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ABSTRACT

The impact of feedback from active galactic nuclei (AGN) on the hot gas content of galaxy groups remains a key uncertainty in galaxy
formation and its connection to the large-scale structure of the Universe. We aim to compare the XMM-Newton Group AGN Project
(X-GAP) sample to the hydrodynamical FLAMINGO simulations, which span a wide range of AGN feedback prescriptions. We
constructed X-GAP analogues by forward modelling the full selection function, including detection and observational systematics,
and we generated end-to-end XMM-Newton mock observations analysed consistently with the data. We studied multiple observables,
including the L-T and M,,—T relations, the number of groups, mean temperature, and velocity dispersion, accounting for their co-
variance. The forward model accurately recovers input luminosities, gas masses, and core-excised temperatures for regular systems,
enabling direct comparison in observable space. The normalisation of the scaling relations is the best discriminator between feedback
models, while cosmic variance introduces >20% fluctuations in the number of detected systems, making counts alone a weak dis-
criminator. Models with intermediate feedback strength provide the best agreement with X-GAP, with the f.s — 20- model yielding
the lowest tension of only 0.8c, while the most extreme feedback scenario (fgs — 80°) is ruled out at >4c-. Our results indicate that the
thermodynamic properties of galaxy groups favour feedback stronger than the fiducial FLAMINGO calibration, but they disfavour
the most ejective models. This highlights the importance of combining forward modelling and multi-observable constraints to probe

the fate of hot baryons in low-mass haloes.

Key words. methods: data analysis — surveys — galaxies: clusters: intracluster medium — galaxies: groups: general —

large-scale structure of Universe — X-rays: galaxies: clusters

1. Introduction

Understanding galaxy formation requires a comprehensive
view of how baryons are accreted, transformed, and redis-
tributed within dark matter haloes across cosmic time
(Wechsler & Tinker 2018). While only a small fraction of
baryons condense into stars, the majority remain in diffuse gas
phases, making the thermal and spatial distribution of baryons
a key tracer of feedback and accretion processes in structure
formation in the large-scale structure (LSS) of the Universe

* Corresponding author: riccardo.seppi@unige.ch

(Fukugita et al. 1998; Fukugita & Peebles 2004; Ayromlou et al.
2023).

Galaxy groups, the most common hosts of galaxies in the
Universe and occupying the intermediate-mass regime between
isolated galaxies and rich clusters (Tinker et al. 2008), are
particularly sensitive to baryonic processes (Mulchaey 2000;
Giodini et al. 2009; Eckmiller et al. 2011). With halo masses of
Msp0c ~ 1013-10'* M, ', their relatively shallow potential makes

M. is the mass enclosed within Rs, i.e. the radius encompassing
an average density that is 500 times larger than the critical density of
the universe, p. = 3H*(z)/87G, at a given redshift z.
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them especially susceptible to non-gravitational heating from
supernovae and active galactic nuclei (AGNs; Padovani et al.
2017), allowing feedback to strongly modify their gas con-
tent and thermodynamic structure (McNamara & Nulsen 2007,
McCarthy et al. 2010; Le Brun et al. 2014; Gaspari et al. 2020).

Understanding the thermodynamic state of the hot gas in
galaxy groups is crucial for constraining models of galaxy
formation and evolution. X-ray and Sunyaev-Zel’dovich (SZ)
observations show that the gas in groups is less dense,
more extended, and has higher entropy than expected from
purely gravitational collapse, due to the role of AGN feed-
back in redistributing baryons (Sunetal. 2009; Pratt et al.
2009; Johnson et al. 2009; Stott et al. 2012; Ettori et al. 2013;
Lovisari et al. 2015; Gozaliasl et al. 2019). However, the pre-
cise impact of feedback on the intra-group medium (IGrM),
and the extent to which simulations reproduce these effects,
remain open questions (Ponman et al. 1999; Finoguenov et al.
2002; Oppenheimer et al. 2021; Bahar et al. 2024).

In recent years, cosmological hydrodynamical simulations
have advanced substantially through increasingly sophisticated
sub-grid models for star formation, metal enrichment, and AGN
feedback. The latter is now recognised as a key ingredient to
reproduce several observed properties, including the suppres-
sion of cooling flows in cluster cores (Brighenti & Mathews
2006; Fabian 2012; Hlavacek-Larrondo et al. 2022), the quench-
ing of star formation (Silk & Rees 1998; Booth & Schaye
2009; Pillepich et al. 2018), and the scaling relations between
black holes and their host galaxies (Magorrian et al. 1998;
Kormendy & Ho 2013; Sahu et al. 2019; Habouzit et al. 2021).
Modern simulations adopt different AGN feedback imple-
mentations. For example, cosmo-OWLS (Le Brun et al. 2014),
EAGLE (Schaye etal. 2015), BAHAMAS (McCarthy et al.
2017), FLAMINGO (Schaye etal. 2023), and COLIBRE
(Schaye et al. 2026) use isotropic thermal energy injection
linked to gas accretion onto the supermassive black hole
(SMBH; Booth & Schaye 2009). Other models include radio-
mode bubbles (Illustris, FABLE; Vogelsberger etal. 2014;
Henden et al. 2018), mechanical or radiative feedback channels
(MAGNETICUM; Steinborn et al. 2015), or kinetic feedback
schemes (HorizonAGN, IllustrisTNG, SIMBA; Dubois et al.
2016; Weinberger et al. 2017; Davé et al. 2019). Some simula-
tions additionally implement directional jet feedback, including
SIMBA, selected FLAMINGO runs, and hybrid AGN feedback
models in COLIBRE (Husko et al. 2026). While these simula-
tions are calibrated to reproduce the galaxy stellar mass func-
tion (GSMF) and, in some cases, properties of massive clusters,
their predictions for lower-mass haloes remain sensitive to the
details of feedback modelling. Galaxy groups therefore pro-
vide a powerful test-bed for assessing the realism of baryonic
physics in simulations, which is closely tied to the efficiency
with which feedback expels baryons from dark matter haloes.
(Oppenheimer et al. 2021; Eckert et al. 2021; Gastaldello et al.
2021; Lovisari et al. 2021; Eckert et al. 2025).

