A&A, 707, A206 (2026)
https://doi.org/10.1051/0004-6361/202556748
© The Authors 2026

tronomy
Astrophysics

Automated model selection for the spectral fitting of large
samples of active galactic nucleus spectra

S. Bernal'>>*®, P. Sdnchez-Sdez>®, P. Arévalo'->®, F. Avila'®, F. E. Bauer*®, P. Ciceres-Burgos®>%®,
P. Lira>2®, Mary Loli Martinez-Aldama®2’®, and B. Sotomayor'

! Instituto de Fisica y Astronomia, Universidad de Valparaiso, Gran Bretafia 1111, Valparaiso, Chile

2 Millennium Nucleus on Transversal Research and Technology to Explore Supermassive Black Holes (TITANS), Chile
3 BEuropean Southern Observatory, Karl-Schwarzschild-Str. 2, 85748 Garching, Germany

4 Instituto de Alta Investigacion, Universidad de Tarapacd, Casilla 7D, Arica, Chile

5> Departamento de Astronomia, Universidad de Chile, Camino el Observatorio 1515, Santiago, Chile

¢ Astronomy Department, Universidad de Concepcién, Barrio Universitario S/N, Concepcién 4030000, Chile

7 Millennium Institute of Astrophysics (MAS), Nuncio Monsefior Sétero Sanz 100, Providencia, Santiago, Chile

8 Kapteyn Astronomical Institute, University of Groningen, 9700 AV Groningen, The Netherlands

Received 4 August 2025 / Accepted 29 January 2026

ABSTRACT

Aims. We developed an algorithm to automatically recommend and selected the best model to fit active galactic nucleus (AGN) spectra
in the ultraviolet/optical wavelength range, enhancing the efficiency of fitting large samples of AGN spectra by replacing the visual
inspection and manual selection of the best model.

Methods. We employed the Penalized PiXel-Fitting (pPXF) software to fit AGN spectra using a complete model that includes: narrow
and broad emission lines (NELs and BELs), Balmer continuum, Balmer high-order emission lines (H8-H50), Fell pseudo-continuum,
AGN continuum, and stellar populations for objects with z < 1; we call this model-1. The fit residuals were analyzed using the discrete
wavelet transform (DWT), looking for deviations in the DWT coefficients above some empirically determined threshold value. When
deviations were detected in regions of interest of a spectrum (i.e., around Ha, HB, Mgi1, C1v, and [OI111]14959, 5007), the significance
of the residuals and kinematics were used to recommend (or not) the addition of an extra fitting component for the model. When a
new model is recommended, we compared the new fit and the previous one using the root-mean-square (RMS) difference and F-test.
The final results of the developed algorithm are the selection of the best-fit model and the corresponding fit results. We validated the
results of the algorithm using a sample of 800 SDSS AGN spectra. Each object was fitted using model-1 and the results were visually
inspected by three human validators. The validators also recommended (or not) the addition of the same additional components that
the algorithm is equipped to recommend.

Results. Comparing the recommendation of each validator and the algorithm, the median coincidence fraction is 0.83-0.88 for dif-
ferent threshold values. These values are comparable to the median coincidence fraction of 0.90 between human validators. The
computational time of the model recommendation routine was <1s for 90 percent of the objects, compared to ~60 s for visual inspec-
tion during the validation exercise.

Conclusions. The presented algorithm is an efficient and effective tool for the spectral fitting of large samples of AGN spectra with

options for improvement and applications for specific studies.
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1. Introduction

Since the discovery of the first quasar (QSO) in 1963 (Schmidt
1963), the study of these objects has faced challenges due to their
complex characteristics and behaviors. Despite the widespread
adoption of the unified model to explain most active galactic
nucleus (AGN) observations (Antonucci 1993) and the system-
atic characterization of the AGN spectra (Boroson & Green
1992); Sulentic et al. 2000; Marziani et al. 2018), a more com-
plete census of the AGNs remains essential. Properties attributed
exclusively to AGNs can be identified when observed with spe-
cific techniques such as X-ray or ultraviolet/optical (UV/optical)
spectroscopy. In the UV/optical spectral range, the presence of
broad emission lines (BELs) is considered a ubiquitous indica-
tor of AGN activity (Khachikian & Weedman 1974; Antonucci
1993; Peterson 2006). In recent years, the accumulation of

* Corresponding author: santiago.bernal@postgrado.uv.cl

spectral observations from surveys has led to large catalogs
of confirmed AGNs. For example, the SDSS archive data
(Blanton et al. 2017), and the new observations since 2021 from
the SDSS-V (Kollmeier et al. 2017; Almeida et al. 2023), which
are targeting known and new AGNs, acquiring hundreds of thou-
sands of spectra, represent a large database of AGNs. Another
example is the Dark Energy Spectroscopic Instrument (DESI)
collaboration (DESI Collaboration 2016; Schlafly et al. 2023),
which aims to observe more than two million quasars, and has
already made public 1.6 million of spectra of objects classi-
fied as such (DESI Collaboration 2025). Furthermore, in the
near future, the 4-metre Multi-Object Spectroscopic Telescope
(4MOST) survey (de Jong et al. 2022) will target more than two
million AGNs, accumulating an exceptionally large volume of
spectral data for these types of objects.

The sheer volume of incoming spectra can pose signifi-
cant challenges, as the analysis of AGN spectra usually implies
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fitting parameters of multiple physical components, modeled
with different templates. For instance, a relatively basic model
to fit AGN spectra might include both AGN and host continuum
components, numerous emission lines with potentially complex
kinematic profiles, and other continua or pseudo-continua com-
posed of closely spaced emission lines. The effective fitting
of AGN spectra showing relatively complex profile (continua
or emission lines) often requires a visual inspection and man-
ual selection of additional components to confirm the most
appropriate model and quality of the fit.

Several public packages have been released to fit AGN
spectra with varying degrees of automation, such as QSFit
(Calderone et al. 2017), written in IDL, PyQSOfit (Guo et al.
2018), and Fantasy (Ili¢ et al. 2023), written in Python, and the
Penalized PiXel-Fitting, pPXF, Cappellari & Emsellem 2004;
Cappellari 2017, a general fitting package that can be adapted
to fit AGN with the inclusion of relevant spectral components,
also written in Python. All the codes mentioned above have been
demonstrated to be well-suited for the analysis of AGN spectra.
However, they all require manual input and visual inspection for
selecting and adding model components, which can be poten-
tially biased and highly time-consuming, particularly as datasets
grow larger.

Statistical techniques, such as the /\/2, Bayesian information
criterion (BIC; Liddle 2007), and F-test, have been used to com-
pare the quality of fitting AGN spectra using different models
and selecting the best-fitting model (Perna et al. 2019; Vietri et al.
2020; Sexton et al. 2021). For example, Vietri et al. (2020), after
visual inspection, fit part of the spectra sample using one and two
Gaussians for the emission lines C1v and MgII and select the best
model using the BIC criterion. Sexton et al. (2021) presented a
work focused on the [O111]215007 A emission lines and used the
Xz’ BIC, and an empirical criterion to decide when an extra com-
ponent is needed to obtain a better fit. In these cases, more than
one fit is always performed before the statistical comparison.

This limitation motivates the development of an automated
approach to avoid the time consumed by visual inspection and
manual input. Here, we present an algorithm that automates the
decision to include several different components and to deter-
mine the best model. The workflow consists of these main steps:
spectral fitting with an initial model (Sect. 2.2), analysis of
the best-fit residuals for the recommendation of a new model
(Sect. 3), re-fitting when a new model is recommended, and com-
parison of fitting results to automatically select the best model
(Sect. 4). We present the results of the algorithm performance
compared to human validators to quantify the accuracy of the
best model recommended by the algorithm. In this manuscript,
we describe each step, along with the parameters and the vari-
ables of the algorithm. This methodology was implemented as a
Python (version 3.12.7) code.

2. Spectral fitting

For the fitting process, we used the pPXF software (version 9.4.1;
Cappellari 2023). As a consequence, some parameters and spe-
cific steps for the workflow depend on the pPXF input and output
format. However, the algorithm presented here can be adapted
for any of the other fitting routines mentioned in Sect. 1.

2.1. Data preparation

To test the algorithm, we used a sample size that is man-
ageable for comparison with visual inspections. We selected a
verification sample of 800 spectra from The Sloan Digital
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Fig. 1. Distribution of the median S/N for low-redshift (top) and high-
redshift (bottom) of the verification sample (orange), compared with the
parent sample (blue).

Sky Survey Quasar Catalog: Sixteenth Data Release (Lyke
et al. 2020). For the selection, we included only medium and
good quality spectra by selecting files with ZWARNING = 0,
SN_MEDIAN_ALL> = 2. Then, for the reasons explained
in Sect. 3, we divided the catalog into two samples using the
redshift value z = 1.056. From each sample, we selected a sub-
sample of 400 spectra using clustering to allow the subsample to
reproduce the redshift and SN_MEDIAN_ALL distribution of
the sample (see Figs. 1 and 2).

