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ABSTRACT

Context. We investigate the physical nature of Active Galactic Nuclei (AGN) using machine learning (ML) tools.

Aims. We show that the redshift z, the bolometric luminosity Lg,;, the central mass of the supermassive black hole (SMBH) Mgy, the
Eddington ratio Agyq as well as the AGN class (obscured or unobscured) can be reconstructed through multi-wavelength photometric
observations only.

Methods. A Support Vector Regression (SVR) ML-model is trained on 7616 of spectroscopically observed AGN from the SPIDERS-
AGN survey, previously cross-matched with soft X-ray observations (from ROSAT or XMM), WISE mid-infrared photometry, and
optical photometry from SDSS ugriz filters. We build a catalogue of 21 364 AGN to be reconstructed with the trained SVR: for 9944
sources, we found archival redshift measurements. All AGN are classified as either Type 1/2 using a Random Forest (RF) algorithm
on a subset of known sources. All known photometric measurement uncertainties are incorporated using a simulation-based approach.
Results. We present the reconstructed catalogue of 21 364 AGN with redshifts ranging from 0 < z < 2.5. z estimations are made for
11420 new sources, with an outlier rate within 10%. Type 1/2 AGN can be identified with respective efficiencies of 88% and 93%:
the estimated classification of all sources is given in the dataset. Lgo, Mpn, and Aggq values are given for 16 907 new sources with
their estimated error. These results have been made publicly available.

Conclusions. The release of this catalogue will advance AGN studies by presenting key parameters of the accretion history of 6 dex
in luminosity over a wide range of z. Similar applications of ML techniques using photometric data only will be essential in the future,
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1. Introduction
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Active Galactic Nuclei (AGN) are known to be the most
«— luminous sources in the Universe. These systems consist of
: a central supermassive black hole (SMBH), around which an
accretion disk is formed. Although much is yet to be learned
about the feedback mechanisms linking the SMBHs growth and
the evolution of their host galaxies, we already know that their
= = mass Mpy scales with a number of galaxy properties, like the
stellar velocity dispersion o, bulge mass and luminosity (see
'>2 review by [Kormendy & Ho| (2013))). Furthermore, the extreme
energetics of these objects also makes them a favoured source
E of cosmic ray acceleration (Murase & Stecker| 2022; |Abbasi
et al.||2022), as underlined by the recent discovery of neutrinos
originating from the AGN NGC 1068 with IceCube (ICECUBE
COLLABORATION et al.[2022).
Collecting physical parameters — such as their redshifts
z, black hole mass Mgy, Eddington luminosity and ratio Lgqq
and Aggg — from a complete and unbiased sample of AGN,
becomes a necessary challenge in order to study their accretion
history. However, spectroscopic techniques are almost always
needed to measure these variables, and although the number
of spectroscopically observed AGN has undoubtedly grown
in the last decade (Comparat et al. 2020), the discrepancy
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with large datasets from eROSITA, JSWT and the VRO poised to be released in the next decade.
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between photometrically identified AGN and those followed
up with spectroscopic surveys remains large. Fortunately, AGN
have been well covered by multi-wavelength surveys: X-ray
telescopes have observed the extragalactic sky, revealing a
pattern of stars, black holes in binary systems and AGN, while
IR telescopes have allowed to distinguish the latter from the
large stellar population.

Enlarging the sample and sky coverage of AGN observations
with reliably estimated physical parameters is particularly im-
portant for multimessenger astronomy, where signals from indi-
vidual sources are often weak. This limitation can be overcome
by searching for correlations between a messenger, e.g., neutri-
nos or cosmic rays, and a population of AGN instead. However,
the power of correlation searches increases with the sky cover-
age of the counterpart observations and, additionally, requires a
model for the expected production of the messenger in question
for each object included in the correlation study. Such models
usually depend on physical parameters of the AGN.

Machine learning (ML) techniques have been applied in re-
cent years to characterize AGN sources, mainly for classification
tasks and redshift determination (Sadeh et al.|2016; [Fotopoulou
& Paltani| 2018} [Stevens et al.[[2021). In this paper, we report
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on a novel attempt to employ ML regression tasks to recon-
struct fundamental parameters of AGN. We train a ML algo-
rithm to estimate z, Ly, Lp,l, the soft X-ray (SXR) and bolomet-
ric luminosities, as well as Mgy, Lggg and Agqq on 21 364 AGN,
all observed in the IR, optical and X-ray bands photometrically
but not spectroscopically. To train the model, we use the recent
SPIDERS-AGN spectroscopic survey (Clerc et al.[2016; [Dwelly
et al.2017), which has compiled and released a sample of ~ 7600
Type 1 AGN (Coftey et al.|2019). We also train a ML classifier to
identify Type 2 (or obscured), from Type 1 (unobscured) AGN.

The structure of the paper is as follows: we detail the cat-
alogues used to expand and build both the training and to-be-
reconstructed AGN data samples in Sect.[2| and describe the pro-
cedures to select AGN from stellar, galactic and blazar popula-
tions. We detail in Sect. [3|how the errors on the input parameters
are incorporated in order to generate pseudo-sets for the classi-
fication, training and reconstruction of AGN, and underline the
advantages of the simulation-based method, before classifying
the unlabeled sources using ML tools them in Sect. ). Sect. [3]
dives into the details of the main ML regression task built to
parametrize the core of AGN: comparison of several models and
final results on the spectroscopic parameters predictions are dis-
cussed. We present in Sect. [0] the largest to date catalogue of
AGN physical properties, stemming from the ML reconstruction
of 21364 sources, including 11420 new z measurements, and
Lgo1, My, Apaq values for all. The limits of the Type 2 AGN re-
construction are discussed. We turn to future studies the release
of this dataset makes possible in Sect. /| and discuss the role ML
tools will play with the advent of future missions. The catalogue
columns are described in Appendix [A]

2. Data

The goal of our study is to compile as wide as possible a cata-
logue — both in number of entries as well as astronomical fea-
tures — of non-blazar AGN sources in order to find photomet-
ric parameters (X-ray, optical and IR magnitudes, etc) that are
highly correlated with features relating to the accretion activity,
traditionally only accessible with spectroscopic follow-up sur-
veys.

In this paper, we shall call feature any parameter or column from
the catalogue: for instance, the W1 or u-band magnitude. Con-
currently, we will refer to a catalogue entry as an AGN point
source, or row of the catalogue. For matters pertaining to ma-
chine learning methods a few terms also need be clearly defined:

— by training and testing sample, we mean the dataset of 7616
sources built from the SPIDERS catalogue (Coffey et al.
2019), used to train the ML model tasked to learn corre-
lations between photometric and spectroscopic parameters.
The performance of the ML model is assessed by compar-
ing the true and predicted values of target parameters (also
referred in the ML literature as the validation set),

— we call the reconstructed or full dataset the AGN catalogue
we have built for which we make estimations on the target
parameters using the previously trained ML model.

Our aim is then to find a compromise between the addition of
new features and the completeness of the final catalogue: since
any new parameter added to the training sample must also be
available in the reconstructed dataset — and null features are not
admitted in machine learning regression tasks — entries with
null columns would then have to be sacrificed (for a more de-
tailed treatment of null entries see Appendix [C)). We detail in the
following section the multiwavelength observations used to con-
struct our input parameters. Table [I|summarizes all features and
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catalogues of origin used. The analysis sequence to create the
full reconstructed catalogue of AGN is described in Fig. [I]

2.1. The SPIDERS-AGN catalogue

SPIDERS (SPectroscopic IDentification of ERosita Sources) is a
completed SDSS-TV (Blanton|2017) 5128.9 deg? survey over the
SDSS footprint. The AGN sources were originally pre-selected
based on the 1RXS and XMMSLI1 (Saxton et al.[2008]) cata-
logues, which were then later updated once the 2RXS (Boller
et al.|2016) and XMMSL2 E] were released. The details of the
mission targeting and summary are documented in Dwelly et al.
(2017) and |Comparat et al.| (2020)), respectively. The spectro-
scopic data was made available in the 16th SDSS data release
(DR16) (Ahumada|2020) as a catalogue of Type 1 AGN con-
taining X-ray fluxes, optical spectral and photometric measure-
ments, black holes estimates and other derived quantitie{’] We
refer the reader to Coffey et al.[(2019)) for a detailed description
of the dataset and to|Wolf et al.| (2020)) for a principal component
analysis (PCA) of Type 1 AGN properties.

