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ABSTRACT

Third-generation (3G) gravitational-wave detectors such as the Einstein Telescope (ET) will observe binary black hole (BBH) mergers
at redshifts up to z ~ 100. However, an unequivocal determination of the origin of high-redshift sources will remain uncertain because
of the low signal-to-noise ratio (S/N) and poor estimate of their luminosity distance. This study proposes a machine-learning approach
to infer the origins of high-redshift BBHs. We specifically differentiate those arising from Population III (Pop. III) stars, which
probably are the first progenitors of star-born BBH mergers in the Universe, and those originated from Population I-II (Pop. I-II)
stars. We considered a wide range of models that encompass the current uncertainties on Pop. IIl BBH mergers. We then estimated
the parameter errors of the detected sources with ET using the Fisher information-matrix formalism, followed by a classification
using XGBOOST, which is a machine-learning algorithm based on decision trees. For a set of mock observed BBHs, we provide the
probability that they belong to the Pop. III class while considering the parameter errors of each source. In our fiducial model, we
accurately identify >10% of the detected BBHs that originate from Pop. III stars with a precision >90%. Our study demonstrates that
machine-learning enables us to achieve some pivotal aspects of the ET science case by exploring the origin of individual high-redshift
GW observations. We set the basis for further studies, which will integrate additional simulated populations and account for further

uncertainties in the population modeling.
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1. Introduction

The Einstein Telescope (ET) will be a forefront instrument for
observing gravitational waves (GWs) in Europe (Punturo et al.
2010; Maggiore et al. 2020). In particular, the ET will observe
mergers of binary black holes (BBHs) at redshifts as high as
z ~ 100 (Ngetal. 2021; Kalogera et al. 2021; Ng et al. 2022b;
Yiet al. 2022; Branchesi et al. 2023). However, the detection
of high-redshift events does not automatically imply an accu-
rate inference of their parameters. Several works have demon-
strated the challenge the ET will face in constraining the redshift
distribution of the detected sources, which in turn is a crucial
step to unveil their astrophysical origins (e.g. Ng et al. 2022a;
Chen et al. 2022; Iacovelli et al. 2022a; Mancarella et al. 2023;
Fairhurst et al. 2024; Marcoccia et al. 2024).

* Corresponding author; filippo.santoliquido@gssi.it

To this end, Ng et al. (2022a, 2023) investigated the accu-
racy of redshift measurements for BBH mergers. They specifi-
cally sought to determine whether their primordial origin could
be established. Their findings indicate that for BBHs with total
masses ranging between 20 Mg and 40 M, that merge at z > 40,
it is possible to infer that z > 30 with a credibility of up to 70%
using a single ET observatory. Mancarella et al. (2023) studied
a population of BBHs with parameter distributions extrapolated
from those of current LIGO-Virgo-KAGRA events (Abbott et al.
2023b) and found that only ~3% of the sources with z > 30 can
be reliably constrained to be beyond redshift 30 at a credibility
of 99%. These findings limit the scientific potential of the ET
and Cosmic Explorer (Reitze et al. 2019) because the detection
of BBHs in the early Universe is a pivotal element of the science
objectives for third-generation (3G) GW interferometers.

Population III (Pop. III) stars form from pristine metal-free
gas follow cosmic nucleosynthesis at z > 20 (Haiman et al.
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1996; Tegmark etal. 1997; Abeletal. 2002; Yoshida et al.
2003; Klessen & Glover 2023) and are thought to lead to
the formation of the first star-origin black holes in the
Universe (Kinugawa etal. 2014, 2016; Hartwig et al. 2016;
Belczynski et al. 2017; Tanikawa et al. 2022a; Costa et al. 2023;
Nandal et al. 2023; Iwaya et al. 2023; Tanikawa 2024; Liu et al.
2024a,b). There have been no direct observations of Pop. III stars
so far (Rydberg et al. 2013; Schauer et al. 2022; Larkin et al.
2023; Meena et al. 2023; Trussler et al. 2023), and they can
directly be detected with the James Webb Space Telescope
(JWST) only with gravitational lensing (Zackrisson et al. 2024;
Bovill et al. 2024; Wiggins et al. 2024). In recent years, BBHs
originating from Pop. III stars have gained significant atten-
tion in the context of GW astronomy (Kinugawa et al. 2020;
Liu & Bromm 2020a,b; Tanikawa et al. 2022a,b; Wang et al.
2022). In particular, Santoliquido et al. (2023) showed that
between ~20% and ~70% of the detectable mergers from
Pop. III BBHs occur at z > 8. These percentages depend on
assumptions regarding the star formation rate density and the
adopted initial conditions, resulting in distinct redshift distribu-
tions.

We present a novel method for distinguishing the origins
of GW sources. Specifically, we differentiate between BBHs
originating from Pop. III stars and those from Pop. I-II stars,
which encompass sources that merge across a broad redshift
range. It can be highly informative to determine the origin
of single GW events, especially regarding the specific physi-
cal processes leading to their formation (Abbott et al. 2019b;
Fishbach & Holz 2020; Kimball et al. 2020; Singh et al. 2022;
Tong et al. 2022; Gamba et al. 2023; Ng et al. 2023). Two dis-
tinct methods have been proposed in the literature to achieve
this. The first method involves a classification in which cate-
gorical variables are inferred through a hierarchical Bayesian
analysis that considers hyperparameters describing each subpop-
ulation (Farr et al. 2015; Mould et al. 2022, 2023; Godfrey et al.
2023). The second method is based on machine-learning (ML),
where ML algorithms are trained on simulated sources and are
subsequently applied to GW detections (Antonelli et al. 2023).
These methods have both been directly applied to GW events
published in LIGO-Virgo-KAGRA catalogs (Abbott et al. 2016,
2019a, 2021, 2023b).

In our analysis, we combine the outcomes of ML classi-
fiers trained on Pop. III and Pop. I-II BBHs with the inferred
posterior distribution of detected sources and take the parame-
ter estimation capabilities of the ET into account. Consequently,
we assign a probability for each source to be associated with
either origin. We assess the performance of our classification and
determine how the data inform the classification process. Our
investigation covers systematic variations within various mod-
els describing Pop. III BBHs, including astrophysical merger
rates.

