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ABSTRACT

Deep extragalactic X-ray surveys, such as the Chandra COSMOS-Legacy field (CCLS), are prone

to be biased against active galactic nuclei (AGN) with high column densities due to their lower count

rates at a given luminosity. To quantify this selection effect, we forward model nearby (z∼0.05) AGN

from the BAT AGN Spectroscopic Survey (BASS) with well-characterized (≳1000 cts) broadband

X-ray spectra (0.5–195 keV) to simulate the CCLS absorption distribution. We utilize the BASS low-

redshift analogs with similar luminosities to the CCLS (Lint
2−10 keV∼ 1042−45 erg s−1 ), which are much

less affected by obscuration and low-count statistics, as the seed for our simulations, and follow the

spectral fitting of the CCLS. Our simulations reveal that Chandra would fail to detect the majority

(53.3%; 563/1056) of obscured (NH > 1022 cm−2) simulated BASS AGN given the observed redshift

and luminosity distribution of the CCLS. Even for detected sources with sufficient counts (≥ 30) for

spectral modeling, the level of obscuration is significantly overestimated. This bias is most extreme

for objects whose best fit indicates a high-column density AGN (NH ≥ 1024 cm−2), since the majority

(66.7%; 18/27) of these are actually unobscured sources (NH< 1022 cm−2). This implies that previous

studies may have significantly overestimated the increase in the obscured fraction with redshift and

the fraction of luminous obscured AGN. Our findings highlight the importance of directly considering

obscuration biases and forward modeling in X-ray surveys, as well as the need for higher-sensitivity

X-ray missions such as the Advanced X-ray Imaging Satellite (AXIS), and the importance of multi-

wavelength indicators to estimate obscuration in distant supermassive black holes.

Corresponding author: Yarone M. Tokayer

yarone.tokayer@yale.edu

1. INTRODUCTION

Active galactic nuclei (AGN)—luminous galactic cen-

ters powered by accreting supermassive black holes

(SMBHs)—are powerful probes of the nature of black

hole growth, galactic evolution, and cosmology. During
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the course of their lifetimes, the Chandra X-ray Obser-

vatory and XMM-Newton have observed over 50 extra-

galactic survey fields at depths of up to ∼7 Ms that

cumulatively add up to years of observing time (Brandt

& Hasinger 2005; Brandt & Alexander 2015). This has

led to the discovery of thousands of distant black holes

as AGN, and enabled resolving most of the cosmic X-

ray background below 10 keV (Gilli et al. 2007; Treis-

ter et al. 2009; Brandt & Yang 2022). However, surveys

with “soft” X-ray telescopes (E < 10 keV) remain highly

biased against heavily obscured AGN (e.g., Burlon et al.

2011), whose spectra peak at 20–30 keV (Brightman &

Nandra 2011; Ricci et al. 2015; Koss et al. 2016).

AGN are believed to contain a torus of obscuring

gas and dust, which can lead to significant attenua-

tion of much of their electromagnetic spectra (Hickox &

Alexander 2018), depending on the viewing angle (e.g.,

Elvis 2000; Urry 2004), intrinsic luminosity (Duras et al.

2020), Eddington ratio (Ricci et al. 2017a, 2022, 2023a),

the nature of the host galaxy (Koss et al. 2011, 2021),

and possibly the cosmological epoch (Franca et al. 2005;

Akylas et al. 2006; Hasinger 2008; Peca et al. 2023;

Matthee et al. 2024). Detecting and characterizing the

AGN population is critical to obtaining a fuller cen-

sus of SMBHs and active galaxies across cosmic time.

They are also of particular interest since these optically-

thick environments can be the result of galaxy mergers

(e.g., Koss et al. 2010, 2012; Ricci et al. 2017b; Koss

et al. 2018; Ricci et al. 2021), which are believed to play

a critical role in triggering AGN activity and serve as

an important growth channel for both SMBHs and the

galaxies in which they reside (e.g., Hopkins et al. 2006).

AGN obscuration is quantified by the column density

of obscuring material along the line of sight, NH, which

includes obscuration near the SMBH in the torus and

farther out in the host galaxy in which it resides. We

refer to sources with NH ≥ 1022 cm−2 as “obscured”

and those with NH ≥ 1024 cm−2 as “Compton-thick”

(CT). In many well-studied objects, the presence of this

obscuring material significantly reduces the AGN’s soft

X-ray, optical, and UV signatures. There are two spec-

tral bands, the ultra-hard X-ray (E > 10 keV) and mid-

IR (5–50 µm), that are less sensitive to the effects of

obscuration and thus can survey a wide range of AGN

where this obscuring material is optically thin up to the

CT regime (e.g., Koss et al. 2013; Ricci et al. 2015).

Recently, results from ALMA have suggested that nu-

clear millimeter emission may also be used effectively to

detect highly obscured nearby AGN (Kawamuro et al.

2022; Ricci et al. 2023b). While it is also insensitive

to obscuration, strong lower frequency radio emission

is found only in a fraction of AGN (Wilson & Col-

bert 1995). Weaker radio emission in the GHz band

was found in the majority of BASS AGN at 1–2′′ scales

(Smith et al. 2020), but has a much larger scatter with

the X-ray emission (∼1 dex) than in the millimeter

band.

While mid-IR selection is reliable in identifying very

luminous AGN where nuclear emission is dominant,

moderate luminosity AGN, such as those commonly

found in the local Universe, are not easily identified be-

cause of host galaxy contamination (e.g., Ichikawa et al.

2017). Importantly, host contamination becomes more

problematic for z ≳ 0.5, since the typical star forming

galaxies detected at those cosmic epochs appear as lumi-

nous infrared galaxies (“LIRGs”) (e.g., Madau & Dick-

inson 2014). In contrast, X-ray surveys suffer little con-

tamination from non-nuclear emission at typical survey

depths and can therefore successfully find both low- and

high-luminosity AGN (Koss et al. 2022a). Ultra-hard

X-ray surveys performed by the Swift/BAT instrument

(14–195 keV; Barthelmy et al. 2005) and more recently

by NuSTAR (Harrison et al. 2013), have played a crit-

ical role in identifying low-luminosity, heavily obscured

AGN in the local universe. (e.g., Kawamuro et al. 2016;

Lansbury et al. 2017; Annuar et al. 2020).

Multi-wavelength extragalactic surveys generally fol-

low a “wedding cake” strategy (e.g., Khedekar et al.

2010; Grogin et al. 2011), consisting of observations

that are either shallow and wide, or deep and narrow.

With finite telescope resources, the choice is to either

focus on a small area with a long exposure time or

cover a wider field at a shallower depth. Combining

the two is maximally efficient: deep fields probe higher

redshifts, whereas shallower all-sky surveys can probe

larger volumes and are thus sensitive to the rarer, high-

luminosity sources. For example, rare high-luminosity

AGN are typically found in wide-area surveys, such as

Stripe 82X, the X-ray augmentation of the SDSS Stripe

82 region with Chandra and XMM-Newton (LaMassa

et al. 2013a,b; Peca et al. 2023). The eROSITA Final

Equatorial Depth Survey (Brunner et al. 2022; Liu et al.

2022) is a very wide (∼ 140 square degrees), but rela-

tively shallow (∼ 1.2 ks after accounting for vignetting

effects), survey that has detected over 22,000 AGN at

z ≲ 3 and relatively high luminosities (Nandra et al.

2024). Meanwhile, some of the most sensitive pencil-

beam observations are those performed with Chandra:

the Chandra COSMOS-Legacy Survey (CCLS; Civano

et al. 2016), and the Chandra Deep Fields North (CDF-

N; Hornschemeier et al. 2000) and South (CDF-S; Gi-

acconi et al. 2001). However, in all these surveys, the

majority of the detected objects are close to the detec-

tion limit and have relatively few counts.
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One of the advantages of observing high-redshift AGN

is that the K-correction shifts the X-ray spectrum to

probe higher energies, and hence observations by, e.g.,

Chandra are somewhat less affected by obscuration (e.g.,

Brandt & Hasinger 2005; Hickox & Alexander 2018).

However, simulations (Koss et al. 2015) have shown that

a nearby CT AGN, NGC 3393, would have accurate

measurements of its intrinsic luminosity only for z < 0.2,

while an unobscured AGN with similar luminosity could

be measured up to z ≈ 5 with Chandra. As we show be-

low, traditional obscuration indicators are unreliable for

low-count X-ray spectra due to the degeneracies with

sources at lower column densities (Koss et al. 2016).

Furthermore, to match the intrinsic energy range of tele-

scopes such as Swift/BAT (14–195 keV) or NuSTAR (3–

79 keV), sources would need to be at z ≥ 5, while the

CCLS and CDF-S, which represent the deepest X-ray

AGN surveys to date over their respective areas, have

median redshifts of only z ∼ 1.28 (see online catalog

from Marchesi et al. 2016a) and z ∼ 1.03 (see Table 1

of Tozzi et al. 2006), respectively. See Appendix A for

a discussion the effective areas of Swift/BAT and other

missions as a function of redshift.

Thus, two critical questions arise regarding deep AGN

surveys below 10 keV, which we aim to address in this

paper: (1) What fraction of distant AGN does Chandra

miss due to obscuration? (2) How effectively do we re-

cover the intrinsic spectral properties of those AGN (ob-

scured and unobscured) that are identified? To explore

these questions, we used the Swift/BAT AGN Spectro-

scopic Survey (BASS; Koss et al. 2017).

The Swift/BAT instrument has surveyed the entire

sky in ultra-hard X-rays (14–195 keV; Barthelmy et al.

2005) detecting mainly nearby AGN with X-ray lumi-

nosities between 1041 and 1045 erg s−1 (Baumgartner

et al. 2013; Oh et al. 2018). BASS is a follow-up survey

that has measured the emission lines (Koss et al. 2022b;

Oh et al. 2022; Mej́ıa-Restrepo et al. 2022), X-ray prop-

erties (Ricci et al. 2015, 2017c) as well as the IR and

radio properties (Smith et al. 2020; Pfeifle et al. 2022;

den Brok et al. 2022; Kawamuro et al. 2022; Bierschenk

et al. 2024) of these AGN, which have luminosities sim-

ilar to those in the Chandra and XMM deep surveys

(Koss et al. 2022a). Koss et al. (2016) demonstrate that

BASS is the least biased X-ray survey in terms of ob-

scuration, with simulations showing that the Swift/BAT

count rate is not affected by obscuring column densities

up to 1023 cm−2. Therefore, BASS AGN represent ideal

templates which can be matched in luminosity to sim-

ulate AGN at higher redshifts. These well-understood

simulated spectra can then be used to quantify the se-

lection effects in deep surveys (Koss et al. 2022a).

This paper focuses on the CCLS field, which has the

largest contiguous survey area among deep-field pro-

grams (>100 ks effective exposure) with X-ray coverage.

The COSMOS field (Cosmic Evolution Survey; Scoville

et al. 2007) covers a 2 square-degree equatorial patch

of the sky and consists of broadband observations from

radio to X-rays. The Chandra-COSMOS survey (Elvis

et al. 2009; Civano et al. 2016) covers 1.5 square de-

grees at an effective exposure of ∼ 160 ks. The BASS

AGN luminosity function is particularly well-matched

to that of CCLS. The deep multi-wavelength and X-ray

coverage of the COSMOS field is currently being aug-

mented with JWST observations through the COSMOS-

Web program (Casey et al. 2023), making it of partic-

ular interest to understand how well the most sensitive

IR and X-ray instruments can detect distant obscured

AGN.