The survey probed the brightest X-ray sources in the sky,
at the higher end of the luminosity distribution with 41 <
logio(Lx/ergs™!) < 46 for a mean redshift 7 = 0.47. The bolo-
metric luminosity Lg, was also derived from the monochro-
matic luminosity Ljg04 and Ls;y,z using bolometric correc-
tions. Fitting the HB and MgIlI emission lines, the SPIDERS-
AGN study has derived Mpy, Lggg = 1.26 X 1038(MTB:) erg s
and Agqq = Lpol/Lgad, With Mg being the solar mass. For 2337
sources, both the HB and MgllI lines were observed, and two es-
timates of Mpy and derived quantities were provided: in such
cases, we select the values with the smallest associated error
OMgy;» Which has a typical value of ~ 0.02 dex. Table [2] presents
a list of the key properties found in the SPIDERS-AGN cata-
logue, with their respective range and median estimate error. Out
of 7670 AGN, 7616 have complete spectroscopic information,
which we use as the basis of our training sample, that we expand
with several other astronomical catalogues.

2.2. X-ray data

X-ray band observations are some of the most effective to iden-
tify AGN: emission is believed to come from above the accre-
tion disk, from where photon scatter onto the hot corona gas and
emit X-rays via inverse Compton. Although binary systems such
as accreting neutron stars and stellar-mass black holes are also
X-ray emitters, AGN are in general an order of magnitude more
luminous (Lx > 10** erg s7!) (Hickox & Alexander[2018).

The ROSAT telescope (Trumper||1982) performed the first
all-sky survey (RASS) between 1990 and 1991 in the 0.1-2.4
keV band: two catalogues, one for faint and another for bright
sources were back then released (Voges et al.[[2000). The data
was reprocessed decades later, leading to a second data release,
the 2RXS catalogue, comprising ~135 000 sources (Boller et al.
2016). XMMSL?2 is the second catalogue of X-ray sources
found in slew data taken by the XMM-Newton European Pho-
ton Imaging Camera pn (EPIC-pn) in 3 bands: 0.2-12 keV (B8),
0.2-2 keV (B7), and 2-12 keV (B6). The B8 band is the most
complete and the one of interest. The starting point of our recon-
structed catalogue building is the work of [Salvato et al.| (2018):
106573 X-ray sources from 2RXS and 17665 sources from

2 https://www.cosmos.esa.int/web/xmm-newton/xmms12-ug
3 https://data.sdss.org/datamodel/files/SPIDERS_
ANALYSIS/spiders_quasar_bhmass.html
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Fig. 1. Flowchart of the analysis.The starting point 2RXS/XMMSL2-AIIWISE catalogue released in|Salvato et al.|(2018), leading to the catalogue

of 21 364 reconstructed AGN sources presented in this work.

XMMSL2 (with | b |> 15°) were cross-matched with their All-
WISE (Wright et al.[2010) and Gaia (Gaia Collaboration et al.
2018)) counterparts using a newly developed Bayesian algorithm
to overcome the large positional uncertainties of the X-ray ob-
servations. Two catalogues were released: 2RXS-AIIWISE and
XMMSL2-AIWISHY

In order to combine the two X-ray datasets, several steps
must be taken, to match the different response functions and de-
tection range of the instruments. We first convert the ROSAT

4 https://www.mpe.mpg.de/XraySurveys/2RXS_XMMSL2

fluxes from the original 0.1-2.4 keV into the classical soft X-ray
band 0.5-2 keV (Dwelly et al.[2017):

F[E;nax : Er,nin] — Etﬁa_xr B E;r%i;lr (])
F[Emax : Emin] El%q_al; - Erzn:rl; ’

where I' = 1.7 for 2RXS sources.

In Dwelly et al.| (2017), I' = 2.4 was chosen for XMMSL2
fluxes: however, the 2RXS/XMMSL?2 datasets were kept sep-
arate. About a thousand sources from the SPIDERS AGN cata-
logue have been observed with both instruments: we use these as
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Observation type Instrument Spectral band Input provided N, AGNEI Reference
Soft X-ray ROSAT 0.1-2.4 keV X 19896 Boller et al.| (2016
-ray flux and err.

XMM-Newton ~ 0.2-12 keV 1468 [Saxton et al.| (2008)

Mid-Infrared photometry WISE 3.4-22 um WI,W2,W3,W4 21364 Cutri et al.[(2021

mag. and err.
Optical photometry SDSSI-IV ~ 3543-9134 A ugrizmag. anderr. 21364 Blanton| (2017)

Gaia 330-1050 nm Flux and err. Arenou et al.| (2017

Optical spectroscopy SDSS I-1IT 380-920 nm Classification 9944 Dwelly et al.| (2017

see Ref. redshift \Véron-Cetty & Véron (2010

Table 1. Catalogues and their references used to build the multiwavelength inputs to the machine learning algorithm.

Target parameter Notes Training range | Error on the estimate
z Redshift [0.008,2.5] -
log Lx X-ray luminosity [40.8,45.9] ~0.05 dex
log Lol Bolometric luminosity [42.9,47.6] ~0.02 dex
log Mgu/Ms Black hole mass [6.2,10.4] ~0.02 dex
log Agaa Eddington ratio [-3.2,0.54] ~0.01 dex

Table 2. Target variables, their domain range and error estimate from

the SPIDERS catalogue (Coffey et al|[2019). The variables are pre-

sented in the order of their sequential prediction by the ML algorithm,
as executed by the chain regressor.

a control group to match the XMM to the converted RXS fluxes,
by varying the I' power-law index of Eq. [T)in order to match the
peaks of the two X-ray flux distributions, as is shown in Fig.[2]
Choosing I'xmm=1.25, 94% of sources present in both datasets

IOgFXMMO.S—Z.OkeV

have a flux ratio within 5% of one another. In

IOgFRXSO,S—Z.OkeV
the converted SRX band, the distribution of X-ray fluxes is con-
tained between 107'% < Fys_sev < 107 erg cm™2s~!. From the
X-ray catalogues, we only keep the the X-ray fluxes and corre-
sponding errors in the converted 0.5-2 keV band as as input to
the ML-model. Whereas the hardness ratio and/or column den-
sity would have given great information about the class of AGN,
both being a known proxy for the obscuration level of accretion
disks, this parameter was neither complete, nor very accurate in
the case of ROSAT observations, such that it had to be dropped.

2.3. Infrared observation

AGN are bright in the mid-infrared (MIR, 3-30 um). The dusty
torus is responsible for this thermal emission, as it absorbs
shorter-wavelength photons from the accretion disk and re-emits
them in the MIR. Although star-forming galaxies are also bright
in this band, their SED is cooler and can be distinguished
from those of AGN (Padovani et al.|2017). The Wide-field In-

frared Survey Explorer (WISE) (Wright et al|2010) is a satellite
launched in 2009. The missions was then later extended under a

new appellation, NEOWISE (Mainzer et al|2011). The combi-
nation of WISE and NEOWISE data was made available to the
public with the release of the AIIWISE catalogue (Cutri et al.|
2021). The WISE survey scanned the sky at 3.4, 4.6, 12 and
22 wm (the bands designated as W1, W2, W3, and W4, respec-
tively), at a depth at which the majority of the resolved 2RXS and
XMMSL2 populations are to be detected (Salvato et al|[2018).
In addition to the 4 MIR magnitudes and their associated errors,
we explicitly record the relative magnitudes W1-W2, W2-W3,

W3-W4. These values are readily available from
(2018)), as previously mentioned.
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Fig. 2. Top: 2RXS and XMMSL2 fluxes for the ~ 1000 SPIDERS-AGN
sources observed with both instruments. The X-ray fluxes were con-
verted to the soft X-ray band 0.5-2.0 keV using I'=1.7 for 2RXS and
I'=1.25 for XMMSL2, value chosen to match the peaks of the two dis-
tributions. Bottom: Ratio of the converted flux logs as a function of the
2RXS fluxes for the same sources shown in the above panel.The dashed
lines represent the + 5% level on the ratio, within which 94% of the
converted fluxes are.

2.4. Optical data
2.4.1. Photometry

SDSS The Sloan Digital Sky Survey (SDSS) has in the course
of its runs observed over 700000 quasars in the optical band,
most of them in broadband photometry in the instrument specific
ugriz (3543-9134 A) filters (Lyke et al.[2020). To pair the AGN
sources from our training and unknown sets with their SDSS ob-
servations, the astroquery software tool (Ginsburg et al.[2019)
is used: we cross-match the best AIIWISE counterpart to the X-
ray sources in our training and reconstructed samples with an op-
tical counterpart from the DR17 photometric catalogue, setting a
maximum radius of 5 arcsec. For the matched sources, we add as
features the SDSS PSF magnitudes psflMag and their associated
error psfMagErr for the 5 ugriz bands. These values are most
appropriate when studying the photometry of distant quasars.
While logically, all 7616 SPIDERS sources have SDSS photom-
etry counterparts, 47 739 (5985) 2RXS (XMMSL?2) sources have
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been observed photometrically, which we add as a requirement
(see Fig.[I).