With our proposed method, we aim to demonstrate that it is
possible to infer the origin of individual events, considering the
limited but still significant capability of the ET to perform the
parameter estimation of high-redshift sources (Ng et al. 2022a,
2023; Mancarella et al. 2023). Our method combines informa-
tion from astrophysical simulations with the results of the param-
eter estimation to achieve this goal. It is complementary to
currently adopted methods that are based on Bayesian analysis
(e.g., Thrane & Talbot 2019; Mould et al. 2023). The focus of
our method on individual GW observations potentially enables
us to identify rare events such as the most distant Pop. III BBHs,
which are particularly interesting for constraining our under-
standing of the early Universe.
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Machine-learning, deep learning, and artificial intelligence
have become increasingly critical in astronomy and astrophysics
(e.g., Ivezi¢ etal. 2014; Baron 2019; Djorgovski et al. 2022;
Moriwaki et al. 2023; Pasquato et al. 2024; Riggi et al. 2024),
with a growing emphasis on applications within the GW field
(Zevin et al. 2017; Cuoco et al. 2021a,b). In this context, a sig-
nificant focus of ML techniques involves classification tasks
(e.g., Bakeretal. 2015; Chatterjee et al. 2020; Sasaoka et al.
2023; Alhassan et al. 2023; Antonelli et al. 2023; Berbel et al.
2024). Furthermore, the large number of detections expected
with 3G GW observatories (Reitze et al. 2019; Maggiore et al.
2020; Branchesi et al. 2023) will make a full Bayesian parame-
ter estimation computationally expensive (Couvares et al. 2021;
Roulet & Venumadhav 2024). Hence, ML and deep learning
hold particular promise for a rapid inference of GW parameters
(Green et al. 2020; Dax et al. 2021, 2023; Williams et al. 2021;
Gabbard et al. 2022; Wong et al. 2023; Wouters et al. 2024).

This paper is organized as follows: We delineate in Sect. 2.1
the simulation setup for generating BBHs from Pop. III and
Pop. I-II stars. In Sect. 2.2 we evaluate the merger rate density as
a function of redshift, while Sect. 2.3 provides a brief overview
of the Fisher information-matrix (FIM) approximation we used
to estimate the parameters. Section 2.4 details the method for
assigning the probability of each source to belong to the Pop. I1I
class, while Sect. 2.5 delineates the training process for the ML
classifiers. Our results along with a discussion of our method
caveats are presented in Sects. 3 and 4. Conclusion are drawn in
Sect. 5.

2. Methods
2.1. Astrophysical populations

Santoliquido et al. (2023) presented a comprehensive investiga-
tion on the main sources of uncertainty affecting BBHs born
from Pop. III stars. Here, we focus on three of their models:
their fiducial model, along with the two models yielding the
lowest and highest comoving merger rate density of those they
calculated.

2.1.1. Population Il stars

The catalogs of BBH mergers reported by Santoliquido et al.
(2023) were generated using the binary population synthesis
code SEVN (Speraetal. 2019; Mapelli et al. 2020) for both
Pop. IIT (Costa et al. 2023) and Pop. I-1II stars (Iorio et al. 2023).
SEVN combines single and binary evolution by interpolating a
set of precomputed single stellar-evolution tracks (Iorio et al.
2023). Pop. III stellar tracks were computed using the PARSEC
code (Bressan et al. 2012; Costa et al. 2021; Nguyen et al. 2022)
with a metallicity of Z = 107! and covering a zero-age main-
sequence (ZAMS) mass range of 2.2-600 M, (for details, see
Costa et al. 2023).

Santoliquido et al. (2023) explored a large set of initial con-
ditions for Pop. III binary systems. The three models ana-
lyzed here correspond to the setups labeled LOG1, LAR1, and
TOPS. The initial mass function (IMF) is defined as a flat-in-
log probability distribution for model LOG1 (Stacy & Bromm
2013; Susaetal. 2014; Hirano etal. 2015; Wollenberg et al.
2020; Chon et al. 2021; Tanikawa et al. 2021; Jaura et al. 2022;
Prole et al. 2022),

ey
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Table 1. Astrophysical populations.

Name IC MZAMS,I q P e SFRD N
Pop. III fiducial LOGI1 Eq.(1) Eq.(4) Eq.(5) Eq.(6) H22 6916
Pop. IIT optimistic LARI1 Eq.(2) Eq.4) Eq.(5) Eq.(6) J19 119399
Pop. III pessimistic =~ TOPS5 Eq.(3) Eq.(7) Eq.(8) Eq.(9) SW20 202
Pop. I-11 Fiducial Eq.(10) Eq.(4) Eq.(5) Eq.(6) MF17 887364

Notes. For each model, we list the name of the initial condition configuration (IC), the distribution of the ZAMS masses of the primary star
Myanms.1, the distribution of the mass ratios g, the distribution of the orbital periods P, the distribution of the orbital eccentricities e, and the

adopted SFRD model. The rightmost column reports the total number of mergers from Eq. (16) assuming Ty, = 10 yr.

a Larson (1998) distribution for model LARI,
E(Mzams,1) o« Mii'SNISS’]eMCUL/MZAMS,l @)

with M, = 20 Mg (Valiante et al. 2016), and a top-heavy dis-
tribution for model TOPS (Stacy & Bromm 2013; Jaacks et al.
2019; Liu & Bromm 2020a),

f(MZAMS,I) o Mig-l\l/zs’le(Mcm/MZAMS,l)“ , 3)

with M.y = 20 M.

For the LOG1 and LARI1 models, the mass ratio (g =
Mzams.2/Mzams.1), orbital period (P), and eccentricity (e) were
drawn from the distributions by Sana et al. (2012). These distri-
butions are fits to O- and B-type binary stars in the local Uni-
verse,

2.1.3. Population synthesis with sevn

We adopted the rapid model for core-collapse supernovae
(Fryer et al. 2012) to convert the final properties of stars into BH
masses. Additionally, we incorporated the outcomes of electron-
capture supernovae, as described by Giacobbo & Mapelli
(2019). For pulsational pair-instability and pair-instability super-
novae, we adopted the model by Mapelli et al. (2020). The
black-hole natal kicks were drawn from the formalism presented
by Giacobbo & Mapelli (2020).

SEVN integrates wind mass transfer (Bondi & Hoyle
1944), stable Roche-lobe overflow (Lubow & Shu 1975;
Ulrich & Burger 1976), common-envelope evolution (Webbink
1984), and GW emission leading to orbital decay and circular-
ization (Peters 1964). We used the same setup as in the fiducial

£(q) o« ¢! with g € [0.1,1] and Mzamss > 2.2 Mo, (4 model by Iorio et al. (2023), using their default values for all

055 - relevant parameters. We adopted a common-envelope efficiency
¢(log P) o< (log P) with log P €[0.15,5.5], ©) parameter of @ = 1, which corresponds to assuming that all
£(e) o 192 with e € (0, 1] (6) the orbital energy that is lost from the system contributes to

Model TOPS instead adopts the mass ratio and the eccen-
tricity distributions derived from cosmological simulations by
Stacy & Bromm (2013),

unbinding the common envelope.

