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Abstract

We investigate the connection between supermassive black holes (SMBHs) and their host dark matter halos in the
local universe using the clustering statistics and luminosity function of active galactic nuclei (AGNs) from the
Swift/BAT AGN Spectroscopic Survey (BASS DR2). By forward-modeling AGN activity into snapshot halo
catalogs from N-body simulations, we test a scenario in which SMBH mass correlates with dark matter (sub)halo
mass for fixed stellar mass. We compare this to a model absent of this correlation, where stellar mass alone
determines the SMBH mass. We find that while both simple models are able to largely reproduce the abundance
and overall clustering of AGNs, the model in which black hole mass is tightly correlated with halo mass is
preferred by the data by 1.8σ. When including an independent measurement on the black hole mass–halo mass
correlation, this model is preferred by 4.6σ. We show that the clustering trends with black hole mass can further
break the degeneracies between the two scenarios and that our preferred model reproduces the measured clustering
differences on one-halo scales between large and small black hole masses. These results indicate that the halo
binding energy is fundamentally connected to the growth of SMBHs.

Unified Astronomy Thesaurus concepts: Large-scale structure of the universe (902); Supermassive black holes
(1663); X-ray active galactic nuclei (2035); AGN host galaxies (2017)

1. Introduction

It is well established that supermassive black holes (SMBHs)
reside at the centers of galaxies and grow during phases of
extreme accretion, observed as active galactic nuclei (AGNs).
While multiwavelength surveys of AGNs have made great strides
in characterizing the AGN population and their correlated host
galaxy properties (e.g., Kormendy & Ho 2013; Lanzuisi et al.
2017; Powell et al. 2017; Aird et al. 2018; Suh et al. 2019; Caglar
et al. 2020; Koss et al. 2021; Ding et al. 2022), their connection to
their larger-scale environments and host dark matter halos remains
largely unconstrained. There are several proposed mechanisms
that drive gas to the galaxy center and trigger AGN activity, which
depend on the galaxy’s cosmic environments or on the states and/
or histories of their host dark matter halos (e.g., Hopkins et al.
2008; Saha & Naab 2013; Galloway et al. 2015; Bower et al.
2017; Marshall et al. 2018; Ricarte et al. 2020). Characterizing the

environmental dependence of AGN activity can thus provide
powerful constraints on evolutionary scenarios of SMBH fueling
and feedback.
AGN clustering measurements have been the primary

technique used to determine the host dark matter halo properties
of accreting black holes. By comparing the well-understood mass-
dependent clustering of halos from dark matter simulations to the
clustering amplitudes of AGN samples (via the AGN bias
parameter), the typical host halo masses (and therefore large-scale
environments) of AGNs have been estimated, which range from
1012 to 1013.5 Me h−1 depending on the sample (e.g., Coil et al.
2009; Hickox et al. 2009; Shen et al. 2009; Cappelluti et al. 2010;
Allevato et al. 2011; Starikova et al. 2011; Cappelluti et al. 2012;
Krumpe et al. 2012; White et al. 2012; Allevato et al. 2014;
Eftekharzadeh et al. 2015; Laurent et al. 2017; He et al. 2018;
Timlin et al. 2018; Powell et al. 2020). However, an underlying
assumption for these mass estimates is that, in a given survey,
AGNs are hosted by a narrow distribution of halo masses, since
their clustering amplitudes are compared to those of simulated
halos in narrow mass bins (e.g., Tinker et al. 2010). However, this
is not necessarily the case given the wide distributions of accretion
rates and the unknown link between SMBH and halo properties
(DeGraf & Sijacki 2017; Powell et al. 2020; Aird & Coil 2021).

The Astrophysical Journal, 938:77 (15pp), 2022 October 10 https://doi.org/10.3847/1538-4357/ac8f8e
© 2022. The Author(s). Published by the American Astronomical Society.

16 JSPS Fellow.

Original content from this work may be used under the terms
of the Creative Commons Attribution 4.0 licence. Any further

distribution of this work must maintain attribution to the author(s) and the title
of the work, journal citation and DOI.

1

https://orcid.org/0000-0003-2284-8603
https://orcid.org/0000-0003-2284-8603
https://orcid.org/0000-0003-2284-8603
https://orcid.org/0000-0003-0667-5941
https://orcid.org/0000-0003-0667-5941
https://orcid.org/0000-0003-0667-5941
https://orcid.org/0000-0002-9144-2255
https://orcid.org/0000-0002-9144-2255
https://orcid.org/0000-0002-9144-2255
https://orcid.org/0000-0002-1697-186X
https://orcid.org/0000-0002-1697-186X
https://orcid.org/0000-0002-1697-186X
https://orcid.org/0000-0002-4028-3602
https://orcid.org/0000-0002-4028-3602
https://orcid.org/0000-0002-4028-3602
https://orcid.org/0000-0002-7998-9581
https://orcid.org/0000-0002-7998-9581
https://orcid.org/0000-0002-7998-9581
https://orcid.org/0000-0002-8031-1217
https://orcid.org/0000-0002-8031-1217
https://orcid.org/0000-0002-8031-1217
https://orcid.org/0000-0002-5037-951X
https://orcid.org/0000-0002-5037-951X
https://orcid.org/0000-0002-5037-951X
https://orcid.org/0000-0001-5231-2645
https://orcid.org/0000-0001-5231-2645
https://orcid.org/0000-0001-5231-2645
https://orcid.org/0000-0003-2686-9241
https://orcid.org/0000-0003-2686-9241
https://orcid.org/0000-0003-2686-9241
https://orcid.org/0000-0002-3683-7297
https://orcid.org/0000-0002-3683-7297
https://orcid.org/0000-0002-3683-7297
https://orcid.org/0000-0002-0745-9792
https://orcid.org/0000-0002-0745-9792
https://orcid.org/0000-0002-0745-9792
mailto:mcpowell@stanford.edu
http://astrothesaurus.org/uat/902
http://astrothesaurus.org/uat/1663
http://astrothesaurus.org/uat/1663
http://astrothesaurus.org/uat/2035
http://astrothesaurus.org/uat/2017
https://doi.org/10.3847/1538-4357/ac8f8e
https://crossmark.crossref.org/dialog/?doi=10.3847/1538-4357/ac8f8e&domain=pdf&date_stamp=2022-10-14
https://crossmark.crossref.org/dialog/?doi=10.3847/1538-4357/ac8f8e&domain=pdf&date_stamp=2022-10-14
http://creativecommons.org/licenses/by/4.0/


An additional complication for clustering measurements is
that they can be severely biased by selection effects, since each
AGN detection method prefers finding AGNs in galaxies of
particular masses, star formation rates, and redshifts (e.g.,
Azadi et al. 2017). This makes comparisons between various
surveys difficult. In fact, many recent studies have shown that
host galaxy properties are the primary drivers of AGN
clustering (Mendez et al. 2016; Powell et al. 2018; Yang
et al. 2018; Krishnan et al. 2020; Powell et al. 2020; Aird &
Coil 2021), indicating little or no dependence on large-scale
environment for AGN activity. However, there have been
reports for clustering trends with various AGN parameters,
such as obscuration/optical type (Hickox et al. 2011; Jiang
et al. 2016; DiPompeo et al. 2017; Krumpe et al. 2018; Powell
et al. 2018), AGN luminosity (Krumpe et al. 2012; Allevato
et al. 2014), and black hole mass (Krumpe et al. 2015),
although some inconsistencies in these results have been shown
in different surveys (e.g., Allevato et al. 2011; Mendez et al.
2016; Powell et al. 2020). Due to the many selection effects at
play, forward-modeling the AGN population within cosmolo-
gical simulations has proven to be an effective way of
interpreting AGN clustering with full control of the many
selection effects (Powell et al. 2018; Comparat et al. 2019;
Georgakakis et al. 2019; Powell et al. 2020; Aird & Coil 2021;
Allevato et al. 2021). However, the limited survey statistics
have as yet limited the conclusions that can be drawn regarding
the intrinsic connections between SMBH properties and large-
scale structure.