Gaia |Salvato et al.| (2018) also cross-matched the
2RXS/XMMSL2 sources to the first release catalogue of
the Gaia mission (Arenou et al.[2017). The astrometric instru-
ment performs broadband photometry in Gaia’s white-light
G-band (330-1050 nm): we keep the mean flux and mean flux

error for all sources, expressed in photo-electrons s~*.

2.4.2. Spectroscopy and redshift

Prior to the start of the SPIDERS mission, X-ray+AlIWISE
AGN targets were cross-matched with the already observed
SDSS I-II-IT runs (Dwelly et al.|2017): ~12000 ROSAT and
~1500 XMM-Newton sources were found to already have been
observed with spectroscopy. After performing a visual inspec-
tion of the optical spectra, two Value Added Catalogues (VAC)
were released ﬂ These included redshift measurements, object
main and sub-classification. Matching sources from the recon-
structed catalogue by their X-ray name, we find 21287 (2540)
2RXS (XMMSL2) sources previously observed spectroscopi-
cally: of these, 11242 (1250) contain redshift information (but
no black hole mass/Eddington ratio). As we shall see in Sect
this latter variable greatly improves the ML predictions. Further-
more, we will make use of the sub-sample of sources for which
we have an AGN classification to correlate multiwavelength ob-
servations with the AGN obscuration level (see Sect. ). Follow-
ing the classification scheme of (Comparat et al.|(2020), we mark
AGN as either Type 1E] or ZD

Additional spectroscopic classification and redshift measure-
ments are found in the VERONCAT catalogue (Véron-Cetty &
Véron|2010), a collection of some ~ 150 000 quasars from mul-
tiple surveys. The X-ray positions of sources are then cross-
matched with the optical or radio positions given by VERON-
CAT, using a maximum matching radius of 60 arcsec, a value
taken from a past study (Abbasi et al.|[2022). This allows us
to get additional AGN classification and spectral class features.
We collect some ~ 9000 redshifts from VERONCAT, on top of
the ones already found from previous SDSS surveys. To verify
the accuracy of the cross-matching, we compare the redshift en-
tries from the 6163 SPIDERS sources that are already present in
VERONCAT, A, =| zspipers — Zveroncar |- We found that 98%
of the sources have A, < 0.01, comforting us in the adequateness
of the cross-matching radius used.

2.5. AGN selection

The multiwavelength data collected in the previous sections can
now be used to select AGN from a larger sample comprising of
blazars, galaxies, and stars using X-ray and IR colors observa-
tions .

Following the source characterization methods already es-
tablished in [Salvato et al.|(2018) and references therein, we pro-
ceed to a first selection of AGN in the X-ray/MIR plane (see top
panel of Fig[3). An empirical relationship has been found, which
separates AGN from stars and galaxies.

W1 > 1.625 x 10gFy s_okev — 8.8 )

> https://data.sdss.org/datamodel/files/SPIDERS_
ANALYSIS

® CLASS_BEST==“BALQS0”, “QSO_BAL, “QS0”, “BLAGN”

7 CLASS_BEST==“NLAGN”, “GALAXY”

We can confirm the validity of such a selection by overlaying
the confirmed AGN in the SPIDERS sample, which all clearly
lie above the cut-off line.

We then use the AIWISE W1-W2, W2-W3, and W3-W4 rela-
tive magnitudes to isolate AGN from blazars, starbust and nor-
mal galaxies, as was developed in |Assef et al.| (2013)): in the
W1-W2 vs W2-W3 digram (middle panel of Fig. [3), stars and
elliptical galaxies have colors near zero, located in the lower
left quadrant, spiral galaxies are red in W2-W3 but not in W1-
W2, while Ultra-Luminous InfraRed Galaxies (ULIRGS) are
red in both colors, lying in the upper right quadrant of the di-
agram (Wright et al.||2010). We select the sources for which
1.5<W2-W3<45and0.2 < W1 - W2 < 1.75 (black square
in middle panel of Fig. [3). Once again, we use the SPIDERS
AGN sample to justify the selection criteria being made in the
W1-W2 vs W2-W3 color-color space. Similarly, a visual cut is
made on the W1-W2 vs W3-W4 plane following the SPIDERS-
AGN locus (black line of bottom panel in Fig. [3) (Abbasi et al.
2022).

After these selections, 60952 AGN are identified, from an
original sample of 123436 X-ray-AlIWISE sources. The spatial
distribution of the final catalogue is shown in Fig.[d} the sources
follow the SDSS footprint, as the requirement to have been ob-
served photometrically by SDSS marks the most stringent cut on
the data.

3. Measurement uncertainties and pseudo-sets

Each photometric observation used as an input, presented in Ta-
ble [T} comes with a measurement uncertainty of non-constant
variance (also called “heteroscedastic” error). Properly taking
them into account is an active area of study in astrostatistics
(Feigelson et al.[2021)). Considering the stochastic nature of both
input features and ML models, we adopt the approach outlined in
Shy et al.| (2022): all measurement errors o are assumed to be
gaussian, such that any photometric input for a single source is
represented as a normal distribution, centered around the given
value flyae, extending to +30. Fig. E] shows such an exam-
ple of the W1 for a single training source with the measurement
given by tyane (black dashed line), and piyape = 307 (blue dotted
lines).

Drawing randomly from each independent “smeared” input dis-
tributions, we can thus create N pseudo-sets for each AGN
source, where the photometric inputs differ within +o, between
each realization. We create N=200 pseudo-sets of both the train-
ing (for the regression) and the reconstructed datasets. Sect. [4]
and [5| will develop how this simulation-based treatment of mea-
surement errors helps characterize both the performance and re-
construction of unlabeled/unknown data in the context of ML
classification and regression tasks.

4. Machine learning classifier for Type 2 AGN
identification

Once AGN have been identified, a further step is needed: since
our training sample exclusively contains Type 1 AGN (broad
emission line, unobscured), we must distinguish Type 1 from
Type 2 (narrow emission line, obscured) in our reconstructed
sample, to study any potential biases in the spectroscopic
predictions.

Obscured AGN, also called Type 2, are systems where the
emission from the accretion disk gets absorbed and scattered by
dust or gas surrounding it, masking some of the characteristic
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Fig. 3. Top: Distribution of sources in the W1 band vs soft X-ray flux
parameter space for the ALLWISE counterparts to 2RXS (pink) and
XMMSL2 (blue). The confirmed SPIDERS AGN are represented in
yellow. The cut defined in Eq. [2]is also shown. W1-W2 magnitude plot-
ted against the W2-W3 (middle) and W3-W4 (bottom). The black lines
show the cuts applied based on the SPIDERS AGN position.

signature of the AGN with respect to the line of sight of the
observer. The impact of such a suppression is wavelength-
dependent, and a reliable and complete identification method
of this population remains challenging and important (for a
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Fig. 4. Spatial distribution of sources in equatorial Mollweide projection
for the for the selected AGN sample (in blue) and the SPIDERS AGN
sample (yellow). The requirement for all sources to have been observed
by SDSS constrain their distribution to the Northern Sky footprint. The
galactic plane is shown as a gray line.

N
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L
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Fig. 5. Distribution of W1 input smeared by the measurement uncer-
tainty for a single source. Each point is drawn from a normal distribution
centered at the given catalogue input feature g, (black dashed line)
and extending to 30, (blue dotted lines), from the given photometric
measurement error.

review on obscured AGN see [Hickox & Alexander] (2018)).
Distinction between Type 1 and Type 2 AGN can be done across
multiple photometric and spectroscopic observation types. The
most classical way to identify AGN class is through UV-NIR
spectroscopy. Type 1 AGN, have broad emission lines showing
velocity dispersion >1000 km s~!', while Type 2 AGN have
narrow emission lines only, with velocity dispersion < 1000 km
s~!. However, since the purpose of this study is to characterize
AGN that have not been spectroscopically observed, we must
circumvent the absence of such of information.

Our sources were originally selected based on their soft X-
ray flux (Salvato et al.|2011): this already skews the sample to-
wards a majority of Type 1 sources, as soft X-rays get absorbed
by the high hydrogen column density Ny around the accretion
disk (Hasinger|2008), while harder X-ray are less suppressed in
obscured AGN. These are also known to have stronger emis-
sion in the MIR than they do in other bands, as larger dust
column reprocesses radiation from other bands. We thus ex-
pect weak UV/optical/NIR emission compared to that of the
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MIR. As described in Sect. we already know the AGN
class for a sub-sample of sources which have a classification
CLASS_BEST, such that the correlations between photometric
observations and the object type can be studied. One could try
to identify a single feature that best allows the distinction be-
tween obscured/unobscured AGN, the ratio of W2/W1 infrared
emission for example. We develop this “classical” method in
Appendix [B] following the method developed in [Abbasi et al.
(2022). However, a more judicious use of the multiwavelength
information collected would be to train a classification machine
learning model. Taking the 13415 sources for which AGN type
is known as a training sample, we add a new feature called “ob-
scuration”: its value is 0 for Type 1 AGN, and 1 for Type 2 AGN.
We seek to characterize whether the remaining 15533 are ob-
scured or not.