Multiple studies suggest substantial ejection of hot gas
in galaxy groups, although its strength remains uncertain
(Gastaldello et al. 2007; Sun et al. 2009; Rasmussen & Ponman
2009; Gonzalez et al. 2013; Lagana et al. 2013; Sanderson et al.
2013; Akino et al. 2022). More recently, stacking analyses of
eROSITA data around optically selected systems have inferred
gas fractions of <5% for haloes in the 10'*°-10'*5 M, range,
below the predictions of most hydrodynamical simulations
(Popesso et al. 2025). Independent constraints from entropy pro-
files and kinetic SZ (kSZ) measurements also indicate low
baryon fractions in groups (Molendi et al. 2025; Siegel et al.
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2025a; Roper et al. 2025). In particular, analyses combining
ACT, DESI, and eROSITA data favour stronger AGN feed-
back models, including the most ejective FLAMINGO variants
(Siegel et al. 2025a,b). However, recent XRISM observations
suggest lower velocity dispersions and kinetic pressure than
expected, potentially indicating that some feedback models
may be overly ejective (XRISM Collaboration 2025). Similarly,
analyses combining Planck and DES data find weaker power-
spectrum suppression than predicted by simulations (Xu et al.
2025), highlighting ongoing tensions that sensitively depend
on the adopted feedback prescription (e.g. including jets;
Bourne & Yang 2023). By analysing the hot atmospheres of
galaxy groups with a forward-modelling pipeline that reproduces
the observational selection and observable measurements, we
performed a direct comparison between simulations and data,
thereby constraining the strength of baryon expulsion from mas-
sive haloes.

The XMM-Newton Group AGN Project (X-GAP;
Eckert et al. 2024) is a sample of 49 galaxy groups observed
with XMM-Newton, selected from the All-Sky Extended Sources
project (AXES; Damsted et al. 2024; Khalil et al. 2024) using
X-ray data from the ROSAT all-sky survey (RASS) and optical
information from the Sloan Digital Sky Survey (SDSS), based
on optically identified groups (Tempel et al. 2017). X-GAP
includes peculiar systems such as SDSSTG-4436, which shows
a high entropy floor and a kinked density profile, providing
valuable insight into the cumulative impact of AGN activity
across cosmic time (Eckert et al. 2025), as well as sources with
extended radio emission (Santra et al. 2026). In a previous work,
we forward modelled the selection process using end-to-end
simulations that reproduce the detection scheme (Seppi et al.
2025). Eckert et al. (2026) present a first comparison between
the thermodynamic properties of X-GAP groups and pre-
dictions from the hydrodynamical FLAMINGO simulations
(Schaye et al. 2023; Kugel etal. 2023), which provide an
important benchmark thanks to multiple runs with different
feedback implementations.

For this study, we took a further step compared to
Eckert et al. (2026) by generating and analysing detailed end-
to-end XMM-Newton mock observations of X-GAP-like groups
selected from FLAMINGO. We used the selection function
from Seppi et al. (2025) to identify an X-GAP-like sample in
FLAMINGO, which allowed for a direct one-to-one compar-
ison with simulations accounting for selection effects in real
observations. This framework enables a stringent test of whether
state-of-the-art hydrodynamical models reproduce observations
of galaxy groups in the nearby Universe. This paper is organ-
ised as follows. Section 2 describes the data and simulations,
Sect. 3 the forward modelling and analysis of the XMM-Newton
mocks, Sect. 4 presents the results, Sect. 5 discusses them in
the context of recent complementary measurements, and Sect. 6
provides a summary and outlook. We adopted the FLAMINGO
cosmology with a cosmological constant A and cold dark mat-
ter (CDM), i.e. a ACDM model with parameters from the Dark
Energy Survey plus external constraints (DES Y3; Abbott et al.
2022): Hy = 68.1kms™! Mpc™!, Qy = 0.306, and Q4 = 0.694.

2. Data and simulations

In this section we describe the data and simulations used in this
work: the X-GAP group sample, the FLAMINGO simulation
suite, and the selection of simulated X-GAP analogues therein.
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2.1. X-GAP and its selection

X-GAP? (Eckert et al. 2024) is an XMM-Newton large pro-
gramme targeting galaxy groups (10*~10'*M,) to map IGrM
properties out to Rsgo.. By comparing observed integrated quan-
tities (T, L, M), gas fractions, and thermodynamic pro-
files to hydrodynamical simulations, the project aims to con-
strain AGN feedback models. The sample originates from the
AXES group catalogue (Damsted et al. 2024), which cross-
matched wavelet-detected ROSAT sources (Kéfer et al. 2019)
with optically detected groups from SDSS galaxies (r < 17.77,
Tempel et al. 2017, z < 0.05). In Seppi et al. (2025), we quan-
tified AXES completeness and purity using end-to-end simu-
lations of a full-sky light cone. We derived a robust selection
function model based directly on observables, X-ray flux (FY),
galaxy velocity dispersion (o 1), and redshift (z), rather than
indirect halo properties. It reads

Pe(Fx,z,0y1) = (1 +exp[—arx(logy Fx — Fx0) +
— @y X log,g oy + @, X log, )7, (1)

where Fx, apx, Qgv, and @, are model parameters. We use the
median point for each best-fit parameter in the posterior chains
from Seppi et al. (2025).

X-GAP is designed to mitigate the problems in the opti-
cal identification of galaxy groups, such as projection effects
and merging of unvirialised systems (Robotham etal. 2011;
Old et al. 2014; Marini et al. 2025b) with purer X-ray selection
based on the IGrM. The trade-off is that large X-ray surveys tend
to be shallow, limiting the group identification to low redshift.
Indeed, Seppi et al. (2025) showed that the cross-match with
X-ray data serves as a cleaning step of the optical candidates,
increasing purity but reducing completeness. The X-ray detec-
tion via wavelet filters is particularly beneficial for identifying
the outskirts of galaxy groups, as it is not sensitive to the shape
of the surface brightness profile, thereby reducing biases related
to the presence of a cool core (Eckert et al. 2011; Seppi et al.
2021). This is especially critical at low masses, while high-mass,
brighter systems are typically detected regardless of dynamical
state, lower sensitivity at lower masses can limit detection to
centrally peaked systems, introducing significant biases into the
selection function modelling.