Marchesi et al. (2016b) (henceforth, M16) present the

X-ray spectral analysis for 1855 CCLS sources with at

least 30 counts, where they fit phenomenological models

of increasing complexity, choosing those that optimize

the fit statistic. Lanzuisi et al. (2018) further model 67

of these sources that were determined to have at least a

5% probability of being CT with the MYTorus model

of Murphy & Yaqoob (2009) combined with Markov

chain Monte Carlo parameter estimation techniques. By

summing the posterior distribution of the line of sight

column density of individual sources that were above

1024 cm−2, and accounting for identification and classi-

fication bias, the authors find 41.9 “effective” CT AGN

in the sample.

This paper focuses on quantifying selection effects due

to obscuration in CCLS. To fully address the question of

how well we can recover intrinsic properties from Chan-

dra observations, every study from every Chandra sur-

vey field would ideally be addressed. Indeed, the tech-

niques used can be extended to other deep X-ray surveys

(e.g., XMM-XXL, Menzel et al. 2016; the NuSTAR ex-

tragalactic survey, Alexander et al. 2013; CDF-S), as

well as current and future missions (e.g., eROSITA, Pre-

dehl et al. 2021; NewAthena, Nandra et al. 2013, Cruise

et al. 2024; AXIS, Reynolds et al. 2023; HEX-P, Madsen

et al. 2024). We begin to address these questions in this

paper by focusing on the CCLS, which is a reasonable

starting point given its intermediate depth relative to

other surveys.

Section 2 describes the template spectra and the simu-

lated data set, and Section 3 presents our data analysis

and results. We discuss the results in Section 4 and

conclude in Section 5. Throughout the paper, we adopt

a cosmology of H0 = 71 km s−1 Mpc−1, Ωm = 0.3,

and ΩΛ = 0.7, the same as that used in the CCLS
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X-ray study of M16. To make notation less cumber-

some, we use logNH as shorthand for log
(
NH/cm

−2
)
,

the log of the obscuring column density along the line of

sight in units of cm−2, and logL2-10,int as shorthand for

log
(
L2-10,int/erg s−1

)
, the log of the intrinsic 2–10 keV

luminosity in units of erg s−1.

2. SAMPLE AND SIMULATION OVERVIEW

2.1. Swift/BAT instrument and BASS

The BAT 70-month AGN sample reaches depths of at

least 1.34 × 10−11 erg s−1 cm−2 over 90% of the sky

(Baumgartner et al. 2013) and comprises 858 nearby

(z ≲ 0.3 for unbeamed non-blazar) AGN (Koss et al.

2022c). Ricci et al. (2017c, henceforth, R17) present and

characterize their broadband X-ray spectra using com-

plementary soft X-ray observations by XMM-Newton,

Swift/XRT, ASCA, Chandra, and Suzaku. Some of the

properties they constrain are the intrinsic X-ray lumi-

nosity (in the 2–10, 20–50, and 14–150 keV bands), the

intrinsicNH, the slope of the X-ray power law continuum

(Γ), and the temperature of the thermal plasma for ob-

scured sources. The phenomenological models used are

broadly classified into four groups: unobscured (352),

obscured (386), blazars (97), and other non-AGN mod-

els (2). The 75 sources that were found to be CT using

a phenomenological model were refit in XSPEC with the

BNtorus model (Brightman & Nandra 2011) to better

constrain their NH values.

2.2. Source selection and simulations

Koss et al. (2017) and Koss et al. (2022a) note that the

unbeamed BAT AGN span the moderate-to-high end of

the X-ray luminosity function, rendering them appro-

priate analogs to the AGN detected at high redshifts

in deep surveys. Indeed, the median intrinsic X-ray lu-
minosity of the non-blazar BASS sample is L2−10,int =

1043.41 erg s−1, compared to 1043.69 erg s−1 for the 2291

CCLS sources with intrinsic 2–10 keV luminosities well-

constrained from the redshifts of the optical and IR

counterparts (Marchesi et al. 2016a). For this study,

we focus on this subset of the CCLS sample (CCLS*)

to characterize its observational biases regarding obscu-

ration. Fig. 1 shows how the redshift-luminosity distri-

bution of BASS non-blazar AGN compares with that of

the CCLS*. Note that the luminosity distributions are

very similar despite the BASS AGN being in the local

universe because the BASS survey covers the full sky.

However, since it is a flux-limited survey, there are few

BASS AGN with X-ray luminosities below 1042 erg s−1.

To generate our data set, we first took models from

R17 for sources that were either unobscured or obscured,

excluding beamed AGN and non-AGN sources. This
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Figure 1. Intrinsic 2-10 keV X-ray luminosity versus
redshift for BASS and CCLS sources. Distribution of
the rest-frame hard X-ray luminosity versus redshift of non-
blazar BASS AGN (stars) and CCLS* (dots). Note that
Swift/BAT-selected AGN cover a range of X-ray luminosities
similar to that of CCLS*.

resulted in 738 AGN models. We further selected mod-

els for sources with spectroscopic redshift measurements

from optical counterparts and excluded five models of

anomalous sources (i.e., sources with significant pileup

components, contamination from the Perseus cluster,

and/or with inconsistencies in the X-ray model). This

resulted in 698 AGN X-ray models from the BASS

catalog, which we use as templates to simulate the

CCLS* field. These models were constructed using high-

quality broadband spectra from nearby ultra-hard X-

ray-selected AGN sampled from the entire sky; the me-

dian number of soft X-ray counts is 1525.5. See Ap-

pendix B for a brief overview of the R17 models.

To select a subset of BASS AGN models with a lumi-

nosity and redshift distribution well-matched to CCLS*,

we adopted the intrinsic luminosity distribution of AGN

in the CCLS* from Marchesi et al. (2016a), where they

convert from the observed luminosities assuming an X-

ray spectral index of 1.8. Note that we did not attempt

to match the CCLS* NH distribution. See Appendix C

for further discussion. We then modeled the CCLS* in-

trinsic X-ray luminosity function as a probability distri-

bution function (pdf) using kernel density estimation.

We drew random values from the estimated luminos-

ity pdf, and selected template models with the closest

L2-10,int (in log space), without allowing template mod-

els to be selected twice. We found that selecting 380

template models allowed us to maximize the number of
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Figure 2. (a) Luminosity matching. The intrinsic X-ray luminosity distributions of the CCLS* catalog (blue) and the
selected template models (black). (b) Redshift matching. Comparison of the CCLS* catalog (blue) and the simulated data
set (black) in luminosity-redshift space. 95% of the sources lie within the solid curves and 68% of the sources lie within the
dashed curves. (c) Exposure time matching. Distribution of the exposure times for the 2280 simulations (black) compared
with that of the 2291 spectra in CCLS* (blue).

different AGN models used while reasonably matching

the CCLS* luminosity distribution. See Fig. 2(a).

In order to have a similar number of sources in our

simulated dataset as in CCLS*, each of the 380 selected

template models was used to simulate AGN spectra at

six redshifts, resulting in a data set of 2280 simulated

spectra. The redshift values for each simulation were

chosen based on L2-10,int as follows: A pdf of redshift

was calculated for each of twelve logL2-10,int bins us-

ing kernel density estimation from the CCLS* sources.

Then, for each BASS model, six random redshift values

were drawn from the estimated pdf of its luminosity bin.

The resulting luminosity-redshift distribution is shown

together with that of CCLS* in Fig. 2(b).

Finally, we assigned an exposure time to each simu-

lation by drawing random samples from a pdf defined

by the exposure time distribution of CCLS*. The me-

dian exposure time of the simulated data set is 161.4

ks, while that of the CCLS* sample is 162.2 ks. See

Fig. 2(c). The full list of selected BASS models and

their assigned redshifts and exposure times is presented

in Table 4.

To simulate Chandra spectra in the CCLS field, each

selected BASS model was imported into XSPEC (v12.11;

Arnaud 1996) and modified as follows:

1. The column density parameter of any compo-

nent representing Galactic absorption (phabs.nH

or TBabs.nH, depending on the R17 model) was

changed to NH,gal = 2.5× 1020 cm−2 to place the

AGN behind the same Galactic line-of-sight as the

CCLS field (Kalberla et al. 2005).

2. The redshift parameter (z or Redshift) of each

relevant model component was changed to the as-

signed simulated redshift value.

3. The norm parameter of each relevant model com-

ponent was rescaled so that the flux changed ac-

cording to the new luminosity distance, while the

intrinsic properties of the simulated source re-

mained unchanged. To do this, we calculated

L′
2−10,int, the intrinsic 2–10 keV luminosity using

the new redshift value with the original norm val-

ues, and then multiplied the norm parameters by

L2−10,int/L
′
2−10,int.

The fakeit command was then used to simulate the

spectra through the Chandra response, introducing only

Poisson noise in the procedure. We used Chandra-

ACIS on-axis response files from cycle 14 (near when

most COSMOS data were collected), and exposure times

were assigned as described above. Note that the effec-

tive exposure times account for off-axis positions of the

Chandra observations (see Civano et al. 2016). See Ap-

pendix D for a discussion of potential selection effects

generated by the fakeit procedure.

2.3. Illustrative examples

To demonstrate the effect of obscuration on the qual-

ity of Chandra observations, we selected three pairs of

BASS models, with logL2−10,int = 43.15, 43.71, and

44.20. These represent the approximate first, second,

and third quartiles of the intrinsic X-ray luminosity

distribution of CCLS* (and of our 380 selected tem-

plate spectra). Each pair consists of a completely un-

obscured model (NH ≤ 1020 cm−2) and a CT model
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Figure 3. Demonstration of the importance of ob-
scuration on the detection and count fraction as a
function of redshift using nearby BAT AGN. We com-
pare three pairs of BASS models, each with an unobscured
model (light blue) and a CT model (dark blue). The three
pairs are at logL2−10,int = 43.15 (dotted), 43.71 (dashed),
and 44.20 (solid), which correspond to the first, second, and
third quartiles of the CCLS* luminosity distribution. Hor-
izontal cutoffs are shown at three counts (the faintest pos-
sible detection), 30 counts (spectral modeling with at least
one free parameter), and 70 counts (spectral modeling with
at least two free parameters). Although the median lumi-
nosity unobscured source still has 30 counts up to z ∼ 2, its
CT counterpart cannot be reliably detected beyond that red-
shift. Among CT simulations, uneven vertical spacing is due
to variation in the exact NH values, which are 1024.79 cm−2

(1st quartile luminosity), 1024.07 cm−2 (median luminosity),
and 1024.11 cm−2 (3rd quartile luminosity). The bump in the
signal of the high-luminosity CT source at z ∼ 1.5 is due to
photons from the reflected component beginning to enter the
Chandra band pass.

(NH ≥ 1024 cm−2). We recorded the net 0.5–7.0 keV

Chandra counts as a function of redshift for each model

using an exposure time of 162 ks, the median exposure

time for the CCLS sample. To reduce the effects of

Poisson noise, we took the mean of 106 simulations at

each redshift. The results are shown in Fig. 3. Note

that while the median luminosity unobscured model has

more than 30 counts at z ∼ 2, its CT counterpart can-

not be reliably detected, and even the highest luminosity

CT source has fewer than 30 counts for z ≳ 0.5. Also

note that high-luminosity CT AGN exhibit a relative in-

crease in data quality for z ≳ 1.5,because photons with

intrinsic energies less affected by obscuration begin to be

detected by Chandra due to redshifiting of the spectra.