2.2. COSMORATE

&(q) o< g7 with ¢ € [0.1, 1] and Mzapsa > 2.2 Mo, (7) We determined the evolution of BBH merger rate density using
COSMORATE (Santoliquido et al. 2020, 2021), which interfaces

£(log P) o exp[—(log P — p)* /201, (8) catalogs of simulated BBHs with a metallicity-dependent SFRD

with ¢ = 55 and o = 0.85, and a thermal distribution model. The merger rate density in the source frame is given by

for the eccentricity (Kinugawa et al. 2014; Hartwig et al. 2016;
Tanikawa et al. 2021),

£(e) « 2¢ with e € [0, 1). ©)

We considered three independent estimates of the Pop. III
star formation rate density (SFRD). These were based on the
models by Hartwig et al. (2022, hereafter H22), Jaacks et al.
(2019, hereafter J19), and Skinner & Wise (2020, hereafter
SW20) and were adopted in model LOG1, LAR1 and TOPS,
respectively.

We call the LOG1, LAR1, and TOP5 models fiducial, opti-
mistic, and pessimistic, respectively. A summary of our models
is reported in Table 1.

2.1.2. Population -l stars

We considered the fiducial model from Iorio et al. (2023) as rep-
resentative of BBHs that formed from Pop. I-II stars. The initial
ZAMS mass of primary stars follows a Kroupa (2001) IMF,

EMzawms,1) « My with Mzams ) € [5,150] Mo . (10)

The secondary masses, initial orbital periods, and eccentricities
were distributed using the prescriptions by Sana et al. (2012)
(Egs. (4), (5), and (6)).

Zmax

R(z) = f ) [
Zmax L Zmin

where (') represents the chosen SFRD evolution, selected
from those presented in Table 1, and p(Z|7’) is the distribution
of metallicity Z at a fixed formation redshift z’. Considering that
we modeled Pop. III stars with a single metallicity value, we
simply set p(Z|z") equal to a Dirac delta function centered on the
chosen value Z = 107!, For the case of Pop. I-II stars, we used
(Madau & Fragos 2017)

(1+2)°
1+[(1+2)/c)d’

with a = 0.01 MgMpc3yr!, b = 26, ¢ = 3.2, and
d = 6.2, while for the metallicity distribution, we adopted
(Madau & Fragos 2017)

1
1/27r0'%
(13)

where (log Z(z')/Zs) = log({Z(Z')/Zs) — 111(10)0'%/2 and o7 =
0.2 (Bouffanais et al. 2021a).

V(@) p(Z2I)F (2, Z)dZ d;(—;)dz’, (11)

Y@)=a 12)

’ _ ’ 2
(2l = oxp {_ [log (Z(2)/Zs) = (log Z(2)/Z5)] } ’

2
207
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Table 2. Signal parameters and their adopted priors.

Parameter  Units Prior
mig Mol U0, 0)
ma4 Mo]  UO,myq)
dp [Mpc] Egq.(18)
ra [rad] U, 2r)
sindec [rad] U-1,1)
cost [rad] U-1,1)
o [rad] U, 27)
7/ [rad] U, )
te [s] U0, )

Notes. U(a, b) denotes a uniform distribution between a and b. See
Sect. 2.3 for details.

In Eq. (11) we introduced the expression d#«(z’)/dz’ = (1 +
7)Y 'H(Z')™!, where the Hubble parameter H(z) in a flat ACDM
Universe is given by

H() = Ho V(1 +2)Qur + (1 - Qu), (14)
with Hj denoting the Hubble constant, and €, representing the
a-dimensional matter density parameter. We used the cosmolog-
ical parameters reported by Aghanim et al. (2020). The expres-
sion ¥ (7', z,Z) from Eq. (11) is given by

1 dN(Z',z,2)

F(.2.2) = 15
Mror(Z2)  di(z) (1>
where Mror(Z) = Min(2)/(foinfimp). Here, Mgn(Z) is
the total simulated initial stellar mass in SEVN, fy, = 0.4

accounts for the assumed binary fraction (Sana et al. 2012), and
Jimr = 0.255 accounts for the incomplete sampling of the IMF
(Torio et al. 2023). Additionally, dN (7', z,Z)/d#(z) denotes the
rate of BBH mergers originating from progenitor stars with a
metallicity Z at redshift z’ that merge at redshift z.

The total number of BBH mergers for each model, regardless
of whether they are detectable, is reported in Table 1. This is
given by

1 dv.,
N = Tobsz(z)p(ml,szz)— dmdmydz,
1+z dz

(16)
where R(z) is the merger rate density (Eq. (11)), and p(m;, m;|z)
is the two-dimensional source-frame mass distribution at a
given redshift extracted with COSMORATE for each astrophysi-
cal model (Table 1). The factor 1/(1 + z) converts source-frame
time into detector-frame time, dVc¢/dz is the differential comov-
ing volume element, and 7T is the observing time.

For each of our models, we drew a realization of N BBHs
assuming Tops = 10 yr, obtaining a number of Pop. III mergers
that is orders of magnitude smaller for the fiducial (~7 X 10%),
optimistic (~1x10°), and pessimistic (~2x 10%) model compared
to Pop. I-II BBHs (~9 x 10°).

2.3. Parameter estimation

We simulated the parameter-estimation performance of
the ET using the FIM formalism (Cutler & Flanagan 1994;
Vallisneri 2008; Chanetal. 2018; Grimm & Harms 2020;
Borhanian 2021; lacovelli etal. 2022a) as implemented in
GWEFIsH (Dupletsa et al. 2023). In this approach, the likelihood
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of the data realization d is approximated as a multivariate Gaus-
sian distribution. The posterior is therefore given by

1 —T -
p(6ld) o m(0) exp (_5 @-0 FO0-6)|, (17)

where 6 are the injected parameters. We assumed the prior dis-
tributions m(6) reported in Table 2 (Dupletsa et al. 2024). In par-
ticular, for the luminosity distance, we chose a prior uniform in
comoving volume and source-frame time,

dav, 1 dV.dz 1
A e A (18)
where d, € [0, d;(z = 1000)] Mpc. The FIM is given by
Oh | Oh
= — |— , 19
7:] ((99,' 66’1-) 09 (19)

where GWFISH adopts 0 = {m, 4, my 4, dL, 1a, dec, ¢, ¢., ¥, t.},
where m; 4, mygq, and dy, denote the detector-frame masses and
luminosity distance, respectively; ra and dec are sky position
coordinates, ¢ is the inclination angle of the binary with respect
to the line of sight, ¢, is the phase at coalescence, i is the polar-
ization angle, and ¢, is the time of coalescence. The waveforms
also depend on the spin parameters, which we set to zero. We
explain our motivation for this choice and discuss it in Sect. 4.4.

We used the waveform approximant IMRPHENOMHM
(Kalaghatgi et al. 2020). The inner product in Eq. (19) is defined
as

ier a0, £)b*(, f)
b) = 4R —_df,
(alb) eff 5.0 f

with fiow = 2 Hz and fign = 2048 Hz, and a(6, f) and b(8, f)
are the Fourier transforms of the time-domain signals a(@, ) and
b(6,1). The noise power spectral density S,(f) was taken to be
that of a single triangular ET detector with an arm length of 10
km located in Sardinia (latitude 40° 31’, longitude 9°25’), which
is a possible candidate site (Branchesi et al. 2023). We used the
HFLF-cryogenic sensitivity curve', which includes both a high-
frequency instrument and a cryogenic low-frequency instrument.

