luminosity). At other densities, some processes have rj ≳ 1 while others have

rj ≲ 1, so it is not clear whether the two simulations would have systematically different CII

luminosities.

5.4 Summary and discussion

In this chapter, we implement the machine learning approximation scheme for radiation-

field-dependent cooling and heating functions (at a fixed metallicity) of Chapter 3 into the

ART hydrodynamic simulation code, as an alternative to the interpolation table of Gnedin &

Hollon (2012). We compare runs of an isolated galaxy simulation of an NGC300 analog using

the two different approximations, without radiative transfer and at fixed gas metallicity. We

start the simulations from a fiducial simulation snapshot after the galaxy has ‘settled’ once

all relevant physical processes have been added to the simulation. We compare the gas

thermodynamics in the two simulations after 5Myr using their temperature-density phase

diagrams. Our main conclusions are:

• The gas in the XGB simulation is systematically hotter for low-density gas with −3 ≲

log (nb/cm
−3) ≲ −1 (see Figure 5.1).
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Figure 5.4: The CII emission ratio rj, as defined in equation (5.3) as a function of baryon
number density nb (upper panel) excited by interactions with electrons (solid blue), atomic
hydrogen or helium (dashed orange), CMB photons (dash-dotted green), and molecular
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panel shows the overall baryon number density profile for the GH12 simulation run (solid
brown).
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• There is a ‘critical curve’ where the two simulation runs have identical gas masses. The

largest differences in simulated gas mass occur at temperatures just above and below

this critical curve (see Figure 5.2).

• At a given density, the critical curve lies at a temperature between the equilibrium tem-

peratures corresponding to the predicted GH12 and XGB cooling and heating functions

at that density (see Figure 5.3)

• The differences in gas thermodynamics result in small, but not necessarily negligi-

ble (10-20%) differences in the integrated CII rate for some emission processes (see

Figure 5.4).

The net cooling function (the cooling function minus the heating function) determines

the temperature of a gas cloud. The thermal properties of the gas are one of the factors that

determine its velocity dispersion. In the simulations that we use, the local star formation

efficiency is calculated using the local velocity dispersion (Semenov et al., 2016, 2021). So, the

differences between the thermal properties of the gas in the two simulations can propagate

to differences in the local star formation rate and stellar feedback. To explore these effects in

a more realistic setting, we would need simulations including radiative transfer and varying

metallicity, over a long enough timescale to look for effects on the star formation history of the

galaxy. With radiative transfer, it would also be possible to directly compute CII luminosities

for the two simulated galaxies. Here, we take a step towards this goal by investigating the

simplified case of gas thermodynamics in a ‘settled’ isolated galaxy simulation with spatially

constant metallicity and photoionization rates. This case is interesting because it allows us

to explore the direct impact of changes in the gas cooling and heating functions. In a more

realistic simulation, this would be difficult to disentangle from the effects of other processes

that depend on gas thermodynamics (such as star formation and feedback). Even in this

simplified case, we see differences in the gas thermodynamics and CII emission efficiencies

for several emission processes.

In a more realistic case with varying gas metallicity across the simulated galaxy, we would

expect the difference between the XGB and GH12 runs to be smaller than seen here. This

is because the difference in performance between the two approximations is smaller across a

sample of points with arbitrary metallicity [see Chapter 3]. However, future machine learning

cooling and heating approximations (with access to more training data in metallicity) will

likely be able to improve the performance at arbitrary metallicity.

As described in section 5.2.2, the direct implementation of the XGBoost models from

Chapter 3 we used in the simulation code resulted in timesteps that were an order of magni-

tude slower than for simulation using the interpolation table of Gnedin & Hollon (2012). So,
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utilizing the models from Chapter 3 in simulations of more massive galaxies or cosmological

volumes is computationally infeasible. However, the machine learning approach of Chapter 3

much more easily accommodates additional radiation field dimensions. Adding an additional

input to an interpolation table of Gnedin & Hollon (2012) would require increasing the di-

mension of the table by one, increasing the size of the table that must be stored in memory.