The BASS IDs used here are 643, 325, and 456 for the

CT models and 774, 328, and 771 for the unobscured

models.1

3. DATA ANALYSIS AND RESULTS

3.1. Detection and counts

To measure the counts of each simulated spectrum,

the simulated spectra were imported into XSPEC, and

only channels in the 0.5–7.0 keV range were noticed,

following the approach of M16. Accurately reproducing

the Chandra background given the array of off-axis an-

gles and overlapping fields was difficult and the effect is

small (there are < 2 expected background counts for an

on-axis source in the CCLS data; Civano et al. 2016), so

as an approximate approach we did not include a back-

ground in our fits. This means our study conservatively

overestimates the ability to model source spectra (which

was only done for sources with at least 30 counts). See

Appendix D for further discussion of the background

and minimum detection threshold.

First, any spectrum with fewer than three counts (the

minimum in CCLS*) was set to zero counts. Thus, three

counts is considered a Chandra “detection.”2 For the

detection study below 30 counts, we had an excess of

spectra with few (< 10) counts. To correct this, we

included a function to randomly reduce the number of

sources at the same rate that Chandra would not de-

tect because of background.3 With this approach, the

detection rate for our simulated sample was 1532/2280

(67.2%). Fig. 4(a) shows the resulting count distribu-

tion for the 1532 detected simulated spectra compared

with that of the CCLS* sample.

Our counts distribution matches well for sources with

more than ∼ 200 counts. These are bright sources with

high signal-to-noise ratios, for which background is neg-

ligible. Compared with CCLS*, we are missing sources

below ∼ 100 counts. This is likely because our tem-

plate models are drawn from local Swift/BAT-selected

AGN, in which obscured and CT sources are more likely

to be detected because of their higher energy coverage

relative to deep surveys like CCLS (see Fig.13 in Ap-

pendix C). In Fig. 4(b), it is shown that obscured and

CT simulations are skewed to lower counts relative to

all other simulations, which is a well known effect (e.g.,

Brandt et al. 2000). Fig. 4(c) further shows that heavily

obscured sources comprise a significant portion of unde-

1 See bass-survey.com/dr2.html for complete catalog information
on these sources, including source and counterpart identifiers.

2 We chose to set the threshold in counts instead of flux since that
grounds our study in detector space.

3 The CCLS notes that there is significant incompleteness below
20 counts (Civano et al. 2016).

bass-survey.com/dr2.html
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Figure 4. Net counts of simulated spectra. (a) Comparison with CCLS*. The Chandra counts in the 0.5–7.0 keV band
of the 1532 simulated spectra considered detected (black; see text), compared with that of the 2291 CCLS* spectra (blue). (b)
Obscured and unobscured detected spectra. Obscured simulations (black) lean more toward the low-count regime than
do their unobscured counterparts (blue), and 10/17 CT simulations (gray) have fewer than 30 counts. (c) NH distribution of
sources undetected in simulations. Undetected sources with zero counts (748) are largely heavily obscured and CT models.
The spike at logNH = 20 (shown separately in blue) is due to the application of the selection function below 30 counts and the
fact that completely unobscured sources make up a significant portion of our simulations.

tected sources. There is a spike at logNH = 20 (shown

separately in blue) due to the application of the selec-

tion function below 30 counts, and the fact that entirely

unobscured sources make up a significant portion of our

simulations. Note that all models with logNH ≤ 20 are

labeled as logNH = 20 in the BASS survey since Galac-

tic NH dominates below that point, and therefore the

intrinsic column density cannot be reliably constrained.

Table 1 summarizes the number of simulations de-

tected. Fig. 5 presents the percentages of spectra with

≥30 and ≥70 counts, in bins of luminosity and obscura-

tion column density. In particular, only 5/192 (2.60%)

of CT simulated spectra were detected with at least 30

counts, the minimum threshold for spectral modeling

that we adopted from M16. This means that only five

of the fitted spectra were simulated with CT models

because of the inherently low counts in the simulation.

Note that the Poisson fluctuations introduced by fakeit

also affect the counts distribution, so the detection frac-

tion of obscured sources can be considered an upper

bound, since the non-detections due to noise would only

make the fraction lower.

3.2. Fitting procedure

Next, we investigate how well Chandra can recover the

parameters of the sources that we detect. To do so, we

follow the CCLS fitting procedure outlined in Sec. 4.1

of M16 for all CCLS sources with at least 30 counts.

They adopted a four-step fitting procedure, which we

summarize here. In each step, the quality of the fit was

Table 1. Number of simulations detected, and those
with at least 30 and 70 counts. Percentages of the total
in each row are shown in parentheses.

Total Detected 30+ 70+

All sims 2280 1532 1179 751

(67.2%) (51.7%) (32.9%)

Obscured 1056 493 316 171

(logNH ≥ 22) (46.7%) (29.9%) (16.2%)

CT 192 17 5 2

(logNH ≥ 24) (8.9%) (2.6%) (1.0%)

measured with the C statistic (C; Cash 1979),4 which

is particularly useful for data sets with low counts per

bin, where Gaussian assumptions break down. Since we

did not include background spectra in the simulations,

we can use the C statistic, which assumes only Poisson

noise. For each subsequent fit, the criterion for improve-

ment over the previous fit was ∆C ≡ Cold−Cnew > 2.71.

We used the XSPEC error command to calculate 90%

confidence intervals. All spectra were grouped to at least

three counts per bin for fitting. In what follows, NH,gal

4 C = 2
∑

i

(
mi − ni + ni ln

(
ni
mi

))
, where ni (mi) is the the ob-

served (predicted) counts in bin i.
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Figure 5. Chandra detection fractions of the simulated dataset organized in bins of intrinsic X-ray luminosity (vertical)
and obscuring column density (horizontal). Dark blue indicates high fractions and pale yellow indicates low fractions. (a) Total
number of simulated sources and the median redshift of each luminosity bin. The expected positive correlation between redshift
and luminosity is illustrated in Fig. 2(b). (b)–(d) Percentage of simulations with at least 3, 30, and 70 counts. The
percent values are displayed in each square. Simulated spectra with ≥ 30 counts sources were fit with at least one free parameter,
and those with ≥ 70 counts were fit with at least two free parameters.
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was set to 2.5× 1020 cm−2, and all redshifts were fixed

to the values used in the simulation model.

1. If the spectrum had fewer than 70 counts, we fit to

an absorbed power law ‘phabs*(zphabs*zpow)’

with Γ fixed to 1.9. Only zphabs.nH (NH) and

zpowerlw.norm were free to vary.

2. For all sources with at least 30 counts, we then

fit the spectrum to the same absorbed power law

model as in step 1, but with zpowerlw.PhoIndex

(Γ) also free to vary.

3. For all sources with at least 30 counts, we

then added an additional unabsorbed power

law with Γ2 = Γ1: ‘phabs*(zphabs*zpow +

const*zpow)’. This represents intrinsic emission

that escapes through sight lines of column den-

sity lower than that of the dense circumnuclear

obscurer and is subsequently scattered into the di-

rection of the detector. The relative normalization

of the secondary power law (constant.factor)

is a consequence of both the covering factor of

the torus and the viewing angle (McKaig et al.

2023), and as noted in previous studies (e.g., M16,

R17, Peca et al. 2023), it should not exceed a

few percent of the primary component (see dis-

cussion in Appendix F). Consistent with M16,

constant.factor was constrained to be < 0.15

(private correspondence).5

4. For all sources with at least 30 counts, we added

a Gaussian component to whatever the best-fit

model was at this stage to represent the iron

Kα line. zgauss.LineE was fixed to 6.4 and

zgauss.Sigma was fixed to 0.1.

A summary of how many simulated spectra settled

on each fit is presented in Table 2. The goodness-of-

fit statistics are discussed in Appendix E and the full

catalog of the simulation fits is presented in Table 5.

Since the BASS catalog reports all best-fit NH values

≤ 1020 cm−2 as 1020 cm−2, after fitting, we imposed

the same lower limit on all of our best fit NH values and

their lower limits for easy comparison with the BASS

models. These fits were considered to be consistent with

a column density of zero. Among the 1179 best fits, 906

had NH values consistent with zero with 90% confidence,

among which 117 had completely unconstrained NH (all

5 We also set a lower limit of 0.001 (Gupta et al. 2021), in or-
der to not over-index on data points at the highest energies of
the Chandra band pass, which would have the most significant
background. Any fits that hit the upper or lower limits were
discarded.

Table 2. Summary of fitting results. Fit numbers correspond
to steps 1–4 described in Sec. 3.2. Percentages of the total in
each row are shown in parentheses. Entries with “—” indicate
that the column is not applicable by definition of the fit. Entries
with “by def” underneath them are always true by definition
of the fit.

Fit Total < 70 cts Γ free 2PL Fe line

1 355 355 — — —

(by def)

2 711 50 711 — —

(7.0%) (by def)

3 57 17 49 57 —

(29.8%) (86.0%) (by def)

4 56 6 52 3 56

(10.7%) (92.9%) (5.4%) (by def)

ALL 1179 411 812 60 56

FITTED (34.9%) (68.9%) (5.1%) (4.8%)

possible values fell within the 90% confidence intervals).

Meanwhile, among simulations with at least 30 counts,

529 were simulated with logNH,sim ≤ 20.

3.3. Parameter recovery: photon index

To quantify how well parameters were recovered, we

focused on the photon index Γ and the absorption col-

umn density NH. For Γ, we compute the error ∆Γ =

Γmeas − Γsim. The histograms of the results are shown

in Fig. 6(a). ∆Γ is peaked around zero, with a median

value of +0.03, and 68% of sources within the inter-

val [−0.29, 0.36]. With a Spearman’s correlation coef-

ficient of (rS(1177) = 0.076, p = 0.009), a mildly sig-

nificant correlation was found between |∆Γ| and zsim,

indicating that the photon index is less accurately mea-

sured for sources at higher redshift. There was a signif-

icant negative correlation between |∆Γ| and net counts

(rS(1177) = −0.240, p < 10−16),6 which is expected,

since higher quality data should have less error in the

measured slope. There was a negative correlation be-

tween ∆Γ and Γsim, (rP(1177) = −0.249, p < 10−5),

indicating that softer (harder) slopes tend to be over-

estimated (underestimated). Additionally, a mild cor-

6 We used the Spearman’s correlation coefficient (rS), which is
based on ranks of the data rather than the actual values, be-
cause the absolute error, net counts, and logNH are not normally
distributed. We used Pearson’s coefficient (rP) when measuring
the relationship between ∆Γ and Γsim (in any case, the Spear-
man’s coefficient also indicates a correlation between those two
variables).
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Figure 6. Error histograms. For each of Γ and logNH, we calculate the error of the measured value relative to the simulated
value. (a) Accuracy of measured Γ. The vertical red dashed line indicates the median ∆Γ at +0.03. 68% of the spectra
lie between the black dashed lines at −0.29 and +0.36. The error bar indicates the median size of the 90% confidence interval
computed by XSPEC, which is 0.73. (b) Accuracy of best-fit NH (log scale). For simulations with some obscuration (black),
the distribution is peaked around zero with a median of −0.10 dex (indicated by the dashed red line) and 68% of spectra lying
between the dashed black lines at −1.26 dex and +0.63 dex. In contrast, there is a tail of significantly overestimated spectra
for simulations with an intrinsic NH consistent with zero (blue). The error bar indicates the median size of the 90% confidence
interval computed by XSPEC (among those that were finite), which is 2.12 dex.
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Figure 7. CT overestimation. We investigate the accuracy of the best-fit NH estimations and the 90% confidence intervals.
(a) Accuracy of best-fit NH measurements. In bins of best-fit measured NH, we show the proportion of fits that are
accurate to different dex values. Among the 27 spectra that infer CT space (logNH,meas ≥ 24), 21 (77.8%) are overestimated
by > 1 dex. (b) The proportion of NH fits that are inaccurate within 90% confidence intervals. The percentage
of fitted spectra in each NH bin whose NH was incorrectly determined with 90% confidence. The red dashed line indicates the
percentage for the entire fitted dataset.
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relation was found between (signed) ∆Γ and logNH,sim

(rS(1177) = 0.0659, p = 0.024). Among the fits with

Γ as a free parameter, 69.21% (562/812) were accurate

within the 90% confidence intervals calculated by XSPEC.

