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ABSTRACT

Quasar absorption systems encode a wealth of information about the abundances, ionization structure, and physical

conditions in intergalactic and circumgalactic media. Simple (often single-phase) photoionization models are frequently

used to decode such data. Using five discrete absorbers from the COS Absorption Survey of Baryon Harbors (CASBaH)

that exhibit a wide range of detected ions (e.g., Mg ii, S ii – S vi, O ii – O vi, Ne viii), we show several examples

where single-phase ionization models cannot reproduce the full set of measured column densities. To explore models

that can self-consistently explain the measurements and kinematic alignment of disparate ions, we develop a Bayesian

multiphase ionization modeling framework that characterizes discrete phases by their unique physical conditions and

also investigates variations in the shape of the UV flux field, metallicity, and relative abundances. Our models require

at least two (but favor three) distinct ionization phases ranging from T ≈ 104 K photoionized gas to warm-hot phases

at T . 105.8 K. For some ions, an apparently single absorption “component” includes contributions from more than

one phase, and up to 30% of the H i is not from the lowest ionization phase. If we assume that all of the phases are

photoionized, we cannot find solutions in thermal pressure equilibrium. By introducing hotter, collisionally ionized

phases, however, we can achieve balanced pressures. The best models indicate moderate metallicities, often with

sub-solar N/α, and, in two cases, ionizing flux fields that are softer and brighter than the fiducial Haardt & Madau

UV background model.

Key words: galaxies: abundances — galaxies: evolution — galaxies: haloes — quasars: absorption lines — methods:

data analysis

1 INTRODUCTION

An understanding of gas physics in the circumgalactic
medium (CGM) of galaxies is vital for several areas of re-
search. The spatial cycling of baryons and the fueling of star
formation, the impact of active galactic nuclei (AGN) and
stellar feedback on galaxy evolution, and the outcome of cos-
mological simulations all depend on the physical conditions
in the CGM, and measurements of the abundances and char-
acteristics of the CGM and IGM can provide insight into
a variety of processes. Since halo gas is very challenging to
study in emission with current facilities, ultraviolet (UV) ab-
sorption features imprinted by circumgalactic/intergalactic
gases on the spectra of background QSOs provide the most
practical means for probing the CGM in a wide variety of

? E-mail: khaislmaier@astro.umass.edu

contexts with statistically useful samples (e.g., Tumlinson et
al. 2017; Rudie et al. 2019). Quasar absorption-line systems
trace the dominant component of the baryon distribution at
high redshifts (Weinberg et al. 1997; Rauch et al. 1997), and
current evidence indicates that QSO absorbers reveal impor-
tant baryon harbors at low redshifts as well (e.g., Shull et al.
1996; Tripp et al. 2000; Penton et al. 2004; Tumlinson et al.
2011; Werk et al. 2014; Burchett et al. 2019). In most CGM
absorbers, the gas is optically thin and the hydrogen is >90%
ionized, so ionization modeling is essential for deriving the
chemical and thermodynamic properties of the gas/plasma,
which are in turn critical variables for understanding its role
in galaxy evolution.

To gain further insights there are several physical proper-
ties that are important to measure, including the gas density,
temperature, pressure, and composition, as well as the ambi-
ent ionizing radiation field. The first three are related to the
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physical structure of clouds in the CGM, including aspects
such as the cloud size, pressure balance, mass, and energy
content. The gas metallicity and relative abundance ratios
(e.g., the abundance of nitrogen vs. α−group elements such
as oxygen) are age-sensitive quantities, and hence trace the
origin and evolution of gas and/or the presence of dust in
the CGM, but interpreting abundances is complicated by the
uncertain physics that govern the transport and mixing of
galaxy ejecta into the CGM (see, e.g., Frye et al. 2019). The
ionizing radiation field is significant cosmologically, but also
for its systematic effect on the photoionization rate for all
ions. However, typical ionization models only vary the over-
all metallicity and ionization parameter (a ratio between the
number densities of ionizing photons and hydrogen atoms)
and typically assume a solar gas composition with a single
fixed incident radiation field from available models such as
Haardt & Madau (2012), but it is well known that changes
in the shape of the ionizing radiation field can significantly
alter model results (e.g., Crighton et al. 2015; Chen et al.
2017; Khaire & Srianand 2019; Wotta et al. 2019). The pri-
mary driver of the usual assumptions and simplifications of
the models is not rooted in physics but rather in the in-
adequate number of absorption line diagnostics and model
constraints that are typically recorded in a single absorption
system. However, as we summarize in the following section,
we are conducting a new survey (Tripp et al. 2021, in prep.)
that provides a significant improvement in the number and
quality of constraints available for individual QSO absorption
systems. This larger number of constraints enables more de-
tailed studies of absorber ionization models. In this paper we
present a Bayesian Markov-Chain Monte-Carlo method for
modeling these more observationally constrained absorbers,
and we discuss the implications of these models for three
absorption systems in particular, which present a variety of
constraints and typify the data from our new program.

1.1 The COS Absorption Survey of Baryon Harbors

To investigate the physical nature and evolution of the CGM
over a broad redshift range, we have initiated a program to
study QSO absorption systems from z = 0 to z ≈ 1.5 using
ultraviolet spectra recorded with the Cosmic Origins Spec-
trograph (COS, Green et al. 2012) and the Space Telescope
Imaging Spectrograph (STIS, Woodgate et al. 1998) on the
Hubble Space Telescope (HST) as well as optical echelle spec-
tra obtained with HIRES on Keck (Vogt et al. 1994). Our
program — the COS Absorption Survey of Baryon Harbors
(CASBaH, P.I. T. M. Tripp) — offers some unique advan-
tages for probing the ionization, abundances, and physics of
halo gas. This section reviews some of the motivations and
strengths of CASBaH for the study of QSO absorption sys-
tems and the baryon cycle; additional information about the
survey can be found in Burchett et al. (2019), Prochaska et
al. (2019), and Tripp et al. (2021, in prep.).

The CASBaH program observed nine quasars with red-
shifts ranging from zQSO = 0.91573 to zQSO = 1.47895, and
the spectra extend from observed wavelengths λob = 1152 Å
to roughly the redshifted wavelength of the H i Lyα line at
the quasar redshift [i.e., (1 + zQSO)× 1215.67]. The UV spectra
in the full CASBaH dataset span rest-frame wavelengths ex-
tending from 465 to > 3000 Å, and the optical HIRES data
extend the coverage farther into the red. As noted by Verner

et al. (1994) and illustrated in Figure 1, the UV rest-frame
wavelength range below 912 Å includes a rich suite of res-
onance absorption lines (see also Figure 2 in Tripp 2013),
and access to this wavelength range provides unique diagnos-
tics such as hot-gas tracers (e.g., Ne viii) and, more impor-
tantly for this work, various banks of adjacent ions such as
O i/O ii/O iii/O iv/O v/O vi, S i/S ii/S iii/S iv/S v/S vi,
etc. that provide greatly improved constraints on ionization
and physical condition models (see Verner et al. 1996b for
a compilation of absorption line data << 912 Å). For com-
parison, most previous studies of oxygen in QSO absorbers
have covered only O i and O vi. Without any information
on O ii – O v, it is difficult to draw precise conclusions
about the gas ionization and modeling assumptions, which
can lead to misleading results (see further discussion below).
In this paper, we demonstrate the advantages gained in QSO
absorber studies by 1) pushing deep into the far ultraviolet
(FUV) and 2) using a Bayesian Markov-chain Monte-Carlo
(MCMC) method for exploring the implications of the diag-
nostics afforded by the FUV coverage. In a follow-up paper,
we will apply our methodology to the full set of CASBaH
systems.

1.1.1 Challenges and Limitations of Typical Absorber
Ionization Models

Since many studies are limited by the number of ions de-
tected in an absorber (especially in the low-density CGM),
necessary simplifications could lead to significant systematic
errors. For example, in many studies the detected CGM lines
are limited to species such as H i, C ii, C iv, Si ii, Si iii, and
Si iv. At lower redshifts, where there are fewer H i lines per
unit redshift, transitions such as N ii 1083.99 Å, N iii 989.80
Å, C iii 977.02 Å, O vi 1031.93, 1037.62 can also be accessed.
At higher redshifts (e.g., z & 2), however, transitions at ob-
served wavelengths λob < 1216 Å become increasingly difficult
to measure because they are often severely blended with H i
lines in the Lyα forest (or the spectrum is obliterated by an
optically thick intervening Lyman limit system). While the
typical sets of ions and elements employed in the majority of
QSO absorber studies have established that the CGM is an
important component of galaxies with some surprising char-
acteristics (e.g., Steidel et al. 2010; Tumlinson et al. 2011),
many analyses of the ionization and physical conditions suffer
from the following limitations.

1.1.2 Improved Constraints from Far-Ultraviolet Lines

First, important phases of the absorbing entity may be poorly
constrained or not constrained at all. For example, if the only
detected species are H i, C ii, and C iv, the lack of knowledge
of intermediate- and high-ionization stages can introduce se-
rious systematic errors. Some papers choose to analyze such
an ion set as a single-phase absorber modeled with a pho-
toionization code such as Cloudy (Ferland et al. 2017), but
these systems are not necessarily single-phase “clouds”, and
indeed many papers have presented evidence that QSO ab-
sorbers can arise in complex, multiphase media (e.g., Charl-
ton et al. 2003; Ding et al. 2003; Savage et al. 2005; Tripp
et al. 2008, 2011; Burchett et al. 2015). A single-phase pho-
toionization model can typically fit the column densities of
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Figure 1. Schematic summary of the redshift range over which de-
tectable resonance lines of various species can be detected in inter-

vening absorbers in the CASBaH spectra. The species shown are

labeled on the right side of the diagram. For each species, a horizon-
tal bar indicates the z range that is covered for a specific transition;

the lower bound indicates the redshift at which the transition is
redshifted into the COS FUV band (observed λ > 1152 Å), and
the upper bound indicates the redshift where the line is redshifted

beyond the long-wavelength end of the CASBaH NUV data; with

one exception (see text), the NUV spectra all extend to at least
2400 Å. For example, we cover the C ii 1036.34 Å line from zabs =

0.1097 to at least 1.3168. However, for some of the sight lines, the
NUV spectrum extends to even longer wavelengths, so that the

upper redshift cutoff can be higher than this minimum range. The

highest redshift that our survey can cover is set by the redshift
of our highest-redshift QSO, PG1630+377 (z = 1.4789) . For some

species, we can access several resonance lines. For example, we

have the ability to detect the C ii lines at 543.26, 560.24, 594.80,
687.05, 903.63, 903.96, 1036.34, and 1334.53 Å. The coverage of

each transition is indicated by a separate line unless the lines are

quite close in wavelength (e.g., 903.63 and 903.96 Å), in which case
a single line indicates the coverage.

H i, C ii, and C iv quite nicely, but if the C iv actually arises
in a separate phase, the assumption of a single-phase model
will lead to an erroneous solution. The addition of species
such as C iii, Si iii, and O vi to the analysis is helpful, but
these additions can be problematic owing to line saturation
and non-solar relative abundances (see below). Alternatively,
it is sometimes assumed that only low-ionization stages can
be safely assumed to be cospatial and well mixed with the
H i, and some authors use photoionization models to fit H i,
C ii, Si ii and ignore higher ionization stages that are also
detected (e.g., C iv, Si iv) on the grounds that the higher
ions are likely from a separate phase. This is also problem-
atic because the C iv- and Si iv-bearing phases can contribute
significantly to the total H i column density, and the assump-
tion that 100% of the H i originates in the C ii and Si ii
phase could lead to incorrect inferences about the physical
conditions and metallicities. This problem is exacerbated by
evidence that the absorption lines of intermediate ionization
stages such as C iii and Si iii come from yet another phase
that is distinct from both the C ii phase and possibly also
the C iv phase (see below). It is necessary to consider how
the results might change if the detected H i and other ions
are distributed amongst two, three, or even more phases.

Second, when only a small number of lines are covered,
some potentially valuable constraints can be ruined by line
saturation or blending. Column densities of species like C iii
and Si iii can provide insights on multiphase absorbers, but
most observations only record a single line from C iii and
Si iii and, moreover, these single lines are very strong and
prone to strong/severe saturation, which limits their useful-
ness. This problem is especially insidious in spectra from the
Cosmic Origins Spectrograph on HST because the modest
spectral resolution and broad wings of the COS line-spread
function (Kriss 2011) can cause saturated lines to appear to
be unsaturated, and the presence or absence of unresolved
saturation can be difficult to establish with the coverage of
only a single strong line. Similarly, a single line of an impor-
tant species can be unmeasurable if it is badly blended with
a strong absorption feature from a different redshift.

Third, many studies assume that the relative abundances
of elements follow the solar pattern (e.g., from Lodders 2003
or Asplund et al. 2009). However, there is ample evidence
of departures from solar abundances. In various contexts,
including QSO absorbers arising in galaxy halos, there are
clear indications that nitrogen can be underabundant by var-
ious amounts (e.g., Vila Costas & Edmunds 1993; van Zee
& Haynes 2006; Pettini et al. 2008; Battisti et al. 2012;
Berg et al. 2012), the alpha-group elements have well-known
non-solar abundances compared to iron-group elements (e.g.,
McWilliam 1997; Prochaska et al. 2000; Wolfe et al. 2005),
and the relative carbon abundance exhibits a complex depen-
dence on metallicity in both stars and QSO absorbers (Ak-
erman et al. 2004; Pettini et al. 2008; Fabbian et al. 2009;
Penprase et al. 2010). Thus the assumption of solar relative
abundances could also introduce substantial systematic er-
rors if intercomparison of species such as C ii, N ii, Si ii, and
Fe ii provide the primary model constraints.

Finally, ionizing models require other assumptions regard-
ing, for example, the shape of the ionizing flux field impinging
on the gas and the basic ionization mechanism (whether the
absorber is photoionized or collisionally ionized or both). Of-
ten a single shape for the ionizing flux is assumed, but plau-
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sible variations in the shape of the radiation field can signifi-
cantly change the model outcomes, and the recent controversy
regarding the shape and intensity of the UV background light
(Kollmeier et al. 2014; Shull et al. 2015; Khaire & Srianand
2015, 2019; Khaire et al. 2019) illustrates the difficulties and
uncertainties encountered in models of the extragalactic UV
background.

To compactly summarize the ions, elements, and individ-
ual transitions that are available at any given redshift in
the CASBaH spectra, Figure 1 shows the redshift range over
which the UV spectra cover a given detectable transition of
a given ion. Often, multiple transitions with a range of line
strengths can be detected from certain species, which is ad-
vantageous for dealing with saturation and blending.1 The
UV spectra extend from λob = 1152 Å to at least 2400 Å, and
for the higher-redshift targets, the spectra extend to at least
2780 Å. Thus, for example, both lines of the O vi doublet at
λr = 1031.93 and 1037.62 Å are covered from zabs = 0.11636 to
at least zabs = 1.31299, as indicated in the bar labeled “O vi
” in Figure 1 (for many species, the maximum absorber red-
shift in a given sight line is set by the QSO redshift, not the
wavelength range of the data, so some of the sight lines cover
less redshift path than shown in the figure). For some ions
(e.g., C ii and N ii), many resonance lines are covered, and
each line is indicated by a separate horizontal bar (unless
the resonance-transition wavelengths are very close, e.g., C ii
903.63 and 903.96, in which case both lines are indicated with
a single bar).

A few remarks and caveats about Figure 1 and the survey
data are worth noting here. First, as the absorber redshift
(zabs) increases, the number of species increases, but many of
the ions that are often studied in the QSO absorber litera-
ture (e.g., Mg ii and C iv) are redshifted beyond the long-
wavelength limit of the CASBaH UV spectra at higher zabs

(Mg ii is not shown in Fig. 1 because it is not covered at all
in most of the UV spectra). By design, these favorite lines are
often covered in our Keck HIRES data. Second, while some
very highly ionized species in Figure 1 such as Na ix and Mg x
have been detected at high significance in the CASBaH data,
these mostly occur in “proximate” absorbers with zabs ≈ zQSO

(Muzahid et al. 2013, 2016). Only Qu & Bregman (2016)
have reported the detection of weak Mg x in one intervening
(zabs << zQSO) CASBaH absorber. The Ne viii doublet is the
most highly ionized species frequently detected in the CAS-
BaH spectra (Meiring et al. 2013; Burchett et al. 2019, Tripp
et al. 2021 in prep.). Third, while species such as C i, N i,
and O i have a large number of resonance transitions in the
far-UV including lines with a broad range of strengths (see,
e.g., Sembach et al. 2004), we do not show these species in
Figure 1 because they are rarely detected in CASBaH spec-
tra. This may owe to the “inner CGM” bias (Prochaska et
al. 2017) – the CASBaH targets were selected to cover large
paths for species such as Ne viii, so sight lines with known
optically thick Lyman-limit absorbers or low FUV GALEX
fluxes were excluded from consideration.

For guidance in interpreting detections of various ions, Fig-

1 The species shown in Figure 1 have many more resonance lines

than indicated, but the lines that are not shown are too weak to
be detected at the typical signal-to-noise (S/N) of CASBaH data

or are outside the wavelength range of the spectra.

ure 2 graphically portrays the ionization potentials and pho-
toionization rates of species that are commonly detected in
CASBaH spectra. In each panel, the black squares represent
the labeled species of interest (e.g., C ii), and the red dot
indicates the next lower ionization stage (e.g., C i). All of the
points are presented in order of increasing ionization poten-
tial (upper panel) or photoionization rate (lower panel), and
pairs of adjacent ions of a given element are connected with
a line. This figure shows some factors that might lead cer-
tain species to coexist in the same gas phases. For example,
there is a set of species with ionization potentials just above
1 Ryd (N ii, O ii, Al iii, Si iii, and S iii), and similar energies
are required to ionize all of these ions. Thus, we might ex-
pect these ions to trace similar conditions. The information
in Figure 2 is useful for understanding the outcomes of the
various ionization models discussed below.

2 DATA AND MEASUREMENTS

To develop our methods and begin to exploit the rich in-
formation provided by the CASBaH program, this paper fo-
cuses on three line-rich UV absorption systems found in high-
quality QSO spectra from CASBaH in the range 0.4 < z
< 0.7. These are taken from a larger (>35) sample of H i-
selected log NH I ≥ 15 cm−2 CASBaH intervening absorption
systems that will be analyzed in a subsequent paper. Our
primary goal is to select systems well-suited for developing
and testing the methodology presented herein. To that end,
we randomly selected three systems that (1) have robust, but
optically thin (log NH I . 17 cm−2), NH I measurements, (2)
are detected in a variety of metals, including C, N, and Fe in
order to constrain models probing their relative abundance
variations, (3) exhibit species across a range of ionization
stages, including one system with only low-ions as well as
two featuring both low- and high-ions, and (4) present some
variety of component structure (to test how well the software
performs in cases with simple vs. complex component struc-
ture). Some properties of the selected absorption systems are
presented in Table 1. For convenience, we will often refer to
the absorbers by the shorthand name in the first column of
Table 1, which is just the rough redshift of the absorption
system plus ‘A’ or ‘B’ to refer to individual components at
that redshift. The large number of well-detected lines in these
systems (see below) enables us to test the software in detail
and to demonstrate some initial results. The high quality of
the data, including high resolution detections of Mg ii and
Fe ii with the ground-based Keck HIRES spectrograph, al-
low us to not only model for the physical parameters out-
lined above, but to do so separately for individual velocity
components within each absorption system. Before proceed-
ing, we emphasize our adopted parlance by which the terms
component and/or absorber denote a group of kinematically
aligned absorption lines, while phases are spectroscopically
unresolved partitions of a given velocity component/absorber
corresponding to distinct sets of physical conditions.

2.1 Observations

The COS FUV spectra covering 1152−1800 Å were taken
with the G130M and G160M gratings, which provide a spec-
tral resolution of ≈15–20 km s−1 per resolution element (Fis-
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Figure 2. Top: A comparison of ionization potentials (IP) of ions that are commonly detected in CASBaH spectra. For each element, the

black square indicates the IP of the labeled ion (Xi), which is connected with a black line to a red circle that shows the IP of the next lower
stage (Xi−1). Thus, the red dot indicates the energy required to create the ion, and the black square plots the energy needed to destroy

it. The points are plotted in order of increasing ionization energy. Horizontal black brackets group species with overlapping ionization
creation and destruction energies (overlapping slanting black lines). Isolated species (i.e., S+, C+, and O+2 in the top panel and C+3 and

O+4 in the bottom panel) were assigned to the bracketed groups with the most similar ionization potentials. Heuristically these categorize

groups of ions that might be expected to coexist in a specific gas phase. The horizontal dotted line at 1 Rydberg shows the ionization
potential of H i. Bottom: Photoionization rates (Γ) of the same ions, calculated for an optically thin gas cloud that is ionized by the UV
background from Haardt & Madau (2012) at redshift z=0.5, with photoionization cross sections from Verner et al. (1996a). As in the top

panel, red circles and black squares indicate Xi−1 and Xi, respectively, and the labeled ions and their adjacent lower ionization stages are
connected with a black line. Here the points are plotted in order of decreasing Γ. Note the very low photoionization rates expected for the

highest ionization stages.

cher et al. 2019). The data were recorded in the time-tagged
photon-counting mode, and two grating tilts were used with
both gratings to fill in the chip gap in the COS FUV de-
tector (see Table 1.2 in Rafelski 2018). In addition, multiple
exposures at three or four focal-plane split positions were

used at each grating tilt, so the flux at any given wavelength
was recorded at six to eight different locations on the detec-
tor. This greatly mitigates detector fixed-pattern noise when
the exposures are aligned in wavelength space and coadded.
Initial data reduction steps were completed using the CAL-
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Table 1. Characteristics of the three absorption systems (five total absorbers) under consideration here.

Absorbera QSO Sightline zabs vb [km s−1] logNH i
c [cm-2] Detected Ionsd

0.4A PG1630+377 0.41760 0 15.46 ± 0.02 H i (full Lyman series), C ii/iii, N ii/iii,

O ii/iii/vi, Mg ii, Si ii/iii, Fe ii
0.4B PG1630+377 0.41760 44 15.33 ± 0.01 H i (full Lyman series), C ii/iii, N iii,

O ii/iii/vi, Mg ii, Si iii

0.5A PG1522+101 0.51850 3 16.22 ± 0.01 H i (full Lyman series), C ii/iii, N iii, Si ii/iii
O ii/iii, Mg ii, Fe ii

0.6A PG1338+416 0.68606 0 16.52 ± 0.02 H i (full Lyman series), C ii, N ii/iii/iv,

O ii/iii/vi, Mg i/ii, Ne viii, Al iii,
Si ii, S ii/iii/v, Fe ii

0.6B PG1338+416 0.68606 46 15.90 ± 0.06 H i (full Lyman series), C ii/iii, N iii/iv,
O ii/iii/iv/vi, Mg ii, Ne viii, S iii/v/vi

a Throughout this work, we reserve the term “absorber” to mean a distinct velocity component of a given absorption
system. Refer to Section 3.2 for more details.

b The velocity of H i (from Voigt profile fitting) relative to the systemic redshift of the absorption system.
c The column density uncertainties are derived from Voigt profile fits to numerous, high S/N H i Lyman Series lines

simultaneously, hence the high precision.
d These lists include lower limits, but exclude upper limits, which are presented in Tables 2–4.

COS pipeline (version 3.1.7) to produce extractions of the
one-dimensional spectra (see Rafelski 2018 for details). The
exposures were then aligned using well-detected lines of com-
parable strength from the ISM or extragalactic systems (e.g.,
higher H i Lyman series lines) and coadded as described in
Meiring et al. (2011) and Tripp et al. (2021, in prep.). Finally,
the combined spectra were binned to the Nyquist sampling
rate of two pixels per resolution element (by default, the COS
pipeline delivers 6 pixels per resolution element). The coad-
ded and binned FUV spectra of the the three CASBaH QSOs
in this paper have signal-to-noise ratios (per resolution ele-
ment) ranging from 15 − 43 in the G130M range and 12 − 28
in the G160M range.2

To obtain NUV spectra of the targets, we used either the
NUV mode of COS or the E230M echelle mode of STIS, de-
pending on the target wavelength range of the spectrum. At
λob & 2200 Å, we generally preferred to use STIS because it
provides somewhat higher spectral resolution and a better,
more Gaussian line-spread function; the COS NUV modes
provide a spectral resolution of ≈15–20 km s−1 while the STIS
E230M resolution is ≈10 km s−1. In the 1800−2200 Å range
the COS NUV mode is much more sensitive and efficient than
the corresponding STIS configuration, but this COS mode
has two large gaps in the covered wavelengths at any given
grating tilt (see Figure 13.17 in Fischer et al. 2019). To ob-
tain complete COS NUV spectra without gaps, we used the
G185M and G225M gratings with several grating tilts to fill
in the gaps (see Tripp et al. 2021, in prep.). The COS NUV
data were reduced in a manner similar to the FUV data but
with an updated version of CALCOS (version 3.1.8) that was
needed to correct a wavelength calibration problem that we
encountered when we initially reduced the NUV data. We also
used a 9-pixel extraction box rather than the default 57-pixel
box. The smaller extraction box leads to a small loss of flux
owing to the broad wings of the COS line-spread function but
it significantly improves the S/N of the extracted spectrum.

2 These S/N ratios apply to the majority of the FUV spectra;

the S/N ratios drop in small wavelength ranges at λob < 1160 and

λob > 1750 Å.

The STIS data were reduced using the method of Tripp et
al. (2001), including a weighted coaddition of the overlapping
regions of adjacent orders as well as a weighted coaddition of
the individual exposures. The NUV spectra were obtained to
detect stronger lines such as H i Lyα and O vi doublets red-
shifted into the NUV range. Consequently, the NUV spectra
were not required to attain as high S/N as the FUV ob-
servations. The final NUV spectra used here have S/N per
resolution element ranging from 4 to 19.

As noted above, we also obtained high-resolution optical
spectroscopy with the HIRES instrument on the Keck 1 tele-
scope. Most of the CASBaH targets were observed with the
HIRES C1 decker, which provides a spectral resolution of
6 km s−1, and were recorded with the 3-chip mosaic CCD
detector.3 The data were reduced and continuum normalized
using the procedures described by O’Meara et al. (2015). Ad-
ditional information about these observations can be found
in Tripp et al. (2021, in prep.).