We implemented a function to read the SDSS FITS format
(names and extensions) to obtain the wavelength, flux, inverse
variance, intrinsic dispersion of the wavelength solution (in pixel
units; wdis in SDSS FITS file), and redshift. We observed a fre-
quent large flux dispersion, or equivalent small signal-to-noise
(S/N), in the blue end of the SDSS BOSS spectra. For pixels at
wavelengths of < 3800 A, the median S/N for 56% of the valida-
tion sample is smaller than 2 and only 10% have an S/N larger
than 10. While for wavelengths > 3800 A, only 0.2% of the sam-
ple has a median S/N smaller than two; to avoid the noisy blue
end, we imposed a cut at 3800 A in the observed wavelength.
For objects with redshifts where the mentioned cut falls at rest-
frame wavelengths smaller than 1200 A (z > 2.16), we instead
adopted 1200 A in the rest-frame wavelength as the cut. The
1200 A value is imposed by model limitations to fit the expected
spectrum absorption profile at the Lyman-a break.

The inverse variance of the flux at each pixel in the SDSS
spectrum was used to construct a mask, whereby values equal to
zero were masked. Also, the square root of one over the inverse
variance was used as noise input for pPXF. Additionally, the
wavelength range from 3610 A to 3690 A was masked, as this
spectral range is fitted using the Balmer continuum templates in
the models, which are not well constrained in this region. This
mask is an input for the pPXF fitting.
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Table 1. Initial kinematics and bounds of model components.

Initial velocity Bounds Initial velocity dispersion Bounds skewness and kurtosis ~ Bounds

Component (km/s) (km/s) (km/s) (km/s)

Stellar pop. 0 + 500 10 [10, 500] 0 [-0.3, 0.3]
NELs 0 + 400 100 [5, 300] X X
BELs 0 +600 1000 [500, 10 000] 0 [-0.1, 0.1]

Civ 0 [-5000, 2000] 1000 [500, 10 000] 0 [-0.1, 0.1]

two-BELs bf-vel bf-vel + 300 1000 [500, 5000] 0 [-0.1, 0.1]

[O111]winds -100 [-600, 400] 500 [400, 800] X X

BHO-cont 0 + 500 5 [1, 1000] X X

Fell 0 + 500 5 [1, 1000] X X

AGN-cont 0 + 500 5 [1, 100] X X

Notes. Values of the kinematic parameters used as initial values and bounds during the fitting process. The two-BELs component refers to the
components used in model-2 and model-4, and the bf-vel is the velocity shift value of the BELs component obtained from the first best fit with
model-1 (see Sect. 3). For BHO-cont and AGN-cont values are for pPXF mathematical problem and solution and do not affect the profile of the
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Fig. 2. Redshift distribution for low-redshift (top) and high-redshift
(bottom) sources of the verification sample (orange), compared with the
parent sample (blue).

2.2. Model construction

We implemented a function that constructs a model following the
pPXF structure and recipe, meaning that this function returns all
the arrays that are needed or are optional input for the pPXF fit-
ting, with the exception of the spectrum, noise, and mask that are
generated in the data preparation step. There are two sets of four
models (eight in total) that can be constructed (see Sect. 3 for
details on the actual implementation). We describe these models
below:

— Model-1: this model is composed by templates for stel-
lar populations from the E-MILES library (Vazdekis et al.
2016), a set of power laws for the AGN continuum
(AGN-cont), a set of Gaussians for narrow emission lines
(NELs), a set of Gaussian profiles for Broad emission

lines (BELs), Balmer higher-order emission lines (H8-H50)
together with the Balmer continuum (BHO-cont) templates,
and Fel1 UV/optical pseudo-continua templates (Boroson &
Green 1992; Vestergaard & Wilkes 2001). The AGN-cont
model is fitted as f; = (ﬁ)“, with A being the wavelength,
N the wavelength normalization factor, and « the slope of
the power law. For all the models, we used N = 5000 and
-3 <a < 0insteps of 0.1.

Model-2: this model adds to the model-1 a second set of
BELs.

Model-3: this model adds to model-1 a pair of Gaussian pro-
files to represent emission lines from winds in the [O111]5007
doublet region. This component is called [O111]winds.
Model-4: this model adds the second set of BELs and
the [O1]winds to model-1 (i.e., model-4 combines the
additions of model-2 and model-3).

In all cases, all the lines grouped in one set of NELs or
BELs have all their kinematic moments linked. With the excep-
tion of the broad CIV emission line, which has individual
kinematic moments. Each individual line, as well as each
(pseudo-)continuum template, is scaled by free and independent
normalizations, except for line doublets with fixed relative nor-
malizations. In general, each set of templates is a component
of the model and each template in a component has the same
kinematic moments and independent normalizations.

The second set of models is identical to the ones mentioned
above, with the difference that there are no stellar population
templates. These models are used for objects with redshift z > 1.
This value is conservative, based on the stellar population inten-
sity observed in quasars, where for objects with z > 0.8 the
host galaxy contribution becomes negligible (Vanden Berk et al.
2001; Jalan et al. 2023). Henceforth, we refer to both mod-
els with and without stellar population templates as model-1,
model-2, model-3, or model-4, and only discriminate them when
necessary.

We followed the pPXF recipe to input the initial kinematic
values and to restrict them for the components in each model.
These values are summarized in the Table 1. The selection of
these values was guided by the typical values of the different
components observed in AGNs and by the test of restrictions to
obtain a good fit after visual inspection in previous works by
the authors (e.g., Lopez-Navas et al. 2022, 2023; Bernal et al.
2025). In particular, for the bounds values of the velocity shift
of C1v we consider the measured values observed in different
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works about C1v (Coatman et al. 2016, 2019; Gillette & Hamann
2024). pPXF offers the option to fit the skewness and kurtosis
for any kinematic component. We used these parameters for stel-
lar templates and BELs, including C1v. In the workflow, we fit
the spectra in rest-frame wavelengths, which means that the ini-
tial value for the first kinematic moment in pPXF, the velocity
shift, is always zero for model-1. However, the initial velocity for
the two BEL components in model-2 and model-4 and, for the
[Or111]winds component in model-3 and model-4, it is nonzero. In
the case of the BEL components, the fitted velocity with model-1
was used as the input initial velocity, while for the [O111]winds,
a blue shift initial velocity is used. In addition, the initial veloc-
ity for the NEL component, after the first fit with model-1, can
be nonzero if this is determined by the routine that produces the
recommendation (see Sect. 3). In pPXF, the best fit is determined
by minimizing the chi-squared between the data (spectrum) and
the pPXF-model. The pPXF-model is the input model convolved
with the kinematic moments (velocity shift, velocity dispersion,
skewness, and kurtosis) determined by pPXF routine. We note
that in the pPXF scheme, each component has its own kinematic
moments (velocity shift and velocity dispersion) and all the tem-
plates in each component share the same kinematic moments.
As mentioned, all the values used are typical for AGN spectra
but are easy to modify when required.

3. Discrete wavelet transform of the fit residuals:
Best model recommendation

Here, we present the implemented routine used to detect struc-
ture in the fit residuals and to recommend, when appropriate, a
new model for spectral fitting.

3.1. Regions of interest

In the first part of the routine, regions of interest were gen-
erated. We selected regions containing BELs that are used to
estimate single epoch black hole mass (Mejia-Restrepo et al.
2016), namely, Ha, HB, MgI1, and C1v. In addition, the region
[O111]244960, 5008, and the [O111] winds114960, 5008 were also
considered as regions of interest. Both regions [O111] and [O111]
winds refer to the doublet emission lines 4960 A and 5008 A. The
wavelength ranges for these regions were determined using the
central wavelength of each emission line, with the limits set to
three times the typical velocity dispersion of that line on either
side. For these, we considered the central wavelength of each
emission line for BELs and the centers 4960 A and 5008 A in the
case of the [O111] and [O111] winds, with widths of £6000 km/s
for BELs and +900 km/s for [O111] and [O111] winds. Then, to
determine which regions are included in the following analysis,
we implemented a limit where the regions of interest must be
at least 50 A from the edges of the spectrum. These limits help
to avoid truncated regions in the analysis, when they are at the
extremes of the spectrum.

3.2. Discrete wavelet transform

Next, the routine uses the wavedec! function from the package
pywt (Lee et al. 2019). This function performs 1D multilevel
discrete wavelet transform (DWT) decomposition of the given
signal and returns an ordered list of coefficients which capture
the details and overall trend of the signal. The wavedec function
requires as input the signal, wavelet function, mode, and decom-
position levels. The signal in our case is the best-fit residuals. For

I Documentation of the wavedec function can be found here.
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the wavelet function, we used the Haar functions, which offer a
fast decomposition, and easy interpretation for the purposes of
this work. Other functions such as Daubechies and Symlets can
also be used, but they will require a change in the interpreta-
tion algorithm. Then, for the residuals represented as the signal
r = {ri, ..., r¢}, the representation at level j is

r 220 (1K), dj k),

where a;[k] and d[k] are the approximated and detailed coeffi-
cients, which are calculated using the Haar filters as

1 1
Clj[k] =aj-1 [2](]% + aj_1[2k - 1]%, (1)
1 1
dj[k]=aj_1[2k]@—aj_1[2k—l]$. (2)

In this definition, the a;[k] and d;[k] coefficients for j = O are
the r = {ry, ..., 1.} signal values (in our case, the residuals), k the
index of the coefficients at each level j, and the use of indexes
2k and 2k — 1 denote the downsize by two from one level to the
next (i.e., each level will have half as many coefficients as the
previous one).