Among those that were outside of the 90% confidence

intervals, 40.00% (100/250) were underestimated and

60.00% (150/250) were overestimated.

3.4. Parameter recovery: column density

Similarly, we computed ∆ logNH = logNH,meas −
logNH,sim. Note that this error is in logarithmic space.

The results are shown in Fig. 6(b). There was a positive

correlation between ∆Γ and ∆ logNH (rS = 0.358, p <

10−4), indicating that underestimated Γ values tend to

be paired with underestimated obscuration values. Fur-

thermore, among the 250 fits (with Γ free to vary) for

which Γsim did not lie within the 90% confidence inter-

vals of Γmeas, 67 of them (26.8%) measured NH outside

of the 90% confidence intervals. Meanwhile, among the

562 fits that measured Γ correctly within the 90% confi-

dence intervals, 36 of them (6.4%) measured NH outside

the 90% confidence intervals. In all but two cases, when

Γ was below the 90% confidence interval (i.e., the slope

was estimated to be too soft), NH values were also un-

derestimated. These correlations are the result of a de-

generacy in power-law fits to AGN X-ray spectra, which

is further discussed in Sec. 4.2.

The error in the best-fit logNH shows a clear excess

of overestimated sources. The overestimation of NH in

X-ray surveys is a well-known issue (e.g., Appendix A of

Akylas et al. 2006) and is taken into account in several

X-ray population studies (e.g., Simmonds et al. 2018;

Peca et al. 2021, 2023), and in this study we quantify

the effect for a large sample for the first time.

Furthermore, we know that only five CT simulations

were detected with at least 30 counts—only 0.42% of

the 1179 total that were fitted. Meanwhile, 472 spec-

tra (40.03% of fitted sources) had best-fit logNH,meas ≥
22, and 993 (84.22%) were obscured within 90% confi-

dence intervals. Among those, 27 (2.29%) had best-fit

logNH,meas ≥ 24, and 158 (13.40%) were CT candidates

within 90% confidence intervals. Thus, many of these

column densities were overestimated.

Interestingly, the error in the best-fit NH is centered

about approximately zero (median of −0.10 dex, while

the median 90% confidence interval is 2.12 dex wide)

for all spectra with logNH,sim > 20 (although the dis-

tribution is broad, with 68% of fits in the interval

[−1.26, 0.63]). The excess of significantly overestimated

column densities arises predominantly from simulations

of completely unobscured models (logNH,sim ≤ 20, con-

sistent with zero). A spike in zero-error NH values can

also be seen for the logNH,sim ≤ 20 sample. This is due

to the lower limit imposed at logNH = 20.

Fig. 7(a) shows the distribution of errors in best-fit

NH. While most spectra with logNH,meas ≤ 21 are

within one dex of the simulated value, the proportion of

significantly overestimated increases in each subsequent

bin. Among the spectra measured to be CT, 66.6%

(18/27) are actually unobscured sources (logNH ≤ 22)

whose column density is overestimated by at least two

dex, suggesting that X-ray measurements of low signal

to noise AGN with fitted values indicating high obscu-

ration are unreliable.

Conversely, among the five CT spectra detected with

at least 30 counts, two were measured to be CT, one

was measured to be obscured, and two were measured

to have NH consistent with zero with upper limits on

logNH less than 24.

If instead of the best-fit NH, we look at the 90% confi-

dence intervals, we find that the NH for nearly all highly

obscured and CT sources are inaccurate. While the mea-

sured NH is accurate for 95.0% of simulations of unob-

scured AGN (logNH < 22), only 70.8% of those mea-

sured as obscured, and 3.7% of those estimated to be

CT, are accurate within the error bars. See Fig. 7(b).

No similar patterns were found among the net counts or

zsim distributions.

3.5. False CT sources

To investigate the phenomenon of overestimated col-

umn densities, we restrict our attention to the 11 spec-

tra that had logNH,sim ≤ 20 and logNH,meas ≥ 24 (the

“false CT sources”). We note that none of the false CT

sources had 90% confidence intervals that extended be-

low logNH = 23.5. Moreover, the false CT sources were

not necessarily those with few counts: 4/11 had counts

above 100, the median of the 1179 fitted simulations.

All of these fits settled on a double power law (2PL) fit

(step 3 described in Sec. 3.2). 4/11 had a fixed photon

index and none included an iron Kα line. Fig. 8 shows

their secondary normalizations versus net counts, com-

pared with the other 2PL fits in our simulated sample

as well as those of M16. It is notable that almost all of

our fits that settled on a secondary normalization very

near the upper limit turned out to be false CT source

Among the 145 fits that had NH overestimated by at

least 2 dex, 21.4% fit to a 2PL, compared with 2.5% for

the rest of the fits. Conversely, 51.6% of the 60 2PL fits

overestimated NH by at least 2 dex, compared with only

10.1% of all other fits. Fig. 19 in Appendix F shows a

histogram of ∆ logNH for these fits.

In general, for single power law fits, there is degener-

acy between Γ and NH since an unobscured softer power
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Figure 8. Properties of 2PL fits. For each of our 60
2PL fits, we show the relative normalization of the secondary
power law versus the net counts in the 0.5–7.0 keV band. 2PL
fits that measured NH accurately to within 1 dex are shown
in black circles, while those that were inaccurate by at least
1 dex are shown in black stars. Red stars represent the false
CT fits, which had best-fit logNH ≥ 24 and NH,sim ≤ 20,
and all of which settled on a 2PL fit. The 67 2PL fits of M16
are shown as blue circles for comparison. The red dashed
lines indicate the upper and lower limits on the secondary
normalization that we set during our fitting procedure, and
the vertical dashed lines indicate the median counts of the
full simulation sample (black; 100 cts) and the full sample of
M16 (blue; 67 cts).

law can mimic the behavior of an obscured source and

a harder continuum (perhaps with a reflected compo-

nent). This explains the correlation reported in Sec. 3.4,

wherein overestimates of Γ were correlated with overesti-

mates in NH. The photon index distribution of the false

CT sources skews high relative to the simulation sam-

ple. To assess this, the Γmeas of false CT sources were

compared to the full simulation sample using a modified

Z-score test7 with bootstrapped significance (105 sam-

ples). The false CT subset exhibited significantly higher

Γmeas values (p = 0.0007). This suggests that the ne-

cessity of a secondary power law is due to the sharper

drop-off of the primary component.

We refit the 11 false CT spectra using the same proce-

dure outlined in Sec. 3.2, but without step 3, so we did

not allow a 2PL fit. After doing so, 9/11 of the spectra

were fitted to correct NH values within 90% confidence

7 Zmod(Xi) = (Xi − median(X))/MAD(X), with MAD(X) =
median|Xi − median(X)|. We used the 95th percentile of the
modified Z-score values as our test statistic.

intervals. Note that the Γmeas shifted to lower values for

these fits; using the same method as above, we found no

significant difference between the Γmeas values and those

of the entire sample (p = 0.05), consistent with the fact

that a 2PL with higher Γmeas values is degenerate with

a single, softer power law.

The 2/11 refits that still overestimated NH were BASS

ID 136 at zsim = 1.86 and BASS ID 376 at zsim = 3.74,

each of which had fewer than 40 counts. Upon inspec-

tion, both seem to be a case of the NH-Γ degeneracy

discussed above for single power law fits. The former fit

to values of Γ = 1.9 (fixed) and logNH ∈ [21.76, 23.27],

while the BASS simulation model had Γ = 1.72 and

logNH = 20. The latter fit to values of Γ = 5.20

and logNH ∈ [23.68, 24.52], while the BASS simulation

model had Γ = 1.97 and logNH = 20.

Examples of the false CT spectra and their refits are

presented and discussed in detail in Appendix G.

3.6. Refitting with a torus model

As pointed out in Lanzuisi et al. (2018), phenomeno-

logical models are not optimized to correctly identify

CT AGN since they do not take into account Compton

scattering of photons nor the geometry of the obscuring

torus. This is in addition to the NH-Γ degeneracy men-

tioned above. These considerations become especially

important for logNH ≥ 23 (e.g., Yaqoob 1997). There-

fore, the phenomenological modeling of M16 is followed

by a study of 67 of the sources with Γmeas ≤ 1.4 and

logNH,meas ≥ 23, presented in Lanzuisi et al. (2018).

These CT candidates were fit to the physically moti-

vated MYTorus model (Murphy & Yaqoob 2009), and

using a novel Monte-Carlo parameter estimation tech-

nique, 41.9 of the candidates were measured to be CT.

We used the MYTorus model implemented in Lanzuisi

et al. (2018) to refit the 11 false CT sources. For

simplicity, we use the XSPEC error command to cal-

culate 90% confidence intervals on NH instead of the

more sophisticated approach used in that study. A

detailed description of the model and its rationale

can be found in Lanzuisi et al. (2018), which we

briefly summarize here. The model included all three

MYTorus components (the zeroth order continuum, the

reprocessed continuum, and the fluorescent emission

lines) as well as a secondary power law restricted to

be < 5% of the normalization of the primary con-

tinuum (i.e., phabs * (const * zpow + torusScat +

torusLines + zpow * torusZeroCont). The inclina-

tion angle was fixed to 75◦, the photon index was fixed

to 1.8, the redshift was fixed to the value used for the

simulated spectrum, and all NH parameters were tied

to each other. This left three free parameters in the fit:
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NH, the normalization of the primary power law, and

the relative normalization of the secondary power law.

Zero of the 11 previously false CT sources were mea-

sured to be CT within 90% confidence intervals, and

10/11 were correctly measured to have NH consistent

with zero. Best-fit values can still be unreliable, as

6/11 spectra still had logNmeas > 20, and one had

logNmeas > 23. This is expected since the physical

torus models assume some degree of obscuration at the

adopted fixed inclination angle. These results empha-

size both the importance of refitting CT candidates to

a physical torus model (e.g., MYTorus; BNtorus; borus,

Baloković et al. 2018, 2019; and others), as well as us-

ing robust error estimators, such as Monte Carlo or

Bayesian methods, to constrain NH.

3.7. Parameter recovery: Fe line

163 of the 380 selected BASS models included a Gaus-

sian component to represent the narrow Fe Kα line and

thus, 978 simulations included a Gaussian component.

Among the simulated spectra with at least 30 counts,

371 included a Gaussian component, 23 of which were

recovered. The remaining 33 fits that included a Gaus-

sian component were not simulated with one, suggesting

that those spectra were over-fit to spurious features.