Every node of the regression trees used in XGBoost models only considers the value of one

input feature (Chen & Guestrin, 2016). The tree depth and number of trees used in the

trained models of Chapter 3 do not increase with the number of inputs. This makes it feasi-

ble to train models with large numbers of photoionization rate features. So, in cases where

more features describing the radiation field are needed, machine learning models could be

less computationally expensive than an interpolation table. The machine learning setup of

Chapter 3 also allows for the calculation of ‘feature importance’ values describing how much

each input affects model predictions. In Chapter 3, we used these feature importances to

construct additional machine learning models using different sets of 4 photoionization rates

than the set used by the Gnedin & Hollon (2012) interpolation table. This approach can

inform the identification of new sets of radiation field properties for constructing new, more

accurate cooling and heating function interpolation tables in various regimes.

With these computational constraints, we only considered an isolated galaxy simulation

in this work. However, the effects of different cooling and heating function models could

depend on galaxy mass, galaxy environment, and redshift. To explore these effects, future

work could extend the comparison of simulations with different cooling and heating function

models to both a suite of multiple isolated galaxies, and a cosmological volume.

5.5 Acknowledgements

We would like to thank Raziq Noorali for his assistance calculating CII emission rates due

to various processes from simulation data.

I, and co-author CA, acknowledge support from the Leinweber Foundation. Co-author CA

acknowledges support from DOE grant DE-SC009193. This chapter has been co-authored by

Fermi Research Alliance, LLC under Contract No. DE-AC02-07CH11359 with the U.S. De-

partment of Energy, Office of Science, Office of High Energy Physics. Support for co-author

VS was provided by Harvard University through the Institute for Theory and Computation

Fellowship. This research was also supported in part through computational resources and

services provided by Advanced Research Computing (ARC), a division of Information and

Technology Services (ITS) at the University of Michigan, Ann Arbor, in particular the Great

Lakes cluster and the U-M Research Computing Package.

126



This work utilizes several Python packages, including XGBoost (Chen & Guestrin, 2016),

yt (Turk et al., 2011), and numpy (Harris et al., 2020). The code used to analyze the

simulation data and produce the plots can be found at https://github.com/davidbrobins/

ngc300 analysis.

5.6 Appendix: Convergence of the gas phase diagram

As discussed in section 5.2.1, we start our simulation runs from fiducial snapshots after the

simulated galaxy has settled. So, we need only be concerned with the convergence of the gas

thermodynamics due to the different cooling and heating function models. To assess this,

we compute a residual between ∆ (see equation 5.11) across two snapshots a and b (note

that the two simulation runs have snapshots at identical times):

δa,b =
∆b −∆a

|∆a +∆b|
. (5.12)

Since the residuals at the two timesteps ∆a and ∆b can be positive or negative (see Fig-

ure 5.2), the absolute value in the denominator is crucial to ensure that −1 ≤ δa,b ≤ 1. For

convergence, the phase space map of δa,b should have no structure. That is, the value of δa,b

in nearby bins should be as uncorrelated as possible.

To demonstrate the convergence of gas thermodynamics by 5Myr, we show δ1Myr,2Myr

at top and δ4Myr,5Myr at bottom in Figure 5.5. Going from 1 to 2Myr in the top panel of

Figure 5.5, clear structure can be seen in vertical stripes between −6 ≲ log(nb/cm
−3) ≲ −4

and 4 ≲ log(T/K) ≲ 6, as well as a similar structure to the critical curve seen in Figure 5.2.

By the timestep from 4 to 5Myr in the bottom panel of Figure 5.5, the vertical stripes

are no longer visible, and the critical curve structure is both much thinner and peaks at

lower values of |δ|. The remaining regions in Figure 5.5 show noise with no clear phase

space structure. So, we can say that the gas thermodynamics of our simulation runs have

sufficiently converged after 5Myr, and all of the analysis in section 5.3 use the final 5Myr

timestep.
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CHAPTER 6

Conclusions and Future Work

Surveys of galaxies can be used to measure the large-scale structure of the universe and

constrain cosmological parameters (see section 1.1). These surveys and associated data

analysis techniques have reached sufficiently high precision that one of the limiting factors

is now systematic uncertainties in modeling how baryonic physics within galaxies affects the

observations (e.g. Chisari et al., 2019; Abbott et al., 2022; Krolewski et al., 2025). With

recent developments in observational techniques, astronomers are now able to probe the

dynamics of star formation in the ISM of individual galaxies at smaller spatial scales then

ever before (e.g. Lee et al., 2023; Nagy et al., 2023; Saravia et al., 2025). As discussed in

section 1.1, baryonic processes in the ISM and CGM are critical to our understanding of

galaxy formation and evolution.