For the mode, we used the smooth option that refers to
smooth-padding and where the signal is extended symmetrically
on the edges (Fgmoorh = {72,715, 25 -oes Fi—1, Ti» Ti—1}) and for the
levels, we used four (see details in the next section). With these
parameters, the wavedec function generates in total five arrays,
four for the detailed coefficients at levels [1, 2, 3,4] and one for
the approximated coefficients at level [4]. The use of the DWT
with other applications can be found in Stollnitz et al. (1995).

3.3. Detection of structure in the residuals

Using the downsizing by two, the signal width enclosed by the
coefficients at each level can be calculated. For this, we used
the velocity-scale, which is the difference in km/s between two
pixels. This value is constant for a logarithmic binned spectrum
such as SDSS data. For the SDSS spectra, the velocity-scale is
69.15 km/s. Therefore, for the second decomposition level, four
pixels are enclosed by each coefficient, equivalent to 277 km/s.
This wavelet size in km/s lies in the NEL velocity dispersion
range. Therefore, we can use the detailed coefficients of the first
and second decomposition levels to detect narrow structure in
the residuals, in particular to detect the presence of winds in the
[O111] region. For the third decomposition level, eight pixels are
enclosed by each coefficient, equivalent to 553 km/s, while they
are twice as broad for the fourth level. Therefore, for the third and
fourth decomposition levels, the coefficients can be associated
with residual structure in the broad line regions.

To detect and flag structures in the residuals, we computed
the square of the coefficients at each level and identified devia-
tions as values that exceed a predefined threshold. This threshold
is calculated for each level as

threshold = fc X o4 /21og(len(sc)), 3)

where o is the standard deviation of the square of the coeffi-
cients, len(sc) is the number of coefficients, and fc is a factor
to apply a more or less stringent threshold. This relation with
fc =1 was probed to be optimal to find significant deviations in
the statistical study of Donoho & Johnstone (1994). However, for
our study, we compared results with different threshold values of
fc=10.75,1.00, 1.25, 1.50, 1.75, 2.00, 2.25, 2.50].


https://pywavelets.readthedocs.io/en/0.2.2/ref/dwt-discrete-wavelet-transform.html

Bernal, S., et al

Next, the routine checks if the flagged deviations are in the
regions of interest. For this purpose, the wavelength index of the
deviations in the coefficients is related via the expression,

index = (dv;/len(sc)) X len(residuals), %)

where dv; is the index of the i — th deviation, len(sc) is again the
number of coefficients, and len(residuals) is the number of pix-
els in the residuals. This allows us to determine the wavelengths
at which the deviations are detected at each level, as well as well
as to identify the regions of interest where these deviations occur.

3.4. Model recommendation

The flagged deviations in the regions of interest and conditions
in the other input parameters are then used to determine the
model recommendation. The model recommendation options are
named: Two-BELs, [O111] winds, and Two-BELs + [O111] winds.
The routine recommends the Two-BELs, that is equivalent to
model-2, if one of the following conditions is fulfilled:

— Gaussian deviation and residual structure. Here, the abso-
lute value of one of the skewness or kurtosis moments of the
BELs component is greater than 0.05, and the other is greater
than 0.04, and at least one residual deviation in levels [3, 4]
is detected in at least two of the broad line regions He, HB,
Megii, and C1v. Skewness and kurtosis values of 0.04 and
0.05 correspond to visually significant deviations from the
Gaussian profile that cannot be attributed to noise.

— Residuals structure in more than one region. For this case,
the number of deviations in levels [3,4] is greater than four
and deviations are detected in at least two broad line regions.

— Only one BEL region in the spectrum or only one with rel-
atively large residuals. Here, at least one deviation in levels
[3,4] is detected in only one broad line region and the signif-
icance of the absolute residuals is higher than 10 (Eqg. (5)).
This value for the significance was set based on empirical
testing with a large set of spectra with high residuals. In par-
ticular, objects where the observed wavelength range only
includes one BEL region for the analysis. For the signifi-
cance of the absolute residuals in a given region, we used
the equation

sig = I(|r])/unc(I(r)), 5

where I(|r]) is the integral of the absolute residual values in
the given wavelength range, and unc(I(r)) is the uncertainty
in the integrated residual flux, approximated as

unc(I(r)) = op X VNAAZ, (6)

with ok being the standard deviation of the residuals, N the

number of pixels, and AA the wavelength step, all in the

region of interest.
For the [O111] winds recommendation, which is equivalent to
model-3, the routine considers only the region [OIII] winds
and the levels [3,4] of the DWT decomposition. These lev-
els allow for the detection of deviations on scales larger than
500 km/s. The recommendation is set if the following conditions
are accomplished:

— The region of [O111] winds is not well fitted. Here, we require
at least one deviation and residuals significance >2.5 from
the [OI111] winds region. Once more, this value for the signif-
icance was set based on empirical testing with a large set of
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spectra with high [O111] winds residuals. The significance of
the residuals is calculated in a similar way as before

sig = I(r)/unc(I(r)), @)

for the [O111] winds region of interest. We note that here

we use the integral of the residuals and not the absolute

residuals, as done in Eq. (5)).

— There is structure detected in the residuals, with at least one
deviation, and the NELs are fitted with a relatively large
velocity dispersion, greater than 300 km/s.

The Two-BELs + [O111] winds model recommendation is the
result of having both Two-BELs and [O111] winds recommen-
dations and it is equivalent to model-4.

If none of the conditions described for the Two-BELs or
[O111] winds recommendations are met, the result is the No-new-
model recommendation. This indicates that the routine found
insufficient evidence to justify a more complex model as a better
option for fitting the spectrum. When the result is No-new-
model, the routine computes the residual significance of each
region, following Eq. (7). When this significance is greater than
2.5, the routine produces a comment with the region name and
the significance value as a warning that can be used for a later
visual inspection of the best-fit.

The final result from the routine is the model recommenda-
tion and the comment about broad line regions. Additionally,
during the routine, two tables are saved: one with the region
name, DWT level, and number of deviations, and another table
with the region name and residuals significance using Eq. (7).

4. Best model selection

When the result from the DWT routine is a new model recom-
mendation, a second fit is performed using the recommended
model. To establish if the second fit really produces a better fit
and the recommendation is not a false-positive, we implemented
a score based on the normalized root-mean-square (RMS) differ-
ence and F-test, which takes into account detailed mismatches in
the regions of interest (i.e., around the emission lines) as well as
the overall fit across all wavelengths.
The RMS difference is computed as

RMS 4if = (RMS 1 — RMS2)/RMS 1,

where RMS'1 is the RMS of the first model best-fit and RMS 2
is the RMS of the second model best-fit. Based on the RMS 45
values, the qualitative results and assigned scores are:

— Significant improvement with score = 1, if RMS 4;r > 0.1.
Partial improvement with score = 0.5, if 0.01 < RMS 45 <
0.1.

— No significant improvement with score = 0, if —0.01 <
RMSd,'f < 0.01.

Slight worsening with score = -1, if —0.1 < RMS ;;; <
-0.01.

— Significant worsening with score = —100, if RMS 4; < —0.1
The RMS scoring is performed both for the global wavelength
range and each of the following regions of interest: Ha, Hp,
Mgii, C1v, and [O111], when they lie within the spectral range.
In addition, for the global wavelength range, an F-test is per-
formed between the first and second best-fits. A p—value < 0.05
is used to determine if the improvement is significant, and results
in an assigned score of score = 2. On the other hand, when the
p—value > 0.05 the assigned score is score = —1. This score for
the F-test is assigned to corroborate that the total fit significantly
improves.
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Fig. 3. Comparison of the best-fit of a spectrum fitted with model-1 (three top panels), and model-3 (three bottom panels), the last was the final
result from the code. The HB and MglI regions are zoomed, and the total fit and residuals are also shown. The main difference between the two fits
is the use of [O111]winds. Dashed lines delimit the region where the DWT flagged the residuals structure (see Appendix A). All panels have the

same arbitrary units on y-axis.

To determine which of the fits is better, we added the global
RMS, local RMS, and F-test scores. If the total score is equal to
or greater than one, the second model is selected as the best fit,
and we save all the results from the pPXF fit for any further calcu-
lation and analysis. In the other case, if the total score is smaller
than one, the first best-fit result is saved for subsequent analysis.
We opted for this local and global score system because of the
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degeneracy between templates, given that for some cases the use
of a model with more templates for a region of the spectrum can
result in the local improvement but worsen the continuum.