4. DISCUSSION

4.1. Obscuration bias

Our results suggest that Chandra is inefficient at iden-

tifying obscured and CT AGN in the redshift range of

0.5–3.0. Only 493/1056 (17/192) simulated obscured

(CT) sources were detected, and among those with at

least 30 counts, 315/316 (3/5) were detected to be ob-

scured (CT) within 90% error bars, out of 993 (150) to-

tal simulated spectra that were measured to be obscured

(CT) with 90% confidence. Fig. 5 can be interpreted as a

coarse-grained selection function to recover the intrinsic

populations of AGN at different luminosities and column

densities, based on the detected numbers (assuming the

NH and intrinsic luminosities are themselves accurately

measured). This suggests that many sources currently

classified as obscured and CT, especially those at low

luminosity, probably have overestimated column densi-

ties. One potential cause of this overestimation is the

misuse of the 2PL model, discussed below in Sec. 4.2 and

Appendix F. While the NH bias towards higher column

densities has been well demonstrated on single sources

(e.g., Marchesi et al. 2018; Tanimoto et al. 2022), our

study represents the first time it is quantified in a large

(N > 100) study of an entire AGN population.

The results in Fig. 7 highlight the danger of using

best-fit values to characterize the survey data. Even the

22 ≤ logNH < 23 bin, which correctly measures the NH

to 90% confidence for 82.7% of sources, has best-fit val-

ues that are inaccurate by over 1 dex for nearly 40% of

sources. The current approach of using best-fit values

for a distribution that is highly biased, either due to the

low count rates or limitations in fitting models, results in

many derived values that are significantly outside their

predicted errors. Due to its systematic nature, this im-

portant bias must be taken into account while deriving

population statistics and when selecting sources based

on best-fit properties.

As shown in Fig. 5, a large fraction of AGN with

logL2−10,int < 44.5 and logNH > 23, the sources that

produce most of the observed 2–10 keV X-ray back-

ground (Buchner et al. 2015; Ananna et al. 2019; Peca

et al. 2023), are not detected by Chandra in the CCLS.

Thus inferences about NH evolution based on this data

set and similarly short observations are model depen-

dent and potentially biased, having to rely on the much

deeper, but much smaller solid angle, fields of the CDF-

N and CDF-S.

Our methodology of placing the local AGN popula-

tion on a patch of sky into the high-redshift universe

does not account for any potential change to the intrin-

sic population of AGN over cosmic time. Many X-ray

surveys report an increase in the fraction of obscured

AGN, and a decrease in the overall AGN number den-

sity, with redshift (e.g., Franca et al. 2005; Treister &

Urry 2006; Ceca et al. 2008; Hasinger 2008; Ueda et al.

2014; Aird et al. 2015; Lanzuisi et al. 2018; Ananna et al.

2019; Peca et al. 2023; Matthee et al. 2024). In Fig. 9, we

show how the measured obscured fraction compares with

the simulated population, in bins of both redshift and

intrinsic 2–10 keV luminosity. This demonstrates the bi-

ases that can occur in X-ray modeling of mildly obscured

populations of AGN. The X-ray fitting techniques tend

to overestimate the obscured fraction at higher redshifts

and at higher luminosities. This leads to a systematic

overestimate of the increase in obscuration with redshift

and of the obscured fraction at higher luminosities.

Surprisingly, the BAT AGN luminosity analogs red-

shifted into COSMOS are very similar to the high red-

shift population when folded in with the measurement

biases despite being at z = 0. This suggests that the

trend of increasing obscuration with redshift may be

much less significant than previously believed. Since

the increase in NH with redshift has been corroborated

in other wavelengths, including by ALMA millimeter

wavelength studies of host galaxy contributions (e.g.,

Gilli et al. 2022), it is unlikely that the increase is in

doubt, but our study suggests that it is less significant

than X-ray surveys suggest due to modeling biases.
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(a) (b)

Figure 9. Implications for the evolution of the obscured fraction. These plots show the implication of our study for
the cosmic evolution of obscured AGN. f22 and f23 indicate the fraction of obscured logNH ≥ 22 and logNH ≥ 23 AGN in
each bin, respectively. The actual NH of the BAT AGN luminosity analogs is shown in blue and the measured population when
observed in COSMOS using the fitting of Sec. 3.2 is shown in black. These are overlaid on top of the evolution models from
Aird et al. (2015) and Peca et al. (2023) for comparison. Note that those studies only model f22 up to logNH = 24. For the f23
plots, we include the measurements of Signorini et al. (2023) for comparison. (a) Redshift evolution. The obscured fraction
of the luminosity-matched analogs decreases with redshift, but measurement biases show an increasing trend, consistent with
other X-ray studies. (b) Luminosity function. The obscured fraction of the actual population exhibits a sharp decline with
intrinsic 2–10 keV luminosity, while the measured population shows a gentler decline in line with observed samples. Both of
these results show the significant biases in measured populations.

Note that the selection effect we are reporting is a re-

sult of using the Chandra response files, and not due to

any particular spectral fitting. While we have used the

CCLS exposure times and matched the selection func-

tion below 30 counts to mimic the effect of CCLS back-

ground, any flux-limited Chandra survey is expected to

exhibit a similar bias. This ultimately stems from low

signal-to-noise and limited band pass.

4.2. Overestimated column densities

We found that many of the simulated sources mea-

sured to be obscured and CT had overestimated column

densities. This problem was most acute for completely

unobscured sources (those with logNH ≤ 20), and is

at least partially attributable to 2PL fits, as shown for

the “false CT” spectra in Sec. 3.5. Upon inspection of

these spectra, we find that (as is generally known) the

unabsorbed secondary power law, even at a low normal-

ization fraction, effectively compensates for the extreme

absorption of the primary power law. If the intrinsic en-

ergy at which the obscuring material becomes optically

thin is beyond the Chandra energy range, then the fit

can settle on virtually any high NH to accommodate just

a few data points and then use the secondary power law
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to recover the unobscured continuum. Effectively, for an

unabsorbed source, the NH of the primary component is

degenerate with the normalization of the secondary com-

ponent (as noted by Treister et al. 2009). Note that this

has the added effect of potentially inflating estimates of

X-ray luminosity.

Furthermore, because of the reflection and reprocess-

ing of X-ray photons that shine from the corona onto

broad-line region, torus, and accretion disk, spectra of-

ten exhibit a high energy “Compton reflection hump”

peaking at a rest frame energy of 20–40 keV (Reynolds

1999). For false CT spectra with z ≳ 2, this may explain

the excess flux at the hard end of the Chandra sensitiv-

ity band for high redshift sources, which the 2PL fit

misinterprets as a hump where the primary component

dominates over the secondary. Peca et al. (2021) point

out that for low count data in this regime, the effective

area also plays a role, since the effective area of Chandra

decreases dramatically below 2 keV, particularly in the

later years of the mission (see Fig. 11), and at z ≳ 2.5

the 7.1 keV Fe absorption edge falls at E ≲ 2 keV. Thus,

even while the fit passes the ∆C criterion for a better-

fit statistic, the model lacks a correct physical meaning.

Increasing the ∆C criterion from 2.71 to 6.0 reduces the

number of false CT sources from 11 to 4, and increasing

the criterion to 9.0 further reduces the number of false

CT sources to one. Future work studying the addition

of a pexrav component to model the Compton reflec-

tion hump for obscured sources in fitting pipelines like

the one adopted in this paper from M16 (e.g., Liu et al.

2017; Peca et al. 2023) may reveal additional improve-

ments.

To faithfully reproduce M16, we set upper and lower

limits on the relative normalization of the secondary

power law. As has been noted in previous studies (e.g.,

Marchesi et al. 2016b; Ricci et al. 2017c; Peca et al.

2023), the secondary component of the 2PL should not

exceed a few percent of the primary component, and

higher normalizations can lead to pathological fits.

It has been previously suggested by Akylas et al.

(2006) that AGN at high redshift are likely to have

their NH overestimated by Chandra and XMM-Newton.

This is either due to inaccurate photometric modeling,

or noisy data in the low-energy bins, which for high red-

shift (i.e., low count) data, can be misinterpreted as sig-

nificant obscuration in single power law fits. Our study

sheds light onto another caveat of NH estimations in

high redshift data when a 2PL model is used.

A detailed discussion of how 2PL fits can confuse un-

obscured spectra for heavily obscured ones, and conse-

quences of allowing extreme values for the relative nor-

malization can be found in Appendix F. We present ex-

amples with visualized spectra in Appendix G.

While we followed the particular procedure of M16

here, various permutations of 2PL fits are widely used

in spectral modeling of X-ray surveys (e.g., Brightman

et al. 2014; Buchner et al. 2015; Liu et al. 2016, 2017;

Peca et al. 2023). Each survey differs in the details, but

most have a main model that is a single or double power

law being applied to low count data in Chandra’s limited

band pass, and the fitting bias we report is expected to

apply. Our work does not address the potential effects

of AGN variability (Czerny et al. 2000), which can also

significantly affect AGN obscuration measurements in

surveys that stack multiple pointings (Liu et al. 2017).

Instead, we quantify the accuracy of a particular family

of fitting procedures, assuming some very well-known

intrinsic population based on local measurements.

4.3. Implications for the AXIS mission

Our investigation highlights the magnitude of AGN

obscuration bias in X-ray surveys at E < 10 keV for

z ≲ 5, and the need for a next-generation X-ray mis-

sion to constrain this parameter space. The Advanced

X-ray Imagine Satellite (AXIS; Reynolds et al. 2023)

is a NASA Probe mission concept that will achieve an

order-of-magnitude improvement over Chandra’s effec-

tive area in the 0.2–10 keV band pass (see Appendix

A), an almost two orders of magnitude improvement in

high angular resolution survey grasp (i.e., field of view

at <2′′× effective area), and a CCD energy resolution

of ∼ 150 eV at 6 keV. Its low background due to a low

earth orbit , its large collecting area, and high spatial

resolution will allow AXIS to significantly contribute to

our understanding of AGN populations at high redshifts.

To test the effectiveness of a mission like AXIS in de-
tecting obscured AGN, we re-simulated our data set with

the AXIS .rmf and field-of-view-averaged .arf,8 using

an exposure time of 375 ks, which corresponds to the

proposed AXIS “medium deep” field (Marchesi et al.

2020; Reynolds et al. 2023; Peca et al. 2024). Spectra

were loaded into XSPEC and channels with energies 0.5–

10.0 keV, where the AXIS detectors effective area will be

greatest, were used. We detected at least three counts in

2223/2280 of the simulated sources (97.5%, compared to

67.2% with Chandra) and at least 30 counts in 98/192

(51.0%, compared to 2.6% with Chandra) of those that

were CT.

Fig. 10 compares the AXIS results with our CCLS

simulation results. Note that since the simulated data

8 version from July 2023, https://blog.umd.edu/axis/

https://blog.umd.edu/axis/
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set was generated to match the CCLS luminosity distri-

bution, Fig. 10(a) does not include the many lower lu-

minosity sources that would be detected in such a study.

Panels (b)-(d) show that in each bin of NH and lumi-

nosity, AXIS detects a larger fraction of sources than

does Chandra. This is most notable for obscured and

CT sources.

5. CONCLUSIONS

In this study, we set out to answer two questions in

deep-field AGN surveys: (1) how effective is Chandra at

detecting obscured AGN? and (2) how accurately do we

measure the intrinsic spectral properties of the AGN?

We employed a novel method of leveraging models of

well-understood local AGN from the BASS all-sky sur-

vey, and using them as low redshift templates to simu-

late the higher median redshift CCLS dataset. We care-

fully filtered the BASS models to accurately match prop-

erties of the CCLS sample, allowing us to compare mea-

sured values against the known simulated values. This

simulation method can easily be used to study other

missions and surveys.