2.2. FLAMINGO

FLAMINGO? is a large suite of cosmological hydrodynamical
simulations (Schaye et al. 2023). It features various box sizes
and resolutions. FLAMINGO is calibrated to reproduce the z = 0
GSMF and the gas mass fraction of low-redshift galaxy clus-
ters (Kugel et al. 2023). In this work we use the high-resolution
1 Gpc box, i.e. with 3600° dark matter particles and gas particles
mass (1m,) of 108 My, (here after L1_m8), as a benchmark for the
sample selection. In a second step, we use the intermediate res-
olution, with 2 x 18003 particles and m, of 10° My (L1_m9),
to test the various implementations of baryonic physics. The
L1_m9 set occupies the lower-resolution/large volume param-
eter space compared to smaller simulations, such as EAGLE
(Schaye et al. 2015), TNG (Pillepich et al. 2018), or SIMBA
(Davé et al. 2019). Gas particle masses are not strictly fixed,
as they incorporate mass and metals by neighbouring particles
through outflows and feedback (Schaye et al. 2023). On top of
the fiducial hydro model, FLAMINGO provides calibrations to

2 https://www.astro.unige.ch/xgap
3 https: //flamingo.strw.leidenuniv.nl

lower GSMF (M,.-0), and to different gas fractions in clusters
(feas = No). In particular, the No label indicates the shift in the
gas fraction used for calibration: more negative values (e.g. —20)
correspond to stronger AGN feedback, which further depletes
the gas content of haloes and reduces the gas fraction at a fixed
mass. Stellar and AGN feedback parameters are jointly tuned to
reproduce the chosen sets of observables (Kugel et al. 2023).

L1_m9 includes different AGN feedback implementations:
thermal, isotropic energy injection (Booth & Schaye 2009),
and kinetic feedback with AGN jets (Huskoetal. 2022).
FLAMINGO models feedback using a black hole (BH) energy
reservoir that stores a fraction of the accreted rest-mass energy.
In the thermal model, energy is injected once it exceeds a thresh-
old corresponding to heating a neighbouring gas particle by
ATagN (see Sect. 2.3.6 in Schaye et al. 2023). This parameter
sets the temperature jump and thus regulates the burstiness of
feedback events. In the jet model, the threshold corresponds
to mgvjze[, and once reached, two particles are kicked within
a cone aligned with the BH spin at velocity uvje, injecting
kinetic energy in a collimated outflow. Both ATagn and vje
are free calibration parameters. Haloes are identified with HBT-
HERONS (Forouhar Moreno et al. 2025), which locates centres
at the most bound particle, and halo properties are computed
with the Spherical Overdensity and Aperture Processor (SOAP;
McGibbon et al. 2025).

2.3. Group sample selection

X-GAP groups are identified from SDSS galaxies with r-band
magnitude r < 17.77. At very low redshifts z < 0.02, it
includes galaxies with stellar masses below 10° My, unresolved
in L1_m9. We therefore use the higher-resolution L1_mS8 run to
properly resolve the X-GAP galaxy population.

We do not explicitly model spectroscopic incompleteness:
the SDSS main galaxy sample is highly complete, with the
dominant missing fraction of about 5% arising from fibre col-
lisions (fibres cannot be placed within 55 arcsec of each other;
Strauss et al. 2002; Eisenstein et al. 2011; Alam et al. 2015). For
the nearby groups considered here, subtending large angular
extents on the sky, this effect is expected to be modest. We
provide full details for the m, modelling in FLAMINGO in
Appendix A.

To select X-GAP analogues in FLAMINGO we use a single
snapshot at z = 0, which extensively covers the proper distance
within z < 0.05 corresponding to about 250 Mpc. Therefore,
there is no need to concatenate different snapshots. Starting
from the halo catalogue, we place an observer at the box centre
and construct a light cone by converting Cartesian coordinates
(X,Y,Z) to (RA, Dec, z) following the geometry of Seppi et al.
(2025).

To predict X-ray fluxes for FLAMINGO haloes we use the true
X-ray luminosities derived from the emissivity of gas particles
within 509 (Braspenning et al. 2024). A key methodological
difference concerns the luminosity definition: in FLAMINGO
it is computed as a spherical (3D) integral of the gas emissiv-
ity within rsoo. (Braspenning et al. 2024), whereas in X-GAP
(Eckert et al. 2024) and in our selection modelling (Seppi et al.
2025) Lsgoc is obtained from a cylindrical (projected) integral of
the emission measure within a projected radius Rsgoc. The cylin-
drical definition includes additional emission along the line of

sight, implying L;{)IOC > L;%};)C for the same gas distribution.

Computing L%loc for every single halo in the FLAMINGO
boxes is computationally expensive. Therefore, to place the
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two on a common footing, we derive a multiplicative con-

version using SB-model gas density profiles. We denote by
2173

NNy~ ”2,0 [1 + (ri) ] the 3D emission measure density,

while EM(R) represents the line-of-sight emission measure (also

known as emission integral). We compute both the spherical and

cylindrical integrals,

7'500c
L = f dnrtnong (r) AT, Z) dr
0

“ neng(r)

R Vr2-R?
] R500c
L;y zf 2nR EM(R) A(T,Z) dR,
0

EM(R) =2 dr

2

where A is the cooling function that depends on temperature and
metallicity (see Eckert et al. 2020). We interpolate the cumula-
tive sum of the integrals to Rsoo. and evaluate the ratio Cey =
L%IOC/L;%}(I)C over a grid in slope 3 and core radius rc. X-GAP
groups are well described by g-models with 8 around 0.45 and
re below 0.1XRsgoc. Exploring slopes between 0.4 and 0.5, and
core radii below 0.05 on a fine grid we obtain a median correc-
tion of C,y; = 1.16 with a scatter of 0.06.