Figure 3 shows an example of the CASBaH FUV COS spec-
tra. This small portion of the PG1630+377 spectrum demon-
strates some of the advantages and challenges of high-S/N
and high-resolution observations of z ≈ 1 quasars. The ab-
sorption feature in Figure 3 is a complicated blend of lines
from various species at various redshifts, and one might rea-
sonably question whether this blend can be usefully decom-
posed. However, since there are many resonance transitions
available in the far-UV (see Figure 1), we find that we can
obtain meaningful constraints by exploiting all of the infor-
mation in the data and the broad wavelength coverage of the
survey; the velocity centroids and line widths of blended fea-
tures are often constrained by other transitions of the same
species recorded elsewhere in the spectra. Indeed, this is ev-
ident in Figure 3: much of the absorption in this example is
caused by O ii and O iii ions in the absorption system at zabs

= 0.41760 (see also Figure 4), and by comparing the optical

3 Two of the targets in the broader CASBaH program were ob-
served with the C5 decker, and those spectra have a somewhat

lower resolution of 8 km s−1. However, all of the data presented in

this paper employed the higher resolution C1 aperture.
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Figure 3. A small portion of the far-ultraviolet COS spectrum of PG1630+377 (black histogram) obtained as part of the CASBaH survey.
This example shows the CASBaH data quality and complexity and illustrates some of the advantages and challenges presented by the

data, as discussed in the text. In this wavelength range, absorption lines from the O ii multiplet at 832.76, 833.33, and 834.47 Å as well

as the O iii 832.93 line at zabs = 0.41760 are detected but are blended with each other and with absorption lines from other absorption
systems at different redshifts. To extract absorption-line measurements from these data, we have fit Voigt profiles to the entire blend,

indicated with a thin purple line. In these O ii and O iii transitions, we find evidence of three components at v = 0, 43 and 197 km s−1 in
the zabs = 0.41760 system. These absorption components from the O ii multiplet are shown with a thick red line, and the O iii absorption

components are plotted with a dashed blue line. The O ii and O iii lines of interest are blended with H i Lyman series lines at zabs =

0.2153, 0.2741, and 0.2780 as well as multicomponent Ne viii 770.409 Å absorption at zabs = 0.5334. The identification of the H i lines,
and their detailed contributions to this blend, are highly secure because they are constrained by many other H i Lyman series lines at the

same redshifts. Likewise, the Ne viii 770.409 features are corroborated by their kinematical alignment with O vi and other metals at the

same redshift.

depths at the expected wavelengths of the various transitions,
one finds that the O ii and O iii features are robustly iden-
tified and well constrained.

2.2 Column Density Measurements

We identified absorption metal lines associated with the
prominent H i Lyman Series lines of the systems in Table 1
and then measured their column densities and limits. Fig-
ures 4–6 show the absorption profiles in these systems, and
the measured line parameters are listed in Tables 2–4. The
unusual quality and richness of the CASBaH QSO spectra
enhances our ability to detect absorption and useful non-
detections with lower uncertainties for a larger number of
species compared with average quality QSO spectra (e.g.,
zQSO≈0.2, S/N.10). For many ions, the uncertainty is re-
duced by the presence of multiple resonance transitions (tran-
sitions that are unavailable at lower redshift) as well as by the
decrease in shot noise. The improved confidence in our mea-
surements stems from a) an enhanced ability to identify and
constrain systematics owing to intervening absorption lines
from other redshifts, b) careful decomposition of absorbers’
underlying velocity structures, and c) co-fitting multiple com-
ponents with shared parameters. Below we relate our insights
related to the absorbers in this study and to the analysis of
high-quality, line-rich QSO spectra in general.

2.2.1 Line Identification and Deblending

Prior to making line measurements, we identified all absorp-
tion systems in our spectra based on their H i Lyman Se-
ries lines and/or corroborating metal line transitions at the
same redshift (Tripp et al. 2021 in prep.). A full census of
lines in each sightline is essential for identifying and deblend-
ing contaminating lines, i.e., absorption features from various
redshifts that coincidentally overlap in observed wavelength
with an absorption line of interest. Potentially unidentified
contamination, whether from weak Lyα lines (N H I . 1013.5

cm-2) or metal lines associated with an obscured or weak H i
line (see, e.g., Figure 7 in Tripp et al. 2008 and Figures 4 and
7 in Meiring et al. 2013) could lead to an overestimation of
the contaminated line’s absorption strength. This potential
for contamination increases with the redshift of the observed
QSO, owing to the steadily increasing density of UV transi-
tions that are redshifted to observable wavelengths as well as
the increase in path length along the line-of-sight.

Additional checks for hidden contamination can be per-
formed for species with an observed coverage of doublet and
multiplet transitions by comparing their apparent column
density (ACD) profiles (Savage & Sembach 1991; Sembach
& Savage 1992), which should match in the absence of con-
tamination. For species with only one observable transition
(e.g., C iii λ977.02Å, N iv λ765.15Å, Si iii λ1206.05Å, and
S v λ786.48Å), a comparison of velocity profiles (absorption
or ACD) with those of the full set of detected species will
often help to confirm a detection by virtue of their similar-
ity, or it may reveal some contaminating absorption line as a

MNRAS 000, 1–47 (2017)
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Figure 4. Absorption velocity profiles and best-fit Voigt Profiles for detections and selected non-detections at z=0.41760 in the PG1630+377

sightline (includes Absorbers 0.4A and 0.4B at velocities ≈0 and ≈43 km s−1, respectively). These draw from observations using multiple
instruments with significant differences in S/N and resolution between them. The flux has been continuum-normalized as described in the

text. Dashed red (yellow) lines illustrate individual Voigt profiles for the labeled species(unlabeled contamination), with solid red(yellow)
lines indicating the total modeled absorption. The Voigt profile fits to contaminating lines from absorbers at other redshifts (yellow curves)

are all reasonably well constrained through co-fitting with another transition (at the contaminating absorber’s redshift) of the same or

similar species observed in a separate region of the spectrum.

spurious bulge in the velocity profiles. Two examples of this
are the high velocity O iii and S iii lines at v ≈ 200 km s−1

in the z=0.41760 absorber from the PG1630+377 sightline.
Figure 4 shows absorption profiles in red for species at this
redshift, including Si iii, as well as contaminating lines in
yellow. We can confirm Si iii absorption at v≈ 200 km s-1 by
noting its similarity to the C iii and H i absorption features
present at that velocity, and we can simultaneously conclude
that a strong Si iii feature at v≈145 km s-1 is unlikely because
it is not corroborated in C iii, nor in H i. O iii, on the other
hand, is apparent in the flux decrement remaining after ac-
counting for all the adjacent, well-constrained contaminating
lines. In the same figure, the O vi doublet profiles provide
an example of contamination (centered at v≈30 km s-1 in the
O vi λ1037Å profile) that becomes apparent when comparing
multiplet species. These examples underscore the complex-
ity of the data at moderate redshifts and the importance of
high quality spectra, and extensive coverage of the Lyα forest
region, for de-blending contamination. Spectra with insuffi-
cient resolution or S/N, or an inadequate wavelength range
to cover corroborating lines, would not be nearly as effective

at constraining such large numbers of coincident absorption
features.

2.2.2 Continuum Normalization

As a precursor to Voigt Profile fitting, we continuum-
normalized our COS and STIS spectra, using continuum
placements determined by fitting polynomials to arbitrary
10–50Å windows of continuum pixels (identified by eye) in the
spectrum. We prefer this approach, which directly emphasizes
human intuition, versus a more automated approach, which
typically combine indirect human intuitions with additional
poorly characterized algorithmic systematics. In general, we
expect the continuum placement uncertainty (typically ≈ 0.01
dex) to have a minimal impact on the final absorption line
column density measurement, based on a comparison of line
measurements using continuum placements estimated inde-
pendently by two of the authors (Haislmaier and Tripp). The
precision of our continuum estimates is a consequence of the
excellent spectral S/N, which significantly narrows the con-
tinuum placement ambiguity. The HIRES spectra were nor-
malized using the methods of O’Meara et al. (2015).

MNRAS 000, 1–47 (2017)
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Figure 5. Absorption velocity profiles and best-fit Voigt Profiles for detections and selected non-detections at z=0.51850 in the PG1522+101

sightline (Absorber 0.5A). See Figure 4 for a description of the colored lines.

2.2.3 Voigt Profile Fitting

We measured the column density, linewidth, and velocity of
all absorption lines associated with our selected H i absorbers
by fitting Voigt Profiles (VP) to the relevant portions of the
continuum-normalized spectra; the results are listed in Ta-
bles 2 - 4. In this paper, we chose the redshift of the strongest
H i component in each of the three absorption systems as the
systemic redshift. A visual comparison of ACD profiles sug-
gests that all ionization stages are consistent with having a
common velocity structure (i.e., the velocity separation be-
tween components), a point we discuss further below. We
leverage this information to minimize VP uncertainties by
co-fitting velocities for various groupings of ions.

Unfortunately, the absolute kinematic alignment of lines
separated by as little as 1 Å can be obscured by highly local-
ized distortions of the wavelength scale caused by the type
of detector used by COS (Dixon et al. 2007). For example,
N iii 989Å, O ii 834Å, and O iii 832Å in Figure 4 all have
the same two prominent components separated by ≈43 km
s−1, but the velocities of the two O ii components are offset
by ≈-6 km s−1 from the O iii components, while N iii exhibits
a ≈+4 km s−1 shift. A similar effect also plagues the C iv and
O vi in the same figure. While in these examples the offsets
could be real, similar offsets are found for different lines of
the same species that should have exactly the same centroid.
These distortions are typically largest near the detector edges
and the COS detector gap. To model this source of error, we
add a free parameter (labeled as vcorr in Tables 2 - 4) for each
≈1 Å segment of each spectrum that, in effect, adjusts the
wavelength calibration of each segment independently. vcorr is
mathematically redundant with the VP velocity parameter,

so we only need it when the VP component velocities, v, are
shared or “co-fit” between lines in different segments of the
spectrum. While this issue with the COS wavelength scale is
somewhat annoying (and possibly impossible to fully rectify),
we underscore that these calibration errors are small enough
so that they do not profoundly affect the conclusions in this
paper.

The fits for C ii and O ii at z=0.68606 in PG1338+416 are
an excellent example of how co-fitting can improve the mea-
surement. Fitted individually, the stronger C ii VP converges
to an unrealistic column density of N C II=1017.62 cm-2 and a
spurious broadening parameter value of b=0.45 km s-1. This
poor fit primarily results from poorly constrained velocity
centroids for C ii. A similar problem occurs with O ii. Mean-
while, the v ≈ 0 and v ≈ 43 km s-1 Mg ii doublet components
in this absorption system can be precisely measured in the
high resolution HIRES spectrum. Since all three species are
low-ions and follow similar absorption profiles, i.e., strong ab-
sorption at v ≈ 0 km s-1 relative to the weaker v ≈ 43 km s-1

component, they likely arise from similar physical processes
and thus ought to make good candidates for co-fitting.4 With
this technique, we manage to recover useful constraints on
the C ii and O ii column densities (reported in Table 4).

In some cases it is also advantageous to fit two species with
shared broadening parameters in addition to shared veloci-

4 Note that tying velocity centroids together does not necessar-

ily require the respective species to be associated with the same

phase (see discussion in Section 3.1). The phase structure present
in a given velocity component can only be inferred by ionization

modeling, such as we perform below.
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Figure 6. Absorption velocity profiles and best-fit Voigt Profiles (VPs) for detections and selected non-detections at z=0.68606 in the

PG1338+416 sightline (includes Absorbers 0.6A and 0.6B at velocities ≈0 and ≈43 km s−1, respectively). Ne viii 780Å is located in an

unconstrained blend and could not be fitted, but is consistent with the fit to Ne viii 770Å. The red dashed-line VPs shown for Ne viii
780Å are drawn based on best fit parameters from Ne viii 770Å for comparison. The velocities and b-values for VP fits to saturated lines

were constrained through co-fitting with non-saturated lines following the co-fitting considerations described in the text (note that the

column densities listed in Table 4 include those derived from the fits shown here as well as those for conservative upper and lower limits).
See Figure 4 for a description of the colored lines.

ties. This must be done with caution, however, since sev-
eral factors influence the line-widths. First, ions produced
in different temperature gas phases (e.g., low and high-ions
in a multiphase medium) will have distinct thermal broad-
ening solutions. Additionally, the degree of thermal broad-
ening varies with atomic weight, and this should be consid-
ered when comparing different species. We refer to this as
“thermally-scaled” broadening. Second, we must account for
the possibility of non-thermal broadening that has the po-
tential to smooth out linewidth differences between different-
mass species, what we call “evenly-scaled” broadening. Fi-
nally, weak, narrow, and unresolved lines can appear to

broaden lines after smearing by the line spread function5. It
is reasonable to question when it is possible to share broad-
ening parameters in light of these considerations. In practice,
however, as long as one restricts shared broadening to species
with similar ionization potentials (i.e., expected to be in the
same gas “phase”), broadening parameters from the co-fitted
VPs are predominantly consistent with the results of indepen-
dent VP fits (but typically with improved uncertanties), and
the difference has an even smaller impact on the column den-
sity. The exception to this statement is in the presence of nar-
row, saturated lines (see the discussion of limits below for an

5 We use the line spread functions provided by the Space Telescope
Science Institute for COS (Kriss 2011) and a 2 pixel Gaussian

FWHM for HIRES spectra.
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example from the PG1630+377, v=0.41760 system). When
co-fitting broadening parameters, we take care to compare
fits based on “thermally-scaled” and “evenly-scaled” broad-
ening. The bracketed numerical superscripts in Tables 2 - 4
mark line groups that have a shared parameter. The type of
shared parameter varies from case-to-case; notes about these
measurements are provided in Sections 2.2.4 and 2.3.

2.2.4 Upper and Lower Limits

Limits were measured for saturated lines and non-detections
in various ways. We adopted 3σ upper limits for lines that
did not meet a 3σ equivalent width (EW) threshold for de-
tection. In addition, occasionally upper limits were measured
from VP fitting for absorption features suspected to be af-
fected by an unidentified blend (e.g., S vi at z=0.68606, v ≈
43 km s-1 in PG1338+416, Figure 6). Lower limits to satu-
rated lines were estimated from their equivalent widths. In
some cases intrinsically narrow, saturated lines can decep-
tively appear to be optically thin (e.g., the line core is well
above the zero-flux level) as a consequence of the COS line
spread function’s broad wings (Kriss 2011). For example, the
C iii for the z=0.41760 system in PG1630+377 is well-fit
by two apparently optically thin VPs. Our ionization mod-
eling (see below) persistently overpredicts the C iii column
density in both components, however, so we explored its ab-
sorption more carefully and found that the same lines were
well-fit with a separate set of VP parameters having optically
thick column densities consistent with those predicted by the
ionization model. This alternative fit for C iii requires sig-
nificantly narrower (i.e., smaller broadening parameter) lines
than the original fit, however. To ensure that we adopt a self-
consistent set of VP parameters, we re-fit the N iii, O iii, and
Si iii lines along with the C iii, choosing to co-fit their veloc-
ities and thermally-scaled broadening parameters for various
fixed choices of broadening parameter since all four ions have
similar ionization potentials. In fact, we found in this case
that all four ions are consistent with having saturated (or
nearly saturated), narrow VPs, and that a double-bounded
limit is more accurate to report than a single best-fit. We re-
port lower limits estimated from the naive fit, i.e., assuming
the lines are optically thin, and upper limits from a fit where
the broadening parameter was fixed to match the low-ion
broadening.

2.3 Notes for Individual Absorption Systems

2.3.1 z=0.41760, PG1630+377 (Absorbers 0.4A and 0.4B)

As shown in Figure 4, in this absorption system we iden-
tify four components (Components A–D in Table 2), includ-
ing two line-rich components with relatively high H i column
densities at v= 0 and 43 km s−1 as well as two weaker compo-
nents with lower N H I values at v= 110 and 197 km s−1 (see
Table 2). Interestingly, the three components with low/mid-
ion absorption (i.e., all except the one at v ≈ 110 km s-1)
exhibit a gradient in ionic column densities and in velocity:
the degree of ionization in each velocity component appears
to be correlated with increasing velocity. The strongest H i,
C ii, O ii, and Mg ii absorption appears in the lowest velocity
component, while C iii, C iv, O iii, and O vi are stronger in
the higher-velocity features. This ionization gradient is most

Table 2. Column Density Measurements for the z=0.41760

Absorption System in PG1630+377 (including Ab-

sorbers 0.4A and 0.4B)

Ion λ0
a log N(Xi)b bc,d vd,e vcorr

d,e

(Å) (cm−2) (km s−2) (km s−2) (km s−2)

Component A (v ≈ 0 km s−1)

HI Lyα − ε, η 15.46 ±0.016 13.6±0.4 0.0±1.0[1] −1.0±1.3[1]

CII 903, 903 13.46 ±0.059 5.6±0.7[1] 0.0±1.0[1] −0.2±1.1[2]

CIII 977 ≥ 13.52 ±0.029 11.7±0.2[2] 0.4±0.5[2] −0.4±0.6[3]

CIII 977g < 14.20 ±0.000 7.5±0.2[2]

CIV 1548, 1550 13.48 ±0.175 11.7±0.2[2] 0.4±0.5[2] 1.3±3.0[4]

NII 915 13.05 ±0.104 5.2±0.7[1] 0.0±1.0[1] −4.4±2.8[5]

NIII 989 13.62 ±0.034 10.8±0.2[2] 0.4±0.5[2] 3.4±1.1[6]

OII 832, 833, 834 13.70 ±0.051 4.8±0.7[1] 0.0±1.0[1] −3.8±0.0
OIII 832 ≥ 13.99 ±0.031 10.1±0.6 0.4±0.6 −3.8±0.0
OIII 832g < 14.11 ±0.045 6.5±0.2[2]

OVI 1031, 1037 13.17 ±0.156 22.8±11.3 0.4±0.5[2] −1.5±3.0[7]

MgII 2796, 2803 12.17 ±0.013 4.0±0.2[3] 0.0±1.0[1] −1.3±1.1[8]

SiIII 1206 ≥ 12.79 ±0.077 7.6±0.2[2] 0.4±0.5[2] −5.5±1.3[9]

SiIII 1206g < 13.05 ±0.121 4.9±0.2[2]

SVI 933f < 12.43 ±0.117
FeII 2344, 2382, 2600 11.80 ±0.042 3.5±0.5 0.0±1.0[1] −1.3±1.1[8]

Component B (v ≈ 44 km s−1)

HI Lyα − ε, η 15.33 ±0.012 17.4±0.5 43.7±1.0[3] −1.0±1.3[1]

CII 903, 903 13.16 ±0.031 14.6±1.7[4] 43.7±1.0[3] −0.2±1.1[2]

CIII 977 ≥ 13.83 ±0.035 15.4±0.2[5] 46.5±0.4[4] −0.4±0.6[3]

CIII 977g < 14.40 ±0.000 11.0±0.2[5]

CIV 1548, 1550 14.19 ±0.136 17.5±4.2 46.5±0.4[4] 1.3±3.0[4]

NII 915 11.82 ±1.872 13.5±1.7[4] 43.7±1.0[3] −4.4±2.8[5]

NIII 989 ≤ 13.53 ±0.038 14.3±0.2[5] 46.5±0.4[4] 3.4±1.1[6]

NIII 989g > 13.50 ±0.039 10.2±0.2[5]

NV 1238f < 12.99 ±0.204
OII 832, 833, 834 13.48 ±0.048 12.6±1.7[4] 43.7±1.0[3] −3.8±0.0
OIII 832 ≥ 14.35 ±0.023 13.4±0.6 46.5±0.5 −3.8±0.0
OIII 832g < 14.52 ±0.040 9.5±0.2[5]

OVI 1031, 1037 13.58 ±0.056 18.6±3.6 46.5±0.4[4] −1.5±3.0[7]

MgII 2796, 2803 11.53 ±0.039 4.7±0.6[6] 43.7±1.0[3] −1.3±1.1[8]

SiIII 1206 12.56 ±0.295 10.1±0.2[5] 46.5±0.4[4] −2.1±1.3[9]

SiIV 1402f < 13.02 ±0.200
SVI 944f < 12.56 ±0.180
FeII 2344, 2382, 2600 10.91 ±0.238 3.1±0.6[6] 43.7±1.0[3] −1.3±1.1[8]

Components A + B

NV 1238f < 13.35
CIV 1550f ≥ 14.12 ±0.052
OI 988f < 13.56
OVI 1031f ≥ 13.66 ±0.033
MgI 2852f < 11.03
AlII 1670f < 12.22
AlIII 1854f < 12.76
SiII 1193f < 12.78 ±0.070
SiIV 1402f < 13.49

Component C (v ≈ 109 km s−1)

HI Lyα − ε 13.51 ±0.076 45.4±10.6[7] 109.4±3.3[5] −1.7±0.0
OVI 1031, 1037 13.09 ±0.094 11.4±10.6[7] 109.4±3.3[5] −1.7±0.0

Component D (v ≈ 199 km s−1)

HI Lyα − ε 14.64 ±0.011 17.4±0.5 198.5±0.9[6] −1.0±1.3[1]

CIII 977 12.87 ±0.029 12.9±1.4[8] 198.5±0.9[6] −0.2±0.6[3]

OIII 832 13.61 ±0.071 11.2±1.4[8] 198.5±0.9[6] −3.8±0.0
SiIII 1206 12.12 ±0.142 8.5±1.4[8] 198.5±0.9[6] −2.1±1.3[9]

a Only atomic transitions used to produce the measurements are

listed. Some transitions covered by the observations had to be

excluded as they did not provide meaningful constraints to the

fit, e.g., due to severe blending or low signal-to-noise.
b Limits preceded by partial inequality signs (≤ or ≥) indicate

solid detections affected by significant systematics (e.g.,

saturation or complex covariances) in one direction.

Non-detections with a single numeric (i.e., no extra uncertainty

term) were derived from 3σ equivalent width upper limits.
c The Voigt Profile (VP) broadening parameter, or b-value.
d All parameters sharing the same bracketed superscript number

in a given column derive their value from a single free

parameter, i.e., that parameter was shared by several different

Voigt profiles.
e Section 2.2.3 describes the relation between “v”, the component

velocity, and “vcorr”, a wavelength dependent velocity

correction. The systemic redshift is listed in the table header.
f These measurements were derived from the equivalent width.
g See the text regarding the estimation of these upper limits.MNRAS 000, 1–47 (2017)
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Table 3. Column Density Measurements for the z=0.51850
Absorption System in PG1522+101 (Absorber 0.5A)

Ion λ0
a log N(Xi)b bc,d vd,e vcorr

d,e

(Å) (cm−2) (km s−2) (km s−2) (km s−2)

Component A1g (v ≈ -5 km s−1)

CII 903.6, 903.9, 1036 13.22 ±0.121 6.4±0.3[1] −4.6±0.2[1] 4.0±1.6[2]

CIII 977 12.85 ±0.289 6.4±0.3[1] −4.6±0.2[1] 4.0±2.2[1]

OII 832, 833, 834 13.67 ±0.166 5.5±0.3[1] −4.6±0.2[1] 3.2±2.0[3]

MgII 2796, 2803 12.13 ±0.036 4.5±0.3[1] −4.6±0.2[1] 0.0±0.0
SiII 1193, 989 12.38 ±0.443 4.2±0.3[1] −4.6±0.2[1] 4.0±2.2[1]

SiIII 1206 12.65 ±0.648 4.2±0.3[1] −4.6±0.2[1] 1.4±4.9[4]

FeII 2382 11.89 ±0.051 3.0±0.3[1] −4.6±0.2[1] 0.0±0.0

Component A2g (v ≈+6 km s−1)

CII 903.6, 903.9, 1036 13.04 ±0.157 16.0±1.8[2] 5.8±1.7[2] 4.0±1.6[2]

CIII 977 13.18 ±0.094 18.7±2.1[3] 5.8±1.7[2] 4.0±2.2[1]

NIII 989 13.09 ±0.220 17.3±2.1[3] 5.8±1.7[2] 4.0±2.2[1]

OII 832, 833, 834 13.82 ±0.096 13.8±1.8[2] 5.8±1.7[2] 3.2±2.0[3]

OIII 832 13.76 ±0.049 16.2±2.1[3] 5.8±1.7[2] 3.2±2.0[3]

MgII 2796, 2803 11.79 ±0.092 11.2±1.8[2] 5.8±1.7[2] 0.0±0.0
SiIII 1206 12.11 ±0.713 12.2±2.1[3] 5.8±1.7[2] 1.4±4.9[4]

FeII 2382 11.59 ±0.122 7.4±1.8[2] 5.8±1.7[2] 0.0±0.0

Component A = A1 + A2g

HI Lyβ − ε, θ − ν 16.22 ±0.011 16.9±0.2 3.2±0.4 0.0±0.0
CII 903.6f ≥ 13.34 ±0.042
CIII 977f ≥ 13.23 ±0.025
CIV 1548f < 13.62
NII 915f < 13.29
NIV 765f ≤ 12.97 ±0.092
OI 988f < 13.83
OIV 787f < 13.56
OVI 1031f < 13.40
SiIII 1206f ≥ 12.42 ±0.133
SiIV 1393f < 13.21
SII 765f ≤ 12.41 ±0.181
SV 786f < 12.48

a-f Tablenotes a–f are given in Table 2
g Components A1 and A2 represent our best attempt to resolve

the absorption features into two components. As discussed in

the text, we use the total column densities in component A

(i.e., A1 + A2) as constraints on our ionization models.

evident in the H i lines; the H i column densities clearly de-
crease with increasing velocity. This could simply be a conse-
quence of less gas in the higher-velocity clouds, but the fact
that the column densities of more highly ionized metals do
not decrease as well suggests that this owes to the gas be-
coming increasingly more ionized with increasing velocity.

It is also interesting to note that Component C at v = 110
km s−1 is only detected in O vi and H i. In their blind STIS
survey, Tripp et al. (2008) report many absorbers only de-
tected in O vi and H i (no C iii), and similarly Werk et al.
(2016) found a category of absorbers (their “No-low” sample)
with a similar absence of low-ionization stages, yet having
O vi aligned with moderate N(H i). We measure a narrow
linewidth for O vi in Component C, and our best fit to the H i
feature at this velocity returns a doppler broadening param-
eter b(H i) ≈ 4× b(O vi). Both measurements are consistent
with the O vi and H i arising in a single, thermally-broadened
gas phase. While the best-fit line widths for this component
imply a temperature slightly below the T range where O vi
is expected to peak in collisional ionization equilibrium, the
line width uncertainties are substantial, and detailed analy-
sis of this feature would require a higher spectral resolution
and/or better S/N.