State-of-the-art AGN surveys are beginning to have the
statistics needed to investigate the dependencies of funda-
mental SMBH parameters on AGN clustering to probe the
underlying SMBH–halo connection. The Swift/BAT AGN
Spectroscopic Survey (BASS DR2; Koss et al. 2017; Koss
et al. 2022a, 2022b) provides the largest and most complete
sample of AGNs in the local universe to date. The ultrahard
X-ray selection of BASS and its well-known selection function
make it one of the most unbiased spectroscopic samples, as
AGNs obscured up to the Compton-thick level (i.e., with
column densities NH> 1024 cm−2) are able to be detected (e.g.,
Ricci et al. 2015). The extensive follow-up optical spectrosc-
opy has enabled redshifts, black hole masses, and intrinsic
luminosities to be estimated for each AGN (Koss et al.
2022a, 2022b; Oh et al. 2022; Mejía-Restrepo et al. 2022).
Additionally, the full sky coverage and depth of the survey
overlap with the Two Micron All Sky Survey (2MASS)
Redshift Survey (2MRS; z< 0.1), enabling cross-correlation
clustering measurements on one-halo scales (<1 h−1 Mpc) with
sufficient statistics and as a function of black hole mass. This
provides powerful constraints on how SMBHs occupy their
host galaxies and halos in the local universe.

To investigate the role of the dark matter halo in the formation
and growth of SMBHs, we constrain how correlated SMBH mass
(MBH) is with halo mass. This is done by populating SMBHs and
AGN activity in halo catalogs from N-body simulations, forward-
modeling the BASS selection, and comparing the mock AGN
statistics with the BASS clustering measurements (building on the
work of Cappelluti et al. 2010; Powell et al. 2018). Our approach
assumes that peak (sub)halo mass is the primary halo property
connected to SMBHs. Subhalos are halos that have fallen into the
virial radius of a larger parent halo, and they are believed to be
associated with satellite galaxies; central galaxies, on the other
hand, reside at the centers of the parent halos. It has been shown

that a relationship between galaxy stellar mass and peak (sub)halo
mass reproduces galaxy clustering fairly well (e.g., Conroy et al.
2006), indicating that stellar mass is the primary galaxy property
linked to dark matter halos. In an analogous way, we test the role
of black hole mass by constraining its connection to (sub)halo
mass, assuming a uniform distribution of normalized accretion
rates (Eddington ratios; λEdd). Unlike previous methods for
populating AGN mocks into simulations, this approach relies only
on the fundamental AGN properties (MBH and λEdd) and does not
require an arbitrary duty cycle parameter. Instead, all SMBHs are
assumed to accrete at some level.
For the first time, this work tests two extreme assumptions

for the correlation (or not) between MBH and peak (sub)halo
mass by examining whether each can reproduce the clustering
and abundance of AGNs observed in the local universe. The
local scaling relation between black hole mass and stellar mass
is constrained under each assumption. We additionally
compare the model predictions of the clustering dependence
on black hole mass to the BASS measurements to further
scrutinize the models.
This paper is organized as follows: Section 2 describes the

AGN and galaxy samples used in this analysis; Section 3
describes the clustering methodology and luminosity function
measurements; Section 4 describes our two empirical AGN
halo models that we test against the data; Section 5 describes
the method used to constrain our model parameters; Sections 6
and 7 present and discuss the results of our analysis; and in
Section 8 we summarize our results and conclusions.
Throughout this paper we assume a flat ΛCDM cosmology
(H0= 100 h km s−1 Mpc−1, h = 0.7, ΩM= 0.3, ΩΛ= 0.7).

2. Data

2.1. AGN Sample

The AGN sample is drawn from BASS DR2 (Koss et al.
2022a, 2022b), which comprises 858 sources detected by the
hard X-ray 14−195 KeV band via the BAT detector aboard the
Neil Gehrels Swift Observatory as part of the 70-month catalog
(Baumgartner et al. 2013). Optical spectroscopic follow-up has
been obtained such that 99.9% of unbeamed AGNs outside the
Galactic plane have spectroscopic redshifts and 98% have
black hole mass estimates.
Hard X-rays detect both obscured and unobscured AGNs,

and so the black hole masses are derived by a range of
techniques depending on the spectral characteristics of each
source. The majority of objects with broad (>1000 km s−1)
emission lines (type 1s; Hα, Hβ, Mg II, and/or C IV) have
masses estimated by the FWHM of those lines with
uncertainties ∼0.3–0.4 dex. Details of the mass estimations
from broad lines are found in Mejía-Restrepo et al. (2022).
Sources without broad lines (type 2s) rely on the bulge velocity
dispersions (σ*) calculated by the absorption features in the
optical spectra (the Ca H and K, Mg I, and/or the Ca II triplet),
assuming the MBH–σ* from Kormendy & Ho (2013). These
mass estimates are described in detail in Koss et al. (2022b) and
T. Caglar et al. (2022, in preparation). Uncertainties of masses
estimated by this method are ∼0.35–0.5 dex.
Soft X-ray (0.05−200 keV) observations have also been taken

for each BASS AGN by Swift, Chandra, or XMM-Newton, from
which column densities and intrinsic X-ray have been calculated.
Bolometric luminosities have also been derived from the intrinsic
X-ray luminosities (Ricci et al. 2017). Finally, stellar masses have
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been calculated for a subset of sources via overlapping
photometry from 2MASS, the Wide-field Infrared Survey
Explorer (WISE), and the Sloan Digital Sky Survey (SDSS; see
Powell et al. 2018 for details).

The BASS sample has some significant advantages for AGN
clustering and population studies owing to its completeness,
large volume, well-known selection function, and extensive
multiwavelength ancillary data. The full details of the DR2
release are described in Koss et al. (2022a). Recently, the
intrinsic Eddington ratio distribution functions (ERDFs) for
type 1s, type 2s, and the total BASS sample have been
measured (Ananna et al. 2022). We use the ERDF of the full
sample to create mocks of our AGN sample in cosmological
simulations.

The luminosity function and intrinsic ERDF calculation used
all unbeamed AGNs in the DR2 sample with redshifts 0.01<
z< 0.3, black hole masses ( )M M6.5 log 10.510 BH < < , and
Eddington ratios − ( )3 log 110 Eddl< < , totaling 586 AGNs
(Ananna et al. 2022). For the clustering measurement we followed
Powell et al. (2018) and further limited the redshift range to
0.01< z< 0.1 to overlap with the 2MRS galaxies, and we
selected AGNs with LX> 1042.5 erg s−1 (without the MBH and
λEdd restrictions). In total, 724 AGNs were used for the correlation
function calculation, which had an average redshift of z = 0.04.

In addition to the clustering measurement of the full BASS
sample, we investigated the clustering dependence on black
hole mass (Section 6.3). For this calculation, we chose two bins
of MBH with the same redshift distributions so that the same
volumes were probed for each. This was done by splitting the
sample into 10 bins of redshift and selecting the upper and
lower thirds of black hole masses in each bin. We did not use
the middle third in order to reduce contamination between the
bins, since the uncertainties of our black hole mass estimates
are 0.3–0.5 dex. The choice of using the upper and lower 33%
of the sample was empirically found as a balance in which the
number of AGNs used in the measurements was maximized for
better statistics, while noise introduced as a result of bin
contamination was minimized. We also removed type 1.9
AGNs from each bin, as MBH estimates have been shown to be
biased owing to obscuration in these sources (Mejía-Restrepo
et al. 2022). We investigated the impact of using different MBH

measurement methods in Appendix A. The MBH versus z
distributions of the full sample, as well as for our two defined
MBH bins, are shown in Figure 1.