In Fig. 3, we show an example of the best-fit with model-1
(three top panels) and the best model, after the recommendation
and algorithm decision, which was obtained with model-3 (three
bottom panels). This means that the algorithm analyzes the
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residuals and other parameters to determine that model-3 can
produce a better fit, and after comparing both fits, the best
model selection resulted in model-3. The plot shows a zoom into
regions of HB and MglI emission. In the HB region, it is apparent
that model-1 misses the [OI1I]winds, which are well fitted with
model-3. Note that this is an example of the automatic result of
the algorithm. More examples are presented in Appendix A.

5. Algorithm validation

To ensure that the best model determined by the algorithm is
statistically consistent with the decision that can be made by
human visual inspection, a group of eight people with different
expertise in AGN spectral fitting collaborated with the valida-
tion process. These individuals are referred to as validators. In
the method used for the validation, each of the 800 objects was
inspected by three validators. All the objects were randomly dis-
tributed among them so that any group of three validators shared
only a fraction of the total number of objects that each validator
inspected and all validators inspected 300 objects.

For the visual inspection, validators had access to the plot of
the best-fit of the spectrum using model-1. In the plot, the top
panels show a zoom in the regions of interest, which are deter-
mined by the redshift of the object. The middle panel shows the
total wavelength range fit with the different components, and the
bottom panel shows the residual of the best-fit. The top three
panels in Fig. 3 are an example of these plots.

After inspection, the validators decided whether to add or not
more components to improve the fit. They were provided with
the same options given to the algorithm: No-new-model, Two-
BELs, [O111] winds, and Two-BELs + [O111] winds. Validators
could also add a comment for each object to note features such
as complex BELs or noisy spectra, among others.

6. Results
6.1. Algorithm time performance

This work aims to automate the recommendation of additional
model components and the selection of the best model for fitting
a large sample of AGN spectra, thereby eliminating the need for
visual inspection and reducing the time required for spectral fit-
ting. Here, we report and compare the computational time for the
validation sample in different steps of the algorithm. We define
the following steps of the algorithm: The first fitting using pPXF,
the determination of a recommendation by the DWT routine, and
the second pPXF fit. To do a fair comparison for the computa-
tional time spent in the first pPXF fitting, we divide the objects
by their redshift, because for objects with z < 1 the inclusion
of 350 stellar population templates has an impact on this time.
We did not make the same separation for the second pPXF fitting
because we only used the stellar templates that result in the first
best-fit model; in most cases, this is less than four, leading to a
negligible impact on the fitting time.

Table 2 shows the 10th, 50th, and 90th percentiles of the time
taken by the aforementioned steps, as well as the total algorithm
time. Since there is a small difference (2s for z < 1, and 1s for
z > = 1) for the 50th percentile of the total time when consid-
ering the different thresholds (different factor fc) used for the
identification of deviations, we report the longest time among all
the time distributions (obtained when fc = 0.75). These results
show that for 50 percent of the objects with z < 1 the algorithm
ends in less than 29s, and for 90 percent in less than 75s. While
for objects with z > 1, in less than 7s for the 50 percent and
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Table 2. Algorithm computational time.

Step- fit-1 M-R fit-2  Total Time
Percentile z<1 z>1 z<1l z>1
10 13s 3s <ls <ls 16s 4s
50 19s 5s <ls «<lIs 29s 7s
90 37s 10s <ls 29s 75s 18s

Notes. Column fit-1 refers to the step where the fit is produced using
model-1, M-R is the model recommendation step, and fit-2 refers to the
time for the fit after the model recommendation. The Total Time column
refers to all the steps in the algorithm, which include steps after fit-2. For
each column, the percentiles 10, 50, and 90 are reported considering the
maximum for all the fc values.

in less than 18s for the 90 percent. For comparison, validators
were asked to report the time spent during the visual inspection.
From these data, we found that a person with expertise in mod-
eling this type of spectra spends an average time of 60 seconds
on visual inspection, which implies the inspection of the fit by
zooming into the different regions of interest, the decision of the
new model, and manually setting the new model. Meanwhile, the
model recommendation step for the routine is completed in less
than 1 s for 50 and even 90 percent of the objects (and is also the
case for the 98 percent in all the fc cases).

The time values were produced with the use of a personal
computer, MacBook Air (M1, 2020)2. We conclude that the time
saved by applying the algorithm, of about 60s per spectrum,
is significant compared to the total fitting time of 75s or less,
even in a middle-range personal computer. This time saving can
be more significant when using more computational power and
parallel code execution.

6.2. Validation results

Another objective of this work is to automatically determine the
model that fits the spectrum best. Here we show the compari-
son of the decision in the best-fit model between validators and
between the validators and the algorithm.

6.2.1. Validators comparison

When comparing the decision between two validators, we define
coincidence in recommendation if the recommended model is
the same or if one of the validators recommends model-4, while
the other recommends model-2 or model-3, meaning that both
validators coincide in at least one of the possible modifications
for the model to be used in the second fitting. In Table 3, we
present the pair of validators, the number of objects in common
between both validators, and the fraction of coincidence. The
minimum coincidence between validators is 0.72, the median is
0.90, and the maximum coincidence is 1.0. In Table 3, we also
show the number of objects and the coincidence fraction between
validators for the cases with redshift z < 1.056 (i.e., with 4 model
options) and z > = 1.056 (i.e., with 2 model options).

We compare the rate of coincidences with the results of a
random choice by re-shuffling the model choices made by each
validator and re-calculating the fraction of coincidence. For this
test, the validator pairs and the objects they had in common were

2 Technical information about the MacBook Air (M1, 2020) model can
be found here.
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Table 3. Coincidence between two validators.

Comb. N-obj C-frac N-obj C-frac N-obj C-frac
Val. All Ob;. z < 1.056 z > 1.056
vl-v2 90 0.93 46 0.93 44 0.93
vl-v3 81 0.74 45 0.69 36 0.81
vl-v4 75 0.83 37 0.81 38 0.84
v1-v5 76 0.72 37 0.62 39 0.82
v1-v6 88 0.78 39 0.67 49 0.88
v1-v7 88 0.77 47 0.68 41 0.88
v1-v8 102 0.73 53 0.68 49 0.78
v2-v3 71 0.94 42 0.88 35 1.00
v2-v4 84 0.86 40 0.70 44 1.00
v2-v5 86 0.87 41 0.76 45 0.98
v2-v6 78 0.90 38 0.79 40 1.00
v2-v7 88 0.86 49 0.78 39 0.97
v2-v8 97 0.92 52 0.87 45 0.98
v3-v4 93 0.90 52 0.85 41 0.98
v3-v5 94 0.95 51 0.90 43 1.00
v3-v6 99 0.95 50 0.90 49 1.00
v3-v7 83 0.94 42 0.90 41 0.98
v3-v8 73 0.86 38 0.74 35 1.00
v4-v5 94 0.87 41 0.76 53 0.96
v4-v6 87 0.87 33 0.79 54 0.93
v4-v7 88 0.91 38 0.89 50 0.92
v4-v8 79 0.86 31 0.81 48 0.90
v5-v6 79 1.00 37 1.00 42 1.00
v5-v7 86 0.94 49 0.92 37 0.97
v5-v8 85 0.94 38 0.87 47 1.00
v6-v7 86 0.98 41 0.98 45 0.98
v6-v8 83 0.90 38 0.82 45 0.98
v7-v8 81 0.93 40 0.85 41 1.00
Median 86 0.90 41 0.82 44 0.98

Notes. The column Comb. Val. indicates the identification of the valida-
tors used for the computation of the coincidence. Column N-obj is the
number of objects, C-frac is the coincidence fraction, All Obj. indicates
that the values consider all the objects, while z < 1.056 and z > 1.056
indicate the redshift limit for the objects considered in the comparison.

kept fixed, but the model choices assigned to each object were
shuffled randomly, within the choices made by each validator.
In this way, the experiment retains the overall probability that a
given validator will choose a given model. The median rate of
coincidence between these random choices was 0.79 + 0.01 for
objects with z < 1.056 and 0.80 + 0.01 for objects with z >=
1.056.

For the two cases, z < 1.056 and z > 1.056, the median
coincidence between two validators is larger than the random
probabilities. We notice here that for z < 1.056 the median frac-
tion of objects where the validators recommend a new model is
0.19 and for z > 1.056 it is 0.02. Showing that only a relatively
small number of objects in the sample required a more complex
model to be fitted, according to the validators. We discuss this in
Sect. 7.

6.2.2. Algorithm and validators comparison

Here, we compare the recommendation made by the validators
and the best model determined by the algorithm. In a similar
way as between two validators, coincidence is defined as when
the algorithm and validator agree on the model, or when one
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Fig. 4. Coincidence ratio between the algorithm and each validator. The
mean coincidence across all validators is shown in markers, and the
root-mean-squared scatter of coincidence ratios is represented by the
error bars. Blue marks are for objects with z < 1.056 and orange marks
for z > 1.056. The small markers (same color code) represent the ran-
dom median fraction of coincidence obtained by the re-shuffling of the
model choice by each validator.

of them chooses model-4, while the other chooses model-2 or
model-3.