Because feedback variants in FLAMINGO may modify the
ICM profile shape (weaker feedback producing peakier cores
and stronger feedback flatter distributions), we adopt a conser-
vative conversion between spherical and cylindrical luminosi-
ties. We assume a log-normal distribution with median 0.1 dex
(Ceyt = 1.26) and scatter 0.06 dex, truncated at C.y; = 1 since
the cylindrical luminosity must exceed the spherical one. For

each halo we draw C,y and compute L‘;ZIOC = Ceyl L;%}(I)C. We ver-
ified that this correction does not significantly bias the recon-
structed luminosity (see Appendix B.1). C.,; maps FLAMINGO
luminosities to the cylindrical aperture used by X-GAP while
allowing for plausible profile variations. X-ray fluxes are then
computed including a K-correction (see Seppi et al. 2025. Here-
after we refer to cylindrical luminosities as Lsooc-

For each halo we identify member subhaloes, project their
velocities along the line of sight to obtain peculiar velocities,
and compute the velocity dispersion. The light cone construc-
tion, flux computation, and velocity-dispersion estimation follow
Seppi et al. (2025).

We then apply the X-GAP selection using rejection sam-
pling: for each halo we compute the detection probability
(Eg. (1)) and retain the object if this exceeds a random num-
ber drawn in [0, 1]. Additional X-GAP cuts are imposed: (i)
0.02 < z < 0.05, (ii) Rspoc < 15 arcmin to ensure the system
fits within the XMM-Newton field of view (FoV), and (iii) num-
ber of galaxies Ng, spss > 8.

The second condition translates into an upper limit on the
ROSAT luminosity at fixed redshift because Rsgo. Was origi-
nally estimated from RASS Iuminosities (Eq. (1) in Eckert et al.
2026). We therefore calibrate the relation between Lsyy. and
the ROSAT luminosity in the 0.5-2.0keV band using X-GAP
groups, in the form log;, Lsooc = A+ B log;y Lrosat + N (0, oine),
finding B = 0.70, A = 0.51, and oy, = 0.45. This relation
is applied to convert FLAMINGO luminosities before imposing
the luminosity—redshift cut.

Finally, the requirement Ngyspss > 8 cannot be applied
directly because the number of members identified by the opti-
cal FoF algorithm in observations does not necessarily perfectly
correspond to the intrinsic subhalo population of the parent
dark matter halo. We therefore use the simulations developed
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Fig. 1. Expected properties of an X-GAP-like sample selected from dif-
ferent FLAMINGO models. The L1_mS8 includes tests for cosmic vari-
ance (CV) and uncertainties on the selection function. Top: Number of
groups within an SDSS-like area of 7430 deg?. Bottom: Median tem-
perature of the selected sample. The latter is a promising discriminator
between FLAMINGO models.

in Seppi et al. (2025) to calibrate the mapping between true and
detected membership, enabling a forward-modelled implemen-
tation of this cut. Details are provided in Appendix A.

2.4. Selection uncertainties

We evaluate possible sources of systematics in our selected sam-
ples: cosmic variance, and uncertainties on the selection func-
tion. Their impact on the total number of selected groups and on
the median temperature of the sample is shown in Fig. 1.

2.4.1. Cosmic variance

To estimate the impact of cosmic variance, we generate nine
independent light cones by placing the observer at different posi-
tions within the simulation box of L.1_m8. One observer is posi-
tioned at the centre of the box (500, 500, 500) Mpc, while the
remaining eight are located at the centres of the eight sub-octants
of the box, i.e. the midpoints of each corner cube of size 500
Mpec. This tiling strategy ensures that each light cone probes a
unique volume. Given that the centres of the sub-octants are sep-
arated by 500 Mpc, the light cones originating from adjacent
observers do not overlap within a radial distance of 250 Mpc,
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corresponding to approximately z = 0.05 in the Abbott et al.
(2022) cosmology, covering the redshift range relevant for the X-
GAP sample without spatial redundancy. In addition, we divide
each full-sky light cone into four quadrants, splitting the full
RA, Dec plane in half. Then we count the number of haloes
within an area sub-selected from each of the four quadrants that
matches the SDSS survey area. To do this, we find a maximum
value of Dec according to Decpa = arcsin %, where Aspss =
7430 (mr/180) sr, and Agra = mrad. We find Decy,,x = 46.09 deg.
We obtain a combination of four SDSS-like sky areas for each of
the nine light cones, for a total of 36 independent areas to quan-
tify cosmic variance (in combination with Poisson noise) in our
selected sample.

The mean number of objects expected within an SDSS-like
area is 45.1, with 16th and 84th percentiles of 38.0 and 52.4
(standard deviation 9.3), in excellent agreement with the 44
groups in X-GAP. This prediction depends on cosmology, in par-
ticular on Sg = og Vm/0.3, which sets the halo abundance, and
on Hy, which affects both the survey volume and the X-ray fluxes
through the luminosity distance. As shown in Appendix D.3, this
changes the predicted counts by ~2 groups, subdominant com-
pared to cosmic variance. The impact of cosmic variance on the
temperature distribution is smaller, with mean 1.46 keV, 16th and
84th percentiles of 1.40 and 1.51 keV, and a standard deviation
of 0.06keV.

2.4.2. Uncertainty on the selection function

The best-fit parameters on the selection function model from
Seppi et al. (2025) have error bars which naturally propagate as
an uncertainty on the selected sample. To quantify such an effect,
we randomly draw 20 models from the posterior chains, which
allows us to properly account for the correlation between differ-
ent parameters. We use a single area in one individual light cone
to neglect cosmic variance and isolate the effect due to uncer-
tainty in the selection function.

We obtain a mean number of 49 groups, with 16th and 84th
percentiles at 47.5 and 50.9, for a standard deviation of 2.6. The
temperature distribution is even less sensitive to uncertainties on
the selection function: we find a mean of 1.43keV, with 16th
and 84th percentiles at 1.41 and 1.45, for a standard deviation
of 0.02. We find that this effect is subdominant with respect to
cosmic variance concerning both the number of groups and the
temperature distribution of the selected sample.