In Component D at v ≈ 200 km s-1, there is enough degen-
eracy in the fit to the spectrum to allow for some weak O vi
absorption, but this component is also highly uncertain ow-

Table 4. Column Density Measurements for the z=0.68606

Absorption System in PG1338+416 (including Ab-

sorbers 0.6A and 0.6B)

Ion λ0
a log N(Xi)b bc,d vd,e vcorr

d,e

(Å) (cm−2) (km s−2) (km s−2) (km s−2)

Component A (v ≈ -83 km s−1)

HI Lyβ, ε 14.45 ±0.048 40.4±6.0 −82.9±4.0 −0.3±0.0[1]

NIV 765 12.71 ±0.129 27.2±9.8[1] −62.9±6.1[1] −0.3±0.0[1]

OIV 787 13.64 ±0.146 27.2±9.8[1] −62.9±6.1[1] −4.1±0.0
OVI 1031, 1037 13.42 ±0.201 27.2±9.8[1] −62.9±6.1[1] 12.3±0.0[2]

NeVIII 770f < 13.40 ±0.230

Component B = B1 (v ≈ -3 km s−1) ∪ B2 (v ≈ 13 km s−1)

HI Lyβ, ε, ι, µ − π 16.52 ±0.022 15.3±0.9 0.0±2.7 −0.3±0.0
CII 903.6, 903.9 ≥ 13.75 ±0.093 9.2±1.3[2] −2.9±0.6[2] 7.7±1.2[3]

CII 903.6, 903.9g < 14.04 ±0.106 6.1±0.0[2]

NII 915 13.38 ±0.100 9.2±1.3[2] −2.9±0.6[2] 2.0±3.0[4]

NIII 763 13.71 ±0.092 17.6±2.4[3] 12.5±1.9[3] −0.3±0.0[1]

NIV 765 13.13 ±0.077 22.0±3.2[4] 12.5±1.9[3] −0.3±0.0[1]

OII 832, 833, 834 ≥ 14.10 ±0.056 9.2±1.3[2] −2.9±0.6[2] −2.1±0.0
OII 832, 833, 834g < 14.32 ±0.081 6.1±0.0[2]

OIII 702, 832 ≥ 14.66 ±0.071 17.6±2.4[3] 12.5±1.9[3] −2.1±0.0
OIV 787 14.61 ±0.084 22.0±3.2[4] 12.5±1.9[3] −1.1±2.7[5]

OVI 1031, 1037 14.19 ±0.098 31.4±5.4 12.5±1.9[3] 12.3±0.0[2]

NeVIII 770f ≤ 13.42 ±0.221
MgI 2852 11.01 ±0.097 4.0±1.1 −2.6±0.8 2.3±0.7[6]

MgII 2796, 2803 12.95 ±0.019 5.7±0.1 −2.9±0.6[2] 2.3±0.7[6]

MgII 2796, 2803 11.77 ±0.121 13.0±4.0 12.5±1.9[3] 2.3±0.7[6]

AlIII 1854, 1862 12.42 ±0.071 8.9±1.7 −2.9±0.6[2] 2.3±0.7[6]

SII 763, 765 12.71 ±0.084 5.1±0.2[5] −2.9±0.6[2] −0.3±0.0[1]

SIII 724 13.38 ±0.063 18.9±5.1[6] 12.5±1.9[3] −6.4±3.4[7]

SIV 748 12.78 ±0.187 18.9±5.1[6] 12.5±1.9[3] 0.9±2.5[8]

SV 786 12.44 ±0.156 22.0±3.2[4] 12.5±1.9[3] −1.1±2.7[5]

SVI 944f < 13.00 ±0.050
FeII 2382, 2586, 2600 12.72 ±0.014 5.1±0.2[5] −2.9±0.6[2] 1.3±0.7[9]

FeII 2382, 2586, 2600 ≤ 11.52 ±0.137 7.8±0.0 12.5±1.9[3] 1.3±0.7[9]

Component C = C1 (v ≈ -39 km s−1) ∪ C2 (v ≈ 56 km s−1)

HI Lyβ, ε, ι, µ − π 15.90 ±0.057 33.5±3.0 46.4±5.5 5.0±0.0
CII 903.6, 903.9 13.24 ±0.080 19.0±0.0[7] 39.4±0.8[4] 13.0±1.2[3]

NIII 763 13.77 ±0.076 19.0±2.0[8] 55.8±1.8[5] 5.0±0.0[1]

NIV 765 13.80 ±0.057 19.0±2.0[8] 55.8±1.8[5] 5.0±0.0[1]

OII 832, 833, 834 13.78 ±0.047 19.0±0.0[7] 39.4±0.8[4] 3.2±0.0
OIII 702, 832 ≥ 15.02 ±0.126 19.0±2.0[8] 55.8±1.8[5] 3.2±0.0
OIV 787 ≥ 15.26 ±0.219 19.0±2.0[8] 55.8±1.8[5] 4.2±2.7[5]

OVI 1031, 1037 14.68 ±0.053 25.8±2.8 55.8±1.8[5] 17.6±0.0[2]

NeVIII 770 14.19 ±0.062 78.8±14.1 55.8±1.8[5] 5.0±0.0[1]

MgII 2796, 2803 11.79 ±0.046 5.9±0.8 39.4±0.8[4] 7.6±0.7[6]

AlIII 1854 < 12.34
SII 765f < 13.42 ±0.225
SIII 724 12.96 ±0.136 8.4±3.3[9] 55.8±1.8[5] −1.1±3.4[7]

SIV 748 13.27 ±0.074 8.4±3.3[9] 55.8±1.8[5] 6.2±2.5[8]

SV 786 13.03 ±0.056 13.2±2.9[10] 55.8±1.8[5] 4.2±2.7[5]

SVI 933, 944 12.76 ±0.340 13.2±2.9[10] 55.8±1.8[5] 16.9±6.9[10]

FeII 2382f < 12.01

Components B + C

CIII 977f ≥ 14.11 ±0.014
OI 877f < 13.42 ±0.221
OIV 787f ≥ 15.05 ±0.006
OVI 1037f ≥ 14.75 ±0.023
SVI 944f ≤ 13.16 ±0.060

a-f Footnotes a–f are given in Table 2
g See the text regarding how and why these upper limits were

estimated.

ing to its location in a complex blend, and we do not address
it further in this work.

2.3.2 z=0.51850, PG1522+101 (Absorber 0.5A)

In this system, plotted in Figure 5 and summarized in Table 3,
we mainly detect singly-ionized species, along with C iii, O iii,
and possibly Si iii, with no clear evidence for a hot phase.
Indeed, we selected this system for this paper to test how
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our code would work for absorbers with no affiliated highly
ionized species; such absorbers are not uncommon.

The two species detected in the higher resolution HIRES
spectra provide interesting insights into this absorber. The
Mg ii doublet requires a weaker and broader component at
∆v ≈ +6 km s-1 in addition to the stronger and narrower com-
ponent at ≈ -5 km s-1 (Figure 5). The same component struc-
ture is evident in the Fe ii absorption profile as well, though
it does not appear in the remaining detected species, pre-
sumably owing to the lower spectral resolution at which they
were observed (i.e., with COS). While a single-component
VP fit adequately matches the absorption profiles of the COS
detections, a two-component fit encompasses a wider range
of plausible solutions. For example, a two-component fit for
C iii, where both component velocities are co-fitted with the
higher resolution Mg ii lines, includes a narrower, slightly
saturated C iii line that is kinematically aligned with the
narrower Mg ii component.

Although we report two-component VP parameters in Ta-
ble 3 for several detected species (see also Figure 5), we only
list one component for H i, N iii, and O iii. In the case of
O iii, a two-component fit would not converge; the column
density of the lower-velocity component is pushed to a negli-
gibly low value, effectively leaving a single component fit. The
weak N iii absorption feature is too noisy and crowded with
intervening lines from other redshifts to reasonably constrain
a multiple component fit. Finally, we fit a single component
to the H i Lyman series lines to get a tight measurement of
the total N H I.

In a later section, we reproduce the measured column densi-
ties of the detected species through various ionization models.
We find that the uncertainties of the forced two-component
fits to the COS detections are too high to meaningfully con-
strain a two-component or two-phase ionization model, and
that a single-component, single-phase ionization model suf-
fices to explain the total measured column densities. To be
clear, we derive the total column density by summing the
measured column densities of each component VP and sum-
ming their uncertainties in quadrature.

2.3.3 z=0.68606, PG1338+416 (Absorbers 0.6A and 0.6B)

This system (Figure 6 and Table 4) is a Ne viii absorber
that exhibits strong absorption in all ionization stages (low
though high-ions). As such, it represents an excellent test
for the multiphase modeling discussed below (Section 4). In
this system we firmly identify three components at v ≈ -83,
-3, and 39 km s−1. There is room for a fourth component at
≈150 km s−1 in the N iv and O iv profiles, though both are
also contaminated by blending from other redshifts and we
are unable to search for corroborating H i absorption at this
velocity owing to a lack of adequate6 coverage in the NUV
for this particular sightline. We do not include any VP-fitting

6 The H i in this candidate component is likely to be quite weak,
so we would need to use the Lyα transition to search for H i at
this velocity. At this z, Lyα is redshifted into the NUV. We do

not have NUV COS or STIS spectra of PG1338+416, and the
resolution of archival NUV spectra captured by HST’s Faint Object
Spectrograph is too low to reliably de-blend and identify weak H i

lines.

results for this potential fourth component in Table 4, as we
focus our analysis on the three well-detected components.

As with Absorber 0.5A, the higher resolution Mg ii and
Fe ii spectral profiles reveal sub-components unresolved in
the COS spectra. Component B splits into two subcompo-
nents, separated by ≈15 km s−1. Additionally, a comparison
in Component C of the HIRES vs. COS spectra suggests the
presence of two subcomponents. The low-ions dominate sub-
components B1 and C1, while the mid- and high-ions seem
to be mostly concentrated in B2 and C2. It is less likely that
these misalignments between low and mid/high-ions are ar-
tifacts of COS wavelength calibration issues since we detect
these velocity offsets in several pairs of low-ion lines adja-
cent in the spectrum to observed mid/high-ion lines. These
include O ii (λλ832, 833, and 834 Å) vs. O iii (λ832 Å), S ii
(λ765 Å) vs. N iv (λ765 Å), and H i7 (Lyβ λ1025 Å) vs. O vi
(λ1031 Å). A similar offset is seen between N iv (λ765 Å) and
Ne viii (λ770 Å), though these ions are not as close in wave-
length as the pairs previously mentioned. As is also the case
for Absorber 0.5A, we do not have sufficient constraints from
species detected in the higher resolution HIRES spectrum to
explore ionization models for each of these subcomponents
separately. Instead, we use the multiphase models developed
below to infer the fraction of each species in a particular
phase.

While we focus our ionization modeling efforts in this work
on the two main components, there is also a substantial ap-
parent O vi absorption feature at v ≈ -63 km s-1 that appears
to coincide with possible H i, N iv, O iv, and Ne viii features,
although the velocity alignment is not perfect between these
species (possibly owing to hidden substructure as evidenced
above). Independent fits of N iv prefer a significantly nar-
rower feature than O vi and a velocity offset of ≈ +16 km
s-1. O iv is severely contaminated, but the contaminating
lines are positioned such that there is some inexplicable opti-
cal depth in the spectrum if O iv is removed. Hence, we can
obtain reasonable measurements for the O iv column density
by co-fitting its broadening parameter and velocity parameter
with N iv and O vi.

3 THE IONIZATION MODELING SCHEME

As discussed in § 1.1.1, physical conditions in QSO absorp-
tion systems are traditionally inferred from simple (often
single-phase) photoionization models that best fit the mea-
sured ionic column densities. Motivated by the multiphase
kinematic alignment of detected species discussed below, we
leverage the CASBaH spectra to explore multiphase models
that expand on basic, two/three parameter models in sev-
eral ways: 1) by parameterizing individually resolved absorp-
tion features (i.e., velocity components) as distinct gas clouds,
which we refer to henceforth as separate absorbers even if they
share the same systemic redshift (labels assigned to each are
listed in Table 1), 2) by allowing for multiple discrete phases
within each absorber, 3) through the addition of physically
motivated parameters for the shape of the ultraviolet (UV)
ionizing radiation field and gas-phase metal abundances, and

7 The small offset between H i and the low-ions is probed by N ii

(λ915 Å) vs. H i (λ915.3 and 916 Å).

MNRAS 000, 1–47 (2017)



14 K. J. Haislmaier et al.

4) by applying Bayesian models to make probabilistic para-
metric inferences that incorporate prior knowledge. We use
Markov Chain Monte Carlo (MCMC) sampling to robustly
characterize the posterior distributions of the most probable
models.

3.1 Kinematic Alignment of Disparate Ionization Stages

All but one (Absorber 0.5A) of the absorption systems exam-
ined here exhibit detections of high-ions such as C iv, S v,
O vi, and Ne viii alongside low-ions such as Mg ii, Fe ii,
and C ii (as well as many intermediate ionization stages, see
Section 2). As summarized graphically in Figure 2, the en-
ergies required to create and destroy these species through
ionization span a tremendous range extending from 7.6 to
239.1 eV. Even without any ionization modeling, this wide
range of ionization stages on its own implies the presence of
a multiphase entity, since no single gas temperature/density
state can produce appreciable abundances of low, interme-
diate, and high ionization stages simultaneously. However,
there is a puzzling aspect of these absorption systems. As we
and others have shown in several previous studies (e.g., Tripp
et al. 2000, 2006, 2008, 2011; Muzahid et al. 2012; Meiring et
al. 2013; Savage et al. 2014; Burchett et al. 2015; Crighton et
al. 2015; Werk et al. 2016; Rudie et al. 2019) these disparate
ionization stages are often remarkably well aligned in velocity
space. Their column density ratios seem to vary from compo-
nent to component, but the velocity centroids and line widths
of the various ions are quite similar (typically well within the
measurement uncertainties). This kinematic alignment is not
naturally expected in a simplistic picture of the CGM. For
example, if the O vi arises in a large, volume-filling phase in
the halo of a galaxy while the Mg ii originates in tiny clouds
distributed throughout the disk and halo of that galaxy, one
might expect normal galaxy kinematics to cause these ions
to have significant (and easily measured) differences in their
velocity centroids and absorption-profile shapes.

Instead, the profiles of low-, intermediate-, and high-
ionization stages often have remarkably similar profiles. In
some instances, one can recognize small differences in cen-
troids and/or line widths when comparing diverse ions, but
overall, a wide range of ions often exhibit very similar and
distinctive kinematics, which suggests that there is a di-
rect relationship between the various ionization stages. To
demonstrate this, Figures 7 and 8 show examples of the
kinematic velocity alignment of the wide range of ions de-
tected in absorbers 0.4A, 0.4B, 0.6A, and 0.6B. To compare
the various ion profiles in these figures, we have constructed
apparent column density profiles (e.g., Savage & Sembach
1991; Jenkins 1996), which provide linear presentations of
the absorption.8 Briefly, in this method the apparent optical
depth in each pixel as a function of velocity, τa(v), is used
to calculate the apparent column density per unit velocity,
Na(v) = (mec/πe2)( fλ)−1τa(v), where f is the oscillator strength,

8 The“raw”absorption profiles are exponential attenuations of the

QSO light and thus are more difficult to directly scale for compar-
ison among different elements and ions, which can have vastly dif-
ferent abundances and thus require some scaling to overplot their

profiles.

λ is the rest wavelength of the transition, and the other sym-
bols have their usual meanings. While Na(v) profiles can be
used in various ways (Savage & Sembach 1991; Jenkins 1996),
our main application in this paper is to use them to directly
overlay the profiles of various ions, as we have done in Fig-
ures 7 and 8.

Beginning with the PG1630+377 system in Figure 7, we
see that in both Absorbers 0.4A and 0.4B, while the absorp-
tion profiles are not identical, there is a striking correspon-
dence of the detected ions. There is an obvious difference
between Mg ii and the other lines, primarily on account of
the higher spectral resolution provided by the Keck HIRES
spectrograph that recorded the Mg ii data, yet it is still use-
ful to compare the Mg ii centroids to those of the other ions
(all other species in Fig. 7 were recorded with COS and thus
have the same resolution). Especially in Absorber 0.4B, there
is a profound similarity of the line shapes and velocity struc-
ture (i.e., the velocity offsets between the centroids of the two
dominant components) of species with ionization potentials
ranging from 13.6 eV (H i) to 64.5 eV (C iv) to 138.1 eV
(O vi). This begs a question: how can the similarity of the
profiles be reconciled with the fact that the physical condi-
tions that will maximize one set of ions should lead to unde-
tectable amounts of other sets of ions at the same velocity in
this system? Moreover, some of the aligned species have sig-
nificantly different atomic masses, so their lines should have
detectably different widths if they arise in the same gas and
are thermally broadened (see section 4.1 in Tripp et al. 2008).
Similar line widths of, e.g., H and O, implies that the lines
are not predominantly thermally broadened, which in turn
indicates that the gas is relatively cool (Tripp et al. 2008).
Could the gas be photoionized? This is an important ques-
tion for a variety of reasons. The O vi ion, which is relatively
easy to detect and is often assumed to be collisionally ion-
ized, would have very different implications if it is produced
by photoionization.

In Absorber 0.4A we find more indications of complexity.
First, the peaks of several metals appear to have a small (2−10
km s−1) offset to the blue compared to the H i peak, and there
is marginal evidence that the low-ionization metal peaks are
offset by the same amount compared to the intermediate- and
high-ionization metals. This could reflect unresolved compo-
nent structure within 0.4A, with a lower ionization compo-
nent on the blue side of 0.4A, a higher ionization compo-
nent on the red side, and H i from both components that
smears together to give the appearance of a single H i fea-
ture. Alternatively, these subtle misalignments could be co-
incidental effects of the aforementioned COS wavelength dis-
tortions (Section 2.2). To sort this out would require higher
resolution and higher S/N. Such spectra will not be available
in the near future, so we must find a way to interpret the
data in hand. Second, the intermediate- and high-ionizations
stages are weaker, relative to the low-ionization stages, in
0.4A. Nevertheless, the more highly ionized gas is still kine-
matically aligned with the lower ionization gas, albeit with
different N(low)/N(high) patterns. That is, there is some type
of physical relationship between the low- and high-ionization
materials; these are highly unlikely to be random patches of
low- and high-ionization gases that have no connection what-
soever. This is reminiscent of the behavior seen in other com-
plex but kinematically aligned QSO absorption systems (see,
e.g., Fig. 3 in Tripp et al. 2011).
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Figure 7. Comparison of apparent column density profiles [Na(v),
see text] of several ions detected in the PG1630+377 absorption
system at zabs = 0.41760. The species that are compared are indi-
cated in the legend of each panel. In all panels, the H i 930.804

Å line (gold diamonds) is compared to a metal ion that is scaled
up by the factor listed in the legend, and regions contaminated by

interloping lines from other redshifts are plotted in gray. Vertical

dotted lines mark the velocities of Absorbers 0.4A and 0.4B (see
Table 1).
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Figure 8. Comparison of H i vs. metal Na(v) profiles, as in Fig-

ure 7, for the absorption system at zabs = 0.68606 in the spectrum
of PG1338+413. In this case, the metal profiles are compared to
the H i 920.963 Å line in each panel. Dotted lines indicate the

velocities of Absorbers 0.6A and 0.6B (Table 1).
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Absorbers 0.6A and 0.6B in the PG1338+416 system (Fig-
ure 8) exhibit very similar patterns. However, this system
is arguably even more interesting because its higher redshift
provides access to a greater number of more highly ionized
species. Indeed, we detect S v, S vi, and Ne viii in addi-
tion to O vi, and Figure 8 shows that the shapes of the
Na(v) profiles of these high ions are remarkably similar to the
shapes of the H i and lower-ionization metals in 0.6B. Like the
PG1630+377 system, the lower-ionization absorption is rela-
tively stronger in 0.6A than in 0.6B, but the high-ionization
species are still present in 0.6A (see also Figure 6). Again,
there are some hints that the component structure may be
more complex than just two components, but better informa-
tion on the component structure must await a future space
telescope with greater sensitivity and spectral resolution.

The kinematic alignment of different ionization phases
makes it impossible to directly determine the fraction of a
given ion’s absorption in each gas phase from the spectrum
alone. While it is often assumed that the low-ion columns
originate entirely in the lowest ionization gas phase (i.e., the
other, more ionized phases contribute only negligible addi-
tional amounts to the low-ion column densities), in fact the
ionization potentials of “low ions” are often well above 1 Ry-
dberg (see Figure 2), and this assumption may be spurious
unless it can be verified by multiphase ionization modeling
that accurately models the full set of observed ions simulta-
neously. Indeed, this concern strongly motivates our detailed
attempts to formulate a model that consistently accounts for
all the detected absorption lines.

In many cases though, it is difficult or even impossible
to identify individual velocity components in systems with
densely packed component structures, particularly in spectra
of moderate signal-to-noise and/or moderate spectral reso-
lution (such as is afforded by the COS G130M and G160M
gratings). Consequently, it is common practice to ignore inter-
component variances altogether by integrating all absorption
from a given species near a common systemic redshift into
a single representative column density. This practice implic-
itly assumes that the absorbing medium is homogeneous in
composition and physical conditions. To avoid making this
assumption, we require an ionization model (along with suf-
ficient observational constraints) that can account for the
component-to-component variances in ion column density ra-
tios.

3.2 Implementation of Multiple Phases and Components

We designed our ionization modeling scheme to flexibly fit an
arbitrary combination of velocity components and ionization
phases simultaneously. The ionic column densities associated
with distinct velocity components are measured through ab-
sorption line fitting (see Section 2.2). Each measured column
density is then resolved probabilistically into one or more
phases using a Bayesian multiphase ionization model. For ex-
ample, suppose O iii, O iv, O v, and O vi are all detected at
v = 0 km s−1 in a hypothetical absorption system. We could
assume, for example, that this v = 0 km s−1 absorber consists
of two discrete phases, including one that produces O iii and
O iv absorption, and a second (more highly ionized) phase
that produces O v and O vi absorption. Unfortunately, this
is not a sound assumption because the column density for
some species (e.g., O iv) might include appreciable contri-

butions from each phase, or there might be more than two
phases present. Ostensibly, it is difficult to make correct as-
sumptions about what fraction of a given ion’s column density
arises in each of the phases, but we can use Bayes’ Thereom
coupled with a Monte Carlo Markov Chain (MCMC) method
to explore the range of physical conditions in each component
that are consistent with the data, and we can use metrics such
as Bayes factors to judge the relative probability of, e.g., a
2-phase vs. a 3-phase model.

For each absorber in this study (Table 1), we compute
models with one, two, and three ionization phases and use
their Bayes factors to select the most probable model. While
each phase can, in principle, be modeled with a unique set
of parameters, it can be advantageous and logical to reduce
the dimensionality of the parameter space significantly by
assuming that the metallicity and gas composition parame-
ters (e.g., C/α, N/α, and α/Fe) remain uniform across all the
phases within a given absorber. The kinematic alignment of
low- and high-ions discussed above lends credence to this idea
that multiphase ions arise in gas phases that have some type
of physical relationship and are likely to have similar abun-
dances. We can also assume that the various phases in an
(optically thin) absorption system are exposed to the same
ionizing radiation field (i.e., in a given system, the optically
thin gas is permeated and photoionized by the same UV back-
ground and/or the same light escaping from nearby galaxies).
We also explore the effect of parameterizing the UV ionizing
radiation field at the level of individual absorbers (one set
of UV parameters per absorber) versus at the systemic level
(one set of shared UVB parameters for all components in a
given absorption system). After sharing various parameters
across phases in this manner, only the gas density, tempera-
ture, and H i column density9 remain as parameters uniquely
specified at the level of individual phases.

3.3 Bayesian Modeling

3.3.1 Parameteric Inference via Bayes Theorem

Following similar studies of QSO absorbers (Crighton et al.
2015; Fumagalli et al. 2016; Prochaska et al. 2017), this work
adopts a Bayesian modeling perspective, which offers two key
advantages over traditional χ2 fitting techniques: 1) a prob-
abilistic inference of the model parameters, and 2) a natural
framework for incorporating prior knowledge. In the Bayesian
paradigm, p(θ|N,M ) is the probability of the model param-
eters θ given the data (here N is used to denote column
densities) and a particular model M. Bayes Theorem states
that p(θ|N,M ) is proportional to the product of the likeli-
hood distribution L(N |θ,M ) and the prior probability of the
parameters p(θ|M ):

p(θ|N,M) =
L(N|θ,M)p(θ|M)

p(N|M)
. (1)

where the prior probability of the data p(N |M ), also
known as the marginal likelihood, is a normalizing con-
stant that depends on the particular model M. In the con-
text of our ionization modeling application, a model M ≡

9 The total H i column density is well-constrained in these systems,
but the way the H I is distributed among the kinematically-aligned

phases is unknown and is allowed to vary in our models.
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M(nphases, I
1
mech, ..., I

nphases

mech
) is specified by the number of

model phases nphases, the ionization mechanism Ii
mech used for

the ith phase, and the order in which the phases are assigned.
The order of the phases is only important if the multiphase
model relies on multiple types of ionization mechanisms, since
it affects various “ranking priors” that we introduce below
(i.e., for the density and temperature parameters). We con-
dense this information into a compact notation by using the
letters “P” and “C” to refer to photoionization equilibrium
(PIE) only and a combination of photoionization and col-
lisional ionization mechanisms (defined below), respectively,
and by combining letters so that each phase is represented
by a single letter and their order reflects their use in the ion-
ization model (lowest ionization stage first). Thus, a “PPC”
model has three phases and only the third (most highly ion-
ized) phase incorporates P+C ionization. Sometimes, column
density measurements that are not kinematically resolved
across individual absorbers will necessitate joint modeling of
two (or more) absorbers. For example, in the PG1338+416
system, the C iii components from Absorbers 0.6A & 0.6B
are strongly blended and cannot be disentangled (see Fig. 6),
but we can still use the C iii information by jointly model-
ing the two absorbers. We refer to absorbers linked in this
manner as component groups. We can extend this notation
to account for this scenario. For example, “PPCa-PCb,” in-
dicates that Absorber 0.6A has a “PPC” model and Ab-
sorber 0.6B takes a “PC” model, specified by the joint poste-
rior p(θPPC,θPC|N 0.6A,N 0.6B,N 0.6AB,M PPC,M PC).

The parameters inferred using Bayes Theorem are not
point estimates, but fully specified probability densities. One
derives the marginal posterior density of individual parame-
ters θi,p from the full posterior p(θ|N,M ) by integrating (i.e.,
marginalizing) over all the other parameters:

p(θi|N,M) =

∫
p(θ|N,M)dθ1...dθi−1dθi+1...dθn. (2)

Wherever possible, we make use of the full parameter prob-
abilities (i.e., the marginal posterior densities), but in some
figures that rely on point estimates for clarity, we represent
the corresponding marginal posterior densities by the primary
mode of the distribution with uncertainties that encompass
the interior 68% of the distribution in each direction. For
example, a parameter p with a distribution resembling the
standard log-normal distribution (µ=0, σ=1) would be repre-
sented as p=0.37+1.86

−0.19. We prefer this notation since it imparts
some information about the skew in the underlying distribu-
tion.

The Bayesian likelihood distribution describes the proba-
bility of observing the data given a set of model parameters.
We treat each measured column density as an independent
random variate of a zero-truncated normal (ZTN) distribu-
tion (Equation A4) with the mean given by the multiphase
ionization model and the variance set by the uncertainty in
the corresponding Voigt profile fit. Empirically, the ZTN dis-
tribution appears to best describe simulated measurements
of a single, noisy absorption feature across a wide range in
column density (from non-detection to saturated) and signal-
to-noise ratios. We model upper and lower limits as lower
and upper tail probabilities, respectively, of the correspond-
ing ZTN distribution.

The likelihood function that we employ in this paper is de-
scribed in detail in Appendix A1. This likelihood function de-

pends on two key assumptions: 1) that ionic column densities
derived from Voigt-profile fitting are essentially independent,
and 2) that our adopted error model with fixed variance (per
species) adequately reflects the uncertainty in the column
density measurements. These same assumptions have been
used in most of the papers in the literature that use Bayesian
methodology (e.g., Crighton et al. 2015; Fumagalli et al. 2016;
Glidden et al. 2016; Prochaska et al. 2017) to model quasar
absorption line spectra. We expect that our likelihood func-
tion is at least accurate to first order, especially for “clean”
(unblended and not saturated) measurements; the measure-
ment of severely overlapping Voigt profiles (e.g., with velocity
separations on the order of their linewidths δv12 . b1, b2) are
not fully independent. We are currently investigating the rel-
ative significance of these effects in a separate project. For
the present study, we will follow the literature and assume
that the two assumptions are accurate to first order.

A key part of any Bayesian model is the prior distribution
p(θ|M). As the ratio of the number of data points to model
parameters decreases, the weight of the prior increases (rela-
tive to the likelihood). In many of our models, the number of
parameters is close (within a factor of two) to the number of
strong column density constraints, so the prior distribution
plays an important role in our inferences. We strive to in-
corporate informative priors wherever possible since so-called
non-informative priors can introduce undesired biases. In the
following parameter overview sections, we describe various
priors on both the model parameters and derived quantities.
Appendix A2 formally describes p(θ|M).