2.2. Galaxy Sample

We selected galaxies from 2MRS (Huchra et al. 2012) to
cross-correlate with our AGNs for improved clustering
statistics. There are 40,308 Ks-band-selected galaxies in the
sample with Ks> 11.75 and 0.01< z< 0.1 that cover 91% of
the sky (|b|> 10°). Modeling the galaxy correlation function
requires an understanding of the completeness of the sample.
This was done by comparing the absolute magnitude distribu-
tion of the galaxies with the Ks-band luminosity function (Jones
et al. 2006). We calculated the K-band absolute magnitudes
(MK) from the extinction-corrected apparent K-band magni-
tudes (Ks) via the relation

⎜ ⎟
⎛
⎝

⎞
⎠

( ) ( )M K
D

k z5 log
10 pc

, 1K s
L

10= - -

where DL is the luminosity distance and k(z) is the k-correction.
We used k-corrections from Bonne et al. (2015).

3. Summary Statistic Measurements

Our approach for investigating AGN–halo models is to
simulate many mock realizations of the data, compute summary
statistics of the mocks and the real data, and then use a
quantitative metric of how faithfully the mocks reproduce the
real data to constrain the model parameters underlying the
mocks.
For the summary statistics, we used the scale-dependent

AGN clustering amplitudes and the luminosity-dependent
SMBH space densities for the main analysis. We describe
how each is calculated with the data in the following sections.

3.1. Clustering Statistics

The projected two-point AGN–galaxy cross-correlation
function is the measure of clustering that we calculate for the
data and mock samples. The correlation function is defined as
the excess probability that a pair of objects are separated by a
given distance scale over a random distribution. In practice,
pairs of galaxies are counted in separation bins parallel and
perpendicular to the line of sight (rp and π, respectively) and
compared to the pair counts of a random catalog with the
same selection function as the survey. To boost the statistics of
the AGN clustering signal, we cross-correlated the AGNs with
the much more abundant galaxy sample (Krumpe et al. 2018;
Powell et al. 2018). We used the Landy–Szalay estimator
(Landy & Szalay 1993) for this cross-correlation function
measurement:

( ) ( )r
AG AR R G R R

R R
, , 2p

G A A G

A G
x p =

- - -

Figure 1. Black hole mass vs. redshift of our AGN sample used in the
clustering analysis. We defined two bins of black hole mass (large MBH:
maroon; small MBH: cyan) with similar redshift distributions (top histogram) to
investigate clustering trends with black hole mass.
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where each term represents the number of pairs in a separation
bin between the AGNs (A), galaxies (G), randoms associated
with the AGN survey (RA), and randoms associated with the
galaxy survey (RG). Because spectroscopic redshifts determine
the π measurements, peculiar velocities outside the Hubble
flow distort ξ along the π dimension. We therefore integrate π

to average over these redshift-space distortions and obtain the
projected correlation function (wp):

( ) ( ) ( )w r r d, . 3p p p
0

max

ò x p p=
p

We empirically chose maxp as the value at which wp plateaus
and gets noisier for larger values. This was found to be 40 h−1

Mpc for our sample.
The AGN random catalogs were generated using the BAT

sensitivity map (Baumgartner et al. 2013). We first randomly
assigned angular coordinates within the survey footprint
(|b|> 10°) and assigned each random a flux drawn from the
log N–log S distribution (Ananna et al. 2022). We kept only the
randoms whose flux values exceeded the survey sensitivity at
their respective positions. The angular coordinates for the
galaxy randoms were randomly assigned over the 2MRS
volume excluding the galactic plane (|b|> 10°). The redshifts
of each random catalog were drawn from the smoothed redshift
distribution of the respective data set (σz= 0.2). The AGN
random catalog was constructed to be 100 times larger than the
BASS DR2 sample; the galaxy random catalog was 20 times
larger than the 2MRS sample.

The correlation function uncertainties and covariances were
estimated via the jackknife resampling technique. The survey
was broken up into 25 regions on the sky (e.g., Powell et al.
2018), each containing ∼4% of the data. We repeated the
clustering measurement while excluding data within each
region (wk). The number of jackknife samples were chosen so
that each patch was large enough to exceed the largest rp scales
at the minimum redshift but numerous enough to create a
normal distribution to estimate the uncertainties. The covar-
iance matrix was estimated by

[ ( ) ( ) ]

[ ( ) ( ) ] ( )

C
M

M
w r w r

w r w r

1

, 4

i j
k

M

p k p i p p i

p k p j p p j

, , , ,

, , ,

å=
-

- á ñ

´ - á ñ

where M is the number of jackknife samples (25). The
errors on wp for each rp bin are the square roots of the
diagonals: Ci i i,s = .

3.2. X-Ray Luminosity Function

The ultrahard (14–195 keV) X-ray luminosity function
(XLF) was the secondary summary statistic used as a
constraint, which describes the number density of AGNs as a
function of X-ray luminosity. The BASS XLF was measured
via the V1 max method (Ananna et al. 2022), where each AGN
was weighted by the maximum volume that it could have been
detected in given its luminosity.

The uncertainties on the XLF were calculated assuming
Poisson statistics, based on the numbers of AGNs in each
luminosity bin weighted by the Vmax estimates. See Ananna
et al. (2022) for details.

3.3. Independent MBH–Mhalo Measure

While the two constraints described above were used for the
main analysis, we utilized an independent measurement of the
SMBH–halo mass relation from Marasco et al. (2021) as a third
constraint in Section 6.2. Marasco et al. (2021) used 55
individual nearby galaxies with dynamically measured black
hole masses, with halo masses inferred from either globular
cluster dynamics or spatially resolved rotation curves. They fit
a scaling relation to the MBH–Mhalo correlation:

( )
M

M

M
log 1.62 log 12.38, 510

BH
10

halo

 
= ´ -



with a scatter of ∼0.4 dex.
While the sample used for this measurement does not fully

overlap with our AGN catalog, the correlation provides an
independent inference on the SMBH–halo relationship in the
local universe.

4. Empirical Subhalo-based Models

We used a forward-modeling approach to constrain the
AGN–halo connection and interpret the clustering statistics and
space densities of the BASS AGNs. To summarize, we
populated SMBHs and galaxies in halo catalogs from snapshots
of N-body simulations. We assumed that each parent halo and
subhalo contains one galaxy and one central black hole, and we
assigned masses to each according to empirical models (see
below). Each black hole was then assigned an Eddington ratio
(λEdd= Lbol/Ledd) drawn from a distribution, which has been
directly inferred from the data (Ananna et al. 2022). A model
AGN “mock” sample was then selected with the same AGN
luminosities as our BASS sample. In this way, satellite
and central AGNs were treated the same, with equivalent
probabilities for accretion. The abundance and clustering of the
mock AGN were compared to the measurements to evaluate the
validity of the halo models and their parameters. Figure 2
shows a schematic of this approach.
We used two z∼ 0 halo catalogs from two N-body

simulations for this analysis. The Small MultiDark Planck
(SMDPL) simulation (Klypin et al. 2016) was used when
finding the best-fit model parameters via the ABC rejection
sampling algorithm (Section 5). Its particle mass is
9.6× 107 h−1 Me, with Planck Cosmology (Planck Collabora-
tion et al. 2016). The Rockstar halo finder (Behroozi et al.
2013) was used to obtain the halo catalogs at each redshift.
With a box length of 400 h−1 Mpc, the simulation volume is
similar to that of the survey volume. We use the snapshot
catalog at scale factor a = 0.971 (where a= 1/(1+ z)) to
match the average redshift of our galaxy and AGN catalog
(z = 0.04). This catalog is used in our ABC rejection sampling
algorithm (Section 5), as it is large enough for a comparable
statistics to our survey but small enough for efficient
computation times.
We additionally used the Unit N-body simulation (Chuang

et al. 2019), which has a much larger simulation volume, for an
additional consistency check and to plot the best-fit models
with improved statistics. With a particle mass of 1.2× 109 h−1

Me, this simulation also assumed Planck cosmology and used
the Rockstar halo finder to obtain the halo catalogs. Its box
length of 1 h−1 Gpc makes the simulation volume ∼10 times
larger than the survey volume. We used the a = 0.978 snapshot
catalog.