As the signal observed at the detector depends on the red-
shifted masses and the luminosity distance to the source, we con-
verted the source-frame masses and redshift obtained through
COSMORATE in Sect. 2.2 into detector-frame masses and lumi-
nosity distances,

(20)

mig = mi(1+2z),

"z dz/
=c(l + —
d = c(1+2) fo =t
where i = 1,2 denotes the primary and secondary mass, respec-
tively; and the Hubble parameter H(z) is given in Eq. (14).

The parameters m;4, mp4, and dp were distributed
accordingly to their astrophysical populations (Table 1). The
other parameters were extracted from their prior distributions
(Table 2). Furthermore, we assumed a 100% duty cycle such that
Tobs corresponds to the full data-taking time.

In Fig. 1, we show the parameter estimation for BBHs orig-
inating in Pop. III and Pop. I-II stars observed with the ET.
Notably, a few Pop. III sources in the optimistic model are mea-
sured with extremely high precision. They have Ady /dp. < 0.01

21

(22)

! The sensitivity curve can be downloaded at https://apps.et-gw.
eu/tds/?content=3&r=14065.
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Fig. 1. Distribution of S/Ns (top left panel) and relative errors for
detector-frame primary masses (top right panel), detector-frame sec-
ondary masses (bottom left panel), and luminosity distances (bottom
right panel). The blue, green, and orange histograms correspond to opti-
mistic, fiducial, and pessimistic models for Pop. III BBHs, respectively,
and the red histograms refer to BBHs from Pop. I-1I stars (see Sects. 2.1
and 2.3 for details). In the top left panel, the dash-dotted black line
marks the adopted S/N limit, and the dashed black lines in the other
panels represent the adopted threshold for relative errors, where Ax are
1o errors and x = {m, g, My q4,dL}.

because they are at low redshift (z < 1) and have high source-
frame masses (m; = 30 My).

For the remainder of the paper, we select sources with S/N >
12 and relative errors smaller than 0.3 on m; 4, my4 and dr.. We
further discuss this choice in Sect. 4.5. As a result, the number
of detected and selected Pop. I-II BBHS is Npop, i1 = 11397 and
the number of Pop. IIl BBHS is Npgp,. i = 464, 10185, 22 for the
fiducial, optimistic, and pessimistic case, respectively. Despite
these thresholds, our analysis considered sources at low and high
redshifts, with maximum redshift values of z,,x =~ 23,19, and 21
for the fiducial, pessimistic, and optimistic models, respectively.
We also created balanced datasets, that is, we increased Ty in
Eq. (16) to obtain exactly 11397 events for the Pop. III models
as well.

Figs. 2, 3, and 4 illustrate the parameter distributions of
Pop. III BBHs in the fiducial, optimistic, and pessimistic
balanced models compared to those of Pop. I-II. The one-
dimensional histograms along the diagonal axes of the pair plots
show distinct peaks in the distributions of all the parameters.
For instance, in the detector frame, the primary mass peaks at
20-30 Mg, for Pop. I-II BBHs, whereas for Pop. III objects,
the maximum is at 200—300 My. On average, Pop. III BBHs
exhibit detector-frame masses that are approximately 100 times
higher than those of Pop. I-II. The peak of the source-frame pri-
mary mass distribution for BBHs generated from Pop. III stars
falls within the range of m; ~ 30-40 M, and the peak of
the merger rate density occurs at z ~ 8—16 (Santoliquido et al.

B fiducial balanced I Pop. I-1I BBHs

]03_

s

myd Mol

103_

102 J

maq Mol

101_

/ V4

dr, [Mpc]

103 10* 10°
dr, [Mpc]

100 102 10° 100 102 103

mya Mo maq Mo ]

Fig. 2. Pair plot illustrating the distribution for the fiducial balanced
case. The red and blue distributions indicate mergers of BBHs from
Pop. I-1I and Pop. III stars, respectively. The lower plots show kernel
density estimations, the upper plots show the individual samples, and
the diagonal plots show the marginalized distributions.

2023). In the detector frame, the primary masses of Pop. III
BBHs are therefore m;q4 ~ 240—-640 M. In contrast, Pop. I-
IT BBHs exhibit a peak in the source-frame primary mass dis-
tribution at 10—15 Mg (Broekgaarden et al. 2022; van Son et al.
2023; Santoliquido et al. 2023) , and the merger rate density
peaks at z ~ 2—3 (Santoliquido et al. 2021). The secondary mass
distribution of Pop. I-II objects peaks at ~20—-30 Mg, in contrast
with Pop. III, for which it peaks at ~100—200 M. The luminos-
ity distance peaks at ~2 x 10* Mpc for Pop. I-1l BBHs, and for
Pop. I1I sources, it peaks at ~10° Mpc.

Nevertheless, the two populations overlap: The tails of the
distributions of Pop. I-II m; 4, my4, and dy. intersect with the
maxima of Pop. III. This suggests that it is not trivial to effi-
ciently distinguish between these populations.

2.4. Classification of a single detection

The probability that the detected event j belongs to the Pop. III
class (hereafter, k for brevity) is given by

p(j € kld;, {B}) = deP(j € kix, d;, {BHp(xld;, {BY) , (23)

where d; is the data stream of the event j, {8} = {Bi_i1, B} are
the fractions of Pop. I-II and Pop. III BBH mergers, respectively,
and x is a subset of the waveform parameters (see Sect. 2.5). The
term p(i € k|x, d;, {8}) is the probability that the event j belongs
to the Pop. III class given the waveform parameters X, the data
stream d;, and the mixing fractions. We evaluated it by using a
ML algorithm trained on detectable waveform parameters (see
Sect. 2.5).
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Fig. 3. Same as Fig. 2, but for the optimistic balanced model.
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Fig. 4. Same as Fig. 2, but for the pessimistic balanced model.

We approximated the integral in Eq. (23) with a Monte Carlo
summation. We made the simplifying assumption that the poste-
rior samples of the single event j do not depend on the mixing
fractions g, that is, they were obtained using uninformative pri-
ors. We further discuss this choice in Sect. 4.6. Therefore, to
solve Eq. (23), we drew N, posteriors samples from p(x|d;) that
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Table 3. Hyperparameters adopted in XGBOOST training after a ran-
domized search.