4.1. Imbalanced classification

Of the 13415 labeled sources, 12629 are unobscured — in-
cluding SPIDERS sources which are all Type 1 — while 786
are obscured AGN, a ratio of 16:1. This classification task is
thus an imbalanced one, a frequent situation where a classifier
must learn to identify a minority case, although it is trained on
a dataset over-represented by a majority case, leading to bias in
the reconstructed sample. While many strategies exist to mitigate
this issue, such as oversampling by synthetically creating minor-
ity cases (Chawla et al2002)), a simpler one is to undersample
the majority cased by randomly selecting a sub-sample of Type
1 AGN: this way the n;/n, ratio is changed and brought closer to
parity.

To test the approach, we train a random forest (RF) for different
ni/n, ratios, with 18 features as inputs, the smeared photometric
measurements (see Sect.[3). We choose to use 50% of the avail-
able dataset for training, and 50% for validation, by comparing
the predicted from the true values. We call a true positive (TP) a
Type 2 AGN classified as Type 2, a false positive (FP) a Type 1
classified as Type 2, a true negative (TN) a Type 1 classified as
Type 1, and a false negative (FN) a Type 2 classified as Type 1.
The precision of the classification is then defined as

TP
= T 3
TP+ FP
that is, the ability of the classifier not to label as positive a sample

that is negative. The recall, also called sensitivity or true positive
rate (TPR), is calculated with:

TP
R= —0, )
TP+ FN
that is, the ability of the classifier to find all the positive samples.
For completion, we provide the definition of the false positive

rate (FPR), used in the ROC (Receiving Operating Characteris-
tic) curve:

p

FP
FPR= ———
TN+ FP’ )

such that it is a measure of finding all the negative samples.
In instances of classification task on imbalanced datasets, the
precision-recall curve (PRC) is more informative than the more
widely used ROC (Receiving Operating Characteristic), as is de-
tailed in|Saito & Rehmsmeier| (2015)).

Fig.[6]shows the PRC for several models varying class ratios
in the training, with the task of classifying AGN sources as Type
1 or Type 2, on a single pseudo-set. The confusion matrices for
the 1:1 and 16:1 training ratios are also presented in Fig. [f] We
reach the following conclusions:

1.0 A =
0.8 1
c
© 0.6
0
o —— 1:1 (AP = 0.93)
a 044 — 2:1 (AP =0.91)
5:1 (AP = 0.84)
— 8:1 (AP = 0.78)
0.21 16:1 (AP = 0.74)
---W2/W1 sel. (AP=0.88)
0.00 025 050 075 1.00
Recall
16:1
w ypel o Wpel 0.0071
3 3
1) (9]
3 g
& £
Type 2 Type 2 0.45
Type 1 Type 2 Typé 1 Typé 2

Predicted class

Predicted class

Fig. 6. Top: Precision recall curve for different training ratios and single
feature selection: a perfect classifier would lie on the top right corner of
the PRC. Bottom: Confusion matrix for training ratios 1:1 (left) and 16:1
(right). The undersampled (1:1) classifier is much more apt to identify
Type 2 AGN, while still performing well in the identification of Type 1
AGN (91% and 87% efficiency respectively). The naturally imbalanced
set, while accurately selecting Type 1 AGN 99% of the time, performs
poorly in finding the rarer Type 2 AGN.

1. Atits optimized best performance, the ML-model is more apt
to identify Type 2 from Type 1 sources than a single feature
selection would (solid pink line in Fig[f) vs purple dashed
line), with a selection efficiency of 91% for the ML-model,
compared to 79% for the single feature selection.

2. The balance of minority/majority cases impacts the perfor-
mance of the network substantially: at its worst (for a 16:1
ratio), the single feature selection scores better than the ML-
model (purple solid line verse dashed line) in selecting Type
2 AGN.

4.2. Classification accuracy on the labeled set

After the study on a single pseudo-set, we settle on training a
random forest classifier with a 1:1 training ratio. To propagate
the measurement uncertainties in the input features and the
random fluctuations inherent to a ML classifier, we make use
of the N=200 pseudo-sets previously generated (see Sect. [3)
to label the unknown AGN. We follow the steps outlined in
Shy et al| (2022): for each simulation set, a classifier is fit
to a realization of the labeled data, then used to reconstruct
a realization of the unlabeled data. This way, all sources are
reconstructed N times, whether they belong to the unlabeled
or the validation datasets. For all performance metrics defined
in Sect. fi.T] we thus obtain a posterior predictive distribution
comprising of the results of each set’s classification, such as
the precision of Type 2 classification distribution shown Fig.
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Fig. 7. Posterior distribution for the precision of Type 2 prediction from
fitting the labeled dataset N=200 times. The vertical blue dotted line
indicates the value obtained from a single RF reconstruction without
inclusion of measurement errors, in which case the performance of the
classifier is overestimated.

AGN Type Precision Recall
Type 1 0.918 £ 0.007 | 0.851 +0.007
Type 2 0.861 +0.006 | 0.923 +0.007

Table 3. Precision and recall scores and uncertainties for Type 1 and
Type 2 prediction using N=200 fits to pseudo-sets with measurement
uncertainties.

[7l The variation across multiple fits reflects the propagated
uncertainty through all steps of the procedure. The blue dotted
line indicates the precision obtained running the classifier a
single time without taking into account measurement errors.
For all performance metrics, ignoring uncertainties leads to an
overestimation of the predictive power of a classifier (Shy et al.
2022)). The final scores with uncertainties on the AGN classifier
can be found in Table

4.3. Softening a hard classifier

In addition to giving a more accurate view of the classifier’s
performance thanks to the validation set, this simulation-based
method introduces nuances into the reconstruction of the
unlabeled obscuration level. With each source now being recon-
structed N=200 times, the reconstructed obscuration is then the
relative probability of a source to be in each class. That is, while
a single classifier would give a “hard” 0 (Type 1) or 1 (Type
2) prediction on unlabeled data, taking the average value of N
reconstructions leads to a “softening” of the “hard” classifier:
each source has now an obscuration level popscuration between
0 and 1, which is the arithmetic mean of the N classification
results, with its associated standard deviation value o gpscuration-
Fig. [§] shows how the unlabeled data now lies in a continuous
spectrum between 0 and 1.

This softening of the classification also let us establish a custom
decision threshold 7 on Mobscuration and o obscuration for an AGN
source to be considered as eiher Type 1 or Type 2. This threshold
can be set to be more or less stringent. Choosing to enhance
the purity of the classification, we set r=0.8, such that an AGN
source is considered of Type 2 if topscuration > 0.8 and of Type 1
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Fig. 8. Histogram of the averaged reconstructed obscuration values for
all unlabeled data. While the majority of sources have an obscuration
value equal to O or 1, a non-negligible number of them lie in the region
between the two hard values: a hard classifier, softened.
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Fig. 9. SDSS u-band magnitude for all labeled and reconstructed
datasets. The unlabeled sources classified as Type 2 AGN are fainter
than the labeled Type 2 sources, which have made the photometric limit
criteria for SDSS spectroscopic observations. In general, obscured AGN
have a fainter optical spectra than unobscured ones.

if Mobscuration < 0.2.

Doing so, we find that 7852 are marked as Type 1, 5228 as
Type 2, and 2448 as “ambiguous”. This corresponds to a n;/n;
ratio of ~ 1.5:1, which is markedly smaller than the 16:1 ra-
tio from the labeled dataset. The reason for such a stark dis-
crepancy can be found in Fig. 0] which shows how the labeled
dataset (“known as 17, “known as 2”) is biased towards opti-
cally brighter (u-band mag < 24). This follows from the target
requirements established by the various SDSS surveys prior to
the spectroscopic observations of the AGN targets (Alam et al.
2015)). The AGN classified as Type 2 (blue histogram) constitute
the fainter end of our catalogue, too faint to have been spec-
troscopically followed-up. Because the RF classifier infers that
fainter sources are more likely to be of Type 2, the reconstructed
unlabeled catalogue naturally results in a more balanced AGN
ratio.
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Fig. 10. Bar chart showing the Pearson correlation score of input vari-
ables and the black hole mass, from the training sample data. The red-
shift, luminosity, and bolometric luminosity correlations are included
in this chart, since z (and thus Lyx) are known for almost half of the
sources, and the outputs will be predicted before the black hole mass,
underlining the logic behind the chain regression.