4
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4.1. AGN Halo Models

For each model, we populated only the halos with virial
masses>5× 1010 h−1 Me. Using the halotools software
(Hearin et al. 2017), we assumed the stellar mass−(sub)halo
mass relation (SHMR) from Behroozi et al. (2010) (which
includes a lognormal scatter of 0.2 dex at fixed halo mass) to
populate each (sub)halo with a mock galaxy of a given stellar
mass (M*).

17 Each galaxy was then assigned a black hole mass
(MBH) according to the host galaxy stellar mass (and sometimes
halo mass; see Model 2). We therefore parameterized the
models based on the scaling relation between SMBH mass and
host galaxy stellar mass, by the normalization and slope of the
median relation:

( ) ( ) ( )M M M Mlog norm slope log 10 . 610 BH 10
11

 = + ´ *
Lognormal scatter on this relation was included and was an

additional parameter constrained; we therefore had three free
parameters for each model (normalization, slope, and scatter).
There have been previous direct measurements of MBH–M*
(Kormendy & Ho 2013; Reines & Volonteri 2015; Shankar
et al. 2016; Suh et al. 2020); while most measurements of local
AGNs are consistent, there are mild differences between each
reported scaling relation. There is also an offset between the
scaling relation of local inactive black holes in ellipticals and
the rest of the AGN population, due to either a selection effect
(Shankar et al. 2016) or other evolutionary scenarios (Aird
et al. 2022). We therefore left the MBH–M* parameters free to
determine the best-fit relation in this context.

The mock black holes were each assigned an Eddington ratio
drawn from the ERDF, constrained directly by the data
(Ananna et al. 2022) while taking sample incompleteness and
truncation into account. We marginalized over the uncertainties
in the ERDF parameters by drawing from the parameter priors
reported in Ananna et al. (2022) for each model realization.

The assigned black hole masses and Eddington ratios
determined the bolometric AGN luminosities via the relation

( ) ( )L M M1.26 10 s erg . 7bol
38

BH Edd
1

 l= ´ -

The bolometric luminosities were transformed into hard
(14–195 keV) X-ray luminosities (LX) by assuming a bolo-
metric correction of 8 (LX= Lbol/8; this corresponds to a

2–10 keV bolometric correction of 20, as found for local sub-
Eddington AGNs; Vasudevan & Fabian 2007). The luminosity
distribution of the mocks was then compared to the data to
obtain the incompleteness fraction of the BASS sample as a
function of LX. This incompleteness f is defined as

( )f L N N V VX dat sim sim dat= ´ , where Nsim and Ndat are the
numbers of mock AGNs and BASS AGNs in each luminosity
bin, respectively, and Vsim and Vdat are the volumes of the
simulation and survey. This was calculated in 10 bins of Llog X
from 43 to 47 dex (erg s−1) and interpolated. We assigned each
mock black hole a random value between 0 and 1 and masked
out those whose values fell above f for their associated X-ray
luminosity. This resulted in a subsample of mock AGNs with
the same (intrinsic) X-ray luminosity distribution as the
BASS AGNs.
We tested two different assumptions for the additional

correlation (or not) between halo mass and SMBH mass. Each
is described below. Examples of the resulting distributions of
black hole masses as a function of peak (sub)halo mass are
shown in Figure 3, showing the different amounts of scatter
between black hole mass and halo mass for each.

4.1.1. Model 1: Simplest Case

We first assumed a model in which the black hole mass is
related to the halo via the SMBH−galaxy and galaxy−halo
relations as previously described, with no additional depend-
ence on large-scale environment or halo properties. We
assigned stellar masses to the simulated galaxies via the
stellar-mass–peak SHMR from Behroozi et al. (2010) with 0.2
dex lognormal scatter. Each galaxy hosted a mock SMBH with
a mass based on our parameterized MBH–M* scaling relation.
The clustering and space densities of the resulting mock

AGNs were compared to the BASS DR2 measurements to
constrain the MBH–M* parameters and to test whether this
simple model could reproduce the measured survey statistics.

4.1.2. Model 2: Black Hole Mass–(Sub)halo Mass Correlation for
Fixed Stellar Mass

We second assumed a model in which the black hole mass
correlated with the peak mass of its host (sub)halo (Mpeak) for
fixed stellar mass. Peak mass was chosen since “peak” halo
parameters have proven to be more successful at interpreting
galaxy clustering measurements, as the maximum mass over

Figure 2. Schematic of our forward-modeling approach to link AGNs to their host dark matter halos. We constrain the connection between black hole mass and host
(sub)halo mass (empirical halo model) by assuming a universal ERDF (measured by the data) and comparing the clustering and abundance of mock AGNs to the
measured XLF and AGN–galaxy cross-correlation of the BASS DR2 sample.

17 We explore how our results depend on the SHMR parameters in
Appendix C.
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the history of the halo is not sensitive to mechanisms like
stripping that remove dark matter mass at different timescales
than baryon mass (e.g., Behroozi et al. 2014; van den Bosch
et al. 2016). Peak (sub)halo mass (Mpeak) is a standard
parameter that subhalo abundance matching techniques (like
the one we assumed for this study; Behroozi et al. 2010) link to
galaxy stellar mass.

We repeated the above method for populating the mock
galaxies within the halos, but we additionally introduced this
secondary correlation when populating the SMBHs within the
galaxies. This was done via the conditional abundance matching
technique (Hearin & Watson 2013), which assumes that, for a
given stellar mass, the most massive black holes reside in the
most massive halos and the least massive black holes reside in
the smallest subhalos. This introduces a relation between SMBH
mass and peak (sub)halo mass while maintaining the established
SMBH−galaxy and galaxy−halo connections.

We implemented this technique using the conditional
abunmatch function in the halotools software package
(Hearin et al. 2017). The effect of this is demonstrated in Figure 4,
showing the differences between the assumed relations of MBH

and Mpeak at fixed stellar mass for each model. As before, the
clustering and space densities of the resulting mock AGNs were
compared to the BASS DR2 measurements, and the MBH–M*
parameters were constrained.

4.2. Galaxy Halo Model

A mock galaxy sample was required for the model cross-
correlation function measurement. For this purpose, we
simulated the 2MRS galaxies to cross-correlate with our
AGN mocks.

We generated the galaxy mocks within the same halo catalog
as the mock AGNs. A relation between K-band luminosity and
(sub)halo peak mass was assumed, which we modeled via
subhalo abundance matching. Using the luminosity function
from Jones et al. (2006) that was derived from 2MASS galaxies,
we used the abundancematching Python code18 to match
the abundances of the 2MRS galaxies and simulated dark
matter halos assuming a scatter of 0.5 dex (the scatter is larger
than in the AGN models since luminosities are used rather than
masses).