Our main findings are:

• Only 67.2% of all simulated AGN sources were

detected (Fig. 5), with fewer than half of ob-

scured and just 8.9% of Compton-thick (CT)

sources identified. Even fewer obscured and CT

sources had sufficient counts for rudimentary spec-

tral modeling, highlighting biases in detecting ab-

sorbed AGN in deep surveys. While these results

were obtained using the CCLS survey depth, simi-

lar results should be expected for any flux-limited

Chandra survey, since they are attributable to rel-

atively low count data and limited band pass.

• Among spectra recovered with enough counts for

spectral modeling with the methodology of M16,

column density errors are small but exhibit signif-

icant scatter (∆ logNH = −0.10+0.73
−1.16) (Fig. 6b).

Unobscured sources (logNH,sim ≤ 20) often have

column densities significantly overestimated, with

11 ”false CT sources” misclassified due to limita-

tions in 2PL models. Single power-law models gen-

erally estimate column densities at least as reliably

as 2PL models in low-count data. Torus models

offer improved constraints on column densities for

CT candidates and help identify inaccurate 2PL

fits.

• Therefore at CCLS survey depths, conclusions

about the redshift distribution and fraction of ob-

scured sources may be unreliable depending on

the level of bias from non-detections and biased

spectral modeling (Fig. 9). Next-generation mis-

sions like AXIS, however, would significantly im-

prove overall AGN detection rates from 67.2% to

97.5% and CT source detection from 2.6% to

51.0% (Fig. 10).

While the results of our fitting procedure can likely

be generalized to studies with similar model setups as

M16, caution should be exercised before comparing with

more complex models which are encumbered with much

stronger assumptions and more complex systematics.

Note however, that such models may over-fit Chandra

data and are not always justified by the Chandra data

quality.

These considerations highlight the limitations of

narrow-band low-count X-ray data and oversimpli-

fied spectral models suggesting that additional multi-

wavelength analyses are critical. For luminous systems

that are AGN-dominated in the IR, IR colors and ra-

tios of X-ray to IR flux may give rough estimates of

line-of-sight obscuration, though studies of nearby AGN

have found a very large scatter (Pfeifle et al. 2022). An-

other observation from low redshift AGN is that nearly

all AGN with a broad Hβ emission line have low X-ray

column densities (94%, logNH < 22, Koss et al. 2017)

though the misclassified population may increase with

redshift. Further studies and simulations are needed to

find the best way to use broadband X-ray data with SED

model fits and priors on model fitting to best estimate

X-ray column density.
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Figure 10. AXIS detections of the simulated dataset organized in bins of intrinsic X-ray luminosity (vertical) and
hydrogen column density (horizontal). Contrast with Fig. 5. (a) Counts distribution. Distribution of AXIS net counts at
0.5–10.0 keV (black), compared with that of our Chandra simulations at 0.5–7.0 keV (blue). (b)–(c) Percentage of AXIS
simulations with 3+, 30+, and 70+ counts. The percentage of AXIS simulations in each bin is shown in black, compared
with the Chandra percentage in blue.
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APPENDIX

A. INSTRUMENT EFFECTIVE AREA

In principle, soft X-ray telescopes should be as ef-

fective at detecting obscured AGN as NuSTAR or

Swift/BAT for deep surveys, since the rest frame energy

of the source increases at higher redshifts. However, to

reach energies of 20–30 keV at which heavily obscured

sources peak, observations need to be at z ≥ 5, while

CCLS and CDF-S mainly observe sources at z < 3. In

Fig. 11, we illustrate how the effective area of Chandra

at different redshifts compares to that of Swift/BAT at

z = 0. The dashed lines indicate the energies with peak

effective area. Note that at z = 2, the median red-

shift of CCLS, Chandra is still below 20 keV, while at

z = 5, it begins to overlap with Swift/BAT. Also note

that the effective area of Swift/BAT is more evenly dis-

tributed across its band pass, while Chandra is prefer-

entially weighted towards detector frame energies below

2 keV. The consequence of this soft weighting and the

fact that a typical Γ = 1.4 power law obscured source

will have a factor of 25 more counts at 0.5 keV than at

5 keV means that a flux-limited sample will be highly

biased to the softest unobscured sources.

We also include the effective area of AXIS for com-

parison. Note its order-of-magnitude improvement over

Chandra over the entire band pass.

While we focus on effective area in this work, it is

important to note that sensitivity, or the minimum de-

tectable flux above background, depends on several fac-

tors. These include not only the effective area, but also

the background level and the energy range over which

the detector operates. For extragalactic surveys target-

ing faint sources, sensitivity can often be a more critical

consideration.

B. BASS MODELS

We briefly summarize the BASS X-ray models that

were used as templates to generate our simulation set,

as outlined in Sec. 2.2. We refer the reader to R17 Sec.

4 for full details.

The BASS X-ray models were built from broad-

band spectra using Swift/BAT data in the ultra-hard

X-ray band, and combined ASCA, Chandra, Suzaku,
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Figure 12. Counts distribution of BASS models
used. Photons below 10 keV from which the BASS mod-
els were built are from combined ASCA, Chandra, Suzaku,
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togram represents the spectra used to build the unobscured
(obscured) BASS models for our simulations. A total of 380
models were used. The dashed red line indicates the median
of 1545.5 counts.

Swift/XRT, and XMM-Newton data below 10 keV.

More details can be found in R17. The counts distribu-

tion of the spectra used to build the 380 AGN template

models used in our simulations is shown in Fig. 12. The

median number of counts is 1545.5. Note that both ob-

scured (black) and unobscured (blue) models are built

from high-fidelity spectra.

There are four categories of BASS X-ray spectral mod-

els: unobscured (A), obscured (B), blazars (C), and

other (D). Since our aim is to simulate the COSMOS

field, we only consider A and B models, which have

eight and nine variants, respectively. All variants of

these models include the following XSPEC components:

tbabs (to model Galactic absorption), constant (cross-

calibration constant to normalize between different in-

struments), zphabs, cabs, and pexrav. Variants of

model A include at least one of the following XSPEC com-

ponents: zxipcf, zpcfabs, bbody, and apec. Variants

of model B include at least one of the following XSPEC

components: zxipcf, zpcfabs, cutoffpl, apec, and

constant*cutoffpl. In A models, the reflection pa-

rameter of pexrav was set to be non-negative in order

to take into the account the primary X-ray emission and

reprocessed radiation at the same time. In B models, the

reflection parameter of pexrav was set to be negative,

since in these cases, the reflection component is discon-

nected from the primary X-ray emission and assumed to

be unobscured.

A zgauss component representing the narrow Fe Kα

line was added to all spectra for which it could be con-

strained. 297/698 of the BASS template models, and

163/380 of the models selected for simulations, had a

Gaussian component to represent the narrow Fe Kα line.

The typical errors in logNH and Γ for these models is

shown in Table 3.

C. SIMULATED VS. CCLS* COLUMN DENSITY

DISTRIBUTION

We did not attempt to match the CCLS* NH distri-

bution in our simulated data set. While this has the po-

tential drawback of not being able to correct the sample

size to account for sources missed due to obscuration

in the CCLS* sample, it allows us to remain agnostic

as to the obscuration bias that we are attempting to

measure. The emphasis of this paper is that, assuming

some intrinsic NH distribution, which we draw from the
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Table 3. Typical errors in the 380 selected BASS models.
Each entry shows median value of the width of the 90%
confidence interval, and the values within which the medi-
ans of 68% of models lie. Note that the width of the logNH

confidence interval is in logarithmic space. Also note that
since all sources in the BASS catalog with logNH ≤ 20
are considered to be consistent with zero, many of the
unobscured sources have zero width in the logNH mea-
surement.

Total logNH width Γ width

logNH < 22 204 0.000+0.360
−0.000 0.240+0.210

−0.140

22 ≤ logNH < 23 68 0.170+0.140
−0.100 0.395+0.535

−0.165

23 ≤ logNH < 24 76 0.200+0.140
−0.100 0.590+0.480

−0.240

logNH ≥ 24 32 0.345+0.595
−0.205 0.450+0.220

−0.250

ALL 380 0.130+0.230
−0.130 0.340+0.390

−0.210
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Figure 13. NH distributions of the simulated sample
and CCLS. The NH distribution of the BASS models se-
lected for simulations (black) is compared with that of the
CCLS (blue). The latter NH distribution was obtained as
described in the text. We also include the entire sample of
BASS non-blazar AGN (gray). The bin at logNH = 20 in-
cludes all sources with logNH ≤ 20.

local BASS population, the recovered obscured fraction

is different and quantifiable as a function of NH and lu-

minosity. A comparison of the simulated and CCLS*NH

distributions is shown in Fig. 13. The CCLS histogram

in the figure was obtained from M16, after filtering out

all Galactic sources and those with undetermined red-

shift. We replaced the NH of all sources in that catalog

that were refit in Lanzuisi et al. (2018) (the “CT candi-

dates”) with the updated values. These 1855 sources are

a subset of the 2291 that comprise CCLS*. A minimum

value of logNH = 20 was imposed for direct comparison

between the samples. We also include the full catalog of

BASS non-blazar AGN and note that the 380 selected

models are drawn evenly from the NH distribution of

entire BASS catalog.

D. POISSON NOISE AND BACKGROUND

In this appendix, we discuss the potential selection

effects introduced by the fakeit procedure, as well as

the effect of background photons on our results.

D.1. fakeit procedure

To test the selection effects endemic to the fakeit

procedure itself, we re-simulated all 2280 spectra, but

as simple absorbed power laws ‘phabs*zphabs*zpow’.

The column density, photon index, and intrinsic lumi-

nosity were set by the BASS model, while Galactic ab-

sorption, norms, redshift, and exposure times were set as

described in Sec. 2.2. We ignored any Gaussian compo-

nent. Even though this is not an ideal model for heavily

obscured AGN, the point of this test is to see how the

Poisson noise introduced by fakeit affects the ability

to recover parameters and not necessarily to accurately

model AGN.

1215 of these simulated spectra had at least 30 counts,

and we fit these using only the first two steps of the

fitting procedure from Sec. 3.2. Since the same model

was used in both the simulations and the fits, any error

in recovering parameters is due to low counts and the

introduction of Poisson noise alone.

NH was accurately fit to 90% confidence for 1098/1215

(90.4%) of all fits, in 812/874 (92.9%) of all unobscured

simulations, 286/341 (83.9%) of all obscured simula-

tions, and 7/7 (100%) of all CT simulations. The ac-
curacy of NH measurements seems to correlate more

with counts than with obscuration: 215/253 (85.0%) of

simulations with fewer than 50 counts, 310/351 (88.3%)

of simulations with 50–99 counts, 153/169 (90.5%) of

simulations with 100–149 counts, and 420/442 (95.0%)

of simulations with at least 150 counts were measured

accurately to 90% confidence. Note that in the study

presented in this paper, NH was accurate to 90% con-

fidence in 85.3% of fits, and accuracy did not correlate

with counts.

D.2. Background photons

Background photons are not included in the simula-

tions, and therefore we do not subtract the background

of the simulated spectra or do background spectral mod-

eling. When determining the detection fraction, we com-

pute the net counts in each simulated spectrum and
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compare it with the predetermined threshold of three

counts. We expect many spurious sources with at least

three counts, and the additional cut that we perform in

Sec. 3.1 for sources with fewer than 30 counts can be in-

terpreted as a comparison with a galaxy catalog or some

other cross-reference validation.