To take full advantage of current and future galaxy observations, we will need accurate and

computationally inexpensive models of baryonic processes to implement in high-resolution

hydrodynamic galaxy evolution simulations. Gas cooling and heating, the focus of this

dissertation, are two such baryonic processes. In this dissertation, we have developed tools

to more accurately interpolate atomic gas cooling and heating functions in simulations, and

to better understand the effects different cooling and heating function approximations have

on the thermal properties of simulated galaxies. These tools can aid in the development

of next-generation galaxy formation simulations that can be compared with high-resolution

galaxy imaging to constrain the subgrid models in the simulation, or used to model the

effects of uncertainties in the baryonic models on large-scale structure survey observations.

In this final chapter, we present a brief summary of the key conclusions from this disser-

tation in section 6.1. Then we introduce possible paths for future work based on the results

and techniques of this dissertation in section 6.2.
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6.1 Summary

Thermal processes in the ISM and CGM are a critical part of the process of galaxy forma-

tion and evolution (see section 1.1). Interstellar atomic gas radiatively cools predominantly

through collisionally-excited line emission, recombination cascades, and free-free emission

from free electrons. The gas is radiatively heated through photoionization of atoms, as well

as other ionization processes involving solid dust grains and cosmic rays (see section 1.2).

The cooling function Λ and heating function Γ as defined in equation (2.1) are a useful way

to parameterize these processes in the context of galaxy evolution simulations.

Gas cooling and heating functions can be evaluated with a photoionization code that cal-

culates the equilibrium gas temperature and distribution of various ionization states, and the

associated radiative emission and photoionization (see section 1.3). However, photoioniza-

tion codes are computationally expensive enough to run that galaxy formation simulations

(see section 1.4) often use interpolation tables to approximate the gas cooling and heating

functions without needing to run a photoionization code on the fly.

Gas cooling and heating functions depend on both the properties of the gas (i.e. its tem-

perature, density, and element abundances) and the incident radiation field. Constructing an

interpolation table for these functions requires making assumptions that reduce the number

of free parameters necessary to describe the spectrum of the radiation field. A commonly-

used example is assuming that the radiation field is spatially uniform (i.e. it consists of a

spatially constant extragalactic background).

During the EoR, variations in the radiation field between galaxies inside bubbles that

have already been re-ionized by radiation from nearby galaxies and galaxies residing in gas

that has yet to be re-ionized are expected to violate this assumption of a spatially uniform

(extragalactic) radiation field. In Chapter 2, we calculate the actual cooling and heating

rates of the ISM of simulated EoR galaxies from the CROC project. We compare these to

‘median ISM’ cooling and heating functions calculated using the median radiation field, which

is spatially constant. We find that the ‘median ISM’ cooling and heating functions differ

from the actual cooling and heating rates (see Figure 2.2). This conclusion demonstrates the

importance of accounting for spatial variations in the radiation field when approximating

atomic gas cooling and heating functions in simulations.

However, while the cooling and heating function interpolation table used in the CROC

simulations accounts for the spatially-varying radiation field, it is known to produce large

errors at some points in the parameter space due to the non-linearity of cooling and heating

functions (Gnedin & Hollon, 2012). Machine learning interpolation techniques (see sec-

tion 1.5) are a promising avenue to improve on the accuracy of cooling and heating function
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interpolation.

In Chapter 3, we develop a machine learning framework to interpolate atomic gas cooling

and heating functions more accurately and flexibly than with an interpolation tables. We

demonstrate that such an approach can outperform the accuracy of an interpolation table

at fixed gas metallicity (see Figure 3.5).