3.3.2 MCMC Sampling

We sample the posterior densities of our models using an
ensemble Monte Carlo Markov Chain (MCMC) algorithm,
specifically the affine invariant “Parallel Tempered Ensemble
Sampler” (PTES) implemented in the popular Python pack-
age emcee v2.2.110 (Foreman-Mackey et al. 2013). The core
(non-tempered) algorithm initializes an ensemble of “walk-
ers”, which are similar to Metropolis-Hastings chains with
the key difference being that the proposal distribution for a
given walker depends on the other walkers’ positions. In our
application, the tempered version of the algorithm is faster
and more likely to converge than the basic algorithm. The
ensemble proposal distribution also includes a scale param-
eter, a, that primarily affects the acceptance rate. We find
that scale parameters in the range a=1.2–2 optimally balance
the algorithm’s convergence rate against its ability to explore
parameter space. The tempered version initializes multiple
ensembles of walkers and allows each ensemble to wander
through a power-law scaled version of the posterior (includ-
ing one ensemble dedicated to the true, non-scaled posterior).
These tempered chains can swap positions in a manner that
preserves the detailed balance of the MCMC. This results
in a more robust sampling of multimodal posteriors, and fre-
quently a boost in their convergence rate as well. We initialize

10 Note, the PTES has been removed from the most recent version
of emcee (v3.0.2) and is now the stand-alone package ptemcee:
https://github.com/willvousden/ptemcee. These program changes

did not alter the underlying mathematical algorithm, so it is con-
sistent in both versions.
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the sampler with 70–150 walkers and 2–3 temperings (using
the provided default power-law scaling). Each walker’s initial
position is uniformly sampled across the allowed parameter
volume (i.e., where p(θ|M) > 0), an initialization technique
that we find leads more reliably to convergence for complex
models than initializing all the walkers near a single best-
guess point in parameter space.

MCMC algorithms are guaranteed to draw samples from
the stationary distribution (e.g., the posterior) if run for an
infinite duration. For finite MCMC runs, however, one must
rely on heuristics to assess when the chain has moved away
from the initial positions and converged on the stationary dis-
tribution. The Gelman-Rubin (GR) statistic (Gelman & Ru-
bin 1992; Brooks & Gelman 1998) is a commonly used heuris-
tic that tracks how well multiple independent, co-evolved
chains have mixed. Unfortunately, since the PTES walkers are
not individually Markovian (each ensemble is, in fact, a single
large Markov Chain), it is incorrect to use the GR statistic on
the ensemble walkers. One could, in principle, compute the
statistic for several co-evolving ensembles, but this is typically
impractical. Instead, Foreman-Mackey et al. (2013) advocate
using the integrated autocorrelation time (IACT) τiact of the
ensemble to determine when to cease sampling. The idea be-
hind using the IACT as a stopping criterion is rooted in the
observation that Monte Carlo integration errors decrease as a
function of the number of samples: σMonte Carlo ∝ N−0.5. The
effective sample size is reduced, however, by the IACT be-
tween samples: N i

eff = N/τi
iact, where i = 1, 2, ..., npar and npar

is the number of model parameters. It makes sense to follow
Nmin

eff = N/max{τi
iact} for determining convergence. One may

stop the simulation once Nmin
eff reaches a target threshold (we

target Nmin
eff > 104). In practice, τi

iact can be poorly estimated

when N i
eff is low. Hence, we wait until Nmin

eff > 100 to begin col-
lecting samples. In practice, we find that the IACT used in
this way works well in an empirical sense: the sampled poste-
rior density does not evolve significantly after the IACT has
converged and the results are consistently reproducible.

3.3.3 Model Selection Metrics

In subsequent sections we will seek to quantify the perfor-
mance of individual models relative to a set of competing
models. We utilize two common (Bayesian) metrics for this
purpose: 1) Bayesian evidence ratios or Bayes factors (Kass
& Raftery 1995), which express the relative probabilities or
“odds” of pairs of models, and 2) posterior predictive p-values
(Gelman et al. 1996), which are Bayesian versions of classical
p-values.

The Bayes factor K for two models M 1, M 2 is the ratio of
their marginal likelihoods multiplied by the prior odds ratio
of the models. This gives the posterior odds, i.e., the relative
probabilities of the two models:

(posterior odds) = (Bayes factor) × (prior odds) (3)

or equivalently,

p(M2|N)
p(M1|N)

=

∫
p(N|θ2,M2)p(θ2|M2)dθ2∫
p(N|θ1,M1)p(θ1|M1)dθ1

×
p(M2)
p(M1)

(4)

Lacking information that favors any particular model over the
others a priori, we assign a factor of unity for the prior odds
of all pairs of our models and treat the Bayes factor as the

de facto posterior odds. We compute the marginal likelihood
by identifying and resampling posterior modes following the
approach outlined in Weinberg (2013). Details are given in
Appendix A3.

By virtue of their definition as probabilities, Bayes factors
allow one to consider how strongly the data support a par-
ticular model. Unlike classical hypothesis tests, which only
consider evidence against the preferred model (the null hy-
pothesis), Bayes factors also consider evidence in favor of the
model. Thus, using Bayesian evidence and Bayes factors, one
may rank a set of models probabilistically and accept those
above some“decisive”odds ratio threshold rather than merely
rejecting those below the threshold.

In practice, Bayes factors are sensitive to the choice of prior
and the decision threshold is somewhat subjective. Addition-
ally, accurate estimates of the marginal likelihood are of-
ten computationally challenging, particularly for models with
moderate to high dimensionality and/or multimodal poste-
riors. To address these shortcomings, we 1) set informative
priors wherever possible, and 2) model mock absorbers to
assess the sensitivity and accuracy of our Bayes factor esti-
mates. Our test results (see Appendix A4) indicate a decision
threshold of K > 101.5 suffices to choose one model over an-
other. Note that this corresponds to “very strong” evidence
on the oft-invoked interpretation scale of Jeffreys (1961).

Bayes factors provide a useful metric for comparing two
models, but unless one has computed the complete set of
competing models, it is impossible to state the absolute prob-
ability of any given model. Thus, we would also like some
criterion to reject models in an absolute sense when discrep-
ancies between the model and data are unlikely to have arisen
by chance. The posterior predictive p-value (PP p-value), is
a Bayesian version of the classical p statistic that probabilis-
tically evaluates (in simulated datasets) a model’s ability to
replicate some summary statistic T (yobs,θ) of the data yobs

and model parameters θ. For example, a PP p-value of 0.35
means that, assuming the model is true, we can expect simu-
lated datasets ysim to produce a statistic T (ysim,θ)>T (yobs,θ)
35% of the time. Extending this concept, models that result
in PP p-values near 0 are deemed unlikely and rejected. Con-
versely, it is appropriate to be suspicious about models with
PP p-values very close to 1 – this could indicate that such
models are overfitting the data, which compromises the in-
sight that they provide. Models with PP p-values ≈ 1 should
be subjected to extra scrutiny to evaluate whether, e.g., the
model has too many parameters. The rejection threshold
or significance level α and the choice of summary statistic
are subjective and depend on the problem at hand. We set
α=0.05 and define T (y,θ) to be the scaled and summed resid-
uals between observed/simulated and modeled column den-
sities. Appendix A5 expounds on the details of this statistic.

3.4 Overview of Model Parameters

3.4.1 Ionization Mechanism

To infer the physical conditions in a given absorber, we need
to know the parameters that are most likely to produce the
measured ionic column densities. This necessarily involves dif-
ferencing the measured and model-predicted columns, where
we define the model prediction as the sum of column den-
sities across all ionization phases assigned by the model for
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each absorber (Equations A4–A6). We use version 17.00 of
cloudy, last described by (Ferland et al. 2017), to compute
the ionization equilibrium and radiative transfer through the
absorbing gas. Assuming that the gas is optically thin, we can
build a basic multiphase model as the composite of several
single-phase models, e.g., as layers or shells of a gas cloud. For
a given slab of gas, cloudy iteratively adjusts the thickness
until N H I reaches a prescribed value, while simultaneously
solving the radiative transfer equations and balancing the
heating and cooling processes. The resulting cloudy solution
reports the abundances of all the ionization states for the first
thirty elements (through Zn). cloudy also has an option to
fix the slab temperature to an arbitrary value. This effectively
forces cloudy to function as a collisional ionization model
while simultaneously accounting for the energy supplied by a
background radiation field. Hence we label this mode photo-
plus collisional-ionization (P+C). Note that in P+C models,
heating and cooling are not necessarily balanced. cloudy’s
prevalence in the literature makes it a natural choice as our
core ionization model, to enable a straightforward compari-
son between our multiphase models and prior work. We note
in passing, however, that there are other intriguing alter-
native ionization models that might benefit from the same
multiphase framework we develop in this work (e.g., Gnat &
Sternberg 2007; Oppenheimer et al. 2018; Buie et al. 2020).

Since cloudy models are relatively expensive to compute
on-the-fly, we precomputed large grids of ionization models
for both the PIE-only and P+C ionization modes at the grid
points specified in Table 5. To facilitate arbitrary sampling
across the parameter space these grids were then interpo-
lated into continuous functions via 1-D Akima11 interpolants
applied iteratively along each dimension.

3.4.2 The UV Radiation Field

The impinging ultraviolet light is expected to be the domi-
nant source of ionization in diffuse IGM/CGM absorbers, but
local variations in its shape and intensity are poorly charac-
terized. The UV background (UVB) contributes a substantial
fraction toward the UV ionizing photon budget, yet models of
the cosmic mean extragalactic radiation field (e.g., Haardt &
Madau 1996, 2001, 2012; Faucher-Giguère et al. 2009) vary
year-to-year in their predictions (e.g., see Figure 11 in Fu-
magalli et al. 2017). Unknown intrinsic uncertainties in the
UVB estimates are not the only concern, however, as Upton-
Sanderbeck et al. (2018) list several ionizing flux sources local
to galaxies that may significantly enhance the density of ion-
izing photons. Additionally, the ionization in some interven-
ing absorbers is likely impacted by their proximity to AGN
(foreground to the target QSO and adjacent to the sight line),
which can exhibit a wide variation in UV spectral slopes and
luminosity (Scott et al. 2004; Stevans et al. 2014). This con-
sideration may be more significant given the potential for
“flickering” AGN (Oppenheimer et al. 2018) to produce ion-
ization fossils that persist while the AGN is inactive.

To account for a wide range of physically plausible lo-
cal radiation fields, we introduce two parameters that ad-
just the spectral shape of the UV radiation field, illus-

11 1-D Akima interpolation is less prone to strong spurious oscil-

lations with small numbers of data points (Akima 1970).
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Figure 9. An illustration of the various UV ionizing radiation field
parameterizations explored by our models. (a) In the top panel we

vary the spectral slope αUV (with minimal and maximal values

illustrated by the red solid curves) and the He ii Lyman Limit ab-
sorption strength βH I (curves with different linestyles) relative to

the fiducial Haardt & Madau (2012) UVB (black curve). Ionization
potential energies are marked for some commonly detected ions, to

underscore the potential impact of variations in the shape of the

UV spectral energy distribution on their photoionization rates. (b)
The bottom panel includes a wider view of the ionizing radiation

field, with each curve’s intensity normalized to the fiducial H i

photoionization rate Γ0
H I

as described in the text.

trated in Figure 9. First, borrowing from the approach of
Crighton et al. (2015) (see also Fumagalli et al. 2016) we
vary the approximately powerlaw slope of the fiducial ra-
diation field (in this study, Haardt & Madau 2012) by ap-
plying a “hinge” at 1 Ryd and modifying the slope of the
spectrum on the higher energy side (of the hinge) via the
power law spectral index parameter, αUV. These variations
are implemented as shown in Equation 5 through the function
f (E). We apply a truncated normal prior to αUV, specifically
pTrunc. Normal(αUV,−1.41, 0.7,−2.5,−0.28) (see Equation A1),
where the bounds are tied to the range of our precomputed
grid of ionization models and the values for µ and σ are de-
rived from the distribution of AGN spectral indices αν mea-
sured by Stevans et al. (2014) at rest-frame FUV (500–1000
Å) (see the blue histogram in their Figure 10).

Moderately and highly ionized species (see tickmarks in
the upper panel of Fig. 9) are also sensitive to the strength
of the He ii Lyman Limit absorption trough (λrest ≈ 228Å
corresponding to ≈ 101.74 eV), and estimates of this feature in
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models of the cosmic mean UVB have varied significantly over
the past two decades. Hence, we introduce a second scaling
parameter βHe II that makes the helium dip deeper or shal-
lower.12 Given the wide range in βHe II over the limited set
of UVB estimates in the literature, we place a uniform prior
pUniform(βHe II, 0, 3) (Equation A17) on βHe II designed to en-
compass the variations seen in the literature (see Fig. 9a).

Given the two parameters αUV and βHeII, the following
equation defines the shape Fν(E) of our variable radiation
field for energy E:

log10 Fν(E) = g(E, f (E)) (5)

where

f (E) =

H(E), E ≤ E0

H(E) + (αUV + 1.4)E, E > E0

and

g(E, x) =

βHeIIx + (1 − βHeII)(mE + b), 1Ryd < E < 18.4Ryd

x, otherwise

where H(E) is the base 10 logarithm of the fiducial Haardt
& Madau (2012) radiation field and mE + b is the line be-
tween the two (E,H(E)) coordinate pairs evaluated at E = 1
Ryd and 18.4 Ryd. The value αUV = −1.4 corresponds to the
approximate spectral index of H(E) near redshift z ≈ 0.5.

To fully specify the UV spectral energy distribution, we
need a prescription for the intensity of the ionizing radia-
tion. The ionization state of the optically thin gas, however,
is degenerate with respect to the total ionizing intensity and
the gas density, which makes it impossible to directly con-
strain both properties simultaneously. Instead, it is common
to present model results as a function of the ionization pa-
rameter U = nγ/nH, where nγ = the number density of ioniz-
ing photons, which scales with the total ionizing intensity of
the radiation for a fixed spectral shape. In our parameteriza-
tion of the UV radiation field the spectral shape is not fixed,
however, so we must first normalize by the total ionizing in-
tensity. This poses a problem for the physical interpretation
of nγ, and by extension, U, since the total ionizing intensity
is sensitive to the distribution of X-ray photons in a given
SED while the ionization state of the gas is not, since the
tail of the H i photoionization cross-section is negligible at
such high energies. As a solution to this problem, we instead
define a pseudo-ionization parameter QΓ based on the H i
photoionization rate ΓH I rather than on the photon number
density:13

QΓ ≡
ΓH I

nH

. (6)

Like nγ, ΓH I also scales linearly with the total ionizing in-
tensity for a fixed spectral shape, and similarly needs to be
normalized. The normalized rate is:

Γ̃H I = f(αUV, βHe II) · ΓH I, (7)

12 More precisely, it adjusts the total integrated flux decrement
from the unabsorbed powerlaw in the vicinity of the He ii ly-

man limit, with a scaling of unity returning the fiducial curve, and
a maximum scaling reflecting the largest estimate of such a flux

decrement found in the literature (i.e., Haardt & Madau 1996).
13 Note, unlike U, QΓ is not dimensionless.

Table 5. List of Parameters, Priors, and Pre-Computed Ion-
ization Model Grid Details

Parameter Bounds Step Prior Reference

log10 nH(z) (cm−3) (−6.3,−1.3)|z=0 a Eqn. A15

log10 T (K)b (4.0, 6.4) 0.1 Eqns. A14, A17

[α/H]c (−3.0, 0.7) d Eqns. A13, A17

αUV (−2.5,−0.28) 0.317 Eqns. A10, A1
βHeII (0, 3.0) 1.0 Eqns. A11, A17

[C/α]e (−0.8, 0.8) 0.4 Eqns. A12, A17

[N/α]e (−1.2, 0.4) 0.4 Eqns. A12, A17
[α/Fe]e (−1.2, 0.4) 0.4 Eqns. A12, A17

log10 NH (cm−2)f (0,& 23) — Eqns. A16, A18

σ2
ln P,true

g (0, 3.5) — Eqn. A7

s2
ln P

g Latent Parameter Eqn. A7

a The i-th redshift-dependent grid value of log nH(z) is

given by −3.846 × ln(e1.638 − i × e−2.047) + ln(1 + z)3 for
i = 0, 1, ..., 29.

b log10 T is only relevant for P+C models.
c See Section 3.4.4 regarding why [α/H] instead of [Z/H].
d The i-th grid value of [α/H] is

3.7 × ln(i × e−2.8344 + e−0.811) for i = 0, 1, ..., 13.
e In P+C models these parameters are applied as

post-cloudy adjustments to shorten the computation

time. Real-time processing of non-solar gas composition
produces slight differences (typically . 0.01 dex) in the

modeled electron number density and ionic column

densities.
f NH is not gridded because the solution scales linearly

with NH for an optically thin gas (see Section 3.4.5).
g σ2

ln P,true is a hyperparameter and s2
ln P is a property of

the other parameters. Both relate to pressure

equilibrium in multiphase models (see Section 3.4.6).

which depends on the normalizing function

f(αUV, βHe II) =
Γ0

H I

ΓH I(αUV, βHe II)
. (8)

For consistency with the fiducial values of αUV and βHe II

(i.e., those which reproduce the fiducial UV ionizing radi-
ation field), we set Γ0

H I = ΓHM12
H I (z), where ΓHM12

H I (z) is the
redshift-dependent H i photoionization rate of the UVB from
Haardt & Madau (2012). Compared to alternative UVB mod-
els (e.g., see Fumagalli et al. 2017, Fig. 11), ΓHM12

H I (z) would
seem to be an excellent choice as a lower limit on the true
H i photoionization rate. Indeed, given the potential for extra
radiation intensity from local ionizing sources (e.g., AGN), it
makes sense to work with such a lower limit.

3.4.3 Gas Density and Temperature

The UV intensity normalization discussed above affects the
gas density as well, since the two quantities are related by
Equation 6. In conjunction with Equation 7, the adjusted
density corresponding to the normalized H i photoionization
rate is:

ñH =
Γ̃H I

QΓ

= Γ̃H I

(
nH

ΓH I

)
= f(αUV, βHe II) · nH. (9)

The unadjusted density, nH, in conjunction with an unnor-
malized H i photoionization rate, ΓH I, describes the ioniza-
tion state of the gas (QΓ). Equation 9 shows that upon nor-
malizing the total ionizing intensity, now characterized by
Γ̃H I, we can recover the same ionization parameter QΓ only
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if we also multiply the density nH by f(αUV, βHe II). If one
takes the fiducial Γ0

H I as a lower limit, then f(αUV, βHe II) be-
comes a lower limit by Equation 8, as suggested above, and
the adjusted density is also a lower limit: ñH . ntrue

H . Note
that treating the density as a lower limit propagates to a
lower limit on the derived gas pressure and an upper limit on
the inferred cloud size, two properties discussed below.

In multiphase models, the relative density between indi-
vidual phases irradiated by a common UV ionizing radiation
field can be uniquely specified, unlike14 the absolute gas den-
sity, which depends on one’s choice of Γ0

H I (to normalize the
radiation field). Throughout this work, we assume that kine-
matically aligned absorption components are exposed to a
common radiation field. Under this assumption, we can di-
rectly compare gas densities, pressures, and cloud sizes across
ionization phases inferred by multiphase models for a given
absorber (or multiple absorbers if they share a common set
of UV parameters) without worrying about the true normal-
ization of the gas density.

For single-phase models, the only constraints on the density
are the boundaries of the parameter interpolation grid, so we
place a uniform prior on the logarithm of the density across
the accessible region of parameter space. In multiphase mod-
els, however, the prior also enforces a density ranking among
the phases (of a given absorber) so that a particular model
phase always takes densities with the same ranking index i.
For example, in a three-phase model, the first phase is al-
ways assigned the highest density, the second phase gets the
intermediate density, and the lowest density goes to the third
phase. When the ionization mechanism (PIE-only or P+C)
is consistent across all phases, then this prior is essentially
a bookkeeping exercise with no physical implications. When
both PIE-only and P+C phases are intermixed, however, the
inferred gas densities are impacted by the ranking prior. The
prior is still warranted in this case though, since we gener-
ally expect that higher temperature (P+C) gas has a lower
density than cooler (PIE-only) gas. The exception to this
prior would be if high density, warm-hot gas were embedded
in a cooler photoionized cloud, but the large implied pres-
sure gradient should make any such state short-lived. With-
out this phase ranking prior, the model typically prefers the
exception, but for non-physical reasons: the density is poorly
constrained at higher temperatures and the cloud size prior
(see below) prefers higher densities (smaller clouds). Equa-
tion A15 gives the probability density of the ranking prior.

The cloudy P+C models additionally include the gas tem-
perature as a free parameter. This is particularly useful for
modeling hot gas phases in a multiphase absorber. We place
a uniform prior on the ‘hot’ phase temperature log T between
the boundaries of the cloudy interpolation grid (Table 5).
Note that at the lowest gas temperatures the P+C model is
largely photoionized, and collisional ionization only becomes
dominant at higher temperatures. In the latter regime, the

14 Alternatively, if one has strong prior information on Γ0
H I

, then

Γ0
H I

could be included within a Bayesian model as a “nuisance”
parameter. This would enable a full specification of the gas den-

sity. For example, one could use measurements of the UVB value
for Γ0

H I
as a prior, but only if one has high confidence that the

absorber is not partially ionized by local galaxy/AGN sources. We

do not take this approach given the limited number of constraints

on ΓUVB
H I and the uncertainty in the local environment.

density dependence of the heating and cooling processes can-
cel, so the gas density has little effect on the model. Even
at temperatures of ≈105.5 K, however, the density depen-
dence is not completely erased. A two-phase P+C model with
a ranked density structure will elicit a ranked temperature
structure (highest temperature corresponding to lowest den-
sity) without any informative temperature prior. If the tem-
perature were independent of density, this would not occur.

3.4.4 Gas Metallicity and Composition

In addition to the standard metallicity parameter normalized
to Asplund et al. (2009) solar abundances, we also include a
set of parameters governing the relative abundances of indi-
vidual elements. For the absorbers examined here, we tagged
all the α-elements to directly follow the metallicity parame-
ter (i.e., at solar relative abundance ratios), while the carbon,
nitrogen, and iron abundances were allowed to vary with re-
spect to the α abundances. All other species were required
to follow solar relative abundances except in one absorber,
which also demands a non-solar aluminum abundance (see
below). The motivation for this individual treatment of C,
N, and Fe is their differing nucleosynthetic origins; the rela-
tive abundances of these species are observed to depart from
their solar values in various contexts (e.g. McWilliam 1997;
Fabbian et al. 2009; Lehner et al. 2013; Cooke et al. 2017).
To all metallicity and relative abundance parameters we ap-
plied non-informative, uniform priors across the range of the
precomputed cloudy grid.

We detect aluminum in Absorber 0.6A, and, in exception
to the scheme above, we find that an adequate fit requires
tuning the [Al/α] relative abundance. We include [Al/α] as an
extra parameter in our models for Absorber 0.6A and assign a
truncated normal prior pTrunc. Normal([Al/α], 0, 0.2,−0.5, 0.5).

We do not explicitly attempt to include parameters that
allow for depletion of some elements by incorporation into
dust, but an underabundance of Fe in the gas phase could
be interpreted as a result of dust depletion instead of as the
result of nucleosynthetic origins. In the absorption systems
studied in this paper, we do not detect many of the refractory
elements that are highly sensitive to the presence of dust,
so it can be difficult in some cases to distinguish between
nucleosynthesis and dust depletion. Our approach is simply to
explore the relative abundances allowed by the models, which
can then be interpreted and discussed in various contexts.

3.4.5 N(H) Scaling

All our absorbers fall in the optically thin regime N(H i) .
1017 where the ionic column densities scale linearly with
N (H i). This allows us to precompute a single grid of ion-
ization models at a generic, though optically thin, value of
N (H i) (we chose log N (H i)=1015.5) and to scale the column
densities to fit any of our absorbers. Once the grid has been
computed, there is no reason to prefer N (H i) as a scaling
parameter over any other ionic column density. Instead, we
take the total hydrogen column (NH = N(H i) + N(H ii)) as a
more useful scaling parameter since it allows us to establish a
direct prior on the physical extent of the absorption “cloud”.
Each modeled ionization phase is assigned a scaling parame-
ter, so that the column densities of the p-th phase N(Xion

p ) are
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set by scaling the precomputed column densities N(Xion
grid):

N(Xion
p ) =

Np
H

Ngrid
H

N(Xion
grid). (10)

The total hydrogen column density is closely related to the
line-of-sight path-length, or“cloud size” labs of an absorber, so
we encode some reasonable assumptions about the cloud size
as a prior on Np

H. We assume that absorbers are smaller than
≈100 kpc so that these absorption systems, which are often
clearly composed of several components and multiple phases,
can plausibly fit within a galaxy halo. At low redshifts, these
assumptions are supported by CGM studies that have probed
single galaxies with multiple sightlines to background QSOs
(e.g., Keeney et al. 2013; Bowen et al. 2016); these studies
indicate that the size of metal-enriched CGM clouds is �
100 kpc. At intermediate and high redshifts, several groups
have similarly used the multiple sightlines to images of grav-
itationally lensed QSOs to show that metal absorbers change
on scales smaller than 100 kpc (Rauch et al. 2001; Chen et
al. 2014). Rauch et al. (2001) probed the spatial density dis-
tribution of C iv absorbers along pairs of sightlines to three
gravitationally lensed quasars (zQSO={2.32, 2.72, 3.62}) and
found little difference in the multi-sightline comparison of
C iv column density or velocity shear at scales less than a
few hundred parsecs and increasingly greater differences on
larger scales, with simple estimates suggesting the absorption
likely extends over ≈10 kpc regions. More recently, Rubin et
al. (2018) calculated a coherence scale of &2 kpc for strong
(W2796>0.1 Å) Mg ii absorbers. We model these assumptions
with a Gamma distribution prior over the multiphase path
length labs, which we define as the total path length through
all the discretely modeled gas phases p that compose a given
absorber. In this work we explore nphases ≤ 3 and we approxi-
mate the path length through a single phase p by its modeled
hydrogen column density to number density ratio.

labs =

nphases∑
p=1

Np
H

〈np
H〉

(11)

where 〈np
H〉 = fvnp

H. Since the hydrogen number density vol-
ume filling factor fv ≤ 1 is unknown, we proceed by setting
it to unity and treating Equation 11 as a lower limit on the
multiphase path length.

A convenient property of the Gamma distribution ensures
that the sum X + Y of two independent Gamma variables,
X ∼ Gamma(k1, θ) and Y ∼ Gamma(k2, θ), will also be a Gamma
variable X + Y ∼ Gamma(k1 + k2, θ). Since we treat the total
path-length as a Gamma variable, we can model path-lengths
of individual phases (in a multiphase absorber) as indepen-
dent Gamma variables by assigning a common scale parame-
ter θpath-length. Furthermore, if we consider the hydrogen col-
umn density of an individual phase Np

H as the path-length of
the phase lp

abs
scaled by its density np

H,

Np
H = np

Hlp
abs

, (12)

then the scaling property of the Gamma distribution15 allows
us to recast the prior on lp

abs
as a Gamma distribution over

NH, i.e., P(Np
H|n

p
H) = Gamma(kp,np

Hθpath-length). We find that
setting kp = 0.2 and θpath-length = 15 kpc produces good re-
sults, though we do not attempt to rigorously optimize these

15 If X ∼ Gamma(k, θ), then for c > 0: cX ∼ Gamma(k, cθ).

values (e.g., through sensitivity testing or by setting hyper-
priors.)