After populating the Mvir> 5× 1010Me h−1 halos with
galaxies and assigning each a K-band luminosity via the resulting

relation, we then compared the mock galaxy K-band magnitude
distribution of that of the data to obtain the incompleteness
fraction as a function of MK. Similar to the AGNs, we calculated
the incompleteness via ( )f M N N V VK dat sim sim dat= ´ , where
Nsim and Ndat are the numbers of mock galaxies and 2MRS
galaxies in each magnitude bin, respectively, and Vsim and Vdat are
the volumes of the simulation and survey. This was calculated in
50 bins ofMK ranging from −27 to−19. We assigned each mock
galaxy a random value between 0 and 1 and masked out those
whose values exceeded f for their magnitude. This resulted in a
sample of mock galaxies with the same K-band luminosity
distribution as the 2MRS galaxies. A mock galaxy sample was
generated for each halo catalog used (SMDPL and Unitsim), and
we verified that their autocorrelation functions were consistent
with the measured 2MRS autocorrelation function.

5. Approximate Bayesian Computation

To fit the parameters of the empirical AGN halo models, we
employed the Approximate Bayesian Computation (ABC)
approach, which has been applied in astrophysical contexts in
recent work (e.g., Hahn et al. 2017; Simola et al. 2019). This
method utilizes rejection sampling to estimate the joint
probability for a simulated mock AGN sample given the
parameters of the model and a set of observed data.
The main advantage of the ABC method over other traditional

Markov Chain Monte Carlo approaches is that the assumption of a
Gaussian likelihood function is relaxed. Alternatively, ABC takes
advantage of the fact that the probability of observing the data
given a simulated model is proportional to the probability of the

Figure 3. 2D distributions of the mock SMBH masses (MBH) in each model example (Model 1: left; Model 2: right) as a function of host peak (sub)halo mass (Mpeak),
shown with a lognormal color scale. The median MBH–Mpeak relations are shown by the solid black lines. Model 2 implements a monotonic relation between MBH and
Mpeak for fixed stellar mass (unlike Model 1), which leads to a strong correlation between SMBH mass and halo mass.

Figure 4. 2D distributions of the mock SMBH masses (MBH) in each model
example (Model 1: left; Model 2: right) at fixed stellar mass ( )Mlog 10.510 =*
(Me h−1) as a function of host peak (sub)halo mass (Mpeak), demonstrating the
different assumptions between MBH and Mpeak for each model.

18 https://github.com/yymao/abundancematching
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“distance” between the data and the simulation being less than an
arbitrarily small threshold.

Specifically, we drew parameter proposals given a prior,
simulated the AGN data, computed the summary statistics, and
then compared them with the observational measurements. If
the distance d between the summary statistics of the simulation
and data was above the defined threshold, then the parameter
proposal was rejected. Otherwise, it was kept and the resulting
accepted parameter distributions approximated the posteriors.

In this case there were two primary summary statistics that
we compared between the model and data, namely, the cross-
correlation function and luminosity function. Following Hahn
et al. (2017), we used a multivariate distance measure for our
analysis d= [ρw, ρf], where

( ( ) ( ))
( )

w r w r
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The quantities wm
p and wd

p correspond to the model and data
projected correlation function, respectively, and fm and f d are
the model and data luminosity functions. w

2s and 2sf correspond
to the diagonal elements of the covariance matrix of the
correlation function and luminosity function, respectively.

In Section 6.2, we utilize a third constraint: an independent
measurement of the SMBH–halo mass relation ( ( )MBH halo )
from Marasco et al. (2021). For this analysis we used the
distance measure [ ]d , ,wr r r= f  , where

( ) ( )10
i

i
m

i
d 2

2
i

år
s

=
- 




and s is 0.4 dex.

Using a Population Monte Carlo algorithm (Hahn et al. 2017;
Simola et al. 2019), we iteratively decreased the threshold until the
parameter constraints stabilized. We started by accepting all
parameter proposals drawn from the prior. We then calculated the
average distance measures of the proposals and defined this
average as the 2D threshold for the next iteration. New proposals
were made, and the subset whose distances were below the
threshold was accepted. The average of the accepted distance
measures became the new threshold for the next iteration, and new
parameter proposals were drawn from the smoothed distribution
of accepted values. This was repeated until the uncertainties on the
best-fit model parameters converged and showed negligible
changes for any additional iterations. We found that seven
iterations was sufficient for convergence, and we repeated the
entire process 100 times to ensure that there were no biases due to
the probabilistic nature of drawing from the previous distribution
of accepted parameters. We used 10,000 parameter draws for each
iteration.
The following uniform priors were assumed for our three

free parameters of the MBH–M* relation: 6.5–9.5 dex (Me) for
the normalization, 0–1.2 dex for the scatter, and 0–2 for the
slope.

6. Results

Figure 5 shows the results from our ABC method to
constrain the MBH–M* parameters. The left panel shows the
posteriors for Model 1; we found that the best-fit MBH–M*
relation has a normalization of 7.76 0.30

0.24
-
+ dex (Me h−1), an

intrinsic scatter of 0.33 0.18
0.16

-
+ dex, and slope of 0.67 0.22

0.24
-
+ . The

right panel of Figure 5 shows the results for Model 2, which
imposes a secondary correlation between MBH and Mpeak. We
found that the best-fit parameters of the MBH–M* relation have
a normalization of 7.55 0.39

0.34
-
+ , an intrinsic scatter of 0.43 0.20

0.16
-
+ ,

and a slope of 0.51 0.22
0.21

-
+ . The constraints on these parameters are

Figure 5. Constraints on the MBH–M* relation for Model 1 (left; blue) and Model 2 (right; orange) based on the BASS DR2 AGN–galaxy cross-correlation function
and XLF. The diagonal panels plot the posterior distributions of each parameter, where the dashed vertical lines correspond to the 16th, 50th, and 84th percentiles. The
constraints on the normalization, scatter, and slope of the SMBH–galaxy scaling relation are consistent between both models.
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consistent with Model 1 (Figure 6). Note that these parameters
depend on the assumed galaxy-halo SHMR; see Appendix C.

We verified that the resulting scaling relations constrained by
our models are consistent with the direct measurements for the
subset of BASS AGNs that have stellar mass estimates
(Figure 6). We note that for rare luminous quasars (e.g.,
>1045 Lbol), the SED measurements for stellar masses may be
overestimated but do not bias the average statistics. Our
MBH–M* relations did not rely on these estimates, however,
and provided independent constraints on their parameters. Our
best-fit scaling relations are also similar to previous direct
measurements using other AGN samples (Reines & Volonteri
2015; Shankar et al. 2016; Suh et al. 2020), although the slope
is shallower (but consistent to within error; see Figure 6). The
normalization is similar to those found for local AGNs, lying
below the relation for nearby inactive ellipticals (Kormendy &
Ho 2013).

The summary statistics of the data and models are shown in
Figures 7 and 8. The XLF and cross-correlation function of the
mock AGNs generated by the best-fit model parameters are
fairly well matched to the BASS DR2 measurements. In
general, Model 1 more often produced AGN number densities
that were systematically higher than the measurements for
luminous AGNs. This is due to the wider range of halo mass
for a given SMBH mass in Model 1 (see Figure 3); more
higher-luminosity AGNs reside in less massive halos in Model
1 than in Model 2, and these smaller halos are more numerous.
However, despite different assumptions for the relationship
between SMBH mass and halo mass, both models produced
realizations that reproduced the overall clustering statistics with
consistent SMBH−galaxy scaling relations. The Bayes factor
(e.g., Kass & Raftery 1995) between the models (i.e., the
relative probabilities of the models given the data;
B21= P(M2|D)/P(M1|D)), estimated by the distributions of
the relative acceptance fractions in the ABC algorithm, is
1.30± 0.17. This indicates that Model 2 is more probable than
Model 1 by∼ 1.75σ, given the data.