In Fig. 4, we show the median value and standard devi-
ation of the coincidence fraction between the algorithm and
validators. We compare the results with the random median frac-
tion of coincidence obtained by re-shuffling the model choice
by each validator. This random median fraction of coincidence
keeps the number of choices of each model by each validator,
and then compares them with the real model selection. Results
show that the coincidence fraction is systematically and signif-
icantly higher than the random coincidence. The coincidence
fraction for objects with z < 1.056 has values between 0.76 and
0.80, with standard deviations between 0.06 and 0.09. While
for objects with z > 1.056, the coincidence fraction has values
between 0.91 and 0.96, and standard deviations between 0.05
and 0.06. In Appendix B we present the tables with all the com-
parisons between the algorithm and the validators for each fc
value, and for the cases of comparing all the objects and when
comparing objects separated by z = 1.056.

We compare cases where the best model of the algorithm is
model-1, and the validator recommendation is a different model,
meaning that visual inspection suggests the addition of a [OT11]
winds and/or a BEL component; we call this case a complexity-
discrepancy. We also compare the opposite case, where the
validator recommendation is model-1 while the algorithm’s best
model is any different option; we call this case simplicity-
discrepancy. All the results for the complexity-discrepancy and
simplicity-discrepancy are in Appendix B. The median val-
ues for complexity-discrepancy range between 0.09 and 0.10
for z < 1.056, and are always 0.02 for z > 1.056. For the
simplicity-discrepancy, the median values are between 0.09 and
0.14 for z < 1.056, and between 0.02 and 0.08 for z > 1.056.
For completeness, the tables in Appendix B also present the
fraction of other discrepancy cases, different to complexity- or
simplicity-discrepancy, and meaning that when the algorithm or
the validator recommends [OI11I] winds, the other recommends
BEL (only possible for z < 1.056). This fraction is 0.01 for
7 < 1.056 only in a few cases.
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6.3. Comparison with synthetic data

The main goal of the algorithm using the DWT method is to
identify when a better fit of a spectrum can be obtained by the use
of a more complex model. Here, we present the results obtained
using synthetic data and compare them with those from our code.

6.3.1. Synthetic spectra generation

We generated synthetic spectra in the same observed wavelength
range as SDSS spectra for redshifts of 0.5, and 1.8. We used the
pPXF-util functions to generate the emission lines (NELs and
BELs). To obtain a fixed value for the FWHM we convolve them
using the gaussian_filterld, and for all the synthetic com-
ponents, we used the log_rebin function to obtain the same
binning as an SDSS spectrum. The fixed FWHM for BELs was
5000km/s for z = 0.5, 7000km/s for z = 1.8. For NELs we
adopt FWHM= 400km/s. For the relative intensity of NELs
and BELs we used the relative fluxes reported in Vanden Berk
et al. (2001). For the synthetic AGN-continuum we used the
power-law function f; = (%)‘1'5. We used three stellar popula-
tions templates from the E-MILES library of 0.5 Myr, 5 Myr,
and 11 Myr with relative intensities between them of 0.5, 0.3,
0.02 to generate a synthetic stellar population component (only
for z = 0.5). In addition, we added a UV/optical Fell compo-
nent. We fixed the AGN-continuum luminosity at 5100 A or at
3000 A, depending on redshift, to be L, = 10* ergs/s. Then, for
the relative intensity of the other components with respect to the
synthetic AGN-continuum, we adopt empirical relations. For the
relative flux of BELSs, we used the relations

Lia = 5.25 % 10¥ X (Ls100/10*)!157 ergs/s, (8)
L L

og| =291 = 2.22 + 0.909 x log [ =22 | . )
ergs/s ergs/s

The Eq. (8) is from Greene & Ho (2005), and Eq. (9) from
Shen et al. (2011). With this relation, we obtain a factor to multi-
ply our BELs templates. For NELs we impose a factor to obtain
the HB narrow flux to be 12% of the broad flux for z = 0.5;
whereas for z = 1.8, NELs have a contribution of 0.3% of the
emission lines. For the stellar component, we imposed that it
contributes to 10% of the total continuum for z = 0.5. For Fell,
we used the relation Rpeyr = 0.5 X (FWHMy3/4000.0)~"%, where
RFeH = FFe []’,14750/FH[; (BOI‘OSOH & Green 1992)

Additionally, for z = 0.5 we generate three templates of
[O111] winds. These outflows have 100%, 50%, and 20% of
the [O11] flux and were blueshifted 346 km/s (Zhang et al.
2011). In addition, we generated a second set of BELs with
FWH= 10000km/s and imposed 30% the flux of the first
BELs to obtain spectra with more complex broad regions.
For z = 1.8, the CIV emission line is in the wavelength
range and, in this case, we shifted the emission by adding
an outflow emission with FWHM= 10000km/s and blueshift
of 1000km/s. Before adding the different components, all
were convolved to the SDSS instrumental FWHM using the
function fftconvolve® Finally, we add noise to the spectra
using the inverse variance of SDSS spectra with magnitude in
g-band ~ 18 mag (which is the approximate g-mag for an
object of Lsiopo = 10" ergs/s and z = 0.5). For noise,
we use spectra with SN_MEDIAN_ALL=[5, 10, 20, 30]). We
obtained a synthetic inverse variance per pixel and then used

3 The fftconvolve. function is part of the Scipy package (https:
//scipy.org/).
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Table 4. Coincidence fraction by SN_MEDIAN_ALL and fc.

SIN fe
@l 075 100 125 150 175 2.00 225 2.50
5 078 056 067 044 011 011 022 022
10 056 056 056 056 056 067 044 0.44
20 067 0.67 067 067 067 078 078 0.44
30 056 0.67 067 056 056 056 044 033
Mean 0.64 062 0.64 056 048 053 047 0.36

Notes. The column S/N refers to the SN_MEDIAN_ALL of the spectra.
The other columns are the coincidence fraction of each fc value for
all synthetic spectra. The row mean is the mean coincidence fraction
through all the SN_MEDIAN_ALL.

these values to generate random noise using a normal dis-
tribution centered at zero. With this method, the synthetic
SN_MEDIAN_ALL results in similar values as the SDSS
spectra.

We generated 45 spectra in total. For z = 0.5 we
have: one with the initial description (NELs+BELs+AGN-
cont+Fell+sterllar-cont; similar to model-1), three with the addi-
tion of [OI111] winds (similar to model-3), one with the addition
of second BELSs (similar to model-2), and three with the addi-
tion of a second BELs and [O111] winds (similar to model-4).
For z = 1.8, we obtained one spectrum with the initial descrip-
tion without a stellar component (similar to model-1). And for
each of the mentioned nine spectra, we obtained a spectrum with
the different SN_MEDIAN_ALL values.

6.3.2. Results for the synthetic spectra

We adopted the same methodology using fc values of
[0.75,1.0,1.25,1.50,1.75,2.0,2.25,2.50] and compared the
synthetic model with the best model proposed by the code, and
the synthetic flux of the different emission lines with the flux of
the best model fit.

In Table 4, we compare the coincidence fraction between
the code and the synthetic spectra with the different
SN_MEDIAN_ALL values. The coincidence fraction (with the
same meaning as in the validation results) is compared for
the best model selected by the code with different fc values.
Tables with the comparisons for each synthetic spectrum are
in Appendix C. From Table 4, we can say that, on average,
using fc = 0.75 obtained better coincidence, and that fc = 2.5
obtained the lower values of coincidence. However, when we
consider spectra with SN_MEDIAN_ALL> 10, values between
fc = 0.075 and fc = 1.75 give the same coincidence frac-
tion, and fc = 2.0 produces similar or higher values. We notice
that spectra with SN_MEDIAN_ALL= 5 show a profile where
noise buries the second BELs and/or [O111] winds for the visual
inspection.

We compared the flux of the synthetic spectra emission lines
with those obtained from the best model. In Figs. 5 and 6, we
compare the narrow and broad emission lines flux for spectra
with z = 0.5, which have all the synthetic spectrum cases. In
these figures, the y-axis is the fractional difference between the
modeled-flux f;, and the synthetic-flux f; ([f,, — fs1/f). For the
NELs He, HB, [O111], and [O111]wind are in Fig. 5, and for the
BELs Ha, HB, and Mgil in Fig. 6.

In Fig. 5, we observe that Ha and [OIII] are in
good agreement with the synthetic flux for spectra with
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synthetic models with two BEIs components.
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Fig. 6. Fractional difference between the modeled-flux f,, and the
synthetic-flux f; for BELs. Colors indicate the SN_MEDIAN_AL of
the synthetic spectrum, and marks indicate the S/N in the region of the
emission line labeled on the y-axis. In the x-axis of the bottom panel,
the labels are the same as in Fig. 5.

SN_MEDIAN_ALL> 5, while HB and the [OIlIJwinds are in
good agreement only for a few cases. In the case of HB, the scat-
ter is a result of the embedded narrow emission in the broad
component. While for [O111]winds, we found that for the syn-
thetic blue-shift, the wind component is well fitted if the wind
flux is comparable with the narrow emission flux; in the other
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cases, the noise and narrow component can hide the outflow. For
BELs, Fig. 6 shows that when the emission line is more intense,
the flux agreement is better, and also that a poor S/N in the emis-
sion line region can lead to a large scatter in the measurements
of the flux. We note that this flux comparison is not a test of
the quality of pPXF fitting and only aims to test the code fitting
results for completeness.