5. Machine-learning for AGN properties estimations

The following section dives into the detail of selecting a suit-
able machine learning model to predict the parameters of Table
[l using as inputs the features presented in Table [I] Since red-
shift measurements are available for almost half of the 21 364
AGN sources, but not for the other, we train and test two sepa-
rate models, which we call ML,,,,, where z is added as an input,
and ML,,,,, where z is one of the outputs of the regressor.

Just as is was done in Sect. ] for ML classification, we develop
how measurement errors are taken into account in ML regression
using the pseudo-sets generated, giving in the process a more
complete picture of the performance and quality of the recon-
struction.

For the training, we transform our target parameters: z, Lx, Lpol,
Mgy, and Agqq are often expressed in log scale to representatively
describe the span of values across several decades.

5.1. Exploratory data analysis

Before choosing and training a machine-learning algorithm on
the SPIDERS sample, we explore the relationship between the
input variables and the target parameters. Fig[T0|shows the sorted
Pearson’s correlation coefficients for all inputs and one of the
outputs, the black hole mass of the AGN. The relative infrared
and optical color magnitudes demonstrate the highest level cor-
relation. This is even more visually evident when one looks,
once more, at the IR color-color plot in Fig. [TT] The scatter plot
presents the W1-W2 vs W2-W3 AIIWISE colors for AGN with
Agad < 0.1 and Aggqq > 0.1, the median value of Agyq in the train-
ing sample. We observe that strong accretion disks (higher Agqq)
are redder in both W1-W2 and W2-W3 than lower Agqq val-
ues. These clear connections between infrared photometry and
spectroscopic observables, already accessible with a naive and
straightforward data analysis, are encouraging indications that
our goal — the estimation of AGN physical properties — is
suited for a machine-learning task.

1759 &

W1-W2 [mag]
© o = = ¥
ul ~ o N wm
o (9] o Ul o

0.25 1

W2-W3 [mag]

Fig. 11. W1-W2 magnitudes as a function of W2-W3 magnitudes for
sources in the training sample with low (red dots) and high (blue dots)
Agaa- The low and high samples are separated by the median value of
the Agqq distribution, 0.1.

5.2. Machine-learning model parameters

Ours is essentially a multi-dimensional linear regression task,
with 18 multi-wavelength inputs, listed in Table [I] and 5 or
6 target parameters, depending on whether z is known for a
source (see Table [Z). Many ML applications are readily avail-
able to use for such a supervised learning task notably through
the scikit — learn python library (Pedregosa et al.2011). We
use a single output, multi-step chain regression, in order for the
ML model to learn the correlations between target parameters.
In the first pass of the chain regressor, the initial 18 inputs are
used to predict the first output, the redshift z. In the next pass,
the model takes 18+1 inputs, the extra-one being the predicted
z, and outputs the next parameter, Ly, and so on.

5.2.1. Selection of ML-model

We detail in this section our non-exhaustive search for the most
suited estimator. All supervised learning ML models essentially
learn a mapping of inputs to outputs given an example of such a
map. There exists however a plethora of model types one could
choose from. For instance, linear models expect the output to
be a linear combination of the features: certain regressors sim-
plify the model by introducing penalty coefficients that will min-
imize (in the case of ridge regression) or reduce (for Lasso re-
gression) the input parameters, if some are found to contribute
less to the learning. This procedure, called regularization, aims
to reduce the overall error in the validation dataset. On the other
hand, Support Vector Regression (SVR), an application of the
kernel-based Support Vector Machines (Cortes & Vapnik|1995)),
allows to tune the tolerance € to such errors, while introducing
non-linearity parametrization through hyperplane fits to the data.
Non-linearity is also a feature of neural networks, e.g, in a multi-
layer perceptron (MLP), via an activation function connecting
the neural layers. We compare these different ML models in the
next section.

5.2.2. Model evaluation

To determine the best model, performance metrics are defined
based on the validation dataset, where yye and yreco are known.
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Model features Type

Properties

Notes

Model type Support Vector Regression

Kernel function="rbf”,

Training a chain regressor
connects the non-independent target
parameter to one another

Cc=1,
€=0.001

Data scaling Max-min normalization

Inputs and outputs are scaled  Aids the model to learn the problem

Validation method K-fold cross-validation

with data shuffle

k=10 Ensures the model gets trained

on every single data point

Table 4. Properties of the final SVR ML-model properties chosen to be trained on.

To reduce the variance of these metrics, we use the popular K-
fold cross validation method (Stone|1974)). It offers an alternative
to a standard split of the training sample into train/test datasets,
by dividing the dataset into k randomly shuffled groups, and us-
ing every single one of them as test set at least once, while train-
ing on the k — 1 groups left. This way, it insures a non-biased
evaluation of the model, as each sample (in our case, each AGN
source), will be used as a validation point once, and as a training
set k — 1 times: the following metrics are thus calculated for a
sample size N = 7616. As is common for regression problems,
we use the R? score, also called coefficient of determination, for
each parameter to assess the performance of each model. This
coeflicient is calculated as:

2 Wie — Vireo)
Zi(yilrue - ytrue)2 |

with the numerator being the residual sum of squares, and the de-
nominator the total sum of squares. For a perfect regressor, we
have R?> = 1. Fig. presents the target-by-target comparison
between the two linear models (Ridge and Lasso Regression), a
Support Vector Regression model, and a multi-layered percep-
tron (MLP) deep neural network modeﬂ We stress that for this
test, none of the model parameters have been tuned, except for
the SVR. Although the SVR slightly underperforms in predict-
ing the first target parameters, namely the soft X-ray luminosity
Lx, as is given by the lower R? compared to the other models, the
model is markedly better at predicting Mgy, Lgqq and Aggq. This
trend is also confirmed in the more difficult case of unknown z,
represented by open circles in Fig. [I2] From a pragmatic aspect,
the runtime speed and low number of tuning parameters of the
SVR regressor were clear advantages compared to the vast phase
space of MLP neural networks.

Once the performance of the SVR model has been assessed,
we complete a grid search over its hyperparameters C and e,
the regularization and margin of errors, respectively, to find their
optimal values. We repeat this procedure for the no-redshift case,
ML,,,,. This step is important as the the final result can quite
vary between default and optimized parameters. We summarize
the final parameters of the machine learning model to be trained
in Table [

R*=1 (6)

5.2.3. Regression metrics on N pseudo-sets

Just as it was done for the classification task, we use the N=200
pseudo-sets to propagate both the uncertainties in the photomet-
ric measurements in the training and reconstructed datasets, as

8 As default parameters, the MLP has one hidden layer with 100
neurons, use the “relu” activation function and the “adam” optimizer.
More details can be found https://scikit-learn.org/stable/
modules/generated/sklearn.neural_network.MLPRegressor.
html
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Fig. 12. Comparison of R? for ML-models tested on all target parame-
ters. Full circles represent ML, and open circles MLy,/,, the learning
done for sources with unknown redshift. The SVR algorithm performs
best on crucial variables (Mpy and Agqyq).

well as fluctuations of the regressor’s reconstruction. Here again,
we adopt an iterative method, where, for each i-th training sam-
ple T; the SVR model is fitted, values of 7 are predicted (for per-
formance evaluation studies). This i-th fitted SVR is then used to
reconstruct the target parameters in C;, i-th pseudo-set of the un-
reconstructed catalogue. The process is repeated N times.

The top panel of Fig.[13]displays the true and predicted dis-
tributions for the bolometric luminosity of a single source in
the training sample. piyye and oy are given by the SPIDERS-
AGN catalogue for all target parameters, and all sources, while
Hpred and O7preq are obtained by fitting a gaussian function to the
N=200 reconstructed values for each source. From these, we
construct the “pseudo-pull" distribution piyrye — fprea. We note
how, in this single source, the ML, (purple) and MLy, (yel-
low) recontructed values of Lg, are multiple opreq apart. This is
also clear from the bottom panel of Fig.[T3] which shows the dis-
tribution of all pulls for the reconstructed Lg,. Here, the differ-
ence in the quality of reconstruction between ML/, and MLy,
is apparent in the greater smearing of the pull distribution.

The precision of the reconstruction is also derived from the
normalized median absolute deviation o-xpap = 1.48X median(|
A - median(Ap) | /phiree, €xpressed in %, with Au = pire — Upred-
It is a robust measure of the deviation, one that is insensitive to
outliers.