Beyond these improvements in accuracy, we also use interpretable machine learning tools

to compare the feature importance of various radiation field parameters and explore what

radiation field parameters are best suited to predicting atomic gas cooling and heating func-

tions. In Chapter 4, we extend the machine learning framework of Chapter 3 to incorpo-

rate different choices of radiation field parameters. We use feature importance values from

trained models to find minimal machine learning approximations that only use 3 radiation

field parameters (see Figure 4.4 and Figure 4.5). These 3 parameters describe the radiation

field just below the hydrogen ionization threshold (0.5 − 1Ry), the hydrogen- and neutral

helium-ionizing radiation emitted predominantly by stars (1− 4Ry), and photons from the

quasar-like power law at higher energy which are capable of accessing high-ionization states

of metal ions like CVI (13 − 16Ry). In the future, these feature importance insights can

be used to help construct smaller, more computationally efficient interpolation tables for

use in galaxy formation simulations without sacrificing accuracy (this is discussed more in

section 6.2.4 below).

Because cooling and heating functions are used to thermally evolve gas resolution ele-

ments in hydrodynamic simulations, changing how the cooling and heating functions are

approximated should change the thermal properties of simulated gas. We test this in an

idealized ART simulation of an isolated galaxy simulation in Chapter 5 by comparing the

gas temperature-density phase diagrams from two simulation runs, one using the interpola-

tion table of Gnedin & Hollon (2012), and the other using a machine learning approximation

from Chapter 3. Our machine learning model predicts slightly hotter gas in regions with

low-density regions with −3 ≲ log (nb/cm
−3) ≲ −1 (see Figure 5.1).

We explore the effects of these different gas thermal properties on emission rates for the

CII fine-structure line, and find that certain CII emitting-processes have efficiencies that

differ by 10-20% between the two simulation runs (see Figure 5.4). This could potentially

result in different overall CII luminosities, an observable signature that could be compared

with observations of similar galaxies as a test of the modeling assumptions made in the

simulations. More realistic (less idealized) future simulations can explore this further, as

discussed below in section 6.2.5. We discuss this and other potential directions for future

work suggested by the studies in this dissertation in the following section.
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6.2 Future work

6.2.1 Metallicity dependence of cooling and heating functions

Gas cooling and heating functions can vary strongly with metallicity. An example of the

total cooling function (i.e. including molecular cooling) from Maio et al. (2007) is shown in

Figure 6.1. The cooling function varies by up to 3 orders of magnitude across this metallicity

range at some temperatures, illustrating the importance of accounting for how cooling and

heating functions depend on metallicity.

In Chapter 3 and Chapter 4, we trained independent machine learning values at 5 fixed

values of the metallicity Z, rather than training cooling or heating function models with Z

as a feature. We did this because 5 points in Z (at fixed values of the other features) is too

few for XGBoost to fit the metallicity dependence well. However, we found in Chapter 3

that interpolating in Z is the main bottleneck for accurately predicting atomic gas cooling

and heating function. This is unsurprising given the strong metallicity dependence seen in

Figure 6.1.

We can improve the metallicity interpolation with additional training data. That is, by

running additional Cloudy models at intermediate values of the metallicity between those

sampled in the existing training data (see Table 3.1). However, it would be computationally

expensive to run new models at several values of Z for all values of the other features

(i.e. to extend the Cartesian cross product parameter grid described by Table 3.1). The

number of additional training points needed could potentially be reduced by fitting Gaussian

process regressions (e.g. Neal, 1997) to the previous training data in metallicity with all other

parameters fixed. The Gaussian process fits would allow us to determine the metallicity

values where the predicted cooling or heating function is most uncertain. Running new

Cloudy models at these metallicities would optimally constrain the metallicity dependence

(again, with all other parameters fixed). With this extended training data, we could train

new XGBoost models, similarly to Chapter 3 and Chapter 4, but now with metallicity as

an input feature. This would result in one cooling function model and one heating function

model per set of radiation field features.