We finally combine cosmic variance and selection function
uncertainty by drawing 20 random selection function models in
each sky area of the nine light cones, which gives us a total of
720 experiments to evaluate their combined effect. We obtain a
total number (mean temperature) with respective 16th and 84th
percentiles of 47, 37, 57 (1.46, 1.39, 1.53 keV), with a standard
deviation of 10.2 (0.07 keV). In both cases the fluctuations are
dominated by cosmic variance.

2.5. Hydro runs

After modelling the Ng, selection in L1_m8 (see Sect. 2.3), we
identify corresponding haloes across the L1_m9 FLAMINGO
runs, which share the same initial conditions with L1_m3, allow-
ing consistent tracking of individual systems. We match each
selected group to its counterpart within 1 Mpc, and replace
the galaxy populations in lower-resolution runs with those from
L1_m8, which fully resolve X-GAP members. This ensures
accurate velocity dispersions and a consistent application of the

Nga > 8 selection. This approach is justified as FLAMINGO
simulations are calibrated to reproduce the observed GSMF,
yielding consistent galaxy populations across feedback variants,
while AGN feedback changes do not significantly affect galaxy
properties at fixed resolution (see Fig. 9 in Schaye et al. 2023).
While the L1_mS§ exhibits a slight offset from L1_m9 at the high-
mass end (see Fig. 8 in Schaye et al. 2023), this discrepancy
is comparable to the systematic uncertainties arising from cos-
mic variance in the observational data. In addition, these devi-
ations primarily affect the massive cluster regime, rather than
the galaxy group scales analysed in this work. We exclude runs
calibrated to different GSMFs. For each group, we compute the
detection probability using Eq. (1) based on flux, redshift, and
velocity dispersion (from L1_mS8), and obtain X-GAP-like cata-
logues for all simulations.

We compare the samples selected for different model runs in
FLAMINGO to the systematics tests from Sect. 2.4 in the last
columns of Fig. 1. The number of selected groups depends on
the feedback implementation. In an SDSS-like area, the model
with strong jets provides the lowest number of selected groups
with 27. The Jet model produces the most with 64, followed by
the model with weak AGN fg,s + 20 at 60. The particle reso-
lution does not affect this statistic: the number of groups in the
low resolution run L1_m9 is 47, the same as in the higher reso-
Iution L1_m8. Given the uncertainty due to the combination of
cosmic variance and selection function, the number of groups
alone is not a great discriminator between different models, that
are all encompassed within about 1.50- compared to the fiducial
L1_mS8. Conversely, the temperature distribution shows smaller
fluctuations, with the fgas + 20 (fgas — 807) at about 1.0 (1.8) keV
being incompatible with the fiducial model at about 2.9 (5.8)c-.
We conclude that temperature is an observable that potentially
can discriminate FLAMINGO models compared to the real X-
GAP sample (see also Sect. 4).

We evaluate the distribution of selected systems in the fgu—
Mspo plane. The total gas mass is computed by summing the
masses of all hot gas elements (see Sect. 3.1) within the true
Rs0oc. The resulting relation is shown in Fig. 2, where solid lines
and shaded regions indicate the selected samples, while dashed
lines show the full halo populations. The top panel shows the
mass distribution of the selected systems. As feedback strength
increases, the selection shifts towards higher masses, since more
massive haloes are required to retain enough baryons to produce
X-ray luminosities that satisfy the X-GAP selection. The lower
panel presents the ratio between the gas fractions of the selected
and full samples. At the low-mass end the ratio exceeds unity due
to incompleteness for faint systems, with deviations larger than
10% below 3 x 10'> M, (Seppi et al. 2025). In this regime the X-
GAP selection preferentially includes systems that lie above the
mean fyas—Msoo. relation (i.e. up-scattered systems). Conversely,
at the high-mass end the upper luminosity cut (imposed to ensure
Rsooc < 15) results in a preferential selection of systems below
the mean relation, with an impact below 5% at 2x 104 M;. Over-
all, the X-GAP sample is broadly representative of the underly-
ing group population, particularly near the typical mass scale of
(5-8) x 10'3 M. We obtain similar results with a study of the
impact of selection of the scaling relation between X-ray lumi-
nosity and temperature (see Appendix B and Fig. B.3).

Out of all the selected systems, we randomly sub-select 50
groups independently for each run, in order to have a statistical
power that is similar to X-GAP. These are the systems we use for
our full forward modelling. The various models show different
gas fractions at fixed mass: the same selection function yields
systems with different gas content as a function of mass based
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Fig. 2. Gas fraction as a function of mass for the selected systems (solid
lines and shaded areas) and the full sample (dashed lines). Both are
true input quantities. Top: Mass distribution of the selected systems:
skewed to higher masses for strong feedback models. Bottom: Ratio
between the gas fraction in the X-GAP-like selected sample and the
whole population.

on the feedback model. Indeed this means that the gas content of
the selected groups can discriminate between the FLAMINGO
models (Kugel et al. 2023). For example, at M5pp. = 7 X 108 M,
the typical gas fraction changes by up to a factor of 2.3, with
a value of 0.089 for fy,s + 20 and 0.038 for fg,s — 80-. Milder
values are shown by the fiducial L1_m8 with 0.076 and fy,s — 20
with 0.061. The fiducial L1_m9 is in excellent agreement with
L1_m8 at 0.075. This is expected, because they are calibrated on
the same target, and it confirms that particle resolution does not
affect our result here.

The gas fraction has often been used in the context of AGN
feedback, as stronger gas ejection would deplete haloes, there-
fore reducing the gas fraction at fixed halo mass (Eckert et al.
2021). Simulations, including FLAMINGO, have used the
gas fraction as an anchor to calibrate their feedback model
(Schaye et al. 2023). However, directly interpreting the observed
feas—M relation is challenging due to the inherent coupling
between gas mass, total halo mass, and their integration vol-
ume. In observations, fg, is integrated within a radius derived
from the estimated halo mass, which is itself subject to uncer-
tainties such as hydrostatic bias and projection effects. Conse-
quently, errors in Msgg. propagate into the determination of the
integration radius of the gas mass, introducing non-trivial covari-
ance in the fys—Mspoc relation. Observed trends thus reflect a
combination of physical feedback effects and these measurement
systematics, complicating comparisons between simulations and
different observational datasets.