Hyperparameter  fid. bal. opt. bal. pes. bal. range
max_depth 13 13 12 [2, 15]
learning_rate 0.034 0.034 0.016 [0, O0.1]
gamma 0.36 0.36 0.25 [0, 3]

Notes. The hyperparameters are distributed log-uniformly in the pro-
vided ranges. The column names stand for fiducial (fid.), optimistic
(opt.), pessimistic (pes.), and balanced (bal.)

are given as in Eq. (17) for each detection j,

p(j € kid;, () ~ (p(j € kixi,d;, (D) (24)

xi~p(Xld;)
where i spans the N posterior samples. The presence of
noise typically leads to a deviation of the likelihood maximum
(Eq. (17)) from the injected values in GWFISH (Rodriguez et al.
2013; Gupta et al. 2022). To simulate this, the N, posterior sam-
ples were centered around a new maximum likelihood that was
randomly sampled from Eq. (17) for each detected source (for
further details, see Section 2.1 in Iacovelli et al. 2022a).

2.5. Classification probability of a single event

The determination of the probability that the event j belongs
to the Pop. III class given its fixed waveform and population
parameters (p(j € klx,d;, ) in Eq. (23)) can be seen as a clas-
sification problem that is easily addressed with a ML algorithm.
The classification we performed, despite it can be done on every
waveform parameter in principle (see Sect. 2.3), is based only on
the detector-frame primary and secondary mass and on the lumi-
nosity distance, that is, X = {m; 4,my4,d;}. These parameters
are those linked to astrophysical processes, and the remaining
parameters were assigned randomly in our simulations.

We trained three different classifiers for which we kept the
BBHs from Pop. I-II stars fixed and varied those from Pop. III
stars (fiducial, optimistic, and pessimistic). We trained the clas-
sifiers on balanced datasets because classification performances
are maximized when the number of elements in the two classes
does not vary by some orders of magnitude (Haixiang et al.
2017). Following customary practice, we reserved 70% of the
sources of the balanced datasets for training and validation and
used the remaining 30% to test the performance of the balanced
classifiers.

To perform the classification, we adopted the ML algo-
rithm XGBOOST (eXtreme Gradient Boosting; Chen & Guestrin
2016). The key idea behind XGBOOST is to sequentially add
shallow decision trees to an ensemble of learners, each of which
corrects its predecessor. At every iteration, this algorithm fits the
new decision tree to the residual errors from the previous itera-
tions.

The performance of XGBOOST relies on a set of user-
adjustable hyperparameters aimed at enhancing the classifier
performance on a specific dataset. To determine the optimal
hyperparameters, we employed the RANDOMIZEDSEARCHCV
method from SKLEARN (Pedregosaetal. 2011), which ran-
domly selects a fixed number of hyperparameter combina-
tions from a predefined search space. This random sampling
makes the process computationally efficient and well suited for
extensive search spaces (Bergstra & Bengio 2012; Lones 2021).
We looped over three hyperparameters. Table 3 outlines the
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ranges we tested and the identified optimal values. In particu-
lar, max_depth is the maximum depth of a tree in XGBOOST.
Increasing max_depth allows the model to learn more com-
plex relations in the data, but can also lead to overfitting, where
the classifier learns the training data excessively, but strug-
gles to generalize to new so-far unseen data. learning_rate
determines the size of the steps taken during training. A lower
learning_rate makes the model more robust, but requires
more iterations to converge. gamma also controls overfitting by
penalizing the complexity of the trees: higher values of gamma
lead to fewer splits.

To prevent overfitting, we also employed a k-fold cross-
validation. We divided the training dataset into k = 5 subsets.
The model undergoes training k times, with each iteration using
k — 1 subsets for training and the remaining set for validation.
Implemented for additional robustness, we employed the so-
called nested cross-validation, which introduces an inner level
of cross-validation with k£ = 2 during the hyperparameter tuning
process.

When trained on balanced datasets, XGBOOST provides
p(j € kIx,d;), a probability independent of the mixing fraction.
To evaluate the performances of the balanced classifiers, we con-
sidered a fixed threshold, that is, whenever p(j € k|x,d;) > 0.5,
the j event is predicted to be a Pop. IIl BBH.

The results are presented using confusion matrices that con-
sist of four entries: true positive (hereafter TP, correctly pre-
dicted Pop. III BBHs), true negative (hereafter TN, correctly pre-
dicted Pop. I-II BBHs), false positive (hereafter FP, incorrectly
predicted Pop. III), and false negative (hereafter FN, incorrectly
predicted Pop. I-II). We evaluated the performance of our clas-
sifiers using precision, recall, and F1 score. Precision is defined
as

TP

Precision = ———,
TP + FP

(25)
where a high value indicates that a positive prediction from the
classifier is likely to be correct. When TP = 0, we set Precision
= 0. Recall (or sensitivity) is defined as

TP
TP + FN
and measures the ability of the classifier to capture all the posi-
tive instances (i.e., Pop. III), with a high value indicating that the

model is effective at identifying most of the positive instances.
The F1 score

Fl =2 Precision x Recall

Recall = (26)

Precision + Recall @7
is the harmonic mean of the precision and recall, providing a
balance between the two.

Training a ML classifier on artificially balanced dataset intro-
duces a bias favoring the minority class (Weiss 1984). Among
the suggested mitigation strategies (Tian et al. 2020), we opt for
the following Bayesian approach, which relies on simulation-
informed priors (Chan et al. 2019; Berbel et al. 2024). The prob-
ability we wished to evaluate is p(j € kIx,d;,3), which enters
Eq. (23). We started from the Bayes theorem written in terms of
odds,

pl € kix, di, {BY) _ n(i € KB p(x, dili € k. {B))
pG ¢ kix,di, (B)  m(i & KIBY) p(x,dili & k., {B)

The likelihood of the single event j, denoted as p(x, d;|i € k, {5}),
does not depend on the fractions {8}, which can only vary its

(28)

normalization. We can then write p(x, d;|i € k,{B}) = p(x,d;|i €
k) and apply the Bayes theorem once more to obtain

px.diji e bm(ie k) pX.dili € k)
p(X, d;) S px,diliek)’

where the second equality follows from the fact that 7(i € k) =
1/2. We substitute Eq. (29) twice in Eq. (28), making use of the
fact that the normalization }; p(X,d;li € k) is independent of
k and therefore cancels out. The relevant prior probabilities are
(i ¢ k|{B}) = Br—n and 7(i € k|{B}) = Bu- Eq. (28) then becomes

pli € kIx,d;) =

(29)

p(i € kIx, d)fm
p(i € kIx,d})(Bm — Brn) + Prn

where B = Npop. m/Nwot and Bi_ir = Npop. 1-11/Niot With Ny =
NPop. m + Npop. 1-m (see Sect. 2.3).

p(i € kIx,d;, {B}) = (30)

3. Results
3.1. Classification performances on balanced datasets

Fig. 5 shows that the precision-recall curves evaluated on the test
sets and with the best hyperparameters listed in Table 3 remain
consistent across the five folds. Moreover, the classifiers exhibit
almost the same performances for different data splits, indicating
strong generalization capabilities to unseen data.