Different elements and ions have a range of ionization energies. This means that they

are photoionized by a variety of photon frequencies and collisionally ionized at various tem-

peratures, so they can have very different cooling and heating rates (see section 1.2). Thus,

the total cooling and heating functions can be dependent on the abundances of individual

elements in addition to the overall metallicity, at least for elements that have ions with

important cooling lines or which are easily photoionized.

Freely varying the abundances of individual elements is a formidable challenge. The
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Figure 6.1: The total (atomic and molecular, with abundances of fH2 = 10−5 for molecular
hydrogen and fHD = 10−8 for hydrogen-deuterium) gas cooling function with nH = 1 cm−3

for metal number fractions (relative to hydrogen) of 10−6 (black dotted), 10−5 (dark blue
short-dashed), 10−4 (light blue long-dashed), and 10−3 (red solid) interpolated from the
tables of Sutherland & Dopita (1993). Reproduced from Maio et al. (2007).
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abundance of each element would need to be a new dimension of the training data table

and a new input to the XGBoost models. Instead of allowing arbitrary variations of each

element, Wiersma et al. (2009) suggests approximating the cooling (or heating) due to a

specific element by taking the difference between the cooling (or heating) function with all

elements present and the cooling (or heating) function with the element in question removed.

This approximation effectively assumes that the cooling (or heating) due to each element

is linear in the abundance of that element, which means that only one additional training

point is needed for each set of fixed other features.

6.2.2 Non-atomic cooling and heating processes

The machine learning models trained in Chapter 3 and Chapter 4 only included atomic

gas cooling and heating processes. However, as described in section 1.2.4, there are several

non-atomic processes which heat and cool interstellar gas, including molecular cooling, dust

photoheating, cooling via gas-grain collisions, and cosmic ray heating.

These non-atomic processes can be included in cooling and heating calculations from the

photoionization code Cloudy (Ferland et al., 1998) which was used to construct the training

data for the machine learning models of Chapter 3 and Chapter 4. Molecular cooling, dust

cooling, dust photoheating, and cosmic ray heating can be incorporated into our machine

learning framework by running additional Cloudy models that include these processes and

adding them to the training data. Incorporating non-atomic cooling and heating processes

would also add additional input features to the machine learning models. These could

potentially include the molecular gas fraction, dust-to-metal ratio, and cosmic ray ionization

rate.

6.2.3 Other applications of our machine learning framework

The interpretable machine learning framework developed to identify the most important

features for predicting gas cooling and heating functions in Chapter 3 and Chapter 4 could

also be applied to other contexts.

Predicting other gas properties that are calculated by the photoionization code Cloudy

would be a fairly straightforward application. Emissivities for ion lines (including the fine-

structure CII line discussed in section 5.2.3) could be particularly useful, as these lines are

observable signatures from a variety astrophysical sources.

The framework could also be applied to any process where we can run detailed and/or

high-resolution models to construct training data, but need a less computationally expensive

phenomenological approximation to model the process in a larger context. It would be
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especially useful if there are many plausible phenomenological parameters to choose from,

so that the feature importance techniques developed in Chapter 3 and Chapter 4 could be

applied to reduce the dimensionality. The general class of subgrid models for hydrodynamic

simulations, particularly those for AGN feedback, discussed in section 1.4.3 fall under this

umbrella.

6.2.4 Improved interpolation tables

Interpolation tables are still used to approximate cooling and heating functions in many

state-of-the-art galaxy formation simulations (e.g. Schaye et al., 2015; McCarthy et al., 2017;

Schaye et al., 2023). The main challenge in constructing such an interpolation table for

a general local radiation field is choosing appropriate radiation field parameters as table

dimensions. The interpolation needs to be both sufficiently accurate and take up little

enough space in memory to be easily deployed in simulations.

The procedure we used to construct machine learning models with minimal numbers of

features in Chapter 4 provides a useful tool to find suitable radiation field parameters. With

this procedure and trained machine learning models as described in section 6.2.1 and/or

section 6.2.2, we can select candidate sets of radiation field parameters to use as interpola-

tion table dimensions. For each set of candidate radiation field dimensions, we can construct

cooling and heating function interpolation tables similarly to (Gnedin & Hollon, 2012). Com-

paring the performance of these interpolation tables would require an independent sample

of Cloudy calculations off of the training grid (similar to that used in section 3.2.8).