6.1. Halo Properties of Mock SMBHs and AGNs

The distributions of black hole masses as a function of peak
(sub)halo mass are shown in Figure 3 for each best-fit model.
These distributions arise from the MBH–M* and M*–Mpeak

relations (and their associated scatters), as well as the additional
correlation (or not) between MBH and Mpeak at fixed M*. The
median relations are different between the two models, as is the
scatter. Model 1 produces a much wider range of black hole
masses in a given bin of halo mass than Model 2. These
differences result in different distributions of halo masses for
the AGN mocks generated by each model despite each
producing similar clustering and abundance statistics. This
suggests that there are degeneracies between the models that
the overall clustering and abundance of AGNs alone cannot
cleanly break. Table 1 lists the halo properties for mock AGNs
(with BASS AGN luminosities) generated by each model. The
median parent halo mass of the mock AGNs in Model 1 is
12.0± 0.2 dex (Me h−1), while it is 12.1± 0.2 dex (Me h−1) in
Model 2. The average halo masses are ∼13.3 dex (Me h−1) in
both models.
The AGN satellite fractions (associated with the BASS AGN

selection) are similar between each model: 0.18± 0.01 and
0.17± 0.01 for Models 1 and 2, respectively. These fractions
agree with several other studies that have constrained the X-ray
AGN satellite fraction via other methods (Allevato et al. 2012;
Leauthaud et al. 2015). Both our models assumed the same
scaling relations and accretion probabilities between SMBHs in
centrals and satellite galaxies. Therefore, these satellite
fractions arise purely as a result of the AGN selection function,
without any assumed differences or dependencies on where the
galaxy/SMBH resides in the parent halo.

6.2. Implementing a Third Constraint

We repeated the analysis using an independent measurement
for the MBH–Mhalo relationship (from Marasco et al. 2021) as a
third constraint. We found that the best-fit MBH–M* relation in
this analysis for Model 1 has a normalization of 8.10 0.07

0.09
-
+ dex

(Me h−1), an intrinsic scatter of 0.12 0.09
0.11

-
+ dex, and a slope of

0.92 0.12
0.14

-
+ . For Model 2, the best-fit parameters of the MBH–M*

relation have a normalization of 7.91 0.17
0.14

-
+ , an intrinsic scatter of

0.35 0.18
0.15

-
+ , and a slope of 0.93 0.17

0.16
-
+ . While these values were

consistent within the uncertainties with the previous analysis, a
larger slope and smaller scatter were preferred.
Most notably, the Bayes factor between the two models

increased to 4.1± 0.5 when including this third constraint,
calculated from their relative acceptance fractions. Model 2
became more probable than Model 1 by 4.6σ.

6.3. Clustering Trends with MBH

To further break degeneracies between the two AGN–halo
models, we investigated the clustering trends with black hole
mass predicted by each and compared those trends to the BASS
measurements.
Using our two defined bins of black hole mass (Figure 1), we

measured the cross-correlation function of each AGN sub-
sample. We then selected mock AGNs from each model
generation with the same distribution of black hole masses as
the MBH bins and computed their cross-correlation functions.
The resulting model correlation functions were calculated by

Figure 6. Best-fit MBH–M* relations from ABC results (blue and orange lines
for Models 1 and 2, respectively) using only the full BASS correlation function
and luminosity function as constraints. The dashed lines correspond to the
relations predicted by the best-fit models when imposing the third constraint
(Section 6.2). Our results are compared to the subset of BASS data with stellar
mass estimates (gray circles), as well as previously reported relations from
direct measurements (black lines; Kormendy & Ho 2013; Reines &
Volonteri 2015; Shankar et al. 2016; Suh et al. 2020). Typical errors on the
mass measurements from the data are shown by the gray cross in the lower
right corner.
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averaging 40 mock generations populated in the Unitsim halo
catalog.

The resulting correlation functions of the small and large
MBH bins as measured by the data, Model 1, and Model 2 are
shown in Figure 9. The data show mild differences between
each bin; the AGNs with more massive black holes are more
clustered on scales of the one-halo term (<1 h−1 Mpc) than
AGNs with less massive black holes. This was found to be the
case independent of MBH measurement method (Appendix A).
However, the current statistics limit a very significant
difference.

The two models show differences between the large and
small black hole mass bins on all scales, but especially on small
scales. Model 2 predicts larger clustering amplitudes for the

massive bin. The simpler Model 1 predicts more mild
clustering differences between the two MBH bins, where the
more massive mock AGNs are less clustered than what is
predicted in Model 2. We find that Model 2 is slightly more
consistent with the measurements from the data, although better
statistics are needed to firmly distinguish between the two
model assumptions. The reduced correlated χ2 values of the
massive black hole bin (where Model 1 and Model 2 are
distinct) are 1.3 and 1.1 for Models 1 and 2, respectively.

7. Discussion

In this study, we tested two relatively simple models for how
SMBHs and AGNs occupy their host dark matter halos. We
found that by assuming straightforward relationships between
the SMBH, its galaxy, and its host dark matter (sub)halo, as
well as a universal ERDF, the AGN space densities and
clustering on both one- and two-halo scales can be reproduced.
We assumed no dependencies on environment for fueling AGN
activity, indicating no evidence for larger-scale (>100 h−1 kpc)
mechanisms triggering the majority of local, moderate-
luminosity AGN. Interestingly, a larger fraction of close
companions (Koss et al. 2010), dual AGNs (e.g., Koss et al.
2011, 2012, 2016), and hidden nuclear mergers (< 3 kpc; Koss
et al. 2018) have been found in the BASS sample; however, we
did not see a preference for overdense environments on the
larger scales probed here.

Figure 7. Summary statistics of BASS (black data points) compared to the best-fit Model 1 mock AGNs (blue lines). To within error, the XLF (left) and cross-
correlation function (right) are consistent between the model and data despite the very simple model assumptions.

Figure 8. Summary statistics of BASS (black data points) compared to the best-fit Model 2 mock AGNs (orange lines). The model XLF (left) and cross-correlation
function (right) are well matched to the measurements. The Bayes factor (P(M2|D)/P(M1|D) = 1.30 ± 0.18) indicates that this model is preferred by the data by 1.75σ.

Table 1
Halo Properties of Mock AGNs Generated by Model 1 versus Model 2,

Including the Average and Median Virial Masses of the Parent Host Halos and
the AGN Satellite Fraction

Mock BASS AGN Properties Model 1 Model 2

Avg. host Mvir (dex Me h−1) 13.27 ± 0.06 13.34 ± 0.08
Med. host Mvir (dex Me h−1) 12.00 ± 0.16 12.10 ± 0.18
AGN satellite fraction 0.19 ± 0.01 0.18 ± 0.01

Note. The mock AGNs are chosen with the same luminosity distribution as the
BASS DR2 AGN sample.
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We also note that while the SMBH–galaxy relations in our
simple models only rely on stellar mass, there are other galaxy
parameters that have been linked to BASS AGNs. Compared to
inactive galaxies of similar mass, BASS AGNs are more often
hosted by gas-rich spiral galaxies (Koss et al. 2011) with higher
star formation rates (Mushotzky et al. 2014; Shimizu et al.
2017; Ichikawa et al. 2019) and more molecular gas (Koss et al.
2021). Future studies will add more sophistication to improve
the AGN–galaxy connection implemented in these models.
However, we emphasize that our main goal here was to see
whether the host galaxy and the host halo influence MBH and
the distribution of local AGNs rather than the host galaxy
alone, as indicated by the scatter in the MBH–Mhalo relationship.
Since stellar mass is the primary galaxy parameter correlated to
Mhalo (and is also correlated with MBH), it is the first-order
galaxy parameter to control for and the main galaxy parameter
we connected to MBH.