For the Chandra ACIS-I detector in cycle 14, the back-

ground rate in the 0.5–7.0 keV band for a 2′′ detection

radius9 with aperture correction is ∼ 9×106 cts/s = 1.4

cts per aperture on average in 160 ks. Based on the

confidence limits in Table 1 of Gehrels (1986), a 3σ de-

tection with 1.4 background counts requires ∼ 12 net

counts. Note that even zero background photons would

require seven counts for a detection, so the three count

detection criterion results in a conservative overestimate

for our detection fraction. Moreover, according to Fig.

9 of Civano et al. (2016), > 99% of the sample has ≳ 6

counts in the 0.5–7.0 keV band and ∼ 90% have ≳ 10

counts. We compensate for this likely overestimate by

matching the CCLS counts function for detections of

fewer than 30 counts.

Civano et al. (2016) use the CIAO WAVDETECT tool (Fr-

uscione et al. 2006) to determine detected sources, and

accept a false-positive detection probability that corre-

sponded to about 10 in every 150 sources (∼ 7%). This

corresponds to a detection threshold of about 8 counts

for an average of 1.4 background counts per 2′′ aperture.

We do not expect our spectral fitting results to be

significantly affected by the lack of background. Using

Poisson statistics,10 if we again assume a mean of 1.4

counts per aperture, then out of 2280 sources (the num-

ber of simulations we generated) we expect (562, 787,

551, 257, 90, 25, 6, 1) systems with (0, 1, 2, 3, 4, 5, 6, 7,

8) background counts in their apertures, or a 5% chance

of a source having at least five background counts. Since

we only modeled spectra with at least 30 counts, and

our conclusions about fitting results apply just as well

to spectra with thousands of counts, we do not expect

the lack of background to significantly bias our spectral

fitting.

E. FITTING STATISTICS

The fit statistics for the 1179 fitted simulations are

shown in Fig. 14. The reduced C statistic, defined as

C divided by degrees of freedom, is a goodness of fit

metric. The reduced value C ∼ 1 implies a good fit.

Reduced C < 1 (> 1) implies an under-determined

9 According to Fig. 2 of Civano et al. (2016), most of the sources
lie in an aperture of 2′′–4′′. 2′′thus represents the edge of the
bin.

10 P (X = k) = e−λλk/k! for a mean and variance of λ.

0.0 0.5 1.0 1.5 2.0 2.5 3.0

Reduced C statistic

102

103

104

N
et

co
un

ts
0.

5-
7.

0
ke

V

Figure 14. Fitting statistics for the simulated data
set. The reduced C statistic is shown along with the net
counts of each simulated spectrum. The red dashed line is
drawn at 1. The excess of under-determined fits (C < 1)
for simulations with fewer than 70 counts may be due to the
lack of background in our study.

(over-determined) fit. The median reduced C is 0.87 for

sources with at least 30 counts and 0.93 for those with at

least 70 counts. The standard deviations are 0.39 and

0.26, respectively. An excess of under-determined fits

is largely due to spectra with < 70 counts. This may

be because we did not simulate or model a background

spectrum. This distribution did not change significantly

with the more stringent criteria (∆C of 6.0 and 9.0).

F. DETAILED DISCUSSION OF DOUBLE POWER

LAW MODEL

Here we discuss the effectiveness of a 2PL for captur-

ing AGN obscuration in X-ray spectra.

F.1. Why a secondary power law?

The primary power law (KE−Γ) continuum is ob-

served in the CCLS redshift range at 0.5–20 keV, and

since finer features of the spectrum cannot be recov-

ered in low signal-to-noise data, this is what is mod-

eled for basic fits. When there is a high column density

(logNH ≳ 20), the power law is multiplied by factors of

e−NHσ(E), where σ(E) is the photoelectric cross section

that depends on both energy and species, to account

for absorption (Morrison & McCammon 1983). How-

ever, even in obscured cases, there are often photons at

energies below the photoelectric cutoff due to photons

leaking through the obscuring material and other factors

(the physical cause of this soft component is discussed in

many papers, including in, e.g., Secs. 4.1.3 and 5.4.2 of
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Figure 15. Double power law model. A typical 2PL
model with an obscured primary component (red) and an
unobscured secondary component with an identical slope
(blue). Here the normalization of the secondary component
is chosen to be 5% of the primary normalization. The main
feature of this model is the “hump” at which the primary
component begins to dominate over the secondary compo-
nent. Eeq is the energy at which the two power laws are
equal, and above which the primary component dominates.

R17 and in Gupta et al. 2021, for BASS AGN). A single

power law can then fit these soft photons simultaneously

by underestimating NH and lowering the power law in-

dex Γ, giving a relatively flat model with an inaccurate

physical interpretation. To remedy this while still min-

imizing the number of fit parameters, a secondary, un-

obscured power-law component can be added. Since the

soft photons are believed to be sourced from the same

coronal emission, the index of the secondary power law is

tied to that of the primary, and the normalization can ei-

ther be free to vary, or even fixed to some fraction of the

primary normalization (effectively assuming some cou-

pled covering and scattering fraction for the obscuring

material) to maintain the same number of free param-

eters (e.g., Ueda et al. 2007). This fraction is typically

on the order of a few percent (e.g. M16, R17, Bianchi &

Guainazzi 2007; Gupta et al. 2021; McKaig et al. 2023;

Peca et al. 2023). The 2PL thus provides a model that is

more physically accurate than a single power law while

still accommodating low-count data because it has few

free parameters when it is statistically required.

F.2. Column density degeneracy

The main feature in an absorbed spectrum modeled

by a 2PL is the “hump” where the primary obscured

power law dominates over the unobscured secondary

power law. The location of the hump is determined by

the NH of the model. For low column densities, the

hump coincides almost exclusively with the peak of the

secondary component; as NH increases, the hump sep-

arates from the peak of the secondary component and

moves toward higher energies. We define the energy at

which the two power laws are equal, and after which

the primary component dominates, as Eeq, as shown in

Fig. 15

As a result, for a given detector band pass, each red-

shift determines a range of NH values that can or can-

not be captured by a 2PL (assuming high fidelity data

throughout the detector band pass). If Eeq is at or above

the high end of the sensitivity band, too few photons

from the primary component are detected and NH is

unconstrained from above. If Eeq is at or below the low-

energy sensitivity cutoff, then the secondary component

is not sufficiently represented, then NH is unconstrained

from below. Thus there is a degeneracy between a sin-

gle power law and 2PL model if Eeq is outside of the

detector band pass, since in these cases, the spectrum

will appear as a single, unabsorbed power law. This

can be interpreted as either the primary component of

a relatively unobscured spectrum or as the soft leakage

from a highly obscured source. The degeneracy is fur-

ther exacerbated by the Compton reflection hump that

is often observed in X-ray spectra—a slight excess at the

hard end of an unobscured spectrum can be interpreted

as the hump of the primary component in a highly ob-

scured spectrum at high redshift. These degeneracies

are of less concern in broadband spectra, which cover a

wider range of Eeq in the detector sensitivity band.

We illustrate this phenomenon in Fig. 16. The vertical

dashed lines indicate Eeq for different values of logNH,

and the shaded regions are beyond the 0.5–7.0 keV band

pass of Chandra. For each redshift panel, we expect

spectra with NH values whose Eeq is within the white

region to be well-recovered by a 2PL. Note that Eeq is

a function of the secondary power law normalization;

here we have assumed a value of 5%, consistent with

the upper limit of the prescriptions in M16 and R17.11

To quantify this limitation of the 2PL fit, we compute

a “primary ratio” (PR), which we define as

PR =
np − ns

np + ns
, (F1)

11 This model only accounts for photoelectric absorption in the pri-
mary component. Note that at NH ≳ 1023, Compton scattering
suppresses it significantly further. This effect is taken into ac-
count by the XSPEC cabs model. However, our goal here is to
evaluate the merits and faults of the 2PL as used in studies like
M16.
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Figure 17. Primary ratio as a function of redshift and
NH. We compute the maximal primary ratio, as defined in
the text, for CCLS simulations using a 2PL model with a
5% secondary normalization at a range of redshifts and NH.
We used the CCLS response files and a high exposure time
of 1012 s to minimize Poisson noise and accurately measure
the ratio. The area between the white lines is where the
2PL is expected to accurately recover NH at a given redshift,
assuming high fidelity data. Outside of the solid white lines
(PR= ±1), only a single power law is detectable, which can
be interpreted as either the secondary component of a highly
obscured source or the primary component of an unobscured
source. The discontinuity at logNH ∼ 24.3 is due to the
absorption edge in the detector response that can be seen in
the logNH = 24 models of Fig. 16.

where np is the number of primary component photons

(E > Eeq) and ns is the number of secondary compo-

nent photons (E < Eeq). PR close to +1 (-1) indicates

that nearly all detected photons are from the primary

(secondary) component. For a given model, we can cal-
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Figure 18. NH accuracy of the double power law fits
as a function of NH,sim and z. Among the 60 simulated
spectra that were fit to a 2PL, those with z < 1 begin to
accurately measure NH for column densities of logNH ≳ 22,
while the higher redshift simulations (z ≳ 2) are measured
accurately within 1 dex for logNH ≳ 23. This is consistent
with the predictions of the heatmap in Fig. 17. Note that
the ability of the 2PL to accurately estimate NH depends
on the actual PR, while the heatmaps predict the maximal
PR for a given model. This explains the low redshift fits at
higher ∆ logNH.

culate the “maximal PR,” the theoretical PR assuming

high quality data simulated from the model, and then

given data, we can also calculate the actual PR once

Eeq is computed from the model. The actual PR is

what indicates the validity of the fit (see example in

Sec. G.2). We expect that the closer a PR is to zero,

the better-suited a 2PL model is to fitting the spectrum.

PR is a function of the detector response, the detector
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∆NH histograms for the 2PL fits in the original procedure
(black) and when only attempting the 2PL model for sources
with the additional criterion that the single power law esti-
mates logNH,meas ≥ 23 (blue). While the obscured criterion
yields fewer fits with moderately overestimated NH, the cri-
terion does not suppress severely overestimated NH sources.

band pass, the secondary normalization, redshift, and

NH. We simulate a 2PL spectrum with a 5% secondary

normalization using the CCLS response files, and com-

pute the maximal PR for a range of redshifts and NH.

The results are shown in Fig. 17.

We test this understanding by looking at our simu-

lated data set. Among those simulations that settled

on a 2PL, we look at ∆ logNH as a function of NH,sim

and redshift. According to Fig. 17, simulations for

z ∼ 0 should only be accurate for logNH,sim ≳ 22, with

the threshold increasing at higher redshifts, assuming

the highest-possible data quality. Indeed, this expected

trend can be observed in Fig. 18. This prediction is

also consistent with the example spectrum presented in

Sec. G.1: the simulated and measured NH values are on

opposite sides of the solid white lines of Fig. 17 for the

redshift of the simulation.

One potential way to break this degeneracy is to only

try the 2PL fit for spectra that are measured to be ob-

scured by a single power law fit. We refit all spectra

according the M16 procedure outlined in Sec. 3.2, but

with the additional check that step 3 (the 2PL fit) was

only performed if logNH,meas ≥ 23 to 90% confidence

after that power law fit. 22/60 2PL fits, and 9/11 false

CT, remained.

Fig. 19 compares theNH accuracy of 2PL fits with and

without this additional criterion. While the criterion

succeeds in suppressing moderately overestimated NH

fits, it still results in many sources with ∆ logNH ≳ 4,

all of which are completely unobscured. The fits with

1 ≲ ∆ logNH ≲ 4 turn out to be primarily sources with

20 < logNH,sim < 23. If the criterion is made even

stricter such that step 3 is only performed if the best-

fit logNH,meas ≥ 23, then, by construction, the 2PL

only overestimates NH for those sources which the single

power law also overestimates, but we find that there is

no improvement in accuracy.