3.4.6 Gas Thermal Pressure

The multiphase nature of our models allows us to investi-
gate differences in the physical conditions between individ-
ual model phases. One important property is the variation in
thermal pressures among the nphases model phases, which can
act as an indicator for thermal pressure equilibrium (TPE)
or lack thereof across the modeled absorber. The question
of whether or not an absorber exists in TPE is important
because it equates to a test for hydrostatic equilibrium in
the ambient medium under two assumptions: every phase in
the absorber 1) exhibits the same ratio of thermal vs. non-
thermal pressure support and 2) follows a similar spatial dis-
tribution. Regarding the first point, Lochhaas et al. (2020)
conducted a detailed investigation of halo pressures in two
simulated galaxies and found that thermal pressure support
dominates at radii larger than 0.1Rvir . In support of the sec-
ond assumption, one could argue that the simplest expla-
nation for the observed kinematic correlations discussed in
Section 3.1 and exemplified in Figures 7-8 is that the gas in
different ionization phases does follow a similar spatial dis-
tribution.

We aim to address two questions concerning TPE and,
by extension, hydrostatic equilibrium: 1) is a TPE solu-
tion possible, and 2) how likely is TPE? Suppose we treat
the set of n (where typically n=2 or 3) thermal pressures,
which we derive for each sampling of the posterior of our
multiphase absorber models, as samples of an underlying
log-normal pressure distribution with variance σ2

P,true. This
assumes that predominantly stochastic processes determine
the density and temperature distributions in the underlying
medium. If the underlying medium is a galaxy halo, then
an approximately log-normal thermal pressure distribution is
supported by Lochhaas et al. (2020). At the other extreme,
we cannot discount the possibility that a single clump of gas
plunging through the halo might exhibit non-thermal pres-
sure variations owing to interface physics (e.g., shocks and
instabilities). In this case, the methodology presented here
will likely underestimate the probability of hydrostatic equi-
librium. For a log-normal thermal pressure distribution, the
logarithmic pressure in each phase, ln Pi, samples a normal
distribution with σ2

ln P,true, and hence the sample variance of

the set of n phase pressures s2
ln P = Var{ln P1, ..., ln Pn} has the

known sampling distribution

(n − 1)s2
ln P

σ2
ln P,true

∼ χ2(n − 1). (13)

Equation 13 implicitly defines P(σ2
ln P,true|s

2
ln P), i.e., the prob-

ability that the underlying log-normal pressure distribution
has a variance σ2

ln P,true given the sample variance s2
ln P cal-

culated from the set of model phase pressures. To make a
probabilistic interpretation about TPE one needs to condi-
tion P(σ2

ln P,true|s
2
ln P) on the data, i.e., the column densities

N . The posterior predictive distribution for σ2
ln P,true

P(σ2
ln P,true|N ) =

∫
P(σ2

ln P,true|s
2
ln P)P(s2

ln P|N )dθ (14)

provides a straightforward way for this to be accomplished.
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Here P(s2
ln P|N ) is the posterior distribution over s2

ln P, which in
turn is computed from the posterior distributions of the phase
densities and temperatures (ln Pi = ln ni + ln Ti for i = 1, ...,n).
If we define TPE as a constraint on the underlying pressure
dispersion of the modeled gas phases, i.e., σ2

ln P,true < αTPE for
some threshold value αTPE, then a multiphase TPE solution
is 1) possible if P(σ2

ln P,true < αTPE|N ) > 0 and 2) likely if

P(σ2
ln P,true < αTPE|N ) > 0.5. We take αTPE = 0.18, which is

the value of σ2
ln P,true when the full width at half maximum

(FWHM) of its corresponding log-normal distribution is half
its mean. The reader can assess how our interpretation of
TPE might change with different values of αTPE based on
the information presented in Section 5.1.

The disadvantage of the posterior predictive distribution
is that it precludes setting a prior constraint on σ2

ln P,true di-

rectly. To allow for such a prior we first set a prior on s2
ln P and

make σ2
ln P,true a hyperparameter of P(s2

ln P). This allows us to

set a hyperprior on σ2
ln P,true and use the marginal posterior

distribution P(σ2
ln P,true|N ) of the hyperparameter σ2

ln P,true as
a replacement for the posterior predictive distribution ex-
pressed in Equation 14. This approach has the added ad-
vantage of requiring us to specify a prior on s2

ln P, a derived
parameter of the model that would not normally require a
prior. In the absence of an explicit prior, s2

ln P would align
with the implicit prior induced by the complex intersection
of priors on explicit model parameters (indeed, implicit pri-
ors are unavoidable for all derived model parameters). Setting
an explicit prior on a derived parameter first requires cancel-
ing the induced one. Handley & Millea (2019) prove that the
maximum entropy prior, i.e., the one that assumes the least
information, is achieved with a canceling step where the joint
probability of the explicit model parameters is divided by the
induced prior on the derived quantity of interest, in this case
s2

ln P (see their Equation 3). We use kernel density estimation
(KDE) to capture the prior induced on s2

ln P in 105 random
uniform samples of the explicit parameters.16 After cancel-
ing, we multiply by our desired explicit prior, in this case
P(s2

ln P|σ
2
ln P,true), which is implicitly defined by the inverse of

Equation 13:

σ2
ln P,true

(n − 1)s2
ln P

∼ Inv-χ2(n − 1). (15)

Now, σ2
ln P,true is a hyperparameter of the prior on s2

ln P, and
we are free to assign a hyperprior to it as intended. Further
details are provided in the appendix (see Equation A7).

Several considerations affect the bounds, weight, and shape
of our prior on σ2

ln P,true. First, we restrict σ2
ln P,true to 0 ≤

σ2
ln P,true ≤ 3.52. This range corresponds to the finite support

of our KDE for s2
ln P, outside of which P(s2

ln P|σ
2
ln P,true) quickly

becomes negligible. Next, we set the shape of the prior as
a mixture of a Uniform and a Half-Normal distribution and
weight them so that P(σ2

ln P,true < αTPE|X ) = P(σ2
ln P,true >

αTPE|X ) = 0.5, i.e., the prior probabilities of TPE and non-
TPE are equal. This results in a high probability density

16 The thermal pressure variance depends on just the temperature

and density, but in PIE-only models the temperature is itself a

derived quantity of the model determined by all the cloudy ion-
ization modeling parameters. Hence, in general the induced prior

depends on all the bounded parameters included in Table 5.

within the narrow TPE threshold and a low probability den-
sity across the much wider non-TPE region (see Section 5.1).

4 MULTIPHASE IONIZATION MODELING

In this section, we investigate the ionization structure of the
absorbers presented in Section 2 using the Bayesian multi-
phase ionization modeling scheme we describe in Section 3
and Appendix A1. Our goal is to find the most probable,
physically motivated, ionization equilibrium model that plau-
sibly fits all the data while minimizing the number of model
parameters. Beginning with a model consisting of a single
phase of photoionized gas, we incrementally add discrete gas
phases or alter the ionization mechanism (either PIE-only or
P+C, see Section 3) of a given phase until we achieve an
adequate fit. We use posterior predictive p-values to reject
models that cannot plausibly reproduce the measured column
densities, and we compute Bayes factors to weight and select
the “best” (i.e., most probable) of the remaining models. We
show that a single-phase model cannot reproduce the mea-
sured column densities in four of the five discrete absorption
components that we probe in detail, and we explore various
two- and three-phase alternatives. Crucially for what follows,
we refer to each resolved velocity component as a unique “ab-
sorber,” reserving the term “absorption system” for groups of
absorbers at a common systemic redshift along a given line-
of-sight. While this is somewhat different from typical usage
in the literature, it is helpful in this paper because a given
component can consist of multiple phases that are modeled
together and it is convenient to refer to this entity of kine-
matically aligned phases as an “absorber”.

We will use Absorber 0.5A (PG1522+101, see Fig. 5) to
illustrate some of our analysis methods in the next section.
For convenient reference in this discussion, we summarize in
Table 6 some of the details of the models we will consider for
this case.

4.1 Model Selection

In Section 3.3.3 we presented two quantitative model selection
statistics, Bayes factors and PP p-values. Here we introduce
posterior predictive plots (PP-plots) as graphical aids in eval-
uating the quality of our models. These PP-plots are designed
to visually demonstrate the significance of discrepancies be-
tween measured and simulated columns for individual ions.

Figure 10 introduces this type of plot using real data and
models for Absorber 0.5A. The panels on the left side of
the figure show marginal posterior distributions, plotted in
the typical “corner plot” fashion, of parameters from a 3-
parameter model derived for this absorber. Parameter vec-
tors randomly sampled from the model posterior are passed
to the (potentially multiphase) ionization model to derive
modeled column densities. On the upper-right side of Fig-
ure 10, we plot orange color-coded histograms of simulated
column densities drawn from the 3-parameter posterior pre-
dictive distributions (see Appendix A5 for details) of the ob-
served species. The histograms’ horizontal axes are centered
at the measured column density values corresponding to each
observed species and scaled by the corresponding measure-
ment 1σ uncertainty. The variation in color intensity along
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Figure 10. A comparison between PP-plots generated for an inadequate 3-parameter single-phase, PIE-only model of Absorber 0.5A

(upper-right) and a better (see text) 5-parameter version (lower-right). The whole diagram also illustrates how the upper-right PP-plot
is related to the posterior distribution of the 3-parameter model. The magenta stars and dashed lines in the “corner plot” (left) highlight

a random parameter vector sampled via MCMC from the posterior of the 3-parameter model. Using the ionization model specified by

these parameters, we simulate a vector of mock column densities, located as green dots in the upper-right PP-plot. The horizontal axis
for the simulated columns has been standardized by subtracting the actual, measured column density values (i.e., those listed in Table 3)

and scaling by their measurement uncertainties. Thus it measures the number of (measurement error) standard deviations by which the
simulated column densities are in excess of the measured values. We repeat this procedure 105 times for independent draws from the
posterior to obtain the posterior predictive distributions for individual ions, which we plot as color-coded histograms (horizontal bars)

in the upper-right PP-plot. See the text and Figure 11 for a detailed description of the color mapping and the procedure for generating

simulated column densities. Simulated column densities are only plotted on the constrained side of limits, but we numerically label the
logarithmic offset between the peak of the posterior predictive distribution and the measured limit if the peak lies on the the unconstrained

side of the limit. For double bounded limits, the region interior to ±1σ scales logarithmically and the interior numeric gives the logarithmic
column density difference between ±1σ. In some cases (e.g., N iii), there are sharp edges on the left side of the color-coded histograms;

this happens when the model reaches the column density = 0 level.

each horizontal bar maps to the shape of the respective his-
togram (of simulated column densities), with the darkest re-
gions corresponding to peak prediction (probability) density.
In an ideal fit the darkest orange region should be centered
at zero and predominantly fall within the ±1σ measurement
uncertainties. Figure 11 provides three examples to illustrate
how the color maps to probability density in various scenarios
(including limits).

Figure 10 also illustrates the process of generating simu-
lated column densities from the posterior predictive distribu-
tion. A single simulated column density begins with a draw

from the posterior distribution (left side of Figure 10), which
is then passed through the ionization model and converted
into a vector of column densities (one for each species of in-
terest). While the model-predicted column densities are in-
deed useful (e.g., for interpreting fractional degrees of ion-
ization, as we do below), they lack a meaningful standard of
comparison. Simulated column densities, however, do have a
clear basis of comparison, i.e., they should look “similar” to
the true measured ones. In Appendix A5, for example, we
introduce one possible metric to quantify this similarity in
order to compute PP p-values. To sample the posterior pre-
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Figure 11. Expanded probability densities for arbitrary C iv (a),

O iii (b), and S vi (c) examples. These are intended to clarify the
interpretation of the compact-bars in posterior predictive plots,

such as the right side of Figure 10 and similar figures throughout

this paper and how they compare model-predicted column densi-
ties to measurements and limits. The color distribution encodes

peaks and valleys from the smoothed histogram of scaled column
density residuals onto a compact color scale. Dashed black lines

illustrate the shape of the assumed uncertainty distribution corre-

sponding to the (mock) column density measurements and limits.
Each panel includes both raw (bottom) and scaled (top) column

density coordinates along the pair of horizontal axes. The black

arrows in the lower two examples are explained in Figure 10. Col-
umn densities on the unconstrained side of the S vi histogram

(<0σ) are logarithmically binned and are ignored by the colorbar.

The O iii example includes a joint constraint from both a lower
and upper limit simultaneously. In this case, the measured column

density has a uniform chance of falling between ±1σ (vertical black

dotted lines). Inside these bounds the simulated column densities
are logarithmically binned, while the values outside this region are

linearly binned. The histograms have been normalized to reflect a
consistent probability value at any given location along the axis,

although the relative area under the curve is not conserved due to

the differential stretching of the horizontal axis.

dictive distribution of a given species, we draw one simulated
column density from the ZTN error model (see Section 3.3
and Appendix A1) that takes a model-predicted column den-
sity and the measurement uncertainty of the corresponding
measured column as its location and scale parameters. We
repeat this step 105 times, each time using a different model-

-4 -3 -2 -1 0 1 2 3 4
Absorber 0.5A (PIE-only), 8-parameter model

H I
N III
O II

O III
Mg II
Fe II
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C III
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Si II
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Simulated Column Densities
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Figure 12. Scaled residuals for an 8-parameter single-phase, PIE-

only model of Absorber 0.5A. This model varies the same density,

metallicity, and total hydrogen column density parameters as the
3-parameter model (see Figure 10) plus the C/α and N/α relative

abundance parameters added by the 5-parameter model (also in

Figure 10), as well as the α/Fe, αUV, and βHe II parameters.

predicted column density derived as a random draw from the
model posterior. The resulting simulated column densities are
drawn from the posterior predictive distribution.

Inspection of the upper-right panel of Figure 10 reveals that
for Absorber 0.5A, the 3-parameter PIE model’s posterior
predictive distributions for N ii and C iii both overestimate
their respective measured columns by ≈ 3σ of the measure-
ment uncertainty, while the prediction for O iii skews to the
left by ≈ 3σ (i.e., underestimating the measured columns).
These discrepancies do not extend to the posterior predictive
distributions for the remaining detected species (where we
count C ii and Si iii as detections), nor to the Al ii, Si ii, S ii,
N iv, and O iv columns, which are all less than or approxi-
mately equal to their respective upper limits17. The bottom-
right panel of Figure 10 shows the PP-plot for a slightly more
complex, 5-parameter model of the same absorber. This PP-
plot improves noticeably in predictive consistency compared
to the three-parameter model. An 8-parameter model, shown
in Figure 12, failts to improve over the 5-parameter model,
however, despite its additional model flexibility. The degree
to which one of these competing models is preferred over
the others can be discerned using the quantitative selection
metrics outlined in Section 3.3.3, but the advantage of the
PP-plots is their ability to pinpoint patterns underlying the
quantitative assessments.

4.2 The Single Phase Model

Among the five absorbers in this study, only Absorber 0.5A
(PG1522+101, see Fig. 5) is adequately modeled with a single

17 Note that the portion of the posterior predictive histograms

lying on the unconstrained side of limits are not plotted in our PP-

plots, though the full histogram is used to determine the correct
color mapping on the constrained side of the limits, as exemplified

in Figure 11.
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Table 6. Selection Metrics for Models of Absorber 0.5A

Model IDa UV par.b Npars
c Selection Metrics Notef

log10 Kd PPpe

PPa–C,N 7 +0.10±0.02 0.312

PPa–C,N 7 +0.06±0.05 0.319
Pa–C 4 0.00±0.04 0.151

Pa–C,N 5 -0.07±0.01 0.328

Pa–C,N,Fe 6 -0.78±0.03 0.275
Pa–C,Fe 5 -0.97±0.01 0.125

PCa–C,N,Fe XX 11 -1.07±0.05 0.322

Pa–C X 5 -1.13±0.02 0.118
PPa–C,N,Fe XX 10 -1.22±0.01 0.255

Ca–C,N 6 -1.35±0.04 0.297

Pa–C,Fe X 6 -1.35±0.01 0.120

Pa–C,N,Fe XX 8 -1.54±0.03 0.241
PPa– 5 -1.63±0.05 0.029 Rej

PPa–C,N,Fe XX 10 -1.65±0.03 0.253

PPa– 5 -1.86±0.02 0.032 Rej
PPa– 6 -1.93±0.03 0.035 Rej

Ca–C,Fe 6 -2.14±0.06 0.117
Pa–C,N 5 -2.49±0.21 0.033 Rej

Ca–C,N,Fe XX 9 -2.52±0.65 0.236

Pa– 3 -2.73±0.02 0.003 Rej
Pa–N 4 -2.86±0.07 0.012 Rej

Pa–C,N 5 -3.36±0.55 0.009 Rej

Pa– X 4 -3.62±0.40 0.004 Rej
Pa– XX 5 -3.68±0.46 0.004 Rej

Ca–C 4 -3.83±0.56 0.007 Rej

a The model identifier; the left side follows the shorthand

convention discussed in Section 3.3. The right side lists any
elements for which we assigned a free (relative abundance)

parameter.
b One checkmark indicates αUV was a free parameter in the

model, two checkmarks means the same for βHe II, and

models with both parameters fixed (at -1.4, 1, respectively)
get no checkmark. Note that checkmarks do not convey the

same meaning in analogous tables for the other absorbers.
c The number of free parameters in the model.
d Logarithmic Bayes factors, i.e., the ratio of each model’s

marginal likelihood log Zi to that of the highest ranked
model log Zmax (in this case, P5par, with C, N varied):

log Ki = log(Zi/Zmax). Models meeting our selection criterion,

log K > −1.5, lie above the midline.
e Posterior predictive p-values. Models with PP p-values
<0.05 are rejected.

f “Rej” indicates that the model is rejected.

gas phase, but this absorber also has the fewest metal detec-
tions. Its spectral profiles show robust low-ion absorption but
no trace of high-ionization stages. Despite the simplicity of
this absorber, it is poorly fit by a basic 3-parameter model,
where the density, overall metallicity, and total hydrogen col-
umn density are the only parameters. The PP-plot in the top-
right of Figure 10 shows this model, and we can see why it falls
short, as discussed above. The PP p-value of 0.003 for this
model (see Table 6) is less than our adopted α=0.05 signifi-
cance threshold for rejection. If we introduce some additional
model flexibility, allowing the carbon and nitrogen relative
abundances to vary, the PP-plot improves significantly (Fig-
ure 10, bottom-right). We compare this to the 8-parameter
model shown in Figure 12, which produces almost identical
posterior predictive distributions despite the introduction of

three further free parameters (the iron relative abundance
plus two UV parameters for eight total parameters).

While neither the 5- nor 8-parameter model can be re-
jected on the basis of their (satisfactory) PP p-values (0.328
and 0.241 respectively), the 5-parameter model seems to be
strongly preferred over the 8-parameter model by a Bayes
factor of 101.47 (i.e., 10−0.07/10−1.54 the reciprocal of the ratio
implicit in Table 6), though this is slightly less than our de-
cision threshold of 101.5 – see Section 3.3.3. The comparison
is ill-advised in this case, however, because Bayes factors are
ideal for comparing mutually exclusive models, whereas the
5-parameter model is really an instance of the 8-parameter
model with three fixed parameters arbitrarily selected from a
continuous parameter space in the fuller model.18 Instead, it
is preferable to evaluate the 5-parameter model that results
from marginalizing over the three extra parameters of the 8-
parameter model, which is what we choose to do in extract-
ing our inferences about this absorber. In this particular case,
the choice between models would hardly impact the parame-
teric inferences, since there are no significant inconsistencies
between the two models with respect to the marginal dis-
tributions of their five common parameters. Note, however,
that comparing between models with P+C vs. PIE-only ion-
ization mechanisms is an appropriate use of the Bayes factor,
since these are exclusive models. In fact, we find that the
P+C 6-parameter model (which adds the gas temperature as
a free parameter to the PIE-only 5-parameter model) is dis-
favored relative to the PIE-only model by a Bayes factor of
≈ 10−1.28, though this is not large enough to be decisive. Inter-
estingly, the P+C model prefers cooler temperatures anyway;
in this temperature regime, photoionization dominates over
collisional ionization and the P+C model is very similar to
the PIE-only model.

Looking further into the plethora of model variations listed
in Table 6, several things stand out. First, all the models
rejected by their PP p-value (the two rightmost columns)
are likewise rejected on account of their Bayes factors (4th
column, below the midline). Second, the viable models ap-
pear to include a mix of single-phase and two-phase models.
This is somewhat misleading, because we intuitively assign
a higher prior probability to the single-phase models, which
would boost the posterior odds of the single-phase models rel-
ative to the two-phase ones. This model prior is not accounted
for by Table 6. Hence, we listed the best single-phase model
as the reference model (i.e., where log10 K =0) even though
there are a pair of two-phase models that are ranked slightly
higher on the basis of their Bayes factors alone. The constrast
between two-phase and single phase models is also misleading
because the posterior distributions of the two-phase models
for this absorber do not deviate significantly from that of the
single-phase models (which themselves are very similar). For
example, the two-phase model includes two density param-
eters, one of which has the same distribution as the single-
phase density, while the other has a flat (uniform) distribu-
tion across the explorable parameter space implying that it
is unconstrained by the data.

18 If we could make a strong argument that our particular choice
of fixed parameters is in some way a special combination when
reducing from eight to five parameters, then perhaps Bayes factors

would be appropriate for comparing these two models.
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Table 7. Selection Metrics for Models of Absorbers 0.4A & 0.4B

Model IDa Ind. UVb Npars
c Selection Metrics Notef

log10 Kd PPpe

PPPa–CCCb 27 0.00±0.41 0.625

PCCa–CCCb 29 -0.31±0.40 0.541
PPCa–CCCb 28 -0.55±0.40 0.611

CCCa–CCCb 30 -1.31±0.78 0.447

PPPa–CCCb X 29 -1.45±0.78 0.613

PCCa–PCCb 28 -1.70±0.56 0.381
PCCa–PPPb 26 -1.85±0.37 0.468

PCCa–CCCb X 31 -2.00±1.30 0.537

PPCa–PCCb 27 -2.47±0.43 0.368
PPPa–PCCb 26 -2.59±0.88 0.363

PCCa–PPCb 27 -2.96±0.51 0.487

PPCa–CCCb X 30 -3.40±1.01 0.591
PCa–CCCb 26 -3.51±0.66 0.356

PPa–PPb X 22 -3.52±0.39 0.307

PCa–CCCb X 28 -3.62±0.28 0.349
PCa–PCCb 25 -3.72±0.30 0.148

PCa–PPb 21 -4.27±0.23 0.254

PPPa–PPPb 24 -4.43±0.66 0.317
PCa–PPPb 23 -4.68±0.16 0.213

PPCa–PPCb 26 -5.06±0.78 0.274
PCa–PPCb 24 -5.35±0.37 0.225

PPa–PCb X 23 -5.37±0.42 0.219

PPCa–PPPb 25 -5.55±1.16 0.292
PPa–PPb 20 -6.27±0.18 0.105

PPPa–PPCb 25 -6.38±0.36 0.311

PCa–PPb X 23 -8.17±0.50 0.318
PPa–PCb 21 -8.31±0.39 0.081

PCa–PCb X 24 -8.34±0.63 0.234

PCa–PCb 22 -10.76±0.78 0.116
Pa–Pb X 16 -21.50±0.10 0.000 Rej

Pa–Pb 14 -46.73±0.01 0.000 Rej

a The model identifier follows the shorthand convention

discussed in Section 3.3.
b A checkmark indicates that each absorber (0.4A & 0.4B)

was modeled with an independent set of UV parameters.
c–f These tablenotes follow Table 6, except that here the

highest ranked model is a “joint UV” PPPa–CCCb model.

A third interesting insight from Table 6 is that the more
dramatic improvements in the models for Absorber 0.5A
come from varying the relative abundance parameters for C
and/or N in lieu of the UV radiation field parameters (indi-
cated by checkmarks in the second column) rather than vice
versa. This seemingly stands in contrast to the models for
the other four absorbers (discussed below) which show much
higher sensitivity to αUV in particular. Upon closer inspec-
tion, however, we find that the fiducial value of αUV = −1.4
assumed in models where we fix the parameter happens, by
chance, to be close to the optimal one. Forcing αUV to be
harder or softer (taking values of -1 or -2 respectively) in a
5-parameter model (with C/α and N/α free) results in much
poorer fits, with PP p-values <0.1. Note that the 8-parameter
model naturally arrives at this conclusion, with a peak in the
marginal distribution for αUV near the fiducial value. Thus,
even this simple, single-phase absorber offers some constraint
on the UV radiation field.

Table 8. Selection Metrics for Models of Absorbers 0.6A & 0.6B

Model IDa Ind. UVb Npars
c Selection Metrics Notef

log10 Kd PPpe

PCCa-CCCb 30 0.00±0.27 0.273

CCCa-CCCb 31 -0.69±0.39 0.255
PPPa-CCCb 28 -0.69±0.17 0.324

PCCa-CCCb X 32 -0.71±0.74 0.270

PPCa-CCCb 29 -0.98±0.34 0.310
PPPa-CCCb X 30 -1.46±0.31 0.225

PPa-CCCb 26 -1.94±0.45 0.178

PPa-CCCb X 28 -2.75±0.41 0.155

CCCa-CCCb X 33 -2.79±0.31 0.217
PPCa-CCCb X 31 -2.98±1.02 0.253

PCCa-PCCb 29 -3.17±0.46 0.140

CCCa-PCCb 30 -3.22±0.55 0.146
PPPa-PCCb 27 -3.68±0.49 0.145

PPCa-PCCb 28 -4.36±0.38 0.143

PCa-CCCb 27 -13.65±0.25 0.021 Rej
PPa-PCb X 24 -16.32±0.25 0.001 Rej

PCa-PCb X 25 -16.83±0.26 0.001 Rej

PPa-PCb 22 -20.98±0.11 0.000 Rej
PCa-PCb 23 -23.68±1.02 0.000 Rej

Pa-Pb X 17 -62.01±0.07 0.000 Rej
Pa-Pb 15 -73.13±0.06 0.000 Rej

CCCb 16 0.00±0.27 0.225

PCCb X 15 -2.30±0.39 0.317

PPCb X 14 -10.18±0.17 0.012 Rej
PPPb X 13 -14.30±0.17 0.000 Rej

PCb X 12 -14.55±0.34 0.000 Rej

PPb X 11 -14.92±0.31 0.000 Rej
CCb X 13 -15.37±0.74 0.000 Rej

PPPa X 14 0.00±0.27 0.261
PPCa X 15 -0.37±0.39 0.232

PCCa X 16 -1.71±0.17 0.200
PPa X 12 -3.11±0.34 0.005 Rej

PCa X 13 -4.76±0.31 0.003 Rej

CCCa X 17 -5.39±0.74 0.046 Rej
CCa X 14 -7.86±0.45 0.005 Rej

a The model identifier follows the shorthand convention

discussed in Section 3.3.
b A checkmark indicates that each absorber (0.6A & 0.6B)

was modeled with an independent set of UV parameters.
c–f These tablenotes follow Table 6, except that here the

highest ranked model is a “joint UV” PCCa–CCCb model.

4.3 Additional Phases

In contrast to Absorber 0.5A (described above), the remain-
ing four absorbers require multiphase models with at least
two distinct phases per absorber. Tables 7 and 8 summarize
the models we have tried for the these absorbers, including
the PP p-values for each model.