The confusion matrices evaluated on the test sets are pre-
sented in Fig. 6 and indicate good classification performances
across all three models. The majority of instances are correctly
classified, as shown with high fractions (=0.45) on the diagonal
of each matrix. These robust performances are further corrobo-
rated by the scoring parameters evaluated on the test sets pre-
sented in Table 4. In particular, the achieved precision evaluated
on the test sets consistently exceeds 0.90 for each classifier.

The classifiers exhibit a higher rate of confusing Pop. I-1I
BBHs as Pop. III than of the reverse (top right corners of the
confusion matrices). This is because the tails of the parameter
distribution (m; 4, My 4, and di.) of Pop. I-Il BBHs extend in the
ranges occupied by Pop. III BBHs (see Figs. 2, 3, and 4). This
fact might imply worse classifier performances in the presence
of BBHs that were generated through alternative formation chan-
nels, as discussed in more detail in Sect. 4.6.

3.2. Classification of single detections

When we take the expected merger rate ratio between detected
Pop. III and Pop. I-IT BBHs into account, we count that ~4%,
~47%, and ~0.2% of the total number of BBH mergers are
generated from the fiducial, optimistic, and pessimistic model,
respectively (Sect. 2.3). We used the probability defined in
Eq. (23), which provides a confidence in determining whether
a source belongs to the Pop. I-II or Pop. III class. We can thus
introduce a threshold on p(j € kl|d;,{5}): A higher threshold
results in fewer Pop. III BBHs being identified, but with higher
certainty. We evaluated Eq. (23) only for those sources that were
in the test sets.

Table 5 presents the scores as function of this threshold. Our
results reveal that we can effectively distinguish BBHs from
Pop. III stars with high precision. For instance, Table 5 illus-
trates that with a threshold equal to 0.7, we can identify >10%
of Pop. III BBHs in the fiducial model with a precision >90%.

As shown in Fig. 7, sources that are confidently identified
as Pop. III BBHs, that is, sources with high p(j € k|d;, {5)}),
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Fig. 5. Precision-recall curves evaluated on the test sets for the fiducial
balanced model (top panel), optimistic balanced (middle panel), and
pessimistic balanced (bottom panel). The colors indicate the results we
obtained for different folds. F1 is reported as a scoring parameter for
each fold and has been evaluated by applying a threshold equal to 0.5
on p(j € kx,d;) (see Sect. 2.5 for details). The dashed horizontal red
line represents the precision-recall curve of a classifier making random
guesses.

typically exhibit a high median detector-frame primary mass
(m1q4 = 500 Mp) and secondary mass (my 4 = 400 M) as well
as high median luminosity distance (dp > 1 x 10° Mpc).

4. Discussion
4.1. Interpretability and manual classifier

One of the well-known limitations of ML algorithms is their
lack of interpretability; that is, it is not always clear why or on
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which basis an algorithm predicts a specific outcome. Various
methods exist to address this issue with various sophistication
(Angelino et al. 2018; Molnar et al. 2021; Angelov et al. 2021;
Li et al. 2022). However, given the simplicity of the problem we
aim to solve here, that is, to classify BBHs based on only three
features, we can opt for a straightforward but highly interpretable
approach: a manual classifier.

We devised a simple algorithm that systematically explores a
fine grid of values within the feature space. The objective of this
manual classifier is to identify thresholds for the primary mass,
secondary mass, and luminosity distance that yield the highest
precision (Eq. (25)). We used the same balanced training and
testing dataset as described in Sect. 2.5.

The results of this approach were straightforward: We found
optimal scores for the manual classifier that were exclusively
determined by the threshold on the detector-frame primary
mass, and the secondary mass and luminosity distance were just
required to be above zero.

For the fiducial, optimistic, and pessimistic models, the
thresholds we found are m{" =~ 62 My, m{" ~ 57 Mo, and
m?}é ~ 72 My, respectively. This cut-based manual classifier
assigns any source with m; 4 > m}‘}ﬂ to the class of Pop. Il BBHs
with p(j € kIx,d;) = 1.

The performances of this manual classifier are comparable
to those of X(GB0OST, with the corresponding confusion matri-
ces reported in Fig. 8. The F1 scores (Eq. (27)) evaluated on the
balanced test sets are 0.87, 0.86, and 0.89 for the fiducial, opti-
mistic, and pessimistic models, respectively.

The manual classifier highlights the primary mass as the
most influential factor in distinguishing Pop. III BBHs. How-
ever, it cannot replace XGBOOST because it yields inadequate
performance with imbalanced classes, as shown in Fig. 9. The
precision with p(j € kld;, {8}) > 0.9 evaluated with the manual
classifier on the fiducial model is equal to 0.16. The performance
of the manual classifier in unbalanced cases might be improved
by introducing additional complexity, such as incorporating a
sigmoid function and fitting its free parameters. However, in our
view, this approach is more intricate than simply employing an
easy-to-train ML algorithm.

4.2. Bayes factors

We compared our results with the method described by
Mould et al. (2023), who computed the Bayes factors of single
detected events generated from two different simulated popula-
tions. Specifically, we evaluated

P(det|I - 1I) x(1II) 31)

P(det|III) a1 -10)°

where the ratio 7(IIl)/n(I —1I) = Py /Brn is the prior odds
ratio as chosen in Eq. 30. We included the detection probabil-
ities P(det|IlT) ~ 0.55 and P(det|I — IT) ~ 0.43, which represent
the fractions of detectable sources with the ET of Pop. III and
Pop. I-II BBHs, respectively (see e.g., Thrane & Talbot 2019;
Mandel et al. 2019; Vitale et al. 2022). We approximated the

Bayes factor between Pop. III and Pop. I-1I BBHs By ;_p1 using
a Monte Carlo summation,

¥ (I /7(x U)
>0 Al = ) /n(xi|U)

DIII/I—II = I /1-11

Buyi-n = (32)

where i spans N; posterior samples of a detected event j [x; ~
p(x|d;)], and m(x;|U) is the probability density of the uninfor-
mative priors used during parameter estimation (see Sect. 2.3
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Fig. 6. Confusion matrix evaluated on the test sets for the fiducial balanced model (left panel), optimistic balanced model (middle panel), and
pessimistic balanced model (right panel). The entries are color-coded and normalized to one.

Table 4. Scoring parameters evaluated on the balanced test sets for the
three classifiers of Pop. III BBHs.

Model Precision Recall F1 score
Fiducial balanced 0.90 0.97 0.94
Optimistic balanced 0.90 0.96 0.93
Pessimistic balanced 0.92 0.98 0.95

Notes. See Sect. 2.5 for details.

and Table 2); n(x|III) and n(x|I —II) are the astrophysical dis-
tributions of Pop. III and Pop. I-Il BBH parameters, respec-
tively (Fig. 2). To evaluate these probability densities, we used
the Gaussian kernel density estimation (KDE) from SKLEARN
(Pedregosa et al. 2011), and the bandwidth was determined
using the method by Scott (2015).