3. XMM-Newton forward modelling

In this section we describe the generation and analysis of XMM-
Newton mock data starting from the selected galaxy groups. The
complete workflow is depicted in Fig. 3.
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3.1. The XMM mocks

We collect the gas particles in 3D within two times rq. of each
halo and isolate hot gas particles hotter than 3 x 10° K and null
star formation rates. Cold gas and star forming particles are not
expected to contribute to the X-ray emission of the IGrM. We
also exclude gas particles that were heated by an AGN event
in the last 100 Myr (comparable to a typical AGN duty cycle;
Martini et al. 2004; Vantyghem et al. 2014), they are affected by
numerical artefacts and unphysical temperatures and did not yet
mix with the surrounding medium in a physical way. This makes
the cores more realistic and typically removes less than 0.5% of
the total luminosity. We assume that the hot gas is in collisional
ionisation equilibrium and each hot gas particle emits follow-
ing an APEC model (Smith et al. 2001). We do not introduce any
assumption (such as the typical 0.3 Z;) on the average metallicity
of the gas, we rather use the individual Z value for each particle.
We use the SPH smoothed metallicity values readily available in
the FLAMINGO gas particle data. We also account for the indi-
vidual abundances of the following elements that are tracked in
FLAMINGO: C, N, O, Ne, Mg, Si, and Fe. For non-tracked ele-
ments (S and Ca), we scale their solar contributions according
to the total metallicity of particle Z/Z;. This approach, which
allows for non-solar abundance ratios, follows the methodol-
ogy detailed in Braspenning et al. (2024). This follows the same
recipe as the one described in Sect. 2.2-2.4 of Braspenning et al.
(2024), who used cloudy to compute cooling rates. We verified
in Appendix B that any intrinsic difference between cloudy and
APEC does not affect our results. We estimate the X-ray spectrum
of each particle using the pyXSIM software (ZuHone & Hallman
2016; Biffi et al. 2013). We generate idealised photon lists with
a large effective area of 10000 cm? and exposure time of 2 Ms.
To account for galactic absorption, we fix the neutral hydrogen
column density to Ny = 2 x 10?° cm=2. This value represents
the typical median column density across the SDSS footprint,
which is primarily located at high Galactic latitudes where Ny is
relatively low.

To simulate realistic XMM-Newton images, we use the
xmm_simulator* package presented in Seppi et al. (2026). We
developed a new interface to this software to generate realis-
tic mock XMM-Newton event lists from idealised photon sim-
ulations, generated for example with pyXSIM. The interface
accounts for the desired exposure time and the spatially varying
effective area across the XMM field of view. As a first step, we
convolve the idealised events with the instrument’s point spread
function (PSF), modelled as a King profile. For each photon,
we sample a radial offset from the PSF cumulative distribu-
tion function and a random azimuthal angle in [0, 2], which
together define a blurred photon position. The three XMM detec-
tors MOS1, MOS2, and PN are processed independently. Events
falling outside each camera’s footprint are discarded. We then
compute, for each pixel, the fraction of idealised photons that
would actually be observed by the observational setup, given the
ratios of effective areas and exposure times. This accounts for
the varying instrument response across the FoV. A Poisson draw
using a binomial distribution is used to select a subset of events
accordingly. Finally, the redistribution matrix function (RMF)
is applied: for each event, we sample a detected energy from
its true energy using the appropriate RMF-derived probability
distribution. The resulting event list closely mimics real XMM-
Newton data products in format and instrumental characteristics.
The xmm_simulator includes a realistic simulation of the X-ray
foreground and background, with contributions from the local

4 github.com/domeckert/xmm_simulator


https://github.com/domeckert/xmm_simulator

Seppi, R., et al.: A&A, 710, A153 (2026)

X-ray Input-Output
Ideal :
Sgected X-ray XMM-Newton|  lanalysis / Comparison
roup  |== =1 Simulation || Images
Gas Particles events xmm_simulator g
pyxsim Spectra -
pyproffit Com parison
hydromass To X-GAP

Fig. 3. Workflow for the end-to-end XMM-Newton simulation of FLAMINGO galaxy groups down to the direct comparison with X-GAP.

hot bubble, the galactic halo, and the cosmic X-ray background.
We also simulate individual AGN in the FoV (see Seppi et al.
2026, for details). We do not specifically add X-ray binaries.
They would only show up as a hard tail in the spectrum of the
inner most bin in our analysis, and their contribution is expected
to be around 10%° erg/s (Boroson et al. 2011), negligible in the
soft X-rays compared to the hot gas luminosity in the regime of
galaxy groups.

3.2. X-ray data analysis

We analyse the mock XMM-Newton images following the
standard X-GAP procedures described in Eckert et al. (2025),
starting from the count image, exposure map, and parti-
cle background map produced by the xmm_simulator. Point
sources are detected with the ewavelet task using wavelet fil-
tering. Compared to Seppi et al. (2026), we additionally perform
a hard-band (2-7keV) detection to identify heavily obscured
AGN. PN-to-MOS count ratios of 3.42 and 2.74 are applied in
the soft (0.7-1.2keV) and hard (2-7keV) bands, respectively.
After visual inspection, the detections from both bands are com-
bined and used to construct a mask for point sources.

Temperature profiles are derived from spectra extracted in
12 logarithmically spaced annuli centred on the X-ray peak,
following Rossetti et al. (2024). The background spectrum is
taken from the outermost annulus (12.5-15 arcmin) and jointly
modelled with a simulated RASS background generated with
the same parameters as in xmm_simulator. The background
model includes three components: the local hot bubble (kT =
0.11 keV), the Galactic halo, and the cosmic X-ray background
described by a power law with photon index 1.46. RASS spectra
are rescaled by a cross-calibration factor of 0.12 (Rossetti et al.
2024). In each annulus the group emission is modelled as
absorbed thermal plasma (tbabsxAPEC), fixing the hydrogen
column density to 2 x 10?° cm2 as assumed in the simulation,
while fitting for temperature and metallicity.