4.3.1 Multiphase Models for PG1338+416 Absorbers 0.6A
and 0.6B

We first discuss the absorption system we have studied in
the PG1338+416 spectrum. Figure 13 tracks the improve-
ment for 1-, 2-, and 3-phase models of Absorbers 0.6A and
0.6B (see Figure 6) through their respective PP-plots. Single-
phase models with all parameters free (16 total–eight for each
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Figure 13. PP-plots for ions/limits detected in Absorber 0.6A (top panels), Absorber 0.6B (middle panels), and where the measurement

could not be resolved into either absorber (bottom panels) are shown for selected models of increasing complexity (from left to right).

These types of plots are explained in detail in Figure 10 and Section 4.1. The single-phase model (a) cannot adequately account for more
than half of the species in Absorbers 0.6A and 0.6B. A two-phase model (b), which also assigns independent UV parameters to the two

absorbers does better, yet still misses H i, S iii, S v, and Ne viii in Absorbers 0.6B. The addition of a third phase for Absorber 0.6B

(c) results in a statistically acceptable model (PP p-values and Bayes factors for these models are listed in Table 8) without requiring
independent UV parameters for each absorber. The letters ‘P’ and ‘C’ in the panel titles reference the number of phases used and their

ionization mechanism. See Section 3.3 for a review of our convention for model specification.

absorber in the plotted PIE-only model) fail for both ab-
sorbers (Figure 13a). A single PIE-only phase dramatically
underproduces the high-ions N iv, O iv, S v, and O vi in Ab-
sorber 0.6A, resulting in a PP p-value of 0.0002319, which falls
well below our rejection threshold discussed in Section 3.3.3.
A single-phase model for Absorber 0.6B performs even more
poorly, only managing to fit a handful of species. To ensure
that our conclusions are driven by the observations them-
selves and not modeling systematics (e.g., such as those aris-
ing from uncertainties in the Voigt profile and ionization
model atomic parameters), we reran our single-phase mod-
els after artificially boosting the measured column density
errors to a minimum of 0.1 dex (with the exception of N H I).
The slight improvements brought about by loosening these
constraints fall far short of what is needed to salvage the
single-phase models, implying that our conclusion about the
need for multiphase models is robust.

To improve upon these single-phase ionization models, we
explored adding a second and even a third model phase to
each of Absorbers 0.6A & 0.6B. Each new phase introduces at

19 Computed from just the simulations and observations repre-

sented in the top panel of Figure 13a.

least two (three if using P+C) additional parameters to gov-
ern its density, total hydrogen column density, and (for P+C
phases) temperature. In light of the observed kinematic align-
ment across various ionization stages (Section 3.1), which im-
plies some similarity in the spatial distributions of the differ-
ent gas phases, we assume that a common UV radiation field
illuminates all the model phases associated with a given ab-
sorber. Thus additional phases share the UV parameters of
the first model phase. Since both Absorbers 0.6A & 0.6B are
distinct velocity components of a single absorption system at
redshift z=0.68606, we explore two classes of models. One
with unique pairs of UV parameters per absorber and an-
other “joint UV” model, with a single pair of UV parameters
shared across all absorbers in this PG1338+416 system.

With regard to the metallicity and relative abundance pa-
rameters, we considered two choices: 1) vary the metallicity
parameters independently in every model phase, for every
modeled absorber or 2) assign a single set of parameters to
cover all the phases modeled for a given absorber, i.e., enforce
a homogeneous gas composition in each absorber. The second
choice is reasonable and realistic if the circumgalactic gas is
well mixed. If the CGM is not well mixed, then situations
such as a cool, metal-enriched clump of gas embedded in a
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Figure 14. PP-plots for Absorbers 0.4A & 0.4B modeled with an increasing number of PIE-only phases in each panel (from left to right).

The meaning of the top, middle, and bottom panels is analogous to those in Figure 13. Also as in Figure 13, the single-phase model clearly

fails owing to & 2σ discrepancies between the simulated and observed O ii, Si ii, C iv, and O vi column densities in Absorber 0.4A and
Mg ii, O iii, and S vi in Absorber 0.4B (a). In this case (as opposed to Figure 13), a two-phase model (b) provides posterior predictive

distributions that are reasonably consistent with the measured columns, while a third phase offers only subtle improvements (c). We

note that the mixed two-phase model (PIE-only plus P+C) shown here performs better for O vi than a PIE-only two-phase model
for Absorber 0.4A (not shown), though a PIE-only three-phase model also suffices. See Figure 10 and Section 4.1 for details to aid in

deciphering these PP-plots.

hot, lower-metallicity halo could occur. In practice, however,
the metallicity of the high-ions is difficult to constrain and,
at least for the absorbers considered here, allowing the metal-
licity to vary independently in each phase does not improve
the model result. This conclusion is borne out by the Bayes
factors, which effectively reject variable-metallicity models in
favor of those having a homogeneous metallicity across all
the gas phases. These simpler models achieve equally good
fits with fewer parameters. Moreover, we find that variable-
metallicity models tend to yield metallicity results that are
quite similar to those from homogeneous (well-mixed) models
anyway. Hence the models we present here all include a single
set of shared gas composition parameters across all phases in
a given absorber. Parameterized in this manner, each multi-
phase model only adds an extra two or three parameters per
additional phase (per absorber) beyond those required by the
full single-phase model.

Jointly modeling Absorbers 0.6A & 0.6B with two phases
each noticeably improves the predictive consistency for both
absorbers as shown in Figure 13b, though H i and Ne viii still
pose a problem for the model. The posterior distributions of
the parameters associated with each of these two absorbers
are not independent in this model on account of the joint

constraints20 on the C iii, O i, O iv, O vi, and S vi column
densities. While the top panel of Figure 13b (Absorber 0.6A)
suggests a reasonably good model based on its posterior pre-
dictive power (only the weak S ii detection is off by & 1σ),
the model’s failure to reproduce H i, S iii, S v, and Ne viii
for Absorber 0.6B (middle panel) accounts for its low Bayes
factor (10−20.98) and consequently its low ranking in Table 8.
The key difference between 0.6A and 0.6B, as we discuss be-
low, is the detection of Ne viii in 0.6B. The Ne viii is hard
to explain without a third phase.

Adding a third model phase to cover the high-ions in Ab-
sorber 0.6B (Figure 13c) largely resolves the problems with
the two-phase model. The model in Figure 13c also includes
a third phase for Absorber 0.6A. The extra phase does not
significantly improve this absorber’s PP plot (top panel), yet
the model ranks higher in Table 8 because it satisfies the
stringent pressure equilibrium prior, whereas the two-phase
model cannot (see below, Table 9). The three-phase model
presented here also differs from the two-phase one by shar-
ing the same set of UV parameters for both absorbers (what
we call “joint UV”) rather than assigning independent sets of
free UV parameters to each (i.e., “independent UV”). We find

20 These were derived from equivalent measurements indepen-

dently of any VP measurements for the same species.
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that our “joint UV” models all rank near or higher than our
“independent UV” models.

4.3.2 Multiphase Models for PG1630+377 Absorbers 0.4A
and 0.4B

The pair of absorbers in PG1630+377 at zabs = 0.41760 (0.4A
and 0.4B) similarly require multiphase models, as demon-
strated by Figure 14. As was the case with the PG1338+416
Absorbers 0.6A and 0.6B, artifically boosting the column den-
sity errors does not resolve the failures of the single-phase
models. Modeling these two absorbers with two phases each,
however, does produce a nearly satisfactory PP-plot (Fig-
ure 14b), though the model struggles to produce enough O vi
for Absorber 0.4A. As with the models for the zabs = 0.68606
absorbers, a third phase improves not only the PP plot (Fig-
ure 14c), but also the prospects of thermal pressure equi-
librium (see below, Table 9). The small number of high-ion
detections in this absorber (just C iv and O vi, although O iii
may be almost as much of a “high ion” as C iv, see Figure 2)
precludes strong constraints on a third phase in either veloc-
ity component, but Table 7 suggests that models fare better
when including one.

These two absorbers (0.4A and 0.4B) underscore how the
number and degree of ionization of detected species play a
pivotal role in dictating the optimal number of model phases.
The real significance in the number of model phases stems
from the degree to which our inferences depend on them.
In general, we find good agreement between two and three-
phase models (for all our multiphase absorbers) where their
parameters overlap. This observation, coupled with the large
number of acceptable competing model variations listed in
Tables 6, 7, and 8, leads us to merge competing models via
a simple Bayesian model averaging procedure: the average
model is obtained by drawing samples from the posterior of
each of the competing models in proportion to (i.e., weighted
by) their Bayes factors (listed in the same tables). Since, as
we noted above, the “joint UV” models typically outperform
the “independent UV” alternatives, we choose to include only
the “joint UV” models in our Bayesian average. This simplis-
tic approach glosses over several nuances related to Bayesian
model averaging (see, for example, Hoeting et al. 1999), which
are of minor importance to us given the large overlap in the
posteriors of the competing models. Where significant infer-
ential discrepancies do exist between classes of models, we
acknowledge them below.

4.4 Ion Distribution Among the Phases

Despite assumptions that are often made in the literature,21

many ions can arise in a range of physical conditions, and
more than one phase in a multiphase model can contribute

21 Commonly in the literature, simplifying assumptions are made
such as assigning all of the H i to the lowest ionization phase (unless
the H i absorption profile shows evidence of a broad component,

e.g., Tripp et al. 2001; Richter et al. 2006). However, more nuanced

efforts to partition the H i have appeared in more recent papers.
For example, Stern et al. (2016) have proposed a model in which

the H i is distributed across multiple phases.

some appreciable fraction of a specific ion’s total column den-
sity. Here we investigate how these fractions vary from ion to
ion, and we consider some insights about the ions we have
studied. Figure 15 presents the constraints from our models
on the fractions of ions that arise in a low-ionization phase
vs. a high-ionization phase for two of our aborbers. In both
panels, the solid blue curves depict the relative probability
that the model phase having the highest gas density contains
a given fraction (specified as a logarithm along the horizon-
tal axis) of the total modeled column density. The dot-dashed
orange curves and dashed brown curves plot the same for the
intermediate and highest-density phases, respectively. Said
another way, the blue, orange, and brown relative probability
densities (i.e., pblue, porange, and pbrown) reference the same
posterior sample wherever 10xblue + 10xorange + 10xbrown = 1
is true for any set of x -axis values xblue, xorange, and xbrown

corresponding to the labeled curves of matching colors. The
total fraction is always unity. The colored curves are relative
probabilities since they have been normalized by their peak
probability to maximize visibility. The relative height of or
area under the various colored curves is otherwise meaning-
less. The curves in Figure 15 depict the fraction of each ion
that arises in a given phase; e.g., if a curve peaks at an x-axis
value ≈ 0, then ≈ 100% of the ion column density originates
in that phase.

In addition to confirming our expectation that the high-
est density phase produces the dominant fraction of low-ions
while the majority of high-ions are located in the lowest den-
sity phase(s), Figure 15 also reveals two important results.

The first is that the low- and high-ionization gas phases
are not always neatly separable. For example, ≈ 20% of the
neutral hydrogen in the PPP model for Absorber 0.6A (Fig-
ure 15a) is produced by the intermediate density phase, while
the lowest density phase only contains ≈ 80% of the total. In
fact, this model predicts that there are ten other species that
have & 20% contributions from two distinct phases (i.e., C ii,
N ii/iv, O ii/iii/iv, and S ii/iii/iv). The fraction of neutral
hydrogen in a given phase though, is particularly important.
While H i is often assumed to be entirely associated with
a separable cold phase, this example shows that this does
not have to be true. The fraction of a given species’ column
density that originates in a non-dominant phase (e.g., the
fraction of C iii produced by the lowest ionization phase in
Figure 15a) is sensitive to the ionization mechanism. Con-
trast the PIE-only model for Absorber 0.6A refered to above
(Figure 15a) with a P+C model for the same absorber (Fig-
ure 15b). Whereas a substantial fraction of the PPP model’s
low ion columns come from an intermediate ionization phase,
the CCC model attributes essentially all the low ions to just
the lowest density phase. The production of the intermediate
phase is evidently shifted more toward the higher-ions. This
makes sense, because the P+C models typically probe higher
temperatures than the PIE-only ones. Finally, we also find
some absorbers, such as Absorber 0.6B (Figure 15c), where
the overlap between phases is largely negligible for most ions.
Even in this case, however, the delineation between low-ions
and mid-ions is not always clear cut. Taken as a whole, all the
panels in Figure 15 demonstrate that there is not a straight-
forward way to reliably determine the relative contribution
from multiple phases a priori for the majority of ions, so
models that account for all ionization stages are quite valu-
able.
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Figure 15. Fractional, model-predicted column densities of selected ions for Absorbers 0.6A (PPP model) (left), 0.6A (CCC model)
(middle), and 0.6B (right). The curves represent the (unnormalized) probability that a given fraction of the total model-predicted log

column density resides in a particular phase (labeled in the legend). The fractional contributions of all phases in a given panel sum to

unity (zero on the log scale).

The second observation is that intermediate-ions such as
C iii, N iii, and O iii can be predominantly produced in the
same phase as “higher”-ions N iv, O iv, and S v (Figure 15c),
in the same phase as low-ions C ii, N ii, and O ii (Figure 15b),
or in their own unique phase (Figure 15a). These same fig-
ures indicate that the sets of “low” and “high” ions might be
similarly indeterminate. In particular, if the model has three
phases, then the “high” ions may or may not include N iv,
O iv, and S iv/v. These observations suggest that the second
ionization phase in our models (the first being low-ion dom-
inated) is distinct from both the “cold” and hot phases de-
scribed by a two-phase halo paradigm. Furthermore, these ob-
servations and those of the preceeding paragraph support our
hypothesis in the introduction, namely, that analyses based
on, e.g., fitting C ii and C iv22 with a single-phase ioniza-
tion model likely suffer from serious systematic errors, and in

22 The C iv ion, which is commonly detected in ground-based QSO

observations, would be categorized similarly to N iv and O iv in
Figure 15 on account of their similar ionization potentials and

photoionization rates (see Figure 2).

general, caution is warranted when only limited constraints
on absorber ionization are available.

Since our models involve summing column densities across
phases at varying temperatures, it is important to consider
whether the superposition of Voigt profiles implied by the
pairs of column densities and temperatures (Ni

H I and Ti for
the ith phase) is consistent with the spectra. We carried out
this consistency check for the models presented in Figures 13c
and 14c and found that modeled spectra do not exceed the ob-
served absorption profiles. In most cases, the modeled absorp-
tion lines have noticeably smaller linewidths, which we inter-
pret as evidence for some degree of turbulent or non-thermal
line broadening that is beyond the scope of the models in
this paper. We did not analyze these linewidth differences
further here, though we are currently working to develop an
integrated Voigt profile and ionization fraction model that
can encompass the extra linewidth information in a rigorous
manner.
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Figure 16. An illustration of the ionization regimes preferred for the high-ions by the best models. This demonstrates that most of the

successful models, including all the ones constrained by a Ne viii detection, produce O vi at high temperatures (log10(TO VI/K) ≈ 5.55
K). The vertical axis is the linear average of the gas temperature across all model phases, weighted by the fraction of (modeled) O vi in
each phase. The horizontal axis tracks the UV spectral index parameter, with lower values indicating softer UV radiation. The dotted

vertical line is placed at αUV=-1.4, the slope of the Haardt & Madau (2012) UVB at these redshifts (z ≈ 0.5). The log-scaled, gray 2-D
histogram bins samples from the Bayesian weighted average model (see Section 4.3), while the plotted points denote mean values for each

of the models with Bayes factors > 10−1.5 in Tables 7 and 8. The middle-right legend indicates our use of closed symbols to denote purely

photoionized (PIE-only) models and open symbols to denote any partially collisionally ionized (P+C) models. The symbol shapes and
colors refer to particular absorbers and absorption systems, respectively. Finally, the color shading reflects the relative probability of the

various models (in each color group), with darker symbols denoting the most probable models according to their Bayes factors.

4.5 Highly Ionized Gas

The question of whether photoionization can realistically pro-
duce O vi and even Ne viii in CGM/IGM absorbers has been
a recalcitrant question in the literature, and the answer is
still being debated (e.g., Tripp et al. 2001, 2008, 2011; Sav-
age et al. 2005, 2010, 2014; Muzahid et al. 2012; Meiring et
al. 2013; Werk et al. 2016; Hussain et al. 2017; Pachat et al.
2017; Rosenwasser et al. 2018; Burchett et al. 2019). While
the ionization state in our PIE-only models depends solely on
the UV radiation field and gas density, the P+C models allow
for tuning the gas heating independently of the incident ra-
diation. When tuned to produce lower ionization states, e.g.,
C ii and Si ii, the additional flexibility afforded by the P+C
ionization mechanism becomes redundant, since photoioniza-
tion on its own can readily produce these low-ions. However,
as we consider increasingly more ionized species, e.g., C iv,
N iv, O iv, and higher ions, the number of ionizing pho-
tons with sufficient energy probably decreases rapidly, and
an additional source of gas heating and ionization may be
required. PIE-only models must compensate for the low den-
sity of high-energy photons (see Figure 2) either by increas-
ing the ionization parameter (either through lowering the gas
density or via increasing the intensity of the radiation field)
or by varying the shape of the ionizing UV spectrum (for
example, harder ionizing UV slopes will generally produce a
larger O vi/C iv ratio than softer slopes).

Figure 16 shows how the ionization mechanism and radi-
ation field are intertwined in our best multiphase models.
The log-scaled, gray 2-D histogram shows the joint probabil-
ity of all the multiphase models in this paper across TO VI–

αUV space, where TO VI is the average phase temperature
weighted by the fraction of O vi in each modeled phase.
The histogram reveals a well-defined photoionization branch
(TO VI ≈ 104−4.5) as well as collisionally ionized, warm-hot
(TO VI & 105.25) structures. The blue and orange symbols
mark point estimates for individual models.

Three patterns in Figure 16 are particularly notable. First,
all the models with favorable Bayes factors (colored symbols)
lie along the collisional ionization branch, except for one pho-
toionization model each of Absorbers 0.4A and 0.4B. Thus,
we conclude that O vi, which we detect in all four multiphase
absorbers, can be readily explained by a collisional ionization
origin. The two satisfactory models with photoionized O vi,
however, indicate that the detection of O vi is not itself a suf-
ficient cause to discriminate between ionization mechanisms.

Second, the two absorbers that do not produce any favor-
ably ranked photoionization models exhibit a higher ratio
of high- to low-ions than the other two multiphase models.
A brief examination of Figures 4 and 6 corroborates this
statement. The low-ions (e.g., C ii, Mg ii) are significantly
weaker and the mid/high-ions (e.g., C iii/iv, O iii/ovi) much
stronger in Absorber 0.4B (no satisfactory photoionization
model) than in Absorber 0.4A (which has a good photoion-
ization model). A similarly striking pattern emerges for Ab-
sorber 0.6B, which has a much stronger high-ion to low-ion ra-
tio than Absorber 0.6A, as also evidenced by a strong Ne viii
line detected in the former absorber.

Our stringent pressure equilibrium prior may play an
outsized role in precluding photoionization models for Ab-
sorber 0.4B. Indeed, Table 7 lists a model (PCCa-PPPb) with
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an excellent PP p-value and a Bayes factor not far outside the
rejection threshold, but with zero probability of thermal pres-
sure equilibrium (Table 9). For the Ne viii absorber (0.6B)
however, a photoionization model fails badly (see the Bayes
factor for the PPPb model in Table 8) because strong Ne viii
columns are simply impossible to produce in a photoionized
gas phase that obeys our modest cloud size prior, even with a
multiphase model. In addition to Ne viii, Absorber 0.6B also
exhibits very strong high-ion absorption in numerous other
species for which we have coverage (i.e., N v, O iv/vi, Ne viii,
and S iv/v/vi). Even ignoring O vi and Ne viii, the other
high-ions in this absorber, which exist in an intermediate
ionization phase (see Figure 15c), exhibit similarly derived
temperatures that on their own are indicative of collisional
ionization (e.g., TO IV ≈ TS IV ≈105.0 K).

Third, the two collisional ionization bands that appear
in the gray histogram in Figure 16, i.e., at TO VI≈105.35 K
and 105.7 K, should be interpreted cautiously. Although they
undoubtedly represent collisionally ionized O vi (and other
high-ions), their narrow thermal precision (i.e., dispersion
along the vertical axis) may be an artifact of the discrete
nature of our models. In the likely scenario that the absorber
temperatures actually follow a continuous multiphase struc-
ture, the phase-averaged temperatures in Figure 16 could
mildly underestimate the distribution of true (hot) gas tem-
peratures. Another concern is the lack of constraints at the
high energy edge of the model. It is possible, for example,
that the quasar sightlines probe some additional phase of hot-
ter gas (e.g., the putative hot, virialized halo), and detection
of this phase would require species such as O vii at shorter
wavelengths than those covered by COS. Under this scenario
it is possible that a comprehensive model constrained at all
wavelengths could split the O vi and Ne viii columns between
the collisionally ionized branch in Figure 16 and some higher
temperature branch, thereby forcing an (upward) adjustment
to the TNe VIII≈105.7 K temperature in Figure 16.

5 PHYSICAL CONDITIONS

5.1 Pressure Gradients

An important utility of our multiphase models is their ability
to track thermal pressure (Ptherm/k = nT) across individual gas
phases. If the absorbers are in hydrostatic equilibrium within
a hot and virialized halo, then the thermal pressures of indi-
vidual phases should be nearly equal modulo the assumptions
discussed in Section 3.4 (e.g., assuming non-thermal pressure
support is negligible). Indeed, as illustrated in Figure 17, we
can find models that provide good solutions with pressure
balance between the phases for all four multiphase absorbers,
though we also find models with satisfactory Bayes factors
where the individual phases are not in thermal pressure equi-
librium. These latter models could indicate that more com-
plex models of the CGM may be required, possibly includ-
ing time-dependent physics, or this could indicate that non-
thermal pressure support (e.g., from turbulence, cosmic rays,
and/or magnetic fields) is important.23 In this section, we

23 To be clear, our analysis of thermal pressure equilibrium vs
non-equilibrium probabilities is based on models that assume ion-
ization equilibrium, although we briefly speculate about the poten-
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Figure 17. Left panels: Bayesian model averaged thermal pressures

(nT ) in individual ionization phases of each absorber. The blue,

yellow, and red hatched histograms represent individual phases
from those having the lowest degree of ionization (highest den-

sity) to the highest (lowest density), respectively. For comparison,

vertical gray bands represent the range of hydrostatic halo pres-
sures predicted by Maller & Bullock (2004) between 0.2–1Rvir for

a 1011.5M� halo (higher halo masses would push the gray bands to-

ward higher pressures). Right panels: the distribution of σ2
ln P,true

,
which we use to interpret the probability of thermal pressure equi-

librium as discussed in the text (see also Section 3.4). The middle

panel on the right side illustrates our prior on σ2
ln P,true

.

present a detailed analysis of the thermal gas pressures re-
quired by the models that takes advantage of our Bayesian
framework.

In Section 3.4 we laid out a framework for evaluating 1)
whether thermal pressure equilibrium (TPE) is a possible so-
lution for our absorbers, and 2) how likely any such TPE
solutions are, i.e., P(TPE). Our approach introduces a hyper-
parameter to model the thermal pressure dispersion of the
absorbing medium at any scale (e.g., a single gas cloud or
whole galaxy halo), assuming the pressure is log-normally
distributed throughout the medium. This hyperparameter,
σ2

ln P,true, governs the prior probability of the modeled pres-

sure dispersion, i.e., the sample variance s2
ln P of the set of

thermal pressures produced by a multiphase model for a given
absorber. To ensure our posterior inferences are properly cal-
ibrated, we place a hyperprior on σ2

ln P,true that is designed
to give equal prior volume/weight to equilibrium and non-

tial relevance of exploring non-equilibrium models. Any subsequent

discussion of models that a
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equilibrium solutions alike, and to give greater preference to
lower pressure dispersions. This prior is illustrated in the
middle-right panel of Figure 17 along with a vertical dot-
ted line marking the threshold between TPE and non-TPE
models (i.e., αT PE from Section 3.4). Posterior samples in the
narrow region left of the dotted line are consistent with our
definition for TPE, while samples rightward are inconsistent
with TPE.

Figure 17 clearly shows that TPE solutions exist for each
of the multiphase absorbers, although we also find excellent
models for Absorbers 0.4A and 0.6A that do not achieve TPE.
Interestingly, there appears to be a clear distinction between
the pressure solutions from models with two or more PIE-
only phases (PPP and PPC) compared to models with two
or more P+C phases. The key difference here is that while
the P+C models can assume any range of temperatures be-
tween 104 K and 106.4 K, the PIE-only phases are generally
limited to T . 104.3 K (e.g., see Figure 16). Consequently,
those models with no more than one PIE-only phase have
enough flexibility to balance their thermal pressures against
the range of inter-phase densities required to fit the measured
data. As summarized in Table 9, for three of the four multi-
phase absorbers, we find favorably ranked models (based on
their Bayes factors listed in Tables 7 and 8) where TPE is
not only possible but probable (these models indicate >50%
probability of TPE, i.e., the cumulative posterior probabil-
ity that σ2

ln P,true < αT PE is greater than 0.5, which is readily
apparent upon inspection of the right side of Figure 17.)

Our evidence for TPE in what are most likely CGM ab-
sorbers (based on their N H I and metallicity, see below) con-
trasts with the prior conclusions of Werk et al. (2014), who
analyzed absorption in the CGM of the COS-Halos L* galax-
ies (see also, e.g., McQuinn & Werk 2018). Their work com-
pared gas densities inferred from single-phase, photoioniza-
tion models with the predictions of analytic halo models of
a single and two-phase hydrostatic equilibrium CGM, find-
ing no agreement with either one. A close examination of
Figure 17 and Table 9, however, reveals that our predom-
inantly photoionized, multiphase models actually show sig-
nificantly different thermal pressures in the various phases,
consistent with the results of Werk et al. (2014). Moreover, it
is notable that the PPP and PPC (non-TPE) models for Ab-
sorbers 0.4A and 0.6A have favorable Bayes factors, because
the shape of our pressure prior (middle panel on the right in
Figure 17) severely disfavors non-TPE solutions. Were these
models to only weakly disfavor pressure equilibrium, then
we might expect a non-negligible fraction of their posterior
volume for σ2

ln P,true to lie within the threshold for TPE. In-
stead, they altogether reject such a scenario. In fact, even
the poor-performing models (for all absorbers) in Table 9,
reveal a bifurcation in their TPE probabilities, with those
that are predominantly photoionized consistently having lit-
tle or no success satisfying the TPE prior on σ2

ln P,true com-
pared to those with at least two partially collisionally ionized,
P+C phases. The reason is simply that these models cannot
produce a large enough spread in temperature between the
relatively cool, photoionzed gas phases to balance their inter-
phase differences in gas density.