Finally, the last metric we establish is the contamination level
of the reconstruction: for each bin in pe, we look at the pipreq
distribution and fit a gaussian PDF (see Fig.[I4). We then define
the contamination to be the overlapping area between the lowest
and highest true intervals reconstructed PDF, represented by the
hashed area in Fig. In the case of the Apqq parameter, it is the
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Fig. 13. Top: True (red), and predicted distributions reconstructed N
times with ML, (purple) and ML, (yellow) of the bolometric lumi-
nosity for a training source. The true value is represented by a normal
distribution by taking into account the measurement error oy, and as-
suming it to be gaussian. Bottom: Mean pull distribution for the Lg, for
all training sources, taking all pge — fprea Values for MLy, (red) and
MLy, (purple).

measure of how often our ML-model mistakes a low accretion-
rate AGN with a high accretion-rate AGN, and vice versa. This
is a useful measure, in the event that the regressor lacks the pre-
cision to carry on single source studies, but provides enough in-
formation to look at features of a larger population, as it does
for Agqq: even though the mean of the binned reconstructed val-
ues do not correspond to the center of the true bins, the scaling
relation between lower and higher Agqq is preserved.

All performance metrics described in this section are pre-
sented in Table |§] for the MLy, and MLy, cases. In the fol-
lowing section, we discuss in greater details the ability of our
ML-model to predict the physical parameters of AGN cores.

5.3. Prediction performance

Fig[T5]and Fig. [T summarizes the performance of the SVR for
the case with (ML,,,) and without redshift (ML,,,,) respec-
tively. Each bin of the response matrix is normalized to the true
bins (by column). The matrix elements represent the probability
for an AGN with target parameter Py, to be reconstructed with
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Fig. 14. Distributions of /lEddpre . for various bins in Aggg,,.. in log space.
Gaussian PDFs are fitted and shown over their respective histograms.
The hatched area corresponds to the contamination between the lowest
and highest range PDFs: the values quoted in Table[5|were calculated by
dividing the overlapping (hatched area) with the integral of the highest
range PDF.

a value Ppq. The error on the reconstructed value opeq for each
source is used as weight to the histogram.

5.3.1. Prediction of z

Determining redshifts through spectroscopic or photometric
means has always been a primary goal of large AGN surveys.
The overall performance of the SVR in predicting the redshift up
to z ~ 2.5 can be seen on the top left matrix of Fig. [I6] To better
evaluate the accuracy of | Az | /(1 + Ziye) (AZ = Zpred = Zirue)> WE
modify our formula of o-yvap slightly to match the same estima-
tor found in the literature (Brammer et al.[2008}; |Luo et al.[2010),
such that oxymap=1.48%x median(] Az- median(Az) | /(1 + Zyue)-
An outlier is defined as having | Az | /(1 + zgwe) > 0.15 (see Fig.
E). For redshifts reconstructed with the best parameter SVR, we
find the rate of outlier to be 3.48% and o-xmap=0.071 (accuracy
of 7.1%), performing just as well as the estimation of photomet-
ric redshifts using AGN SDE templates (Luo et al.[2010).

The regressor’s reconstruction worsens as we move into
higher z: this is simply because the SPIDERS dataset provides
few sample for the supervised learning to train on, as the distri-
bution of z decreases sharply (see Fig.[T9). The ML reconstruc-
tion of redshifts proves to be a very reliable estimator for a cru-
cial parameter for AGN studies, and one that could be adapted
to different depths given an appropriate training dataset.

5.3.2. Lx and Lpoi

Naturally, once the model has an estimation for z, it can easily
find the appropriate regression for Ly, given that the X-ray flux is
one of the model’s inputs. As hoped for, the X-ray luminosity is
predicted with high accuracy and precision: when z is known,
the error on the estimate is log(Lx/erg s71) ~ 0.05, and rises
to ~ 0.33 when z is reconstructed. The bolometric luminosity
Lg,), being the convolution of multiple wavelength observations
presents the first moderate challenge for the model to predict:
it however gives reliable reconstructed values, with e = 0.12
(0.31) for MLy, (MLyo,,). In general the performance worsens
slightly as we move into the tails of the bin edges, and the data
sample to train on become scarce: the reconstructed parameters
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Fig. 15. Normalized performance matrices for ML-estimator with known redshift as an input (ML,,/,). The true and reconstructed parameters are
plotted on the x and y axis, respectively. The error on the reconstruction is used as a weight to the histogram.

tends to be overestimated for low values of the true parameter,
while they are underestimated for high values.

5.3.3. Prediction of Mgy and Agqq

When it comes to estimations of Mgy, the knowledge of z of the
source is the most determining factor for the performance, as a
visual comparison of Figsandreveals. The R? score is 0.65
for MLy, and 0.49 for MLy,,,, and the width of the pull o
goes from 0.54 to 0.66 in units of log(M). The metric which
shows the greatest discrepancy is the contamination level: ~ 2%
for MLy, and ~ 8% MLyy/,.

The Eddington ratio is the hardest parameter to predict, since
the errors from the previous predictions get propagated and com-
pounded. It is also the characteristic for which the prior knowl-
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edge of z has the least impact, although the reconstruction of
both Lp, and Mpy is markedly better in the ML,,;,. To under-
stand why that is, we can study the correlations between the pre-
dicted parameters in the form of the mean pull values p,u. Fig.
[[8] presents the correlations of pulls between all parameters, for
ML, (red) and MLy, (blue). In the case where the redshift z is
the first predicted parameter in the chain regression (M Ly,,,), all
subsequent parameters remain more or less strongly correlated to
one another, as the Pearson’s correlation score attest to. That is,
if a previous parameter is poorly reconstructed, the subsequent
one will be as well. On the other hand, no such correlations be-
tween the pulls is found in the case of ML,,;,, where Lx is the
first estimated parameter.

Considering that the reconstruction quality o, depends

oM

~

, and propagating the errors of the ratio gives
O—LBol
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Fig. 16. Normalized performance matrices for the ML-estimator without a known redshift as an input (ML,,,,). The matrix for the reconstructed
z is added to the variables already presented in Fig. I3}
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2 2 . .
~ \/O'MBH + 07, ~ 2PMpy-Lg, - Hence, oy, decreases with in-

creasing Pm,-Ls, value, which is higher for MLy, (0.42 vs
0.12). That is, the covariance term decreases the uncertainty,
which explains why the compounded parameter Agqq appears not
to be better reconstructed with MLy, from ML,

6. Reconstruction of the full catalogue

In this following section, we take a closer look at the estimated
AGN physical parameters for the ~22 000 sources without spec-
troscopic information. Just as it was done for the training sam-
ple, all AGN were reconstructed N=200 times with the method
outlined in Sec. E} The mean peco and standard deviation Oreco
from a gaussian fit to the posterior probability distribution are
recorded for each source [ﬂ Encoded in o, are pointers to the
regressor’s ability to reconstruct AGN that are further away from
the input range, revealing differences between population type.
The distribution of z for the 9944 sources in the full catalogue
is overlaid on top of that of the training sample in Fig [T9} the
median is 7 = 0.52, and one can observe the range of z follows a
similar trend, with slightly more AGN sources in z > 1 range.

6.1. Reconstruction quality for Type 1 and Type 2 AGN

Although the ML-model was trained on a sample of Type 1 AGN
only, we have reconstructed the 5362 sources in our catalogue
identified as Type 2 AGN, using the classifier and criteria pre-
sented in Sect. ] Fig. [20] presents the distributions of the recon-
struction uncertainty oec, on the My parameter for Type 1 and
2 AGN, with and without known z. Sources reconstructed with
ML/, have smaller uncertainties, following the results from the
training sample (see Sect. [5), and the SVR has a harder time
estimating parameters for Type 2 AGN. The shape of the distri-
bution informs that the regressor is able to reconstruct the Mgy
Type 2 AGN with known z (purple and blue distributions), but is

° In the training set, these were called fipreq and opreq, see top panel of
Fig.[13]
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unable to do so for Type 2 AGN with unknown z, as exemplified
by the flat green curve, which is characteristic of reconstructed
noise. For these sources, only the redshift z is reconstructed.

Considering what was already shown in Fig.[9] we know that
many AGN classified as Type 2 fall into the faint end of the op-
tical magnitude distribution (eg: SDSS u-band mag > 22). Fig.
@] shows the uncertainty o, On z as a function of the u-band
magnitude: the fainter the source, the more outside of the bounds
of u magnitude the ML model has trained on, the greater the un-
certainty on the reconstructed parameter. This is yet another in-
formation one gains by propagating the input uncertainties and
reconstructing each source iteratively: the difficulty the regressor
encounters when estimating points outside of its known range is
translated in the spread of the posterior distribution for all output
parameters.