7. Discussion

Performing the task of analyzing thousands of spectra is becom-
ing a more commonplace scenario. Surveys such as SDSS-V,
DESI, and the future 4MOST are targeting large samples of
AGNs and AGN candidates, and making the data public. There-
fore, we need computational options to reduce the time used
to produce measurements of population properties, which can
increase the efficiency of the scientific analysis. Here, we present
an algorithm that can improve the efficiency of the AGN spec-
tral analysis by automatically selecting the best model to fit the
spectra. In the following, we discuss the advantages, limitations,
and options to mitigate them, as well as our outlook for future
works.

7.1. Advantages

The automated method implemented for the best-model selection
depends on the value of a few parameters, which means that the
results can always be replicated. Meanwhile, the choice of the
best-model by visual inspection depends on the expertise and
level of fatigue of the human in charge of the task, as shown
by the validators comparison in Sect. 6.2.1. This reproducibility
advantage helps to reduce the subjectivity of these decisions and
final results.

One of the great advantages is the computational time of the
algorithm as an automatic method compared with the estimated
time that a human validator should invest. From the validation
process, we estimate that the time spent in the visual inspec-
tion for one object is 60s, while for the same task, the algorithm
uses less than 1s. Considering the 60s as average time, we can
estimate that for a sample of 10 000 objects, and the mean recom-
mendation percentage of a new model of 23%, a human will need
a total of 38.3 hours of work only for the visual inspection of the
spectra with new model recommendation. In comparison, a com-
puter with similar characteristics to the one used in this work will
perform the automated inspection of all the objects in 2.8 hours.
This is an important difference if we take into account that a
human is not capable of carrying out the total visual inspection
continuously and would require more than two working days to
cover the 38.3 hours. We note that this time scales with the size
of the sample. Moreover, we compared the results of the algo-
rithm with the visual inspection. The comparison shows that if
we consider the comparison between two validators (Sect. 6.2.1),
and between the algorithm and one validator (Sect. 6.2.2), the
algorithm reach a similar coincidence fraction with validators
(between 0.76 and 0.80 for z < 1.056, and between 0.91 and
0.96 for z > 1.056) as the coincidence between two validators
(0.82 for case z < 1.056 and 0.98 for z > 1.056).

As mentioned in the Sect. 1, the algorithm is implemented
in Python, which is currently one of the most popular code lan-
guages and can be executed in all (albeit not highly specialized)
operating systems. This characteristic makes it easy for users to
implement the algorithm code and to modify the needed values
for other cases, such as the detection of asymmetry in BELs
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or absorption features near BEL regions. Adding new regions
of interest of the spectrum to inspect additional emission lines
or continuum profiles can also be easily implemented. Finally,
the algorithm can be implemented for any instrument spectral
data with small modifications or additions. This flexibility for
improvement is a great advantage of the algorithm.

Another feature indicated in Sect. 3 is the output of
comments for specific regions considering the residual
significance. As a function of the different fc val-
ues, the fraction of objects with comment outputs are
[0.11,0.09,0.07,0.06,0.05,0.04,0.04,0.03], respectively.
In this work, we do not present more analysis of the comments
output because those are specific to each object, and the analysis
of these particular cases is beyond the scope of this paper.
However, we note that these features can be used to find and
study particular cases in large samples, such as to identify
anomalous objects.

7.2. Limitations

As the objective of automatically fitting thousands of spectra is
to extract properties of these objects, we examine here some
caveats in the algorithm that lead to the fraction of disagree-
ment among validators, and for this small fraction, a probable
inaccurate measurement of these properties.

The disagreement between the best model from the algo-
rithm and the recommendation of the validators can be affected
by spectral quality. The significance of residuals, which is used
to determine the model recommendation, is directly affected by
the quality of the data in each region of interest. In cases of good
quality, small structure in the residuals can be identified, while
in low-quality spectra, the structure can be diluted by the larger
scatter among the residuals, as shown in Sect. 6.3.2. It is more
frequent that this large scatter occurs when the regions of interest
lie near the edges of the spectra, where the data can suffer from
larger noise.

Additionally, as mentioned before, anomalous spectra might
be included in large samples and the quality of the fit in these
cases could be limited by the models included. As we used pPXF,
by the initial values and bounds of the kinematic parameters as
well. For example, double-peaked BELS (i.e., double broad emis-
sion lines with a large difference in velocity shift) will require
different initial values for the first kinematic moment. Even when
the model with double BELs is recommended, the bounds of the
kinematic values can prevent a good fit, since the double BEL
scenario in the algorithm is set up to model lines with differ-
ent velocity dispersions, but not a large difference in velocity
shift. We alleviated this shortage for C IV emission lines, which
can show blushifted outflows (Gaskell 1982; Wilkes 1984; Tytler
& Fan 1992; Temple et al. 2023) by modeling this emission
as an individual component, meaning individual kinematic val-
ues. Another example is the broad absorption line (BAL) objects
(Liu et al. 2015), where the implemented models are not able
to fit spectra due to their strong absorption profiles. Further-
more, even when the algorithm recommendation suggests an
extra component, the fit does not improve because of the model
limitations.

Another factor that limits the performance of the algorithm
and the final fit is the presence of unflagged bad-pixels in the
emission lines being modeled, which produce false deviations
during the DWT decomposition and/or the incorrect measure-
ment of quantities such as the flux or equivalent width of
emission lines. Also, high inaccurate redshift values associated
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with the spectra will lead to an incorrect fit and false flux devi-
ation measurements. Small inaccuracies can be compensated by
the freedom to fit a velocity shift to all the components, but this
is limited to velocities of +£500km/s (being higher for C1v) in
the current setting.

7.3. Potential for optimization

The presented algorithm has important characteristics that can
be expanded to a higher level of complexity. One of these is
the possible addition of more fitting models or variants of the
ones presented here. New conditions can be added to discrimi-
nate particular cases and use more appropriate models. Another
possibility is the use of the signs of the DWT coefficients to find
strong absorption features, as in the case of BALs objects. As
mentioned before, the model recommendation and the best-fit
decision depend on a few parameters, such that a more exhaus-
tive test of the algorithm using a grid of values for the different
parameters could lead to an increase in the efficiency of the algo-
rithm. A more sophisticated approach could be to use a dynamic
threshold value for deviation detections in the DWT decompo-
sition, where the threshold could be optimized for each object
and each region, associating the threshold with the quality of
the data. In our test, we found that fc values from 1.25 to 2.50
have similar coincidence and discrepancy results. Based on these
results, a moderate threshold of fc = 1.75) is recommended.
This value allows for a more complex model in the second fit
when needed, while the best-model selection routine (as the
final decision step) can prevent the use of unnecessarily com-
plex models. Another potential application is to use the deviation
detection when comparing different epochs of the same object,
to facilitate the detection of changing-look-AGNs, changing-
state-AGNs, and even newborn or quiescent AGNSs in large data
samples.

In the bigger picture, the code where the algorithm is
implemented can be modified to use different types of data
archives from different instruments. For example, it would be
easy to apply the algorithm to DESI and future 4MOST data,
for instance. Moreover, the algorithm has no strict dependency
on pPXF output and could be implemented in a routine with
different software. Finally, the method is not restricted to the
UV/optical wavelength range and can be used in other wave-
length regimes (e.g., XSHOOTER, MOONS, PFS, SPHEREX).

8. Summary

We present an algorithm implemented in Python to perform
automatic best-fit model decisions for AGN spectra. The algo-
rithm uses the pPXF software for spectral fitting, the DWT
method for model recommendation, and RMS and F-test assess-
ment to obtain the best model decision.

We implemented two sets of four different models, which
can be used for the spectral fitting. The difference between mod-
els is in the use of extra Gaussian components for BELs or
[O11]winds. The workflow uses the simplest model for the first
fit, and a dedicated routine recommends whether or not to use
more complex models. This routine is based on the detection of
deviations in the DWT decomposition of the best-fit spectrum
residuals, residual significance, and kinematic parameters from
the first best-fit. The detection of deviations depends on a thresh-
old value. We tested different threshold values and implemented
the DWT routine in the specific regions He, HB, Mg11, C1v, and
[O111], but more regions can be added if needed.
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To validate the method, we used a sample of 800 spectra
from Lyke et al. (2020) catalog, which is a sample of SDSS
quasars, spanning a wide range of redshifts. The first fit of these
objects was visually inspected by eight validators, with each
spectrum inspected by three different validators. For compari-
son, the validators had the same options as the routine for the
model recommendation. We compared the coincidence in rec-
ommendations between validators and between the algorithm
and the validators. When comparing two validators, the median
fraction of coincidence is 0.82 for z < 1.056 and 0.98 for z >
1.056. The comparison of the algorithm, using the different val-
ues of fc, and each one of the validators results in a median
coincidence between 0.76 and 0.80 for objects with z < 1.056
and between 0.91 and 0.96 for z > 1.056.