The left side of Figure 17 displays the (Bayesian model
averaged) posterior distribution of logarithmic thermal pres-
sures for each absorber/phase combination. Recall that these
pressures scale with the intensity of the UV radiation field

Table 9. Thermal Pressure Equilibrium Probability for Multiphase

Models

Absorbers 0.4A and 0.4B Absorbers 0.6A and 0.6B

Model IDa,c Joint P(TPE)d Model IDa,c Joint P(TPE)d

UVb 0.4A 0.4B UVb 0.6A 0.6B

PPPa–CCCb 0.0 70.9 PCCa–CCCb 59.8 64.3

PCCa–CCCb 43.8 67.3 CCCa–CCCb 69.9 64.5
PPCa–CCCb 0.4 68.8 PPPa–CCCb 0.0 64.5

CCCa–CCCb 29.9 68.6 PCCa–CCCb X 62.3 62.9

PPPa–CCCb X 0.0 66.2 PPCa–CCCb 0.2 59.1

PCCa–PCCb 45.4 52.9 PPPa–CCCb X 0.0 62.6

PCCa–PPPb 60.2 0.0 PPa–CCCb 0.0 58.9

PCCa–CCCb X 40.0 69.4 PPa–CCCb X 0.0 65.1
PPCa–PCCb 0.3 65.6 CCCa–CCCb X 74.1 64.0

PPPa–PCCb 0.0 62.1 PPCa–CCCb X 0.0 62.2

PCCa–PPCb 58.3 0.0 PCCa–PCCb 52.5 4.2
PPCa–CCCb X 1.1 63.4 CCCa–PCCb 69.1 4.3

PCa–CCCb 18.6 69.9 PPPa–PCCb 0.0 4.8

PPa–PPb X 0.1 0.0 PPCa–PCCb 0.4 6.7
PCa–CCCb X 22.4 66.7 PCa–CCCb 15.7 65.2

PCa–PCCb 21.7 60.4 PPa–PCb X 0.0 65.1

PCa–PPb 34.7 0.0 PCa–PCb X 2.3 67.2
PPPa–PPPb 0.0 0.0 PPa–PCb 0.0 54.5

PCa–PPPb 24.9 0.1 PCa–PCb 23.7 40.4
PPCa–PPCb 0.3 0.0

PCa–PPCb 32.8 0.0

PPa–PCb X 0.0 5.4
PPCa–PPPb 0.0 0.0

PPa–PPb 0.0 0.0

PPPa–PPCb 0.0 0.0
PCa–PPb X 14.0 0.0

PPa–PCb 0.1 0.1

PCa–PCb X 13.0 3.8
PCa–PCb 25.0 0.3

a,b These tablenotes are identical to those in Tables 7 and 8.
c This table includes only multiphase models from Table 7

(for Absorbers 0.4A and 0.4B) and Table 8 (for

Absorbers 0.6A and 0.6B), in the same order as listed
therein (i.e., best to worst, from top to bottom). The

midlines, which delineate between favored and disfavored

models, are likewise located between the same models as in
Tables 7 and 8.

d Percent probability of thermal pressure equilibrium,
P(σln P,true < 0.21), for each multiphase absorber (see

Section 3.4).

owing to the degeneracy between the gas density and the UV
intensity (Section 3.4.3). A consequence of our interpreting
the Haardt & Madau (2012) UVB as a lower limit on the
radiation field intensity (as discussed in Section 3.4.2) is that
the absolute pressures we compute are likewise lower lim-
its. The relative pressures of individual phases (modeled for
a given absorber), however, are well characterized, so they
should scale upward in lock step if one postulates an elevated
(above the Haardt & Madau (2012) baseline) UVB intensity.

We compare our modeled thermal pressures in Figure 17
to the two-phase analytic halo model of Maller & Bullock
(2004), which is the same model used as a point of reference
by Werk et al. (2014). Strikingly, we find that the highest
pressure phase in each of our multiphase absorbers is less
than or approximately equal to the minimum hydrostatic
equilibrium pressure predicted by Maller & Bullock (2004)
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for a 1011.5M� halo. If the TPE models are correct, then
this could indicate that our absorbers are located in sub-
L* mass halos. For the non-TPE models, this represents the
high end of the pressures in individual phases. The higher
temperature phases require even lower pressures. We chose
to compare against a 1011.5M� halo since that is roughly
the threshold in halo mass above which halos are expected
to remain virialized to the present epoch (e.g., Kereš et al.
2005, 2009). For example, the hydrodynamical simulations of
Fielding et al. (2017) for a few idealized halos suggest that
non-thermal pressure support can become important within
several Gyr of virialization for halos with M Halo<1011.5M�.
Such halo sizes correspond to relatively low-mass present day
galaxies, with stellar masses of M ?=109-10M� corresponding
roughly to M Halo=1011.0-11.5M�.

24

A speculative explanation for the low thermal pressures
suggested by some of our models may be that these absorbers
exist in low mass, non-virialized halos or some other context
where thermal pressure equilibrium is not attained. For ex-
ample, a disk cloud that is ejected into a halo might be over-
pressurized for some time as it moves out into the halo. In
such a halo, it might be possible for cool gas ejected from the
disk to dissipate as it expands into the low-pressure CGM. As
the gas clouds expand, their density would drop, causing the
ionization parameter to rise and leading to a greater degree
of gas ionization until it melds with the ambient halo.

Either low overall halo pressures or significant support
from non-thermal pressures could cause the non-TPE results
shown in Figure 17. Ji et al. (2019), for example, find that
cosmic rays added to the FIRE-2 simulations can lower the
thermal pressure for the low-ion dominated gas phase by more
than an order of magnitude relative to the thermal pressure
without cosmic rays. According to their simulations, however,
we should expect to find a thermal pressure gradient point-
ing in the opposite direction of what we find for the PPP and
PPC models of Absorbers 0.4A and 0.6A.

5.2 Cloud Sizes

The ratio of the total hydrogen column density to the hydro-
gen number density provides a scale for the physical extent
of a given modeled gas phase, which we can use to estimate
absorber sizes (Equation 11). In Figure 18, we present such
“cloud” size estimates, broken down by phase and absorber,
for our Bayesian model averages (see Section 4.3). Note that
all our models include a prior discouraging cloud sizes larger
than 10 kpc (but with a long tail, see Section 3.4.5). Also
shown for comparison is the powerlaw size vs. density relation
from the multiphase CGM modeling by Stern et al. (2016).
Their multiphase approach differs fundamentally from ours
in that their ionic column densities are produced by gas fol-
lowing a powerlaw density distribution, while our approach
treats the measured column densities as composites of ion-
ization phases at discrete, constant densities.25

24 Based on the halo-to-stellar mass ratios of Guo et al. 2010.
25 Other key differences include our parameterization of the UVB

and relative abundances, and our focus on modeling individual ve-

locity components. Additionally, they adopted 0.2 dex uncertain-
ties for all their measurements, while most of our measurements

are at least three times more restrictive.
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Figure 18. Cloud scale lengths l ≥ NH/nH of individual model

phases vs. the hydrogen gas density normalized by the cosmic mean
baryon number density (taken here as n̄b = 1.85 × 10−7(1 + z)3).

These are extracted from the Bayesian weighted average model
(see Section 4.3). The top axis provides a conversion to hydro-

gen number density (i.e., the parameter used in our models) at

redshift z=0.51850; one can shift the units of the top axis by
-0.09 or +0.14 to convert to redshift z=0.41760 or z=0.68606,

respectively. Shapes indicate phases pertaining to the averaged-

models of specific absorbers, and filled/semi-filled/open symbols
denote low/intermediate/high-ion dominated phases within each

absorber. For comparison, the gray bands cover the range of den-

sities predicted for a 1011.5M� halo by the two-phase analytic halo
model of Maller & Bullock (2004). The isolated, leftmost band

shows the predicted hot-phase density between 0.2–1Rvir while

the wider, rightmost bands show the predicted cool-phase den-
sity at the same radii for temperatures T=104 K (thin band) and

T=103.7–4.3 K (wide band).

Examining individual model phases, we find that the cloud
size correlates with the degree of ionization, e.g., the phase
having the largest scale length is also the one that produces
the dominant fraction of high-ions. The intermediate (in ion-
ization) phases of the Bayesian weighted average models for
Absorbers 0.4A, 0.4B, 0.6A, and 0.6B are also intermediate
in cloud size, accounting for approximately 6%, 47%, 5%, and
3%, of the respective absorber’s total modeled path length,
assuming a volume filling factor of unity in every phase, (i.e.,
fv = 1 in Equation 11). For dense, low-ion dominated phases
these numbers shrink to approximately 0.1%, 0.5%, 2.3%,
and 0.03%, respectively. The squares of these 1-D distances
roughly approximate the relative probability of observing
each of the two or three phases in arbitrary lines-of-sight. For
example, if our absorbers are structured in a layered spheri-
cal shell geometry with cold gas embedded within successively
hotter and volumetrically larger gas phases, then our models
would imply an O vi cross section that is &300 and &3000
times larger than the associated (i.e., kinematically aligned)
O iii and Mg ii cross sections, respectively. While higher ion-
ization stages do appear more frequently in blind redshift
surveys (see, e.g., Fig. 10 in Tripp et al. 2008) their enhanced
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detection frequency relative to that of the lower ionization
stages is much less than the multiple orders of magnitude
discrepancy anticipated by our simple geometrical argument.
Various theories have been proposed to solve this conundrum.
For example, the lower ionization phases could be dispersed
throughout the larger high-ion phase as a fine “mist” (e.g.,
McCourt et al. 2018; Liang & Remming 2019; Gronke & Oh
2020b), which would effectively increase the lower-ions’ cross-
section. Indeed, Werk et al. (2019) find empirical evidence of
small (≤ 10 pc) clumps of low-ions embedded in much larger
(≥ 1 kpc) coherent mid-/high-ion structures. Alternatively,
cool gas could form as a shocked, thin shell surrounding a
larger hot bubble (e.g., Thompson et al. 2016). It is also pos-
sible that cold clouds form in situ in complex, multiphase
outflows from galaxies (e.g., Gronke & Oh 2020a). The over-
all sizes of our absorbers are small enough to allow any of
these scenarios. This contrasts with other studies in the lit-
erature (e.g., Hussain et al. 2017), which infer significantly
larger cloud sizes that would be in tension with some of the
theoretical studies above. Our smaller sizes partly result from
our imposed prior penalty on large cloud sizes. This does not
lessen our conclusion, however, that viable models of highly
ionized clouds can be constructed that do not require tremen-
dously large clouds.

5.3 The Ionizing Radiation Field

Models of the extragalactic ionizing flux background are fun-
damental to our understanding of the IGM/CGM and other
topics, such as reionization, yet observational constraints on
the shape and intensity of the UV background are scarce.
Not only are models of the mean extragalactic radiation field
(e.g., Haardt & Madau 1996, 2001, 2012; Faucher-Giguère et
al. 2009) intrinsically uncertain, but in the vicinity of AGN
and star forming galaxies, their uncertainty is compounded
by the potential for local additions to the background ionizing
flux (see Upton-Sanderbeck et al. 2018). The column density
ratios of many ions commonly detected in CGM/IGM ab-
sorbers are highly sensitive to the UV radiation field (see, for
example, Figure 9a). Consequently, line-rich QSO absorption
systems with excellent quality spectra present an important
tool for constraining local variations in the ionizing UV radi-
ation field.

To extract information about the UV radiation field from
our absorbers, we parameterize the ionizing UV spectrum in
our models as a modified powerlaw, with a variable slope and
He ii Lyman Limit absorption “trough” (see Section 3.4 for
details). As described in Section 4.3, we model the ionizing
flux in two ways, 1) with independent UV parameters for
each absorber (“independent UV”), and 2) with a shared set
of UV parameters covering all absorbers at the same systemic
redshift (“joint UV”). Both approaches can produce models
with acceptable Bayes factors (see Tables 7 and 8), but we
find that “joint UV” models generally score better than the
“independent UV” versions of the same models.

Figure 19a plots marginal posterior densities for αUV and
βHe II for each absorption system. These suggest that the four
multiphase absorbers (Absorbers 0.4A, 0.4B, 0.6A, and 0.6B
favor a softer UV radiation field than the fiducal one (Haardt
& Madau 2012). Specifically, the most probable value of αUV

for the absorption system at z=0.41760 is ≈ −2.3, and for
the two absorbers at z=0.68606 it peaks at ≈ −2.1. While we
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Figure 19. (Top) Full probability densities for the UV parameters

inferred from our Bayesian model-averaged posteriors. The ver-

tical dashed cyan lines mark the fiducial values, and the orange
dash-dotted curves illustrate the prior density for αUV. Note that

the distributions plotted for Absorber 0.5A were derived from the

subset of acceptable models that include αUV and/or βHe II as free
parameters (see Table 6). (Bottom) Realizations of the most proba-

ble spectra derived from the posteriors shown in the top panel. The
black dotted line illustrates the fiducial Haardt & Madau (2012)

spectrum at redshift z=0.68606. For plotting purposes, we normal-

ized all the UV spectral energy distributions by ΓHM12
H I (z=0.68606)

(details in Section 3.4) to minimize redshift-dependent intensity

variations.

understand that the ionizing UV spectral index of (Haardt
& Madau 2012) (αHM12

UV ≈-1.4) is itself derived from uncer-
tain models, it is unlikely that the cosmic UV background is
as soft as our multiphase absorbers indicate. One possibility
is that a nearby AGN with a comparably soft ionizing flux
spectrum might boost the local radiation field ionizing flux
density and tilt its spectral slope. Indeed, the distribution
of spectral indices found by Telfer et al. (2002) in their sub-
set of radio-loud AGN, with a mean of αUV = −1.96 ± 0.12,
supports this possibility. Other studies of composite ultravi-
olet quasar and AGN spectra, e.g., Scott et al. (2004) and
Stevans et al. (2014), are also consistent with local values
of ≈ −2.3 to −2.1 for individual cases. Alternatively, the ion-
izing flux field for these absorbers could have an important
contribution from nearby galaxies. Upton-Sanderbeck et al.
(2018) describe several potential galactic and circumgalactic
sources of ionizing radiation associated with galaxies in addi-
tion to the omnipresent UV background. Radiation from hot
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stars, for example, boosts the longer UV wavelengths more
than the shortest ones, which, when combined with the UVB
would help to soften its spectral index.

The second parameter governing the shape of the UV ra-
diation field in our models, βHe II, provides more clues as to
the origin of the extra UV flux. βHe II adjusts the depth of
the He ii trough at 4 Ryd, which is sensitive to the amount
of helium along the path from the radiation source to the
absorber. While the effective helium opacity becomes signif-
icant for distant sources, radiation from a local AGN is un-
likely to encounter sufficient helium to produce a significant
effect. In contrast, stellar atmospheres generally imprint a
strong He edge on stellar spectra. Thus, if galaxies (stellar
sources) are leaking ionizing radiation, we generally expect a
deeper He trough in the ionizing UV flux than the He feature
of the diffuse UV background alone. Using these qualitative
differences between AGN and stellar sources of ionizing ra-
diation, the posterior distributions of βHe II from models of
Absorbers 0.4A and 0.4B (a strong He ii trough) may indi-
cate that the extra radiation has a stellar origin, while the
models of Absorbers 0.6A and 0.6B (little/no He ii trough)
are consistent with ionizing flux contributions coming from
an AGN.

Figure 19b offers another perspective on the inferred UV
parameters. The cyan and blue lines reproduce the most
probable UV ionizing flux SED for the multiphase absorbers.
Their shapes (αUV) look very similar, except that the absorp-
tion trough at 4 Ryd is strong in Absorbers 0.4A and 0.4B
and almost non-existant ine Absorbers 0.6A and 0.6B. Both,
however imply an extra component of ionizing flux above the
fiducial Haardt & Madau (2012) estimate (dotted black line).
In constrast, the shape of the single-phase absorber (Ab-
sorber 0.5A) broadly aligns with Haardt & Madau (2012),
based on those models for this absorber where the UV radi-
ation field is allowed to vary.

5.4 Metallicity and Relative Abundance Ratios

Our ionization models all include parameters governing the
absorbers’ metallicity and deviation from solar C/α, N/α, and
α/Fe ratios. Figure 20 plots point estimates of the marginal
posterior densities of these parameters. Recall that all of the
non-α elements we use to constrain our models are assigned
independent abundance parameters. We use [α/H] as an in-
dicator of the overall absorber metallicity. We chose to keep
the metallicity and enrichment parameters constant across all
phases within each absorber as discussed in Section 4.3. In
three-phase models the metallicity of the highest ionization
phase is minimally constrained owing to the limited number
of high-ion detections, so the resulting metallicities are pri-
marily driven by the two lowest ionization phases.

Unsurprisingly, all five of the absorbers are metal-enriched
with α-metallicities greater than a quarter solar, a fact that
we attribute to the selection of line-rich absorbers for this
study. The metallicities are consistent with the distribution of
metallicities measured in previously studied absorber samples
with similar neutral hydrogen column densities (Lehner et al.
2013; Wotta et al. 2016; Prochaska et al. 2017). We note that
a super-solar metallicity is indicated by the thermal pressure
equilibrium solution for Absorber 0.4A. The metallicity for
this model really follows a bimodal distribution (hence the
large range extending to lower Z shown in Figure 20) with a
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Figure 20. Modeled relative abundance ratios for C, N, Al, and

Fe, with respect to the α-element abundances, vs. the modeled

overall metallicity [α/H]. The symbols represent point estimates
of the Bayesian model-averaged (see Section 4.3) parameter dis-

tributions (i.e., marginal posterior densities). α/Fe is not shown

for Absorbers 0.4B and 0.6B, where it is poorly constrained. Like-
wise, Absorber 0.6A is the only absorber where Al/α could be

constrained. For clarity, we applied a -0.015 dex offset on the hori-
zontal (metallicity) axis to the the blue points ([N/α]) and a +0.015

dex offset to the metallicities of the orange points ([C/α]).

weaker secondary peak only slightly more enriched than the
non-TPE solution for Absorber 0.4A (the square symbols).
While we cannot rule out such a high metallicity arising in
particular instances, the models present acceptable solutions
that are less super-solar.

Our modeled metallicities also lie at the high end of the
gas phase O/H metallicity gradient found in the nebular
emission of higher-mass (M?>1010 M�) local galaxies (e.g.,
Belfiore et al. 2017). This correlation could suggest that
the absorbers formed from enriched gas pushed out (e.g.,
via stellar/supernova winds or AGN outbursts) of the cen-
tral regions of such galaxies into the CGM. That picture
becomes less clear, however, when our relative abundance
constraints are considered. Coincident with supersolar O/H,
Belfiore et al. (2017) also found supersolar N/O ratios, in
contrast with our modeling that requires subsolar N/O in
all but one case. One possibility is that at the redshifts of
our absorbers (z=0.41760, 0.68606, corresponding to look-
back times of ∼5 Gyr) the secondary production of nitrogen
through the CNO-cycle has not yet had time to enrich the
gas. Yet, the gas phase N/O ratio shows no evidence of evolv-
ing since z≈1–2 in the limited number of galaxies analyzed
by Kojima et al. (2017) and in a stack of galaxies by Masters
et al. (2014), for example.

Iron is another element with a delayed nucleosynthesis rel-
ative to the α-elements that provides an interesting point of
comparison with three of our absorbers. Lower metallicity
halo stars and globular clusters in the Milky Way offer well-
known examples of enhanced α/Fe (e.g., McWilliam 1997) at
low metallicities from the generation of stars formed before
Type Ia supernovae had time to boost the iron abundances.
Near solar metallicities, however, the α/Fe ratio is observed
to decrease to solar levels, which is more consistent with the
near-solar α/Fe ratios we find for Absorbers 0.4A and 0.5A.
Surprisingly, our models prefer a sub-solar α/Fe ratio for Ab-
sorber 0.6A, i.e, it requires an excess of iron relative to what
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is expected. In some models of galactic outflows, the hot out-
flowing metals are found to separate from the bulk of the ISM
mass (Mac Low & Ferrara 1999), so it is possible that galaxy
halos contain pockets of metal-enriched gas with abundance
patterns connected to particular metal sources. A larger sam-
ple of CGM abundance ratios will be crucial to further clarify
the possible progenitors of these CGM absorbers.

Absorber 0.6A also exhibits a robust Al/α overabundance
relative to solar. The introduction of an Al/α parameter was
necessary to obtain a satisfactory model for this absorber. Al-
though uncommon, some enhanced Al/α abundances in QSO
absorbers have been noted in the literature. For example,
Ganguly et al. (1998) reported [Al/α]≈0.3 at -0.55≤[Z /Z �]≤-
0.32 for an absorber with similar N(H i) as for the systems
in this paper but at z=1.94, and Richter et al. (2005) found
[Al/α]≈0.4 for a low-metallicity sub-DLA at z=2.187. Several
other examples of enhanced aluminum abundances, predom-
inantly in high redshift, low-metallicity, and/or high-N (H i)
QSO absorbers, are noted in Prochaska & Wolfe (2002) and
Glidden et al. (2016). These papers offer several speculations
regarding the origin of non-solar aluminum relative abun-
dances. The possibility of producing Al in novae stands out
as the most consistent with our ejecta interpretation of the
other observed relative abundance trends above, though these
references also discuss the possibility that inferred non-solar
aluminum relative abundances might originate in part owing
to incorrect atomic physics (e.g., ionization and recombina-
tion rates).

Circumgalactic dust has the potential to confuse relative
abundance studies since it differentially depletes metals from
the gas phase. While evidence for circumgalactic dust comes
from several different lines of inquiry (e.g., Ménard et al. 2010;
Peek et al. 2015; De Cia et al. 2016; Frye et al. 2019), it is
often neglected in analyses of optically thin CGM absorbers
where exposure to the UV background is thought to suppress
the amount of dust in the gas. In support of this assumption,
Fumagalli et al. (2016) found that the physical conditions of
a large sample of Lyman Limit Systems (LLSs) were mini-
mally impacted by a model incorporating a dust abundance
scaling based on Jenkins (2009), though it should be noted
that most of these absorption systems are located at red-
shifts z ≥ 2.5 and thus could have lower metallicities and
lower dust contents. While we did not include a dust-specific
relative abundance parameterization in our models, we have
examined the abundances of species that are expected to be
less depleted by dust (e.g., O and S) versus those that have
a greater propensity to deplete (e.g., Si, Mg, and Fe), and
we did not find any compelling indications of dust depletion
patterns (see, e.g., Jenkins 2009). Indeed, the enhanced Al/α
ratio discussed above is also in the wrong direction for a dusty
absorber, since aluminum is expected to deplete strongly onto
dust grains (Jenkins 2004).

6 SUMMARY

In this work, we developed a Bayesian multiphase ionization
modeling scheme with the goal of accounting for all the ob-
served ionization stages simultaneously at the maximum kine-
matic resolution possible. To explore the models’ dependency
on weakly constrained variables, we introduced several new
or seldom encountered parameters governing 1) the number

of model phases per absorber, 2) the shape of the ionizing
radiation field incident on the absorbing gas, and 3) rela-
tive abundance ratios of non α-elements in the same gas. We
treated each velocity component (referred to throughout as
independent “absorbers”) in an absorption system as being
produced by an unresolved composition of gas from multiple
different physical states, i.e., “phases”. To robustly navigate
the enlarged parameter space in search of optimal solutions
to our multiphase models, we employed an MCMC sampling
procedure and several carefully chosen priors on the model
parameters. These include a novel hyperprior on the thermal
pressure, which we use to interpret the probability of ther-
mal pressure equilibrium between the individual phases of
our multiphase absorbers.

To showcase our ionization modeling approach, we se-
lected absorption line measurements and multiphase ioniza-
tion models for five strong H i absorbers (log NH I>15) iden-
tified in three line-rich absorption systems at intermediate
redshifts (0.4<z<0.7) in quasar spectra observed as part of
the CASBaH program. The good signal-to-noise, full FUV-
to-optical coverage of the background quasar spectra, and the
optimal redshifts of the absorbers allowed us to detect sev-
eral species that are difficult or impossible to observe at low
(z . 0.4) and high (z & 1.5) redshifts. The unusual number
and precision of column density measurements gleaned from
these absorbers were essential for constraining our complex
ionization models.

Applying multiphase ionization equilibium models to these
absorbers, we find that only 1/5 of the absorbers is consis-
tent with a single ionization phase. The other 4/5 absorbers
require at least two distinct ionization phases to satisfactorily
model all observed ionization stages simultaneously. In fact,
a rigorous model comparison using Bayes factors strongly fa-
vors three-phase models for all four multiphase absorbers.
An examination of the individual model phases reveals that
for many of the species we detected, including commonly ob-
served ions such as H i, C ii, C iii, Si iii, and Si iv, multiple
model phases may contribute a non-negligible fraction to-
ward their total ionic column densities, making it impossible
to categorize many of these ions as belonging exclusively to a
particular gas phase. In some models, a significant amount (as
much as ≈ 20% or more) of the neutral hydrogen, for example,
may originate outside the coolest, densest modeled gas phase
that contains > 95% of the Mg ii and Fe ii. Interestingly, we
also find that singly- and doubly-ionized species often do not
originate in the same gas phase; ions such as C iii, N iii, and
O iii may share more in common (regarding their produc-
tion) with “hotter” ions such as C iv, N iv, and O iv than
with low-ions like C ii, N ii, and O ii. We also examined
whether photoionization-only and fixed-temperature photo-
plus collisional ionization models (i.e., collisional ionization
models where the incident ionizing radiation field is not ig-
nored) are capable of satisfactorily reproducing the measured
column densities of all detected species simultaneously. O vi,
which we detected in all our multiphase absorbers, is readily
accounted for by collisional ionization models. We also found
photoionization models that could produce O vi in two of the
absorbers, though not for the two remaining absorbers where
we detect strong high-ion column densities, including Ne viii.

We discussed several physical properties of our IGM/CGM
absorbers, including thermal gas pressures, cloud sizes, devi-
ations from solar metallicity and relative abundances (for C,
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N, Al, and Fe), and implications for the UV ionizing radia-
tion field impinging on these systems. For all four multiphase
absorbers we found model configurations that can be inter-
preted as having multiphase pressures consistent with ther-
mal pressure equilibrium, though for two absorbers we also
found successful models with inter-phase thermal pressures
severely out of equilibrium with each other. We observed that
the key factor for building thermal pressure equilibrium mod-
els is the dynamic range of the modeled temperature. Pho-
toionization models simply cannot achieve the higher temper-
atures needed to balance lower gas densities of more highly
ionized gas phases. In addition to the question of equilib-
rium, we also find that all our multiphase models exhibit low
overall thermal pressures, and the set of non-pressure equi-
librium models fall well below reasonable estimations of the
halo pressure based on a two-phase halo analytical model for
a 1011.5M� halo. This suggests that the absorbers either reside
in relatively low-mass (sub-L*) halos (we blindly selected our
absorbers with respect to their environments) or they have
significant non-thermal pressure support.