We compared the Bayes factors in Eq. 31 with those obtained
from Eq. 23,

pU EHd; 1BY) _  p( € Kld), BY
p( & kld;, Y 1 —p(jekld;, B

where the second equality follows from the fact that p(j ¢
kix,d;,{B)) = 1 — p(j € kIx,d;,{B}) (see Eq. (30)). Selec-
tion effects, represented by the factor P(det|I — II)/ P(det|III) in
Eq. (31) are inherently accounted for in Eq. (33) because the ML
classifiers are trained exclusively on detectable sources. To com-
pare the Bayes factors, we evaluated the precision metric from
Eq. (25). We placed different thresholds on the logarithms of
Bayes factors to classify the same events of the fiducial model
as in Fig. 7. Table 6 shows that the two methodologies per-
form similarly overall, as we would expect because they ulti-
mately approximate the same quantity with different numeri-
cal approaches. However, the classification using decision trees
inherently scales better with higher-dimension data, automati-
cally handles nonstandardized data, and is generally a factor of
~10 faster to optimize and evaluate than KDE.

Xnyi-n = (33)

4.3. Impact of extrinsic parameters

In Sect. 2.3 we randomly chose the extrinsic parameters for
each injected source based on their prior distributions (see
Table 2). These parameters, such as sky position and inclina-
tion angle, can affect our results. The sensitivity of the detec-

Table 5. Scoring of the fiducial (top), optimistic, (middle) and pes-
simistic (bottom) models for different thresholds on p(j € kld;, {8}),
as reported in the first column.

Fiducial

Thr. %TP %TN %FP %FN Precision Recall
0.1 98 83 17 2 0.19 0.98
0.2 92 89 12 8 0.25 0.92
0.5 38 98 3 62 0.43 0.38
0.7 14 100 1 87 0.90 0.14
0.9 7 100 0 93 1.00 0.07
Optimistic

Thr. %TP %TN %FP %FN Precision Recall
0.1 100 74 26 1 0.78 1.00
0.2 100 77 23 1 0.79 1.00
0.3 99 79 21 1 0.81 0.99
0.5 97 83 17 3 0.84 0.97
0.7 91 88 12 9 0.87 091
0.9 51 95 5 49 091 0.51
Pessimistic

Thr. %TP %TN %FP %FN Precision Recall
0.1 83 100 0 17 0.62 0.83
0.2 50 100 0 50 1.00 0.50
0.3 17 100 0 83 1.00 0.17
0.5 17 100 0 83 1.00 0.17
0.7 0 100 0 100 0 0
09 0 100 0 100 0 0

Notes. The scoring metrics are reported in Sect. 2.5.

tor varies across the sky, and the luminosity distance is degen-
erate with the inclination angle. Consequently, altering these
extrinsic parameters can either reduce or increase the total num-
ber of detected sources and the accuracy of their parameter
estimations.

We generated ten catalogs drawing different independent val-
ues for the extrinsic parameters. This procedure was performed
exclusively for the pessimistic model because it is more likely
to be sensitive to the choice of extrinsic parameters: It has
fewer expected mergers than the other models. Subsequently, we
injected these new populations in GWFISH.

When we varied the extrinsic parameters ten times while
keeping the intrinsic parameters fixed (i.e., m; 4, ma 4, and dy),
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Fig. 7. Probability (p(j € kld;, {8}) in Eq. (23)) of each mock observation to belong to the Pop. III class in the left to right columns as a function of
primary mass (m; 4), secondary mass (m,4), and luminosity distance (d;). Each dot corresponds to the median of the posterior samples. The top,
middle, and bottom rows correspond to the fiducial, optimistic, and pessimistic scenarios, respectively. The red (blue) dots indicate observations

known to belong to Pop. I-II (Pop. III). We refer to Sect. 2.4 for details.

the total number of detected sources with a relative error of < 0.3
fluctuates between Npop, m = 13 and Npop. i = 25. The percent-
age of BBHs correctly identified with p(j € kld;, {8}) > 0.1 as
being generated from Pop. Il ranges between 33% and 75% with
a corresponding precision between 0.4 and 1.

4.4. Spin parameters

In our analysis, we set spin parameters equal to zero. This is
because SEVN only provides as output the tilt angle in the setup
adopted by Costa et al. (2023). This is the angle between the
rotation axis of the single BH with the direction of the angu-
lar momentum of the orbital system (lorio et al. 2023). There
is no significant difference in the distribution of cosines of tilt
angles between Pop. I-II and Pop. IIl BBHs because >99% of
them are equal to one in both populations and across redshift. In
our case, the spin magnitudes must be added in post-processing
(e.g., Wysocki et al. 2018; Gerosa et al. 2018; Belczynski et al.
2020; Bavera et al. 2020; Périgois et al. 2023), which means that
the differences, if any, between Pop. III and Pop. I-II BBHs are
artificial.
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4.5. Fisher information-matrix approximation

The FIM formalism is widely used in forecasting studies, where
it shapes the design and scientific objectives of advanced detec-
tors (Borhanian & Sathyaprakash 2022; Pieronietal. 2022;
Iacovelli et al. 2022a; Branchesi et al. 2023). However, this
approximation is only valid under certain conditions, most
notably, the high-S/N limit (Vallisneri 2008). Even for loud
sources, disparities may emerge between the parameter uncer-
tainties estimated using the FIM formalism and those derived
through full Bayesian inference (van der Sluysetal. 2008;
Rodriguez et al. 2013; Mandel et al. 2014; Veitch et al. 2015;
Romero-Shaw et al. 2020). Nonetheless, the chosen priors in
Table 2 and the cuts on relative errors and S/N mitigate this effect
(Dupletsa et al. 2024).

4.6. Population modeling uncertainty

The general performances of the classifiers may be influenced
by the interplay of three factors. First, the simulated popula-
tions of Pop. I-II and Pop. III BBHs might differ from those
that will be observed with the ET, potentially leading to biased



Santoliquido, F., et al.: A&A, 690, A362 (2024)

fiducial balanced

optimistic balanced

pessimistic balanced

0.5 0.5 0.5
o 0.4 o 0.4 = 0.4
g, =% a
22 = L =z £
L 0.3 L 03 L 0.3
& & &
Q Q (O]
= -0.2 = -0.2 = -0.2
= E = E E E
& -0.1 & -0.1 & -0.1
[a¥ [a¥ ¥
, -0.0 w -0.0 | -0.0
Pop. I-II  Pop. IIT Pop.I-II  Pop. III Pop. I-II  Pop. III
Predicted labels Predicted labels Predicted labels

Fig. 8. Confusion matrix for the balanced fiducial model (left panel), balanced optimistic (middle panel), and balanced pessimistic (right panel)
adopting manual classification (see Sect. 4.1 for details). The entries are color-coded and normalized to one.
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Fig. 9. Probability (p(j € kld;, {8}) in Eq. (23)) of each mock observa-
tion of the fiducial model to belong to the Pop. IlI class as a function of
primary mass (m, 4), evaluated with the manual classifier (see Sect. 4.1).
Each dot corresponds to the median of the posterior samples. The red
(blue) dots indicate observations known to belong to Pop. I-1I (Pop. III).