3.3. X-ray modelling

We extracted surface brightness profiles from the 0.7-1.2 keV
mock XMM-Newton EPIC images in bins of 3 arcsec using the
pyproffit package (Eckert et al. 2020), accounting for the tele-
scope vignetting and PSF. We use the measured 2D surface
brightness and temperature profile to infer deprojected 3D ther-
modynamical profiles assuming that the systems are spherically
symmetric with the hydromass package (we use the FORW
model, see Eckert et al. 2022). It allows linking the pressure,
temperature, and density profiles under the assumption of hydro-
static equilibrium to jointly model the dark matter halo mass pro-

file. We compute integrated quantities within the estimated Rsgg
and the core-excised ones by excluding the inner 0.15XRsqc.
The gas mass is obtained by integrating the gas number den-
sity profile weighted by the mean molecular weight and pro-
ton mass (Eckert et al. 2020; Seppi et al. 2026). Any bias in the
estimation of Rspy. would impact the integration radius to mea-
sure integrated quantities. This is expected to be negligible for
X-ray luminosity and temperature, where most of the signal
comes from the inner regions, but it is important for gas mass,
that mostly lies in the outskirts (see Sect. 4.1.2). The integrated
temperature follows the surface brightness weighting scheme
from Lovisari et al. (2024), that has been shown to faithfully
reproduce spectroscopic-like temperature (Mazzotta et al. 2004;
Rasia et al. 2014). We also refer the reader to Eckert et al. (2025)
for more details on the X-ray data analysis of X-GAP groups,
which we implement in the same way on our mock groups from
FLAMINGO.

4. Results

First, we verified that our X-ray analysis pipeline accurately
recovers input quantities. For temperature and luminosity we
exclude the central 0.15Rsgy., where FLAMINGO suffers
from low particle resolution and unrealistic metallicity profiles
(Appendix B). The X-GAP data is treated identically. We find
good agreement between input and recovered X-ray luminosities
and gas masses. The hydromass pipeline estimates emissivi-
ties using radially dependent metallicity and temperature profiles
derived from the spectral fits, enabling unbiased gas mass mea-
surements (Appendices B and D). Temperature measurements
are less robust for strong feedback models, where disturbed sys-
tems violate assumptions such as spherical symmetry or a single-
temperature structure. After excluding such cases through visual
inspection, the recovered temperatures remain consistent with
the spectroscopic-like weighting scheme (Mazzotta et al. 2004;
Seppi et al. 2026). Further details are provided in Appendix B.
We now focus on the comparison between the samples selected
from FLAMINGO and the real X-GAP.

4.1. Observable scaling relations

In this section we study the relations linking core-excised X-ray
luminosity and gas mass within 400 kpc to core-excised temper-
ature. The values are tabulated in Table E.1.

4.1.1. Luminosity — Temperature

For consistency with the core-excised temperature, we also con-
sider core-excised X-ray luminosities. Similarly, we focus on the
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Fig. 4. Comparison between X-GAP and the FLAMINGO models using
the scaling relations between observables: core-excised X-ray luminos-
ity and core-excised temperature (top) and gas mass and core-excised
temperature (bottom). The contours represent the 20 distribution for
each FLAMINGO model estimated with a Gaussian KDE.

region between 0.15 and 1.0xRsq.. Although the inconsistency
between input and recovered temperatures primarily affects the
strongest feedback simulations, we retain all systems in the com-
parison with X-GAP. From an observational standpoint, such
discrepancies would not be identifiable, as the true temperatures
are not known for real data.

The relation between the core-excised X-ray luminosity and
temperature obtained in the previous sections is shown in the top
panel of Fig. 4. Both quantities are direct observables obtained
from XMM-Newton mocks, so that a direct comparison between
the FLAMINGO models selected with our selection function
and the real X-GAP is possible. All samples occupy a simi-
lar region of this parameter space, roughly between 5x 10*!
and 3 x 10 erg/s and 0.5 and 3.0keV. However, increasing the
strength of AGN feedback shifts groups towards the bottom-
right: stronger feedback reduces the gas content of galaxy
groups, lowering their X-ray luminosity. As a result, at fixed
observed flux the selected systems correspond to intrinsically
more massive and hotter haloes. It is important to account for
the correlation between these two observables: temperature regu-
lates the mass scale related to the groups selection whereas lumi-
nosity encodes the gas retained by these haloes.

We model the L-T relation as a power law of the form

logL = Byr + alog (Tl), where T}, is the pivot temperature of
P
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1.3keV, equivalent to the mean core-excised temperature in X-
GAP. In particular, the normalisation By reflects the gas content
as traced by the X-ray luminosity at a characteristic temperature
typical of the systems considered here. Hereafter we will refer
to Brr involving core-excised quantities. We model the relation
using a Bayesian hierarchical framework that accounts for errors
in both variables by treating the true temperature as a latent
quantity. The fit is performed in base-10 logarithmic space. We
adopt uniform priors on the slope (1-4) and normalisation (40—
45), and include an intrinsic scatter with a broad half-Gaussian
prior up to 0.8dex. As all samples follow the same selection
by construction, the power-law relation can be directly inferred.
Posterior sampling is performed using the No-U-Turn sampler
implemented in PyMC (Abril-Pla et al. 2023).

For X-GAP we obtain Bir = 42.43’:8:83. The closest

FLAMINGO run is fgs — 20 with By = 42.43’:8:83. The most

extreme cases are fy,s + 20" with Brr = 42.91f8:8§ and fgs — 80

with Bir = 42.06*0:03. We obtain similar results for L1_m8 and

L1_m9 with Byr = 42.63f8:8% (see Table 1).