We also compared the computational time with the time
spent on the visual inspection. For the visual inspection task, the
algorithm in 90% of the spectra uses less than 1s. In contrast, we
estimate that a validator spent 60s in the visual inspection. Fur-
thermore, for 50%(90%) of the spectra where a larger number of
templates were used for the fit, the algorithm is completed in less
than 29s(75s). In conclusion, the use of the presented algorithm
is more efficient than the visual inspection when larger samples
are fitted. Considering the results, we found that the most ade-
quate and equilibrated threshold resides between fc = 1.25 and
fc = 1.75, but a more stringent (higher) fc value can be better
in particular cases or for specific studies.

Finally, we highlight the accuracy of the algorithm mea-
sured by the coincidence fraction and the computational time
advantage. The limitations are more restricted to the quality of
the spectra, particular cases, and the subjectivity in the visual
inspection. Additionally, we propose further development of the
code to improve the results and expand its use for particular
studies.

Data availability

The algorithm scripts are publicly available on this GitHub
repository: https://github.com/santiagobg/amaru_v01
and at the CDS via https://cdsarc.cds.unistra.fr/
viz-bin/cat/J/A+A/707/A206
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Appendix A: Examples of algorithm results

Here, we present examples of the results from the algorithm best-model decision, similar to the example presented in Fig. 3. First,
in Fig. A.1, we show the DWT coefficients for each level and mark with red dots the flagged deviations for the example in Fig. 3.
Figure A.2 shows the best-fit obtained with model-1 in the three top panel rows, and the best-fit obtained with the best model
recommended by the algorithm, in this case model-2.
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] ]
3 o0 Pbhpapsmymane P - i oy - ey :-,;W
oy . . i ,
3000 4000 5000 6000
DWT-Level 1
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Fig. A.1. Top: Residuals of the fit in the three top panels of Fig. 3. Remaining panels: DWT coefficients and the flagged deviations (in red). Dashed
lines delimit the region where the DWT flagged the residuals structure for the model recommendation.
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Fig. A.2. Comparison of the best-fit of a spectrum fitted with model-1 (three top panels), and best-fit with model-3, which was determined as the
best model by the algorithm (three bottom panels). In both cases, the Ha and Hp regions are zoomed, and the total fit and residuals are also shown.
The main difference between both fits is the use of a second BELs component to fit the profile in the Hao and HS regions.
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Fig. A.3. Comparison of the best-fit of a spectrum fitted with model-1 (three top panels), and best-fit with model-2, which was determined as the
best model by the algorithm (three bottom panels). In both cases, the Mgi1, CIV regions are zoomed, and the total fit and residuals are also shown.
The main difference between the fits is the use of a second BELs component that improves the fit in the Mgl and CIV regions.
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Appendix B: Algorithm and validators coincidence fraction

Here, we show all the results from the comparison between the algorithm and each validator recommendations. Table B.1 presents
the results when considering all the objects. While Table B.2 shows the results for objects with z < 1.056, and Table B.3 for objects
with z > 1.056. All these tables compare the different fc values. Also, the fractions for the complexity and simplicity-discrepancy
are presented.

Table B.1. Coincidence between algorithm and validators for all objects.

fc=075 fe=1 fc=125 fc=150

Validator [ Co CD SD OD | Co CD SD OD| Co CD SD OD | Co CD SD OD
VI 068 023 009 000 | 0.68 024 008 000|069 025 006 000|069 025 006 0.00
v2 0.82 0.08 010 000|083 008 009 000 084 008 007 001 | 0.84 0.09 007 0.00
v3 0.84 003 012 001 | 0.85 004 0.1 000 | 088 003 009 000|088 004 008 0.00
v4 0.80 0.09 0.1 000|081 009 009 001|082 009 008 00 |08 009 008 0.00
V5 0.84 002 014 000|086 002 012 000|088 002 010 000|089 002 009 0.00
v6 0.88 0.02 010 000|090 002 008 000|091 002 007 000|093 002 005 0.00
v7 084 003 012 001 | 085 003 012 000|085 003 011 000|087 003 0.0 0.00
v8 0.81 0.09 009 001 |08 010 008 001 |08 010 007 001 |08 010 006 0.01

median | 0.83 0.06 011 0.00 | 0.84 0.06 0.09 0.00 | 0.85 0.06 0.08 0.00 | 0.86 0.07 0.08 0.00

std 0.06 0.07 0.02 0.01 | 006 0.07 002 000|006 0.07 002 0.01 007 0.07 001 0.01
fe=1.5 fc=2 fc=2.25 fc=2.50

Validator | Co CD SD OD Co CD SD OD Co CD SD OD Co CD SD OD

vl 069 025 005 001|069 025 006 000|069 025 006 0.00] 069 025 0.05 0.01

v2 085 0.09 0.06 000 | 08 0.09 005 000|086 0.09 005 0.00|0.87 0.09 0.04 0.00

v3 0.89 0.04 0.07 000|089 0.04 007 000|088 0.04 008 0.00 088 0.04 0.08 0.00

v4 0.83 0.09 0.07 0.01 083 0.09 007 0.01 |084 0.09 007 0.00|0.84 0.09 0.06 0.01

v5 0.89 0.02 0.08 0.01 | 090 0.02 008 000 |09 0.02 008 0.00|09 0.02 007 0.00

vo 093 0.02 0.05 000|093 0.02 005 000|093 0.02 005 0.00 093 0.02 0.05 0.00

v7 0.88 0.03 0.09 000|083 0.03 008 0.01 |08 0.03 008 0.00 |09 0.03 0.07 0.00

v8 0.84 011 0.05 000|084 010 006 0.00 | 084 010 005 0.01 | 0.8 010 0.05 0.00

median | 0.87 0.07 0.07 0.00 | 0.87 0.07 0.07 0.00 | 0.87 0.07 0.07 0.00 | 0.88 0.07 0.06 0.00
std 0.07 0.07 0.01 o0.01 | 007 007 001 001 |0.07 007 0.0l 0.00| 007 0.07 001 0.00

Notes. The column "Validator" indicates the number of the validator used for the computation of the coincidence and discrepancy columns.
Column "Co" stands for coincidence and is the fraction of coincidence. Column "CD" stands for complexity-discrepancy, which is the fraction
of objects when the algorithm best model is model-1 and the validator recommendation is different, meaning a model with more components.
Column "SD" stands for simplicity-discrepancy, which is the fraction of objects where the recommended model by the validators is model-1 and
the algorithm best model is different, meaning a model with more components. Column "OD" is the fraction of other cases of discrepancy. The
last row shows the median values for each column.
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Table B.2. Coincidence between algorithm and validators for objects with z < 1.056.

fe=0.75 fe=1 fc=1.25 fe=1.50

Validator | Co CD SD OD Co CD SD OD Co CD SD OD Co CD SD OD

vl 061 030 009 00005 032 009 0.00]05 033 008 0007059 033 008 0.00

v2 076 0.12 012 0.001| 077 013 010 0.00 | 0.79 013 008 0.00 | 077 014 0.09 0.00

v3 078 005 016 0.01 | 0.78 0.06 015 0.01 | 081 0.06 0.13 0.00 | 0.81 0.06 012 0.01

v4 072 014 014 0001|073 014 013 000|074 014 012 0.00 | 075 014 011 0.00

v5 076 005 019 0.00| 078 0.05 0.17 0.00 | 0.80 0.04 016 0.00| 0.81 0.05 014 0.00

v6 085 002 013 0.00 | 0.87 0.02 011 0.00 | 087 002 011 0.00 ]| 0.89 0.02 0.09 0.00

v7 076 003 020 0.01 | 076 0.04 020 0.00 ] 079 003 018 0.00 | 080 0.04 016 0.00

v8 072 018 0.10 0.00| 071 019 0.09 0.01 | 072 020 008 0.00]| 073 020 0.07 0.00

median 076 009 014 000 ]| 0.77 010 012 0.00 | 079 010 012 0.00 079 010 0.10 0.00

std 0.06 0.09 0.04 0.00 | 0.07 0.09 004 0.01 | 008 010 0.04 0.00]| 008 010 0.03 0.00
fe=1.75 fc=2 fc=225 fc=2.50