It is possible that better performance could be obtained by choosing different sets of

radiation field parameters in different regimes. For example, Figure 3.4 shows that some

photoionization rates for highly ionized metals like CaXX and NaXI can have significantly

higher SHAP values for heating function models than for cooling function models. This

suggests that different sets of radiation field features could be ‘optimal’ for interpolating

heating and cooling functions. Different radiation field parameters at high (T ≥ 104K) and

low (T < 104K) temperatures might also improve the accuracy of the interpolation.

Heating function interpolation tables could potentially be improved by changing the def-

inition of the heating function Γ (equation (2.1)) to:

dU

dt

∣∣∣∣
rad

= nbΓ(T, . . .)− n2
bΛ(T, . . .), (6.1)

where equation (6.1) only factors out one factor of the density from the heating term. This

is because the heating function is dominated by ionization of ISM particles by photons
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Figure 6.2: Galaxy scaling relations for the radius containing 50% of the total stellar lu-
minosity R∗,1/2 (top row), dark matter fraction fDM within R < R∗,1/2 (second row), dark
matter mass within R < R∗,1/2 (third row), and total mass Mtot (bottom row) with stel-
lar mass M∗. The circular points show predictions from IllustrisTNG simulations in the
CAMELS suite (Villaescusa-Navarro et al., 2021). The shaded bands in the top three rows
are observational constraints from La Barbera et al. (2010) (grey), Cappellari et al. (2013)
(red), and Bundy et al. (2015) (orange). The pink band in the bottom row is a theoretical
relation from Moster et al. (2013). All shaded bands are bounded by the 16th and 84th
percentile, with the middle line showing the median. Reproduced from Busillo et al. (2025).

or cosmic rays (see section 1.2), which occur at a rate that is linear in the ISM density

rather than quadratic (Pogge, 2008). Using the definition in equation (6.1) should result in

a heating function that depends less strongly on the gas density compared to the heating

function defined by equation (2.1).

6.2.5 Extended simulation comparisons

The simulation comparison in Chapter 5 uses very idealized galaxy simulations without

radiative transfer. We make this choice here because the XGBoost cooling and heating

function models from Chapter 3 are more computationally expensive to evaluate than the

interpolation table of Gnedin & Hollon (2012) used in the fiducial simulation. Without
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radiative transfer, we are able to compare the CII fine-structure line emission rate for various

excitation channels between the two simulations, but cannot directly compute the actual CII

luminosity in either simulation.

Machine learning-informed interpolation tables such as those described in section 6.2.4

above provide an ideal opportunity to extend similar comparisons to more realistic simula-

tions. With radiative transfer, we will be able to compute observable properties, including

the CII luminosity, from these simulations. This will help identify observations that could

eventually constrain cooling and heating models. The simulation comparison could also be

extended to include a suite of simulations with varying halo masses to search for any trends

with the halo mass or other galaxy properties.

Furthermore, interpolation tables make it easy to determine the regimes of parameter

space where approximations disagree. This will enable tracing differences in simulation

results to particular differences in the interpolation tables.

A long-term goal for these kinds of simulation comparisons is to directly parameterize the

cooling and heating function approximations, so that the free parameters of the simulation

can be (jointly) inferred from comparing the results of simulations with galaxy observations.

This approach to inferring simulation parameters is being actively pursued across a variety

of hydrodynamic simulation codes by the CAMELS collaboration (e.g. Villaescusa-Navarro

et al., 2021). Joint inference is critical because gas thermodynamics is tied to other baryonic

processes such as star formation and stellar feedback (see Figure 1.2). Figure 6.2 shows the

variation of four scaling relations from IllustrisTNG simulations in the CAMELS suite due

to independently changing four subgrid model astrophysical parameters related to supernova

feedback (ASN,1, ASN,2) and AGN feedback (AAGN,1, AAGN,2), compared to observational data

(Busillo et al., 2025). There are degeneracies in the effects each parameter has on the scaling

relations, illustrating the necessity of inferring the value of each parameter jointly rather

than constraining each parameter independently.
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