Both AGN–halo models tested in this work naturally predicted
broad distributions of AGN host halo mass owing to the broad
distribution of accretion rates. Previously, typical halo masses of
AGN samples have been calculated from the two-halo term
clustering amplitudes. This assumes, however, that the AGNs
reside in a narrow range of halo mass, which is most likely not the
case given recent ERDF constraints (Georgakakis et al. 2019;
Jones et al. 2019; Aird & Coil 2021). Our results show that the
intrinsic scatter between AGN and halo properties is necessary to
understand before the full characterization of the host halo masses
can be inferred from AGN clustering measurements. Conversely,
this implies that the “typical” halo masses traditionally calculated
by two-halo term clustering amplitudes do not necessarily
correspond to the average or median halo masses of the AGN
sample. Previous estimates of the typical halo mass from Swift/
BAT AGN bias measurements have found ( )Mlog 12.8halo ~ Me
h−1 (Cappelluti et al. 2010; Krumpe et al. 2018; Powell et al.
2018), which is in between the median (∼12 dex) and average
(∼13.3 dex) halo masses of the mock AGNs generated by both
our models. Similar conclusions regarding discrepancies between
the bias-derived “typical” and median AGN halo masses were

drawn in Aird & Coil (2021), in which mock AGNs were
populated in simulated galaxies based on galaxy properties. The
importance of scatter in the scaling relations (and satellite fraction)
on interpreting X-ray AGN clustering has also been recently
investigated at z = 1.2 using similar forward-modeling methods,
showing that the AGN bias at moderate redshifts is highly
dependent on these parameters (Viitanen et al. 2021).
Our analysis also showed that clustering trends with black

hole mass provide additional tests for how strongly SMBHs are
correlated with their (sub)halos; Model 2, which assumed a
monotonic relationship between SMBH mass and (sub)halo
mass for fixed stellar mass, predicted larger clustering
differences between AGNs with large and small SMBH
masses. We found that Model 2 was marginally better matched
to the data measurements. The clustering trends with MBH

predicted by the models are also qualitatively consistent with
results found at slightly higher redshifts. Krumpe et al. (2015)
measured stronger clustering on two-halo scales for X-ray
AGNs at z∼ 0.3 with more massive black holes than AGNs
with less massive black holes. Additionally, they found no
trends with Eddington ratio while controlling for black hole
mass, which is also expected in both of our models.
The Bayes factor between our two models, as well as the

observed clustering trends with black hole mass, demonstrated
that Model 2 is preferred by the BASS DR2 data set over
Model 1. This would indicate that the total dark matter mass of
the galaxy, rather than baryonic mass, is fundamentally
connected to SMBH formation and growth. Several indepen-
dent measurements of the local black hole mass−halo mass
relation support this idea, as there have been claims of strong
correlations between SMBH mass and various proxies for host
halo mass (Ferrarese 2002; Bandara et al. 2009; Lakhchaura
et al. 2019; Robinson et al. 2021; Smith et al. 2021). Other
work has claimed that these correlations only hold for bulge-
dominated galaxies (e.g., Kormendy & Ho 2013; Sabra et al.
2015) and arise as a result of the coevolution between the
black hole and the spheroidal galaxy component of the galaxy
due to, e.g., mergers. However, the recent, updated study of

Figure 9. Projected correlation functions of the large black hole mass bin (maroon data points) and small black hole mass bin (cyan data points), compared to the two
model predictions (Model 1: dotted lines; Model 2: solid lines). Both models show clustering differences between each bin on all scales; however, the differences are
greater for Model 2, especially on scales of the one-halo term (<1 h−1 Mpc). This model, in which SMBH mass tightly correlates with halo mass, better matches the
data measurements on one-halo scales.
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Marasco et al. (2021) investigated 55 nearby galaxies with
dynamically measured black hole masses and host halo mass
estimates inferred by globular cluster dynamics or spatially
resolved rotation curves and found that theMBH–Mh correlation
holds for both early- and late-type systems. When using this
result as a third constraint, Model 2 was significantly preferred
over Model 1.

Figure 10 shows the average MBH–Mhalo relations for both of
our models compared to several previous observational
measurements. Both models tend to lie below the measure-
ments at high masses, which may be due to the range of black
hole masses in our data sample; we have very few AGNs with
MBH > 109Me (11; ∼2%). Expanded samples with a larger
range of MBH would better test the high-mass halo regime
>1013 Me h−1. However, the slope and scatter of MBH–Mpeak

associated with Model 2 are much more consistent with these
recent observational measurements (e.g., Marasco et al. 2021;
Robinson et al. 2021) than those of Model 1. There is
especially good agreement with the high-mass end of the
relation derived by Shankar et al. (2020), which used two-halo
amplitudes from several AGN clustering measurements and
abundance arguments to constrain MBH–Mhalo.

7.1. Interpretations of a Tight Correlation between SMBH
Mass and Halo Mass

Despite the vastly different scales between SMBHs and their
host halos, there are physical motivations for a correlation
between them. Several hydrodynamic and semianalytic models
have suggested that the binding energy of dark matter halos, rather
than total stellar mass, determines the masses of their central
SMBHs (e.g., Booth & Schaye 2010; Bower et al. 2017; Marasco
et al. 2021). In these scenarios, baryons and dark matter accrete
onto halos. The gas cools to eventually provide fuel for star
formation and AGN activity. Feedback from star formation
regulates both stellar and black hole growth in halos with masses
1012 Me h−1, while more massive halos prevent outflows from
efficiently limiting cold gas at the centers of galaxies owing to
their hot coronas. This causes rapid black hole growth in the
massive systems until the total energy output of AGN feedback
exceeds a threshold associated with the binding energy of the halo
(e.g., Bower et al. 2017; Chen et al. 2020). After this point, the gas

is unable to cool and provide sufficient fuel for star formation or
SMBH growth, star formation quenches, and “maintenance-
mode” AGN feedback (e.g., Croton et al. 2006) regulates further
significant SMBH accretion. The connection between black hole
accretion and the halo’s binding energy results in a tight
correlation between black hole mass and halo mass in systems
1012 Me h−1. While the MBH–Mhalo relations in the Eagle and
IllustrusTNG simulations depend on seeding prescription and
resolution at the low-mass end, the slopes of the relations >1012

Me h−1 (as presented in Bower et al. 2017 and Weinberger et al.
2018, respectively) match that of Model 2. Probing the extreme
mass scales (low- and high-mass systems) will better test this
scenario.
A correlation between SMBH mass and halo mass could

alternatively imply that the most massive SMBHs in the local
universe preferably reside in the densest regions of the universe
owing to their formation. The most massive halos trace the
highest overdensities; if SMBHs in the earlier universe formed
via many gas-rich mergers, or from SMBH seeds in massive
metal-poor gas halos (e.g., Wise et al. 2019; Inayoshi et al.
2020), then it would mean that the oldest-formed, massive
SMBHs today should statistically lie in massive halos.
However, there have been inconclusive studies of high-z
quasars and whether they preferentially reside in overdensities
or not (e.g., Husband et al. 2013; Mazzucchelli et al. 2017;
Meyer et al. 2022, and references therein). Measuring the
environments of quasars at moderate to high redshifts with
larger samples (with future surveys via, e.g., eROSITA and
JWST) will better test the conditions of SMBH formation.
Lastly, there has been recent interest in the hypothesis that dark

matter is composed of primordial black holes, originally suggested
by Hawking (1971) and rejuvenated by the LIGO gravitational-
wave discoveries. In one such theory, black holes were produced
in the early universe during QCD phase transitions (e.g.,
Hasinger 2020; Carr et al. 2021; Cappelluti et al. 2022), forming
a broad mass function that is not currently ruled out by
observational constraints. At high redshifts, smaller black holes
would cluster around larger black holes while growing via Bondi
accretion and mergers. Eventually, halos would form whose mass
is proportional to the central SMBH in the following way:

( )
M

f M

Mhalo
dm BH

BH
= , where fdm refers to the fraction of dark matter in

primordial black holes of a given mass (Cappelluti et al. 2022).
After baryons condense to form galaxies, they would grow
alongside the SMBH and halo, but the MBH–Mhalo correlation
would be maintained. Based on the shape of the assumed mass
spectrum in Cappelluti et al. (2022) (which is extrapolated for
>106 Me), this correlation is predicted to have a slope of ∼0.6
(for Mlog 7.5BH > Me), similar to our models. This theory will
be further tested by JWST and eventually LISA.
Characterizing the local MBH–Mhalo relation would provide a

benchmark for black hole–galaxy coevolutionary scenarios
implemented in hydrodynamic and semianalytic simulations.
Future, deeper data sets will tighten the constraints on the
relationships between SMBHs, galaxies, and their dark matter
halos and will further test SMBH formation and assembly.