Validator | Co ChD SD OD Co ChD SD OD Co CD SD OD Co ChD SD OD

vl 059 0.33 0.07 001|059 033 007 001|059 033 007 0.01 [ 060 033 0.07 0.00

v2 077 014 0.09 0.00| 077 014 0.09 0.00 | 0.78 0.14 0.08 0.00 | 0.79 0.14 0.07 0.00

v3 0.81 006 012 0.01 | 081 0.06 012 001 | 0.80 006 013 0.01 | 0.81 0.06 012 0.01

v4 076 014 010 0.00| 076 014 010 0.00 | 076 014 010 0.00 | 0.76 0.14 0.10 0.00

v5 082 005 013 0.00 | 082 0.05 013 000|082 0.05 013 000 | 083 0.05 012 0.00

v6 0.89 0.02 0.09 0.00| 090 0.02 0.08 00009 0.02 008 000709 002 0.08 0.00

v7 0.80 0.04 016 0.00 | 081 0.04 015 000 | 082 003 015 000 | 083 0.03 014 0.00

v8 072 021 0.07 0.00 ] 072 021 0.07 0.00 /| 074 020 0.06 0.00| 074 0.20 0.06 0.00

median 079 010 010 0.00 | 079 010 010 0.00 [ 0.79 0.10 0.09 0.00 [ 0.80 0.10 0.09 0.00

std 008 010 0.03 001|009 010 0.03 000 |0.08 010 0.03 0.00 | 0.08 010 0.03 0.00

Notes. Columns are the same as in Table B.1.
Table B.3. Coincidence between algorithm and validators for objects with z > 1.056.

fc=0.75 fe=1 fc=1.25 fc=1.50

Validator | Co CD SD OD Co CD SD OD Co CD SD OD Co CD SD OD

vl 076 0.16 0.08 0.001| 077 016 0.07 0.00 | 079 016 0.05 0.00 | 0.80 0.17 0.03 0.00

v2 0.88 0.03 0.08 001|089 0.03 008 00009 003 006 0.01 091 003 005 0.01

v3 091 0.01 0.08 000|092 0.01 0.07 000 |09 0.01 003 000]| 09 0.01 003 0.00

v4 0.87 0.05 0.08 0.00 | 088 0.05 006 0.01 |08 005 005 0.01 |08 005 005 0.01

v5 092 0.00 0.08 0.00 | 093 0.00 0.07 000|095 000 005 00009 000 0.04 0.00

v6 091 0.01 0.08 000|093 0.01 0.06 000|094 0.01 0.05 000]| 09 0.01 003 0.00

v7 093 0.03 0.04 0.00 | 093 0.03 004 000|094 003 003 000|095 003 0.02 0.00

v8 090 0.01 0.09 0.00| 091 001 0.08 0001|092 001 007 000|093 0.01 0.06 0.00

median 091 002 008 0.00] 092 0.02 0.07 0.00]| 093 0.02 0.05 0.00 /| 094 0.02 0.04 0.00

std 005 005 001 001|005 005 001 0007|005 005 001 0.01 005 005 0.01 o0.01
fe=1.75 fc=2 fc=2.25 fc=2.50

Validator | Co CD SD OD Co CD SD OD Co CD SD OD Co CD SD OD

vl 0.80 0.17 0.03 0.00 | 0.78 0.18 0.04 0.00 | 078 0.18 0.04 0.00 | 0.79 0.18 0.03 0.00

v2 094 003 0.03 0.00 095 0.03 001 0.01 |09 003 001 0.01|095 003 0.01 o0.01

v3 097 0.01 0.02 0.00 097 001 002 0001|097 001 002 000|097 0.01 0.02 0.00

v4 090 0.05 0.05 0.00 | 090 0.05 005 000|090 005 005 0001|091 005 0.04 0.00

v5 097 0.00 0.03 0.00 | 097 0.00 0.03 000|097 000 003 000|098 000 0.02 0.00

v6b 096 0.01 0.02 001 |09 001 002 0.01 |09 001 002 0.01 |09 0.01 0.02 0.01

v7 095 0.03 0.02 0.00 096 0.03 001 000709 003 0.01 000|097 003 0.00 0.00

v8 095 0.01 0.04 0.00 094 001 0.05 000|094 001 005 000|095 0.01 0.04 0.00

median 095 0.02 0.03 0.00 096 0.02 003 00009 002 003 000|096 002 0.02 0.00

std 0.05 005 001 0.00 | 0.06 0.06 002 0007|006 006 002 0001|006 006 0.01 o0.01

Notes. Columns are the same as in TableB.1. The OD column is included only for formatting purposes, as the OD case is not applicable for objects
with z > 1.056, where only model-1 and model-2 are valid recommendations.
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Appendix C: Synthetic spectra: Model recommendation

Here, we show the results obtained by the code for the synthetic spectra. We tabulated the best model from the code for each synthetic
spectrum, grouping results by SN_MEDIAN_ALL.

Table C.1. Comparison of the synthetic spectrum model and code best model for SN_MEDIAN_ALL= 5.

synthetic best-model best-model best-model best-model best-model best-model best-model best-model
model fc=075  fc=1.00 fc=125 fc=150 fc=175 fc=200 fc=225 fc=2.50
model-1 model-1 model-2 model-2 model-2 model-2 model-2 model-2 model-2
model-3w0.2 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-2
model-3w0.5 model-4 model-3 model-3 model-1 model-1 model-1 model-4 model-4
model-3w1.0 model-2 model-2 model-1 model-1 model-1 model-1 model-1 model-1
model-2 model-2 model-2 model-2 model-2 model-1 model-1 model-1 model-1
model-4w0.2 model-2 model-2 model-2 model-2 model-1 model-1 model-1 model-1
model-4w0.5 model-2 model-1 model-2 model-1 model-1 model-1 model-1 model-1
model-4w1.0 model-2 model-2 model-2 model-2 model-1 model-1 model-1 model-1
model-1(z = 1.8) | model-1 model-1 model-1 model-1 model-1 model-1 model-1 model-1
Coin. fraction 0.78 0.56 0.67 0.44 0.11 0.11 0.22 0.22

neon

Notes. For column values, we use the same model names established in 2.2. In the synthetic model column, the numbers after "w" are the
percentage of the [O111] wind flux relative to the [O111] flux. The last row indicates the coincidence fraction between the synthetic model and the
code’s best model for the different fc values.

Table C.2. Comparison of the synthetic spectrum model and code best model for SN_MEDIAN_ALL= 10.

synthetic best-model best-model best-model best-model best-model best-model best-model best-model
model fc=075  fc=1.00 fc=125 fc=150 fc=175 fc=200 fc=225 fc=2.50
model-1 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-2
model-3w0.2 model-2 model-2 model-2 model-2 model-2 model-1 model-1 model-1
model-3w0.5 model-1 model-1 model-1 model-1 model-1 model-3 model-3 model-3
model-3w1.0 model-2 model-2 model-2 model-2 model-1 model-1 model-1 model-2
model-2 model-4 model-4 model-4 model-4 model-4 model-4 model-1 model-1
model-4w0.2 model-2 model-2 model-2 model-2 model-2 model-2 model-1 model-2
model-4w0.5 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-1
model-4w1.0 model-4 model-4 model-4 model-4 model-4 model-4 model-3 model-3
model-1 (z = 1.8) | model-1 model-1 model-1 model-1 model-1 model-1 model-1 model-1
Coin. fraction 0.56 0.56 0.56 0.56 0.56 0.67 0.44 0.44

Notes. Same description as for Table C.1

Table C.3. Comparison of the synthetic spectrum model and code best model for SN_MEDIAN_ALL= 20.
synthetic best-model best-model best-model best-model best-model best-model best-model best-model
model fc=075  fc=100 fc=125 fc=150 fc=175 fc=200 fc=225 fc=2.50
model-1 model-2 model-2 model-2 model-2 model-2 model-1 model-1 model-2
model-3w0.2 model-2 model-2 model-2 model-2 model-2 model-1 model-1 model-1
model-3w0.5 model-2 model-2 model-2 model-2 model-2 model-2 model-1 model-1
model-3w1.0 model-4 model-4 model-4 model-4 model-4 model-3 model-4 model-4
model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-2
model-4w0.2 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-1
model-4w0.5 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-1
model-4w1.0 model-4 model-4 model-4 model-4 model-4 model-4 model-3 model-4
model-1(z = 1.8) | model-1 model-1 model-1 model-1 model-1 model-1 model-1 model-1
Coin. fraction 0.67 0.67 0.67 0.67 0.67 0.78 0.78 0.44

Notes. Same description as for Table C.1.
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Table C.4. Comparison of the synthetic spectrum model and code best model for SN_MEDIAN_ALL= 30.

synthetic best-model best-model best-model best-model best-model best-model best-model best-model
model fc=075  fc=100 fc=125 fc=150 fc=175 fc=200 fc=225 fc=2.50
model-1 model-2 model-2 model-2 model-2 model-2 model-2 model-1 model-1
model-3w0.2 model-2 model-2 model-2 model-2 model-1 model-1 model-1 model-1
model-3w0.5 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-1
model-3w1.0 model-4 model-4 model-4 model-4 model-4 model-4 model-1 model-1
model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-1 model-1
model-4w0.2 model-2 model-2 model-2 model-2 model-2 model-2 model-2 model-2
model-4w0.5 model-2 model-2 model-2 model-1 model-1 model-1 model-1 model-1
model-4w1.0 model-4 model-4 model-4 model-4 model-4 model-4 model-4 model-1
model-1(z = 1.8) | model-2 model-1 model-1 model-1 model-1 model-1 model-1 model-1
Coin. fraction 0.56 0.67 0.67 0.56 0.56 0.56 0.44 0.33

Notes. Same description as for Table C.1.
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