Our models also successfully produce absorbers with realis-
tic cloud scale lengths of . 10−30 kpc after setting a prior to
restrict excessively extended solutions. The highest density
gas phase in each absorber is consistent with sub-kiloparsec
scale lengths. We also inferred the shape of the ionizing ra-
diation field from our models, finding evidence that suggests
the presence of a local source of radiation near four of our ab-
sorbers, while the other one is consistent with photoionization
by the UV background ionizing flux. Finally, we derive metal-
licities greater than 25% solar in all five absorbers and find
evidence of significant deviations from solar relative abun-
dances, particularly for N/α, in all five. These case studies
serve as a preview of our larger, ongoing CASBaH investiga-
tion of physical conditions in IGM/CGM absorbers that will
utilize the multiphase ionization modeling scheme developed
herein.
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APPENDIX A: BAYESIAN MODEL DETAILS

A1 The Likelihood Function

The likelihood function (Equation A6) for our multiphase
model assumes that column densities measured from the spec-
tra are random variates of a zero-truncated normal distribu-
tion (ZTN). What we refer to throughout this paper as the
zero-truncated normal (ZTN) distribution is really a simplifi-
cation of the truncated normal distribution, which is defined
as:

pTrunc. Normal(x, µ, σ, a, b) =
φ( x−µ

σ
)

σ
(
Φ( b−µ

σ
) − Φ( a−µ

σ
)
) (A1)

where φ(·) and Φ(·) reference the standard normal probabil-
ity density and cumulative density functions (respectively),
which we provide here for completeness:

φ(x) =
1
√

2π
e−

1
2 x2

(A2)

and

Φ(x) =
1
2

(1 + erf(
x
√

2
)). (A3)

The ZTN probability density corresponds to setting a, b =

0,−∞ in Equation A1, which simplifies to:

fZTN(x, µ, σ) =
φ( x−µ

σ
)

σ
(
1 − Φ(− µ

σ
)
) (A4)

and the accompanying cumulative density function is:

FZTN(x, µ, σ) =
Φ( x−µ

σ
) − Φ(− µ

σ
)

1 − Φ(− µ

σ
)

(A5)

Our adoption of the ZTN as our column density sampling dis-
tribution was motivated by simulations of absorption features
of different strengths in simulated counts spectra at various
signal-to-noise ratios. For each test case, we ran 1000 different
realizations of the spectrum, each time fitting a Voigt profile
(with fixed velocity and b-value constrained between 10-25
km s-1) to the absorption feature (even if non-detected) using
χ2 minimization. The histogram of best fitting column den-
sities matches best with a ZTN distribution, even when the
mean of the ZTN was fixed to the “true” (simulated) column
density value. Note that the assumption of ZTN distributed
column densities may break down in more complex scenarios
than those considered above, such as multiple adjacent ab-
sorption lines (whether from the same system or a contam-
inating one), or for Voigt-profile fitting measurements with
shared (and hence correlated) parameters. A proper treat-
ment of such covariates has not been considered in the liter-
ature, however, and would be beyond the scope of this pa-
per. For the present, using the simpler (truncated normal)
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likelihood distribution described above should suffice as an
approximation.

The full likelihood distribution is the product of indepen-
dent ZTNs, one for each species-absorber pair (denoted by
subscripts ion, c). The width of an individual ZTN (for species
ion) is set to the measured uncertainty in the column den-
sity measurements, i.e., σZTN = σmeas

ion,c . The mean26 of each
ZTN sampling distribution is set by the model-predicted
column density for a given set of model parameters, i.e.,
µZTN = Nmodel

ion,c . Equation A6 gives the likelihood of the ob-
served column densities as the product of ZTN probabilities.
The specific form of the ZTN for each term in the product
depends on whether the measured column densities belong
to the set of Detections, U pper Limits, or Lower Limits (i.e.,
{D}, {UL}, or {LL} in Equation A6). Since the column density
measurement (kinematic) resolution often differs for various
species (for the reasons discussed above), we introduce the
concept of component groups to handle measurements that
span one or more modeled absorbers (i.e., velocity compo-
nents). These component groups (CG) are exclusive, mean-
ing they encompass adjacent, but non-overlaping portions of
the absorption features. A CG may contain anywhere from
one to all of the measured column density constraints used
in the model. CGs are in essence bookkeeping tools, enabling
us to compare a lower (kinematic) resolution measurement
to the more finely resolved models, by keeping track of which
modeled absorbers (i.e., higher resolution gridpoints of the
model) are encompassed by the CG.

While the likelihood of detection is given by the ZTN prob-
ability density function, for upper limits the likelihood is
the integrated tail probability P(NZTN ≤ N limit

ion,c), which is ob-
tained by evaluating the ZTN cumulative distribution func-
tion (CDF, given by Equation A5) at the measured limit
N limit

ion,c. Lower limits are analogous, but correspond to upper
tail probabilities, i.e., P(NZTN ≥ N limit

ion,c). Thus the full likeli-
hood distribution is given by (with reference to Equations A4
and A5):

L(N |θ) =

Nions∏
ion

NCG∏
c=1


fZTN(Nmeas

ion,c ,N
model
ion,c , σ

meas
ion,c ), if ion ∈ {D}c

FZTN(N limit
ion,c,N

model
ion,c , σ

limit
ion,c), if ion ∈ {UL}c

1 − FZTN(N limit
ion,c,N

model
ion,c , σ

limit
ion,c), if ion ∈ {LL}c

(A6)

where Nmodel
ion,c =

Nabs(c)∑
i=1

Nphases(ioni)∑
p=1

Ncloudy
ion (θi

p)

 N i,p
H

N0
H

 ,
and

θi
p = {log ni,p

H , log T i,p, αi
UV, β

i
He II, log Zi, [C/α]i, [N/α]i, [α/Fe]i}.

Here, Nions, NCG, Nabs, and Nphases, refer, respectively, to the
number of unique species used to constrain the model, the
number of component groups used to represent the measure-
ments for these species, the number of absorbers being jointly
modeled (e.g., two absorbers at the same systemic redshift),
and the number of phases used by the model for each ab-
sorber. The modeled column densities Nmodel

ion,c actually repre-

26 To be precise, we use µZTN to denote the 1st moment of the

non-truncated normal distribution.

sent the sum over column densities predicted at a more gran-
ular level (i.e., by individual absorbers and phases). These
more granular column densities Ncloudy

ion (θi
p) are obtained by

interpolating over our grid (Table 5) of cloudy ionization
model evaluations, with free grid parameters θi

p. Note that

log T i,p is only included for the P+C model. Finally, the total
hydrogen ratio adjusts the gas content of the absorber with
a normalization for the zeropoint of the interpolation grid.

A2 Prior Probability Density Functions

Section 3 includes a thorough qualitative description of the
priors incorporated in our ionization modeling. Here we
present the underlying formulae, using bold symbols through-
out to represent parameter sets. The full prior distribution
can be written as:

P(θ) = P̂(θ)P(σ2
ln P,true)

P(s2
ln P|σ

2
ln P,true)

P(s2
ln P|P̂(θ), P(σ2

ln P,true))
(A7)

where the first term P̂(θ) represents the joint prior distribu-
tion over the primary model parameters and the remaining
terms in Equation A7 describe our thermal pressure prior, in-
cluding a term for the hyperprior P(σ2

ln P,true). Equation 15 im-
plicitly defines P(s2

ln P|σ
2

ln P,true), the prior on the sample vari-
ance of the inter-phase pressures (a derived parameter of the
model). Following Handley & Millea (2019), as explained in
Section 3, we also need to divide by P(s2

ln P|P̂(θ), P(σ2
ln P,true)),

that is, the prior induced on s2
ln P|σ

2
ln P,true by the explicit pri-

ors P̂(θ).
The prior on the primary model parameters is a joint dis-

tribution

P̂(θ) = P(αUV,βHe II,X/α,α/H, log T, log nH, log NH), (A8)

which in our application simplifies to

P̂(θ) = P(αUV)P(βHe II)P(α/H)P(X/α)P(log T)P(log nH)

× P(log NH| log ñH = log nH + log f (αUV,βHe II)) (A9)

though we can imagine inserting various additional condi-
tional dependencies given sufficiently strong prior informa-
tion, e.g., future prior constraints on relative abundance ra-
tios might be conditional on the metallicity. Note that the
conditional prior for N H has been formulated as a prior on
the cloudsize, which requires that it be cast in terms of the
adjusted density log ñH using the logarithmic form of Equa-
tion 9. The specific expressions for each of the terms in Equa-
tion A9 are given by Equations A10–A16, some of which make
reference to the standard probability distributions listed in
Equations A1–A3 and A17–A18. Ideally we would model ev-
ery discrete velocity component as a distinct absorber, but
in a crowded absorption system it is not always possible to
resolve the individual components in every observed species.
In these instances, two or more absorbers must be modeled
together with joint constraints on any unresolved species. In
the following, the index i extends over the number Nabs of dis-
tinct absorbers modeled together. For the ionizing UV spec-
tral shape parameters, the index u extends over the set of dis-
tinct UV parameter pairs (with cardinality NUV). Note that
NUV≤Nabs since we allow for the possibility of sharing UV pa-
rameters between models for one or more absorbers (at the
same systemic redshift). Finally, the index p extends over the
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set of phases in the model for the ith absorber. Thus,

p(αUV) =

NUV∏
u

pTrunc. Normal(αu
UV, α

HM12
UV (z), 0.7,−2.5,−0.28) (A10)

where αHM12
UV (z) is the fiducial (Haardt & Madau 2012) ionizing

UV spectral index measured at redshift z;

p(βHe II) =

NUV∏
u

pUniform(βu
He II, 0, 3) (A11)

and

p(X/α) =

card(X)∏
element∈X

Nabs(element)∏
i

pUniform([element/α]i, aele, bele) (A12)

where X includes the elements C, N, and Fe with (aele, bele)=(-
0.8,0.8), (-1.2,0.4), (-1.2,0.4) for C/α, N/α, and Fe/α, respec-
tively. As explained in the main text, we make an exception if
element = Al, replacing the uniform probability density with
pTrunc. Normal([element/α]i, 0, 0.2,−0.5, 0.5);

p(α/H) =

Nabs∏
i

pUniform([α/H]i,−3.0, 0.7) (A13)

where [α/H] represents the [Z/H] metallicity parameter varied
in our grid of cloudy models, which is better understood as
[α/H] after we allow the significant non-α elements to vary
freely

p(log T) =

Nabs∏
i

Ni
phases,P+C∏

p

pUniform(log Ti,p, 4.0, 6.4) (A14)

where p is restricted to those model phases (if any) where
P+C is used (since log T is not a parameter of PIE-only phase
models)

p(log nH) =

Nabs∏
i

Ni
phases∏

p

(N i
phases + 1)! · 1{nmin

H ≤ ni,p
H < ni,p−1

H ≤ nmax
H }

(A15)

where the indicator function only accepts solutions with one-
to-one ordering between the density and index of individual
phases in each modeled absorber. Limits on nmin

H and nmax
H are

imposed by the boundaries of the cloudy ionization model
grid (see Table 5). The normalizing constant (N i

phases + 1)! is
simplest to understand if one considers the line segment be-
tween nmin

H and nmax
H as being split into N i

phases + 1 smaller seg-

ments by the densities ni
H, which correspond to the N i

phases
phases specified by the model for the ith absorber. These line
segments can be arranged in (N i

phases + 1)! possible ways, only
one of which gives non-zero probability in Equation A15.

p(log NH| log ñH) =

Nabs∏
i

Ni
phases∏

p

pGamma(log Ni,p
H , 0.2, ñ

i,p
H · 15 kpc)

(A16)

where we use the adjusted density given by Equation 9.
The following two equations list the standard Uniform and
Gamma probability distributions invoked above for complete-
ness. Note that we define the Truncated Normal distribution,
which is also invoked above, in Equation A1.

pUniform(x, a, b) =
1

b − a
for a ≤ x < b (A17)

and

pGamma(x, k, θ) =
xk−1e−

x
θ

θkΓ(k)
for x, k, θ > 0. (A18)

A3 Numerical Estimation of the Marginal Likelihood

Weinberg (2013) and Weinberg et al. (2013) describe a novel
approach for estimating the marginal likelihood from samples
of the posterior distribution. Noting that posterior volumes
with the smallest density of samples dominate the uncertainty
in the marginal likelihood integral, they show how the vari-
ance can be reduced by restricting the marginal likelihood
estimation to a small volume centered on the posterior mode.
The marginal likelihood can be written as

P(N|M)
∫

Ωs

dP(θ|N) =

∫
Ωs

P(θ|M)P(N|θ,M) (A19)

where Ωs ⊂ Ω and Ω represent the full set of posterior sam-
ples. Ωs is carefully chosen to minimize the variance in the
numerical evaluation of the two integrals. The integral on
the left-hand side is just the fraction Ωs/Ω if evaluated via
Monte Carlo sampling. The right-hand side can be evaluated
using the tree-based tessellation VTA algorithm proposed by
Weinberg (2012) or by naive Monte Carlo resampling of the
volume defined by Ωs as suggested by Weinberg et al. (2013).

We make two adjustments to the algorithm. First, we use
a custom iterative procedure to locate a hyperrectangle that
circumscribes the posterior mode. We identify samples with
marginal posterior probabilities within a fraction p of the
marginal posterior mode that form a solid hyperrectangle
containing the mode. We iteratively adjust p until the num-
ber of posterior samples satisfying this condition equals the
desired value, NΩs . We use a value of NΩs =1000, which offers
the best tradeoff in minimizing the variance of both integrals
in Equation A19. Second, we estimate Equation A19 using
the vegas adaptive Monte Carlo algorithm (Lepage 1978) im-
plemented in the vegas Python package27. This algorithm
relies on both importance sampling and stratified sampling
strategies to estimate the integral. We obtain much more ef-
ficient sampling using this algorithm than with using naive
Monte Carlo integration.

A4 MCMC Tests

We tested our Bayesian ionization modeling scheme on nu-
merous mock absorbers to 1) estimate the accuracy and pre-
cision of our parameter inferences and 2) assess the sensi-
tivity of Bayes factors for model selection. These properties
depend on both the (unknown) physical parameters of the
true absorbers and on the number and quality of the absorp-
tion line constraints. Performing global tests over these vari-
ables would be computationally challenging and superfluous
to our purposes. Instead, we narrow our scope and test mock
absorbers designed to mimic the constraints and inferred pa-
rameters of the observed (real) absorbers presented in this
study.

We designed the first set of tests, i.e., for accuracy and
precision, as follows. We begin by randomly drawing ten pa-
rameter vectors from the posterior of highest ranked model

27 Version 3.4 https://vegas.readthedocs.io/en/latest/index.html
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Figure A1. “Joint parameter residuals” for fits to mock absorp-
tion data (see text for details) designed to test the accuracy and

precision of parameteric inference using our Bayesian ioniza-

tion modeling scheme. Each subfigure summarizes test results
from fitting PPPa-PPb (Mock Absorbers 0.4A & 0.4B), P5par
(Mock Absorber 0.5A), and PCa-CCCb (Mock Absorbers 0.6A
& 0.6B) models to ten mock absorption systems each. The true
parameters for each test model were randomly selected from
the posteriors of the same models applied to the real Absorbers’

column densities. The horizontal axes in these plots are all cen-
tered on the true value of the parameter. Blue histograms show

the joint probability densities of individual parameters from
the groups of mock absorber models after subtracting the true
parameter value. Parameters are grouped by absorber, and su-
perscripts are used to denote distinct phases (“1” refers to the
lowest degree of ionization, etc...). Red circles and cyan trian-

gles show the mean and median, respectively, of the inferred
parameters from the individual mock absorber models. See the
main text for various considerations that should be taken into
account when interpreting these results.
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Figure A2. A comparison of Bayes factors for fits to ten “simple” and ten “complex” mock absorption systems (see the main text for the

distinction between these sets). The various models used to fit the mock absorbers are labeled along the vertical axis, with labels specifing

the number and ionization type of phases (following the convention described in Section 3.3) for each component (“a” and “b”). The Bayes
factor for each model-mock absorber pair is the ratio of its marginal likelihood to that of the true model. Colors and symbols redundantly

refer to individual mock absorption systems. The solid vertical line represents alternative models with equal odds as the true model, while

the dashed lines indicate a strong preference for or against the alternative model following the interpretation scale of Jeffreys (1961). The
horizontal axis has been linearly scaled by a factor of four in the hatched region to minimize whitespace. A small vertical jitter is applied

to enhance marker visiblity.

(by Bayes factors) for each observed absorber and compute
the corresponding model-predicted column densities. Each
parameter vector and its associated column densities repre-
sents a distinct mock absorber. Drawing mock absorbers in
this manner (i.e., from the posteriors of the models for real
absorbers) ensures that the mock absorbers test a similar
parameter space as that probed by the real ones, but with
sufficient variation. We also want our mock column densi-
ties to have similar constraining power over the models as
the real absorbers’ column densities. To achieve this, we 1)
record column densities for the same set of species observed
in the real absorbers while borrowing the same measurement
classifications (detection or upper/lower limit)28, and 2) ap-
ply the measurement uncertainties from the real data to the
mock data.

After creating the mock absorbers, we then apply the same
Bayesian ionization model that we used for the true absorbers
to each mock absorber, after removing the pressure equilib-
rium and cloud size priors.

For each set of ten mock absorbers, we combined poste-
rior samples of the individual models after first subtract-
ing their known parameter vectors that we originally drew
from the posteriors of real models; we refer to these as “joint
parameter residuals.” Figure A1 shows histograms of these
joint parameter residuals, along with the mean and median
of the parameter residuals for individual mock absorbers. Us-
ing these figures, we can estimate the accuracy of the param-

28 In some cases we had to extend upper and/or lower limits for in-
dividual mock absorbers so that the mock column densities would

remain inside the limits.

eters29 inferred by our models for the real absorption sys-
tems. For example, the modeled UV spectral index (αUV)
for Mock Absorbers 0.6A & 0.6B is overestimated by ≈0.08
dex on average, which can be interpreted to mean that the
corresponding measurements for the real absorbers (See Fig-
ure 20) most likely overestimate the true (unknown) value
by a similar amount. But Figure A1 also shows an ≈35%
chance that the true αUV is underestimated (i.e., by inte-
grating the blue histogram in the region >0), so the bias is
relatively weak. Overall, the joint parameter residuals reveal
relatively minor bias, in all cases .1σ, but in some cases with
rather large variances. Note, however, that the interpretation
of the variance depends on the parameter. For example, the
iron relative abundance parameter for Mock Absorber 0.6B
has far too wide a variance to draw any useful insight from
the model. This comes as no surprise, however, since iron in
this absorber is only detected as an upper limit, and hence
provides only a weak constraint on the model.

We also devised a second set of tests to evaluate the sen-
sitivity of Bayes factors for selecting the true model from a
set of models with various phase combinations, i.e., including
both ionization mechanism (PIE-only vs. P+C) and num-
ber (of phases) per velocity component. Ideally, Bayes fac-
tors should show a preference for the true model regardless
of its complexity, since Bayes factors naturally penalize both
too simplistic and too overly complex models. In practice,
the signal is not always strong enough to be conclusive, or it
may be affected by insufficient data, bad priors, or imprecise
and/or biased computation of the marginal likelihood. Hence,

29 More precisely, we can evaluate the accuracy of point estimates
of the parameter marginal posterior distributions.
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we present these tests as an empirical calibration of Bayes
factors specific to our application. For these tests we pro-
duced two sets of ten photoionized mock absorption systems,
one generated from a complex model, the other from a sim-
pler model. Specifically, the “complex” set of mock absorbers
were drawn from the posterior of the PPPa-PPb model of the
real Absorbers 0.4A & 0.4B in the same fashion as that de-
scribed above for the accuracy and precision test (in fact the
same mock absorbers were re-used). The ten “simple” mock
absorbers were similarily produced, but drawn from the pos-
terior of a lower complexity PPa Pb model of the same real
absorbers.30 We then model the mock absorbers with a suite
of ionization models with varying degrees of complexity, in-
cluding the correct models from which they were derived. At
every intersection of the mock absorbers and trial ionization
models, we compute Bayes factors as the ratio of the marginal
likelihood for the trial model over that of the true model.

Figure A2 presents logarithms of the Bayes factors from
the second test relative to the true model. The logarithmic
ratios are all essentially less than or equal to zero, meaning no
model is strongly preferred over the true model. Further, we
can conclusively rule out models with a lower degree of com-
plexity (i.e., fewer phases) than the true model. This lends
credence to our important conclusion regarding the inade-
quacy of single phase models (which implies the need for mul-
tiphase alternatives). Models with a slightly higher degree of
complexity than the true model, however, are not clearly dis-
favored. One possible explanation for this ambiguity is that
the extra phases in higher-complexity models might only con-
tain a trivial amount of gas relative to the content of the other
phases. The small amount of gas in these extra phases might
produce an unecessarily optimized fit, an improvement that
is balanced by the penalty of adding parameters. Under this
hypothesis, the higher complexity model minus the trivial
phases would look similar to the true model. However, Oc-
cam’s razor would have us prefer the less complex model if
the Bayes factor does not clearly favor the more complex one.

Additionally, we note that for these particular mock ab-
sorbers the Bayes factors indicate a weak, but consistent
preference for purely photoionized models over ones incor-
porating collisional ionization. While this trends in the right
direction (the true models are purely photoionized), it is not
strong enough to be conclusive, likely owing to the paucity
of high ion constraints in these mock absorbers (see Table 2
for a list of the species used). Note that this is not evidence
for a universal preference for photoionization over collisional
ionization, but only for the particular case of Absorbers 0.4A
& 0.4B.

A5 Posterior Predictive p-values

Fundamentally, data (ysim) simulated from a good model
should look similar to the observed data (yobs). This can be
stated in terms of some test statistic T (y) that summarizes
each dataset: T (yobs) should have a reasonable probability of
being drawn from the distribution of T (ysim). If T (yobs) is

30 We use the lower complexity PPa-Pb model simply to narrow
the parameter selection space of the “simple” mock absorbers. The
accuracy of the model with respect to the real data has no effect

on the efficacy of the mock absorbers and tests derived from it.

an outlier, we reject the generative model. p-values are com-
monly used to quantify the statistical significance of a mea-
surement with respect to the null hypothesis or null distribu-
tion. The classical p-value is calculated over the distribution
of ysim for fixed (known) θ as:

pC = Pr(T (ysim) ≥ T (yobs|θ)). (A20)

Thus, classical p-values summarize the discrepancy between
the observed data and the values expected by a model with
a particular value of θ.

In a Bayesian context, the observed data is compared to the
posterior predictive distribution, which integrates over the
posterior distribution of the (unknown) parameters. Thus,
T is typically a function of θ as well as y, i.e., T=T (y,θ).
The (Bayesian) posterior predictive p-value is thus defined
as (Gelman et al. 1996, 2004):

pB = Pr(T (ysim, θ) ≥ T (yobs, θ)|y) (A21)

where the probability is taken over the posterior distribution
of θ and the posterior predictive distribution of ysim , i.e., the
joint distribution p(ysim ,θ|yobs). In practice, one computes
T (yobs ,θ) and T (ysim ,θ) for each set of parameters sampled
from the posterior. The mock data, ysim , are randomly drawn
from the likelihood distribution, with one replicated dataset
for each of the posterior samples.

The optimal test statistic for computing pB depends on the
model at hand. Here, we choose to sum the scaled residuals
between the data and model column densities,

T (y, θ) =

ions∑
i

∣∣∣yi − Nmodel
i (θ)

∣∣∣
σobs

i

. (A22)

Here, yi represents either the observed or simulated column
density for the ith ion, Nmodel

i is the model-predicted column
density corresponding to a particular set of parameters θ, and
σi denotes the uncertainty in the measurement of the corre-
sponding observed column density (even when yi=ysim

i ). This
statistic was chosen to complement the qualitative goodness-
of-fit plots in Section 4, since discrepancies between the data
and model are more intuitively understood when expressed
as residuals. With this statistic, pB should be interpreted as
a two-tailed probability, with an ideal value at pB=0.5. Large
residuals drive pB≈0 and indicate that the observed data are
unlikely predictions of the model (i.e., potentially warranting
a rejection of the model). Overly narrow residuals, which pro-
duce pB≈1, are also unlikely to occur if the null hypothesis
(the model being tested) is the correct one, so high numbers
likely indicate some degree of overfitting.

Figure A3 illustrates the concept of scaled residuals. The
likelihood distribution, L(N |θ) (Equation A6), gives the
probability of the data given the model, so we treat each
observed column density as a random sample from a ZTN
distribution (Equation A4). The ionization model sets the
mean of this distribution, while its variance is fundamentally
determined by the noise in the data, which we approximate
as σobs

i . Figure A3 plots two sampling distributions for an
arbitrary ion along with the corresponding simulated column
densities. We are interested in the significance of any discrep-
ancy rather than the absolute value of the discrepancy, hence
the need for scaling by the standard deviation.

Extracting scaled residuals for censored data (upper and/or
lower column density limits) is not as straightforward as
with measurements for detected species. In these cases the
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Figure A3. A graphical illustration of scaled residuals. Model-
predicted column densities µ1 and µ2 (blue and orange vertical

lines, respectively), corresponding to two arbitrary parameter vec-
tors θ1 and θ2 drawn from the (hypothetical) posterior, become the

means of ZTN distributions (identically colored curves) each hav-

ing the same standard deviation σobs). The distance robs (black
arrows) between either µ1 or µ2 and the observed column density

(vertical black dotted line) can be expressed as a column density

(bottom axis) or as a scaled residual (top axis, µmodel ∈ {µ1, µ2, ...}).
When computing posterior predictive p-values, a single simulated

column density ysim
i is drawn from each unique ZTN, which is

linked to the unique posterior sample θi. We illustrate this concept
for the two simulated column densities ysim

1 and ysim
2 , denoted by

dashed vertical lines that are colored to correspond to the ZTN

distributions from which they were drawn. A scaled residual is
likewise computed for each of these simulated data points, with

the distance rsim shown by the respective colored arrows.

observed data residuals
∣∣∣yobs

i − Ni(θ)
∣∣∣ are themselves limits,

a point illustrated in Figure A4. To make a fair compari-
son with model simulated column densities, any simulated
columns that fall outside the observed detection limit are like-
wise treated as limits, and we ignore these when computing
test statistics T (yobs ,θ) and T (ysim ,θ). In some cases, how-
ever, the posterior predictive distribution will generate ysim

values that would be considered detections in a real dataset
given the signal-to-noise ratio of the observed spectrum. Since
these provide a real constraint on the ionization modeling,
we resort to a probabilistic analysis of the observed limits
to provide a meaningful comparison to the simulated data.
As noted above in Appendix A1, each column density limit
is interpreted as the tail probability of the ZTN distribu-
tion implied by a given set of model parameters. Thus, we
can realize an observed column density from the limits by
sampling the relevant tail of the model-implied column den-
sity sampling distribution.31 We then use the realized column
density to compute T (yobs ,θ) as though it were an actual de-
tection. This approach does not bias the test statistic since
the realized and simulated column densities are ultimately
drawn from the same distribution (i.e., before applying the
observational limit constraints). The darkest shaded regions
in Figure A4 exemplify the tail regions from which upper
limit column density realizations are drawn. Lower limits are
similar but mirrored, while double limits specify sampling
intervals rather than tails.

31 Note that without the tail constraints this would be identical
to the sampling procedure used to generate simulated data.
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Figure A4. An illustration of column density residuals for lower lim-

its. In both cases, µ, the mean of the ZTN distribution (red curve),

is the model-predicted column density corresponding to a partic-
ular set of parameters drawn from the posterior of a given model.

We compute the posterior predictive probability distribution by

integrating over all possible values of µ implied by the posterior.
The red vertical dashed lines represent simulated column densities

drawn from the ZTN for two illustrative cases, while the dotted
black lines indicate the measured upper limit. As a necessary step

to obtaining a p-value, we must determine if the simulated mea-

surement produces a larger residual with respect to µ than the
observed limit. Case 1 differs from Case 2 in the location of µ rela-

tive to the observed column density limit. In both cases the resid-

ual rsim is straightforward to measure, while we can only measure
an upper limit on r lim . In some regions (white/not shaded) it is

clear that either rsim<r lim (Case 1) or rsim>r lim (Case 2), but in

the lightly shaded regions it is not clear which residual is larger.
We overcome this problem by statistically generating realizations

of the column density limits. That is, we draw samples from the

posterior predictive distribution in the region allowed by the mea-
sured limit (shaded in dark grey). Note that when ysim<y lim we

treat both r lim and rsim as limits and ignore these points when

computing the test statistics T (y lim ,θ) and T (ysim ,θ).

This paper has been typeset from a TEX/LATEX file prepared by

the author.
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