8. Summary

We have used the clustering and space densities of AGNs from
the BASS DR2 sample to investigate the local relationship
between SMBH mass and host (sub)halo mass. By populating
AGN activity into cosmological simulations and assuming a
universal ERDF, two model assumptions were tested: (1) SMBH

Figure 10. Median SMBH mass–halo mass relations predicted by each model
(Model 1: blue; Model 2: orange) compared to those reported in the literature
that were measured using individual galaxies and various proxies for halo mass
(gray lines). The dashed lines correspond to the relations predicted by the best-
fit models when imposing the third constraint.
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mass primarily depends on its host galaxy mass, and (2) there is a
secondary correlation between SMBH mass and host peak (sub)
halo mass. Our main conclusions are as follows:

1. Both simple AGN–halo models were able to reproduce
the measured AGN luminosity function and overall
correlation function, with consistent constraints on the
scaling relation between black hole mass and stellar mass
and a universal ERDF. This points to stochastic, in situ
fueling, rather than large-scale environmental mechan-
isms triggering local AGNs.

2. The distributions of mock AGN host halo masses were
different for each model, despite being able to generate
similar AGN clustering statistics and space densities. We
show that clustering trends with black hole mass can
distinguish between them.

3. BASS AGNs with large black hole masses were found to
be more clustered on one-halo scales than AGNs with
small black hole masses. The halo model in which black
hole mass is more tightly correlated with (sub)halo mass
does a better job at reproducing these differences.

4. The Bayes factor between the two models, as well as the
observed clustering trends with black hole mass,
indicated that the data preferred the scenario in which
SMBH mass is correlated with host dark matter (sub)halo
mass for fixed stellar mass (by ∼2σ–5σ, depending on the
constraints used) over a model absent of this correlation.
This may indicate that the total dark matter mass is
connected to SMBH formation and growth.

Future spectroscopic surveys like eROSITA/4MOST, DESI,
and WEAVE-LOFAR will detect and characterize orders of
magnitude more AGNs than present surveys. This will enable
more precise clustering measurements as a function of SMBH
and AGN parameters. The models presented in this work will
be firmly tested and constrained as a function of redshift, which
will improve the understanding of how the assembly of local
SMBHs and galaxies is established over cosmic time.
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Appendix A
Impact of Different MBH Measurement Methods

There are various methods for measuring SMBH mass,
which largely depend on whether broad lines are present in the
optical spectra. The hard X-ray sensitivity of Swift/BAT
detects both type 1 (unobscured) and type 2 (obscured) AGNs,
and so multiple methods are used in our sample.
Type 2 methods rely on the local M–σ* relation and are

typically understood to have larger uncertainties than broad-
line estimates utilized for type 1 AGNs (Mejía-Restrepo et al.
2022; Koss et al. 2022b). It has also been proposed that they
may be systematically biased owing to selection effects
(Shankar et al. 2016).
Powell et al. (2018) found that obscured AGNs clustered

more strongly than unobscured AGNs when controlling for

Figure 11. Left: projected correlation functions of each MBH bin (small MBH: cyan; large MBH: maroon; same bins as Figure 1) disaggregated by the two main mass
estimation methods. Type 1 AGNs, whose MBH are estimated by broad-line measurements, are shown by the filled circles. Type 2 AGNs, whose mass estimates rely
on the MBH–σ* relation, are shown by the lighter triangles. Right: projected correlations functions of each MBH bin using black hole masses calculated solely with
velocity dispersion measurements.
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AGN luminosity, redshift, and stellar mass. To test whether the
black hole mass differences measured in this work are due to
obscuration rather than black hole mass, we computed the
clustering of large and small MBH for type 1 and type 2 AGNs
separately. Figure 11 (left) shows the correlation functions of
type 1 (including types 1.2, 1.5, and 1.8) and type 2 AGNs for
the two MBH bins. For the type 1 AGNs, there are still
significant differences between the two mass bins on one-halo
term scales. For type 2 AGNs, the measurements are noisier
and show no significant differences.

To investigate further, we calculated the correlation func-
tions of each MBH bin using black hole mass measurements
obtained from stellar velocity dispersion (i.e., the type 2
method; T. Caglar et al. 2022, in preparation), for all AGN
types (Figure 11, right). AGNs with largerMBH were still found
to cluster more strongly than AGNs with smaller MBH.

Because each black hole estimation method showed a
clustering difference on one-halo scales between MBH bins, we
conclude that obscuration is not predominantly driving the
AGN clustering mass dependence.

Appendix B
Sensitivity of ERDF

The ERDF used in this work and constrained by Ananna
et al. (2022) was parameterized in the following manner:

⎜ ⎟ ⎜ ⎟
⎡
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Edd

Edd
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Edd

Edd

1
1 2

l
l
l

l
l

µ +
d d -

* *

with three parameters (characteristic Eddington ratio, ;Eddl*
low-Eddington slope, δ1; and high-Eddington slope, δ2, where
δ2> δ1). Our analysis marginalized over these parameters using
the constraints from Ananna et al. (2022).
To investigate the sensitivity of these ERDF parameters, we

repeated our analysis fixing MBH–M* parameters and varying
the ERDF parameters with larger, top-hat priors. We tested
whether consistent ERDF parameters are found. Figure 12
shows the corner plots of the ABC analysis varying ERDF
parameters for fixed normalization, scatter, and slope of
MBH–M*.

Figure 12. Corner plots of the covariances of ERDF parameters.
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While δ2 was unconstrained by the analysis (and therefore
insensitive to the results), δ1 and λEdd were found to be
consistent with within the uncertainties of the fiducial values.

Appendix C
Effect of SMHR Parameters

For our analysis, we assume the M*–Mpeak relation (SHMR)
from Behroozi et al. (2010). However, there are uncertainties in
the parameters of this relation. Since the clustering and space
density measurements are sensitive to the MBH–Mhalo connec-
tion, changing the SHMR parameters impacts the resulting
MBH–M* parameters that we constrain.

We reran our analysis assuming a smaller scatter (0.15 dex,
for fixed halo mass) in this relation (as is reported in Moster
et al. 2013), which resulted in slightly higher values for the
scatter on the MBH–M* relation (i.e., 0.35± 0.17 and
0.45± 0.18 for Models 1 and 2, respectively), as well as
slightly lower normalizations (7.72± 0.30, 7.54± 0.36) and
slopes (0.62± 0.24, 0.51± 0.23).

There also have been SHMR measurements with different
slopes than those reported in Behroozi et al. (2010), especially on
the high-mass end (e.g., Moster et al. 2013; Kravtsov et al. 2018).
We repeated our analysis using the Moster et al. (2013) mean
SMHR relation (which features a steeper high-mass slope). This
resulted in the following best-fit MBH–M* parameters: a normal-
ization of 7.69± 0.3 (7.49± 0.35), a slope of 0.66± 0.24
(0.47± 0.23), and a scatter of 0.35± 0.17 (0.43± 0.17) for
Model 1 (2). Model 2 was still preferred in each case.
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