6.1.1. Control sample: reconstructing z for Type 2 AGN with
known z

For the full catalogue, the only control parameter to verify the
accuracy of the regressor’s reconstruction for Type 2 AGN is the
redshift, which will determine the successful reconstruction of
subsequent parameters down the chain. This will also help to
determine the range of reasonable extrapolation as a function of
the input parameters. We use the 1416 Type 2 AGN that have a
redshift information, and estimate Zyec, using MLy,,. We repeat
the analysis done in Sect.[5.3.1|by calculating the | Az | /(1+Zue)
distribution. We obtain an outlier rate of 7.3% and an accuracy of
8.2%, both under the 10% limit. Fig. [22|shows the accuracy for
sources above a defined threshold in #-band magnitude (purple,
top axis) and oeco (pink, bottom axis), respectively. The quality
of the z reconstruction is in part driven by the optical faintness
of the sample (and how far from the training range it lies), and in
order to select a “purer” sample, one that is well reconstructed, a
selection based on o ¢, i €quivalent to one in optical brightness.
As an additional check, we also reconstruct subsequent pa-
rameters Lpo, Mpy and Agqq, to further verify the soundness of
extrapolating the ML regressor from Type 1 AGN to Type 2
AGN. The blue distribution in Fig.[20|shows the posterior distri-
bution for the black hole mass parameter for Type 2 AGN with z
information, reconstructed with MLy,,. The blue curve follows
the expected PDF for non-noisy reconstruction, a confirmation
of the merit of the ML reconstruction for this sub-sample. This,
and the good reconstruction of z for Type 2 AGN (with known z)
can be taken as an assurance that within a range, the regressor is
capable of estimating certain parameters for obscured sources.

6.1.2. Removal of outliers

As a last step, we remove sources in the final sample for which
the reconstructed values lie too far beyond the phase space of
the ML training. We require that z,e, < 4 and -5 < log Aggd,.., <
2. 149 sources are removed after this selection. As already men-
tioned in Sect. the 4457 Type 2 AGN without redshift z are
given N/A values for Lx, Lgo, Mpy or Aggqd, since the ML re-
gressor is incapable of estimating these parameters. The recon-
structed redshift and associated errors is however added to the

catalogue.

6.2. Type 1 AGN and population studies

We now focus on the AGN classified as Type 1, as that popula-
tion follows the training dataset more closely. Fig. [23| presents
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0.16 and 0.84 quantiles of the distributions, and the numbers show the respective medians and 0.16 and 0.84 quantiles.

Predicted parameter Unit z input? R? Hpull £ Tpull onmap Contamination

z log MLy, 086 0.003+0.150 7.07% 0.00%

Lx erg.s!(log) ML,;, 097 -0.012+0.049 5.81% 0.0%

MLy,, 083 0.008+0.334 22.5% 0.43%

Lgol ergs'(log) ML,,, 096 -0.000+0.117 7.71% 0.0%
MLy, 083 0.001+0318 21.5% 1.94%

Mgy log(M;) MLy, 0.65 -0.009+0.546 37.3% 1.49%
ML,,;, 049 -0.001 £0.661 45.0% 7.53%

AEdd log ML,;, 040 0.008 +0.524 35.8% 13.4%
MLy,, 037 0.008+0.532 36.7% 5.96%

Table 5. Results of the best-tuned SVR estimators, ML,,;, and ML,,,,, for the performance metrics presented in Sect.[5.2.2(for all target parameters.

the bolometric luminosity versus BH mass (top panel) for the
Type 1 AGN presented in this work and the SPIDERS AGN: the
reconstructed sample is well bounded by the Eddington limit.
The bottom panel of Fig. [23]shows the Eddington ratio as a func-
tion of the redshift for the same subsamples. As the response ma-
trices in Fig. [T5] and Fig. [I§ have shown, the ML-model is not
very apt to reconstruct extreme cases, in the lower and upper tails

of the target parameter distribution. That is, it will overestimate
low values and underestimate higher ones: this is indeed visible
in the bottom panel of Fig. 23] where the reconstructed samples
occupy a smaller region of the log Ag4q space than the SPIDERS
AGN do.

The top panel of Fig 24] presents the AGN number source
density over a wide range of redshifts for several bins in bolo-
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Fig. 19. Distribution of z for the training sample coming from the SPI-
DERS AGN catalogue (blue) and the subsample of AGN sources in the
reconstruction sample for which z is known (red).
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Fig. 20. Uncertainty o, on the log of the reconstructed black hole
mass Mgy for Type 1 and 2 AGN, with and without z information (esti-
mated with ML,,;, and ML,,,, respectively). The & values correspond
to the median of their distributions. The mass of the black hole for
sources without z identified as Type 2 AGN (in green) cannot be re-
constructed, as proven by the flat, structureless uncertainty PDFs.

metric luminosity. Reconstructed Type 1 AGN are shown in
full circles, and SPIDERS AGN are represented in open circles
for the same luminosity bins. The same trends are observed in
the spectroscopically observed and reconstructed samples: the
number density of lower-luminosity AGN peaks later in cosmic
time than that of more luminous ones. this effect is known as
AGN downsizing (see review [Brandt & Alexander (2013)). The
bottom panel of Fig 24] shows the black hole masses of these
sources, using the same binning in Lg,. Although the tails of the
distributions are not well represented in the reconstructed sam-
ple when matched to their SPIDERS AGN counterpart, impor-
tantly, not only does the scaling trend of increasing Mpy with
L, remain, but the peaks of the distribution is also coincident
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Fig. 21. Uncertainty of the reconstructed value on z as a function of
the SDSS u-band magnitude for the training sample (true), and recon-
structed Type 1 and 2 AGN. The fainter — and outside of the bounds of
the training sample range — the greater the o, Of the N iterations is.
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Fig. 22. Accuracy for Type 2 AGN z reconstuction for sources above
the indicated threshold in o, value (pink) and the SDSS u-band mag-
nitude value (purple). The outlier rate is driven by faint sources outside
of the training range. A quality selection in o, is equivalent to one in
the optical brightness.

between the spectroscopically observed and ML-reconstructed
Type 1 AGN samples.

Deriving a luminosity function from these AGN would re-
quire to correct the number density for detection and selection
efficiencies and biases, a non-trivial task considering the many
catalogues used to build our sample (Schulze et al 2015} Weigell
et alJ2017; [Ananna et al.|2022): this is beyond the scope of the

paper.
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AGN with known z measurement are shown in red dots, and those with
reconstructed z are represented in green. (Botfom) Same three samples
for the Aggq vs z distribution.

7. Summary and conclusions

We release the first photometry based estimates of bolometric
luminosity Lp,, black hole mass Mpy, and Eddington ratio
Agaa for 16907 sources ranging over 6 dex in luminosity and
up to z=2.5 in redshift. For 11420 of these sources the redshift
was previously determined spectroscopically and is used in
the estimation of the remaining parameters, as well as for the
verification of the redshift estimate. For 11404 sources without
a previously known redshift, the reconstructed z is provided.
An uncertainty is given for all estimated parameters, thanks to
a simulation based technique which incorporates measurement
errors in the fit and reconstruction of the ML regressor. In
addition, we have demonstrated how ML classification tools

¢ [Mpc~3]
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Fig. 24. (Top) AGN downsizing: comoving number density vs. redshift
for Type 1 AGN from this work’s catalogue (full circles) and the SPI-
DERS AGN catalogue (open circles) for different bins of Lg, in units
of log(erg s™!). (Bottom) Distribution of Mgy for the same bins of bolo-
metric luminosities, for the reconstructed AGN (colored bars) and SPI-
DERS AGN (colored steps). A flat ACDM cosmology with Hy = 70
km s~! Mpc™!, Qy = 0.3, and Q4 = 0.7 is assumed to calculate the
comoving number density.

can help identify obscured AGN, a crucial challenge in the field
(Hickox & Alexander|2018)).