After studying different scenarios with the 2PL, in-

cluding setting a lower threshold for the secondary nor-

malization and stricter ∆C criteria, we find that with

the limited band pass of Chandra, a single power law

always estimates NH at least as well as a 2PL.

F.3. Normalization of the secondary power law

As noted in previous studies (e.g., Marchesi et al.

2016b; Ricci et al. 2017c; Peca et al. 2023), the sec-

ondary component of the 2PL should not exceed a few

percent of the primary component. The methodology

developed for this study presents an opportunity to ex-

plore this additional important limitation of the 2PL.

When we repeated our fitting procedure from Sec. 3.2,

but without any constraints on ‘constant.factor’ in

the 2PL, we found 243/1179 2PL fits, compared with

60/1179 when we imposed upper and lower limits. We

found 53 false CT sources (see Sec. 3.5), compared with

11 in our study, and again, each of them settled on 2PL

fits. Among them, 17 had relative normalization > 15%

and six had a relative normalization < 0.001%.

In the case of a high secondary normalization, the de-

pression between the primary and secondary power laws

is shallow, and the secondary power law can be used to

fit a few noisy data points to an unabsorbed spectrum,

and the model no longer physically represents an ob-

scured AGN X-ray continuum. Each of the four fits

with secondary normalizations greater than 50% were

relatively high signal-to-noise spectra (> 150 counts—

these can be fit to more sophisticated models). An ex-

ample of a nonphysical 2PL fit with a high secondary

normalization is shown below in Sec. G.3.

In the case of a very low secondary normalization,

there are two factors that can make the model nonphys-

ical. The first is that arbitrarily low relative normaliza-

tions can couple with arbitrarily high normalizations,

and arbitrarily high NH for the primary power law,

resulting in the secondary component filling the entire

band pass. The second is that, for relatively low count

data, when primary normalizations that are physical,
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Figure 20a. False CT example 1: high redshift with
a bump. See Appendix G for an explanation of the panels
and Sec. G.1 for a discussion of this example.

extremely low flux corresponds to low signal-to-noise,

and is not physically significant. An example of a non-

physical 2PL fit with a low secondary normalization is

shown below in Sec. G.4.

F.4. Prescriptions

To ensure that 2PL models accurately estimate the

NH of AGN spectra, it is important to consider the

source redshift, the detector band pass, and the slope of

the continuum, all of which determine the severity of the

degeneracy between unobscured and heavily obscured

spectra. This is quantified by the PR metric, which de-

termines the regions of parameter space within which we

expect the 2PL model to accurately measure NH. For

fixed Γ, and secondary normalization, the Chandra band
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Figure 20b. False CT example 2: out of band pass,
few photons. See Appendix G for an explanation of the
panels and Sec. G.2 for a discussion of this example.

pass allows for a range of NH approximately 2 dex wide

at each redshift for the which the 2PL is appropriate,

as illustrated in Fig. 17. Outside of that range there

is degeneracy between very low and very high column

densities. Furthermore, while a given 2PL may have a

suitable maximal PR, the actual PR based on the data

may be poorer.

A 2PL model should also be avoided for spectra with

high signal-to-noise spectra, where more degrees of free-

dom can be employed. Often, careful visual inspection,

testing with different ∆C criteria, and testing with dif-

ferent limits on the secondary normalization can reveal

nonphysical fits.
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Figure 20c. False CT example 3: high secondary
normalization. See Appendix G for an explanation of the
panels and Sec. G.3 for a discussion of this example.

G. ILLUSTRATIVE EXAMPLES OF FALSE CT

SOURCES

Here we provide a description of Figs. 20a–20d, each of

which show illustrative examples of false CT sources. In

the top panels, the simulated spectrum is shown as error

bars showing each bin’s Poisson error of flux. All spectra

are binned to a minimum of three counts per bin. The

blue solid curves show the BASS template from which

the spectrum was simulated, the dotted and dashed lines

show the best-fit model components, and the red solid

curve shows the total fit model. The best-fit parameters

are shown in the gray text boxes. logNH,meas shows

the 90% confidence interval for the measured intrinsic

obscuration in the case that the spectrum was measured
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Figure 20d. False CT example 4: low secondary nor-
malization. See Appendix G for an explanation of the pan-
els and Sec. G.4 for a discussion of this example.

to have logNH,meas > 20. Note that logNH ≤ 20 is

consistent with zero.

Top: The 2PL fit settled on by the fitting algorithm de-

scribed in Sec. 3.2. This fit overestimates the NH

of the completely unobscured simulation, since the

secondary power law can compensate for the ex-

treme absorption of the primary component. Both

the actual and maximal primary ratios (PR, see

Appendix F) are shown on the top-right of the

panel. Note that |PRactual| close to unity indicates

that a 2PL model cannot, in principle, recover NH

in these cases. Further note that while a model

may in principle have a maximal PR close to zero,
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the data quality ultimately determines the actual

ratio of primary to secondary photons.

Middle: The fit when a secondary power-law compo-

nent is not allowed, which more accurately mea-

sures NH despite a higher overall C statistic.

Bottom: Comparison of the contribution to the fitting

statistic in each energy bin. In each case, the 2PL

(black) has an overall lower C statistic than the

single power law (red dashed). These panels are

adaptively binned for easier visual inspection.

G.1. Example 1: high redshift with a bump

Our first false CT example is shown in Fig. 20a. In

this example, there is a slight bump at the high-energy

end that the 2PL captures. By comparing the data with

the BASS model (blue), it is seen that this bump is

due to Poisson noise. The residual plot in the bottom

panels shows that the high data point at the end con-

tributes most to the more favorable C statistic of the

2PL over the single power law. Note that a similar

effect may occur in AGN spectra with a Compton re-

flection hump. This example illustrates the degeneracy

between logNH ≲ 23 and logNH ≳ 25.5 for z = 2.27

shown in Fig. 17. Note that even spectra with ≳ 100

counts are subject to this degeneracy. The PR of -0.892

quantifies the dominance of secondary photons over pri-

mary photons in this 2PL model. The single power law

in the middle panel accurately classifies this source as

unobscured, and by visual inspection can be seen to re-

cover the template model with high accuracy, despite

the higher overall C statistic.

G.2. Example 2: out of band pass, few photons

Our second false CT example is shown in Fig. 20b.

This example illustrates how visual inspection of spec-

tra can reveal obvious mismatches to data that are not

captured in fitting statistics, since the model clearly sup-

presses the primary power law just enough to push it out

of the band pass of this data. This leaves only the un-

obscured secondary component in the band pass, which

is equivalent to fitting to just a single unobscured power

law. Here we see a case where, in principle, the 2PL

model should be able to discern the best-fit NH,meas

(PRmax ∼ 0), but the paucity of photons in the ac-

tual data render the 2PL insufficient (|PRactual| > 0.7).

Although the best-fit logNH,meas for the single power

law is still an overestimate for this simulation, it per-

forms significantly better. It is easy to see the cause of

this overestimate: two of the first three bins fall below

the model curve due to random noise. At high redshift,

any small dip in the spectrum represents a very high ob-

scuration because it’s a higher energy bin intrinsically.

Note that this example would still be incorrectly fit for

a more stringent ∆C criterion.

G.3. Example 3: high secondary normalization

The false CT example shown in Fig. 20d illustrates

how a high secondary normalization results in a shallow

depression between the two power laws. This allows the

model to fit an NH that would not typically be degener-

ate at that redshift by a 2PL with an appropriately low

secondary normalization and effectively turns the sec-

ondary power law into a fudge factor that can slightly

improve a fitting statistic. Indeed, the PR is not quite as

high in this example, but the obscuration is still over-

estimated. Notice that the most improvement to the

fit statistic is in the first couple of bins, where the sec-

ondary power law boosts the model up slightly to better

match the BASS template model.

G.4. Example 4: low secondary normalization

In the false CT example shown in Fig. 20c, we can see

the degeneracy between logNH ≲ 22.5 and logNH ≳
24.5 for z = 0.84 shown in Fig. 17. Note that by al-

lowing an extremely low secondary normalization, even

very high-fidelity spectra are subject to this degener-

acy. This example also illustrates how visual inspection

of spectra can reveal obvious mismatches to data that

are not captured in fitting statistics, since the model

clearly suppresses the primary power law just enough

to accommodate the band pass of this data. The sec-

ondary power law thus takes up the entire data, indi-

cated by PRactual = −1. This is achieved by a combi-

nation of an unreasonably high primary normalization

(2.135 cts keV−1 s−1 cm−1 at 1 keV, compared with

typical values ≲ 1×10−4 cts keV−1 s−1 cm−1 at 1 keV)

and an extremely high obscuration of logNH = 25.21.

Note that this example would still be incorrectly fit for

a more stringent ∆C criterion. In any case, high-fidelity

spectra like this can generally be fit with more sophisti-

cated models.

H. DATA TABLES

Our simulated data set was constructed from 380

BASS AGN template models.12 The selection of these

models is described in Sec. 2.2. Table 4 lists the BAT

catalog ID of each model, as well as the six redshifts and

exposure times selected for each to generate our simu-

lated CCLS catalog.

Simulation properties and the results of the fitting

routine described in Sec. 3.2 are tabulated in Table 5.

12 The detailed catalog and data can be found at https://www.
bass-survey.com/

https://www.bass-survey.com/
https://www.bass-survey.com/
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These are the naive fit parameters before any refitting

described in the results and discussion sections.

Table 5. Contents of simulation catalog

Num Label Units Explanation

1 batID BAT ID of source

2 SwiftID Swift-BAT 70-month hard X-ray survey source name

3 specZ BASS Spectroscopic redshift of BASS template source

4 logL2-10-intr sim erg s−1 Logarithm of intrinsic luminosity in the 2–10 keV range of BASS template source

5 logNH sim cm−2 Logarithm of column density of the neutral obscuring material of BASS template source

6 Gamma sim Photon index of the primary X-ray continuum of BASS template source

7 gauss sim Flag for Gaussian in BASS template source

8 z sim Redshift of simulated spectrum

9 counts cts 0.5–7.0 keV net counts of simulated spectrum

10 detection Detection status of simulated spectrum

11* logNH meas cm−2 Measured logarithm of column density of the neutral obscuring material of simulated spectrum

12 b logNH meas cm−2 Lower bound, 90% confidence interval for logNH meas

13 B logNH meas cm−2 Upper bound, 90% confidence interval for logNH meas

14 Gamma meas Measured photon index of the primary X-ray continuum of simulated spectrum

15 f Gamma meas Flag on Gamma meas, indicating a fixed value during fitting

16 b Gamma meas Lower bound, 90% confidence interval for Gamma meas

17 B Gamma meas Upper bound, 90% confidence interval for Gamma meas

18 Gamma ratio meas Ratio of Gamma 2 to Gamma 1 in 2PL model of simulated spectrum

19 pl norm cts/keV/s/cm2 Measured norm of the PL

20 gauss norm cts/keV/s/cm2 Measured norm of the Fe line Gaussian

21 cStat meas Best fit statistic of simulated spectrum

22 red cStat meas Best fit statistic / dof of simulated spectrum

23 best fit Model code for best fit of simulated spectrum

24 error flag XSPEC error code for confidence intervals on NH

∗This and all subsequent columns are only for fitted sources, which are those with at least 30 counts

Note—Table 5 is published in its entirety in the machine-readable format.
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