predictions. Most existing machine-learning models operate
under the closed-world assumption, assuming that the test data
are drawn from the same distribution as the training data. How-
ever, in open-world scenarios, events can be unknown and devi-
ate significantly from the training data. Therefore, it is essen-
tial to ensure that the simulated data accurately reflect real-
ity. Several out-of-distribution detection techniques have been
proposed, ranging from classification-based to density-based to
distance-based methods (see Yang et al. 2021, for a review). One
such technique was presented in Pasquato et al. (2024), who esti-
mated the probability density of the training set and evaluated it
on both the test set and real dataset. They used KDE scores to
identify and reject out-of-distribution data points. Similarly, we
will apply our method only once it has been determined that the
simulated data matches reality. Additionally, retraining on alter-
native data is easily achievable because XGBOOST requires only
few minutes on ten CPUs for training, considering both opti-
mization and cross-validation.

The classification of detected events can also face challenges
by sources that originate from different astrophysical phenom-
ena. For instance, the dynamical formation channels predict

Table 6. Precision (Prec.) of the fiducial model for different thresh-
olds (Thr.) on the logarithms of the Bayes factors obtained with
KDE (ln Z)]II/I—]I, Eq (31)) and with XGBOOST (lIl XIH/I—H’ Eq (33)),
respectively.

Thr. Prec. with In DIII/I—II Prec. with In X J1-11
-3 0.18 0.19
-2 0.24 0.26
-1 0.32 0.35
0 0.46 0.56
1 0.56 1.00
2 0.90 1.00
3 1.00 1.00

a subpopulation of BBHs with primary masses ranging from
40 to 100 Mgy (e.g., Ziosi et al. 2014; Rodriguez et al. 2015,
2019; Antonini & Rasio 2016; Mapelli 2016; Askar et al. 2017,
Banerjee 2017, 2021; Antonini et al. 2018; Di Carlo et al. 2019,
2020; Arca Sedda & Benacquista 2019; Rastello et al. 2020;
Kumamoto et al. 2020; Arca Sedda et al. 2023; Arca sedda et al.
2024; Kritos et al. 2023). When we consider the peak of their
merger rate density at redshift z ~ 2 (Santoliquido et al. 2020),
dynamically formed BHs would exhibit a detector-frame
primary mass in the range of ~80 to 200 M. Consequently, the
tails of the distribution for Pop. I-II BBHs would be thicker in
the overlapping regions with Pop. III BBHs, potentially leading
to less accurate classification performances (see Figs. 2, 3 and
4). Moreover, Pop. IIIl BBHs could be subject to contamination
from primordial black holes, which are expected to form at
high redshift with a wide range of masses (e.g., De Luca et al.
2020; De Luca 2022; Franciolini et al. 2022; Ng et al. 2022b).
When we consider the possibility of sources with various
astrophysical origins, which we leave for future studies, it
might become crucial to account for additional features to
effectively disentangle them, for instance, spin properties
(Gerosa et al. 2013; Qin et al. 2018, 2019; Fuller & Ma 2019;
Bavera et al. 2020; Belczynski et al. 2020; Olejak & Belczynski
2021; Stevenson 2022; Périgoisetal. 2023) and eccen-
tricity (Samsingetal. 2014; Samsing & D’Orazio 2018;
Zevin et al. 2019; Arca Sedda et al. 2021; Romero-Shaw et al.
2023; Codazzo et al. 2023; Dall’Amico et al. 2024). Addi-
tionally, a network of third-generation detectors might be
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considered to enhance the precision in the parameter estimation
(Tacovelli et al. 2022b; Borhanian & Sathyaprakash 2022).

In our analysis, while evaluating p(j € kld;,{8}) from
Eq. (23), we assumed that the hyperparameters of the popula-
tion governing the distribution of single-event parameters are
perfectly known. This is not generally true even with the ET,
where uncertainties on hyperparameters are expected. Posterior
distributions of population hyperparameters can be inferred by
considering a set of gravitational-wave observations via a hierar-
chical Bayesian analysis (e.g. Loredo 2004; Mandel et al. 2019;
Bouffanais et al. 2021b; Zevin et al. 2021; Vitale et al. 2022).
We leave for future studies the integration of the hyperpa-
rameter uncertainty on p(j € k|d;,{8}) and the inclusion of
population-informed priors (Miller et al. 2020; Moore & Gerosa
2021; Abbott et al. 2023a) to analyze the single-event posterior
(p(x|d;, {B}) in Eq. (23)). In this way, we will quantify the vari-
ance that affects our results due to modeling systematics.

5. Conclusions

The ability to trace the origins of individual GW events upon
their detection is pivotal for understanding the formation and
evolution of compact objects. To address this problem, and
with the goal of enhancing the scientific output of future GW
astronomy, we coupled the heightened sensitivity of the ET with
innovative ML techniques. We proposed a robust and straight-
forward ML approach that leverages the power of XGBOOST
(Chen & Guestrin 2016), a fast-to-train algorithm based on deci-
sion trees that leads to very good performances.

Costa et al. (2023) investigated a broad parameter space of
initial conditions of Pop. III progenitor stars in binary systems
using advanced population-synthesis simulations, based on stel-
lar tracks (SEVN, lorio et al. 2023). Santoliquido et al. (2023)
combined these Pop. III BBHs with different star formation rate
histories to estimate their merger density evolution with red-
shift (COSMORATE, Santoliquido et al. 2021). From the array
of available models, we specifically chose three populations
of Pop. III BBHs (fiducial, optimistic, and pessimistic) based
on their respective detection rates. They were classified against
a population of Pop. I-II stars taken from the fiducial model
by Iorio et al. (2023). The parameter estimation of these pop-
ulations was performed using the FIM formalism (GWFISH,
Dupletsa et al. 2023).

We trained XGBOOST on balanced datasets, which yielded
very good performances with a precision exceeding 90% for
all the models (Sect. 2.5). We applied these classifiers in an
event-by-event scenario, in which posterior samples of detected
sources, the relative ratio of Pop. III and Pop. I-II BBH merger
rate, and classification confidence via p(j € kld;, {8}) were taken
into account (Sect. 2.4). Our analysis revealed that the classifiers
consistently achieve a precision of >90% in classifying a frac-
tion of BBHs from Pop. III stars. In particular, we confidently
identified >10%, 250%, and <50% of BBHs from Pop. III stars
in the fiducial, optimistic, and pessimistic models, respectively,
with a precision of >90% (Table 5).

This study proposes a new method that integrates the
simulation-based information of GW source populations with
the parameter estimation inference. We demonstrated its valid-
ity in discerning the origins of individual GW detections.
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