While the addition of ~15 000 Type 1 AGN sources from this
catalogue might not dramatically improve our knowledge of the
luminosity function, considering that the 8000 SPIDERS AGN
sources were measured with greater accuracy in the same phase
space, the release of this new dataset is of particular use for mul-
timessenger astronomy studies, where one needs to know these
physical parameters for a large sample of sources while maxi-
mizing the sky coverage. AGN have been favoured to be strong
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cosmic ray emitters (Murase [2022; [Murase & Stecker|[2022),
with the recent discovery showing the nearby obscured AGN
NGC 1068 to be a steady source of neutrinos (ICECUBE COL-
LABORATION et al.|2022). Searches for a cumulative signal
from different AGN populations, such as |Abbasi et al.[ (2022),
can help characterize which sources contribute most to the flux
of neutrinos, based on their accretion parameters. By strategi-
cally targeting a subset of sources observed spectroscopically,
we would able to train similar ML-algorithms and reconstruct a
larger sample of photometrically measured AGN. The method
can easily be expanded to other cosmic demographics — higher
z for instance— granted a corresponding dataset is provided to
train a ML algorithm. In this work, we were limited by demand-
ing that sources had been observed with SDSS photometry: this
constrained the coverage to a quarter of the full sky. A natural
next step would be to expand the optical sky coverage by cross-
matching sources with the Pan-STARRS 3x survey [Flewelling
et al.[ (2020), and recover most AGN identified by infrared and
X-ray telescopes. Finally, eROSITA has been scanning the full-
sky with unprecedented sensitivity in the soft (0.2-2.3 keV)
and hard (2.3-8 keV) bands (Merloni et al.|2012; [Predehl et al.
2021)). Incorporating this dataset will also offer new understand-
ing of obscured AGN, as harder X-ray photons are transparent
to obscuring dust.
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Appendix A: Catalogue column description

The result of the work presented in this paper has been compiled
into a single catalogue available in https://www.zeuthen.
desy.de/nuastro/ML_reconstructed_AGN_catalogue/
This includes the 21 364 reconstructed sources, with results from
the obscuration classifier and estimation of z, Lx, Lgoi, MBH,
Lrqq and Agqq with associated reconstruction uncertainties. For
4457 sources, of Type 2 AGN without previous z information,
entries for Ly, Lo, Mpu, Lgag and Agqq are left blank.

In addition, the 7616 SPIDERS sources used in the train-
ing sample are also included. A description of the catalogue’s
columns is given below. Features providing X-ray, IR, optical
information were taken from the references listed in Table[Il
Column I- x-ray detection: Flag indicating whether the X-ray
source was detected in the 2RXS or XMMSL2 survey (Boller
et al.[2016; Saxton et al.[2008)).

Column 2- name: X-ray identifier from 2RXS or XMMSL2 sur-
vey .

Column 3-4- RA, DEC: Right ascension and declination of the
X-ray detection (J2000) in degrees.

Column 5-6- Flux, Flux error: X-ray flux and error converted
to the 0.5-2 keV band in log;g(erg cm~2s~!).

Column 7- ALLW_ID: WISE All-Sky Release Catalogue name
(Cutri et al.|2021)

Column 8-9- ALLW_RA, ALLW_DEC: J2000 AIIWISE Right
Ascension and Declination, in degrees.

Column 10-13- W[1234]: AIIWISE Vega magnitude in the W1,
W2, W3, W4 bands.

Column 14-17- W[1234] error: AIWISE Vega magnitude er-
rors in the W1, W2, W3, W4 bands.

Column 18-19- Gaia mean flux, Gaia mean flux error: Gaia
mean flux and error in units of e s~!.

Column 20- CLASS: Broad spectral classification computed by
the SDSS-DR16 spectroscopic pipeline.

Column 21- SUBCLASS: Detailed spectral classification com-
puted by the SDSS-DR16 spectroscopic pipeline.

Column 22-26- pstMag_[ugriz]: Point spread function magni-
tude of the optical counterpart to the IR source in the ugriz band
(mag, AB).

Column 27-31- psfMagErr_[ugriz]: Uncertainties on the PSF
magnitude in the ugriz band (mag, AB).

Column 32- z: Redshift of the source, and uncertainty.

Column 33- z error: Uncertainty on the redshift.

Column 34- Luminosity: X-ray luminosity in the 0.5-2 keV
band in logjo(erg.s™!).

Column 35- Luminosity error: Uncertainty on the X-ray lumi-
nosity in the 0.5-2 keV band in log;o(erg.s™").

Column 36- Bolometric luminosity: Bolometric luminosity in
logo(erg.s™).

Column 37- Bolometric luminosity error: Uncertainty on the
bolometric luminosity in log;o(erg.s™").

Column 38 Black hole mass: BH mass in log;o(M

Column 39 Black hole mass error: Uncertainty on the BH mass
in log;o(Me

Column 40- Eddington luminosity: Eddington luminosity in
logo(erg.s™).

Column 41- Eddington luminosity error: Uncertainty on the
Eddington luminosity in loglo(erg.s’l).

Column 42- Eddington ratio: Eddington ratio in log.

Column 43- Eddington ratio error: Uncertainty on the Edding-
ton ratio in log.

Column 44- Reconstructed: Flag indicating whether the source
and values from columns 32-43 come from this work’s ML
reconstruction (flag==1) or from the SPIDERS AGN spectro-
scopic catalogue (flag==0) (Coftey et al.[2019).

Column 45- known z: Flag indicating whether the redshift
values from column 32-33 come from this work’s ML recon-
struction (flag==0) or from the previous spectroscopic visual
derived redshift (flag==1) (Dwelly et al|2017; [Véron-Cetty &
Veéron|[2010).

Column 46- obscuration: Value between 0 and 1 indicating
whether the source is obscured (obscuration ~ 1) or not (obscu-
ration ~ 0), from the ML classifier presented in Sect. [}

Column 47- obscuration error: Uncertainty on the obscuration
value.

Appendix B: Feature selection of Type 2 AGN

Using the known SDSS classification for the subsample of 9535
AGN, we can distinguish Type 2 from Type 1 galaxies in the
W2/W1 space (see top panel of Fig. following the method
outlined in|Abbasi et al.| (2022). We can use these two distribu-
tions to define an “Obscuration” PDF as:

P(Type2)
P(Type2) + P(Typel)

where P(Typel) and P(Type2) are the probabilities of an AGN
being of Type 1 and Type 2 respectively, according to the nor-
malized histograms of Fig.[B.T]

By applying Equation [B.I]to these two distributions, we ob-
tain the Obscuration PDF shown in the bottom panel of Fig.[B.1]
with the blue line representing a sigmoid fit to the data points.
Using this fitted function, we obtain the distribution of SDSS-
classified Type 1 and Type 2 AGN as a function of the derived
Obscuration PDF (top panel of Fig. [B.2] By scanning through
Obscuration PDF values between 0 and 1, we can calculate the
precision and recall for each threshold , based on the definitions
given in Sect.[d This then gives us the PR curve presented in the
bottom panel of Fig.[B.2] Using this single feature classification,
we reach a selection efficiency of 79.7% and a contamination
rate of 21.9%, for an optimized Obscuration PDF threshold of
0.42.

Obscuration(W2/W1) = (B.1)

Appendix C: Handling of null entries

The supervised ML algorithm cannot accept null entries for any
of the features. This is true for the training sample, as well as
the catalogue to be reconstructed. As explained in Sect. [2.4] de-
manding SDSS photometry observation for all AGN sources rep-
resents the greatest cut to the data, however, some features still
remain incomplete. Instead of indiscriminately removing these
data points, we look for correlations between fully complete fea-
tures and partially incomplete ones: we fit function which de-
scribes the relationship in that parameter space in order to de-
rive dummy values. For instance, 726 sources in the SPIDERS
catalogue have AIIWISE W4 magnitudes but with missing error
measurements. This number is 7846 for the same feature in the
full catalogue compiled. The top panel of Fig. [C.T|shows the W4
magnitude as a function of the W4 error for AGN with complete
information in the SPIDERS sample. An exponential function is
fit and W4 error are interpolated for sources which are missing
entries (yellow points). Similarly 297 SPIDERS and 6382 full
catalogue sources have no entries for the Gaia mean flux and er-
rors. The soft X-ray flux Fys_skev is then used to derive a value
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Fig. B.1. Obscuration PDF definition. (7op) distribution of the SDSS
sources classified as Type 1 and Type 2 AGN as a function of W2/W1
magnitudes. (Bottom) Obscuration PDF derived from the left figure and
Eq.[B]from a sigmoid fit to the points. The dashed gray line represents
the cut threshold which defines whether an AGN is of Type 1 or 2. It
was chosen by doing a grid search over Obscuration PDF values and
choosing the value giving the best F1-score.

for the Gaia mean flux using a log-log fit (bottom panel of Fig.
[CT] The relationship between the Gaia mean flux and its associ-
ated error itself is then used to complete the error column.
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trubution of SDSS defined Type 1 and 2 AGN as a function of their
derived Obscuration PDF. The vertical gray dashed line represents the
threshold value giving the optimal classification perfomance. (Bottom)
Precision recall curve derived from the left distribution, by scanning
through values between 0 and 1 and calculating the precision and recall.
The optimized cut value corresponds to the point in the PRC where the
distance between precision and recall is maximum.
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Fig. C.1. Handling of null entries: W4 error values for points missing
one are estimated (yellow points) using an exponential fit to the W4
error vs W4 plane.
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