4.1.2. Gas mass — Temperature

We model the gas mass—temperature scaling relation similarly to
the L-T relation described above. However, the true Rsoo. used
in the input—output comparison (Sect. B) is not known obser-
vationally. We therefore measure the gas mass within a fixed
aperture of 400kpc, corresponding to the upper limit of the
integral in Eq. (B.1). This radius lies close to or within Rsgo
for most selected systems, where the X-ray data provide good
signal-to-noise ratio. The same quantity is measured for X-GAP
using the best-fit hydromass models (e.g. Eckert et al. 2026, and
Table E.1).

The result is shown in the bottom panel of Fig. 4. Similarly to
the L-T relation, increasing the strength of AGN feedback shifts
the points to the bottom right direction, ejecting gas and increas-
ing the overall temperature. We fit the relation with the same
method as for L-T, with priors on the slope (1-5) and normali-

sation (10-15). For X-GAP we obtain Bygast = 12.20f8:8§. The

closest FLAMINGO run is fys — 20" With Byigaer = 12.19%001,

The most extreme cases are fyas + 20° With Byjgest = 12,4270

and fgs — 80" with Byger = 12.00*002. We find excellent
agreement also for this relation between L1_m8 (Bmgast =

12.27*301) and L1_m9 (Bygast = 12.267001). Finally, we veri-
fied in Sect. D.1 that Byjg,st is recovered correctly independently
of the gas particle metallicity, which is high in FLAMINGO

(Braspenning et al. 2024).

4.2. Combining observables

As we have shown in Sect. 2.4, the number of groups and the
median temperature of the samples are potential discriminators
between the FLAMINGO models. Here we combine the normal-
isation of the L-T and Mg,—T relations obtained in the pre-
vious section with the number of selected groups, the mean
of the measured core-excised temperature, and an estimate of
the mean velocity dispersion of the groups. For each observ-
able, we construct its distribution across the simulation ensem-
ble. We reference this process as the MonteCarlo procedure:
for the L-T and Mg,—T normalisations, Brr and Bygast, the
distribution is obtained directly from the posterior samples of
the PyMC fit described in the previous section. The temperature
distribution is estimated via 1000 bootstrap resamples of the
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Table 1. Summary statistic about the comparison between X-GAP and various FLAMINGO flavours.

Model Brt BugasT Mean T [keV] Ngps  Mean oy [km/s]  Combined significance
X-GAP 4243004 1220%002  1.30*0.9 44 433+18 -
L1_m8 42.63t§f§§ 12.26j§f§? 1.45t8f8§ 47+19 431j§ 310
L1_m9 42,6370 12274041 144708 g7el0 432+13 310
Juas + 20 42.92j§f§§ 12.43j§f§i 1.26t8f89 60j§ 421j§ 3.60
faw =20 42427085 13 19700l 1.49j§;§§ 309 44472 080
feas — 40 42287003 12.12+002 1.45+000 33+ 473+18 240
eas — 807 420508 1200708 15708 267 47578 440
o 937083 |5 37001 544008 i il '

Jet 42.837002  12.38+001 124700 6473 4107, ¢ 370
Jet_foas — 40 42237000 12114008 1524046 274 478+13 330

Notes. The columns report: the group sample, the normalisation of the core-excised luminosity-temperature relation (Byr) and the gas mass-core-
excised temperature (Bygst), the mean temperature, the number of groups, the mean velocity dispersion, and the combined tension to X-GAP.
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Fig. 5. Observables used for the comparison between X-GAP and various FLAMINGO models: the normalisation of the scaling relation between
X-ray luminosity and temperature (both core-excised), between a gas mass within 400kpc and core-excised temperature, the total number of
groups, the mean temperature, and the galaxy member velocity dispersion. X-GAP shows the best agreement with the f,,; — 20~ model.

values measured for the end-to-end simulations for each indi-
vidual model. Regarding the velocity dispersion, we adopt the
calibrated relation between true and measured velocity disper-
sion derived in Seppi et al. (2025), who performed an end-to-
end simulation also in the optical band (see their Sect. 6 and
Eqgs. 17-18). For each object, a measured velocity dispersion is
drawn from the corresponding log-normal distribution defined
by that model, using the true velocity dispersion computed in
Sect. 2.3. Similarly to temperature, the distribution is obtained
via bootstrap sampling. These distributions include measure-
ment uncertainties on a single mock X-GAP realisation. For the
number of groups we apply to all FLAMINGO runs the pro-
cedure described in Sect. 2.4 for L1_m8. We name this pro-
cess the N-1ight cone generation. This provides, for each
model, a distribution of the selected number of groups that self-
consistently incorporates cosmic variance, Poisson noise, and
uncertainties in the selection function.

The results are collected in Fig. 5. By (top-left panel) shows
a preference for the fy,s —20- model, the only one that is compat-
ible within 1o~ with X-GAP at 0.30". The deviations are largest
for the fous + 20, Jet, and fg,s — 80, with tensions at the 11.6,

9.6, and 6.30 levels. Bygast (top-central panel) shows a prefer-
ence for the fy,s — 20 model, again the only one that is com-
patible within 1o~ with X-GAP at 0.70. The largest deviations
are in the fg,s + 20, Jet and fy,s — 80, with tensions at the 10.6,
8.8, and 6.70 levels. The distributions of the number of groups
(top-left panel) are broad due to cosmic variance, therefore most
models agree within 20 with X-GAP. The vertical dashed line
marks the realised X-GAP catalogue size of 44 systems. Unlike
the model distributions, which include Poisson fluctuations, cos-
mic variance, and selection-function uncertainties, this value is
not assigned an additional error bar, since it corresponds to the
fixed observed sample within the survey footprint. fy,s — 80 and
Jet_fus — 4o fall above this threshold by 2.7 and 2.40" respec-
tively. The mean temperature of the sample (bottom-left panel)
broadly shows a good agreement between models and data, with
Jfeas + 20" and Jet being the only ones under-predicting the mean
X-GAP temperature, but agreeing with the data within 0.4 and
0.60. Instead fgas — 207, foas — 807, Jet_foas — 40 over-predicting
it by 2.1, 2.2, and 2.40. We note that the measured tempera-
ture in Jet_fg,s — 40" and fgas — 80 tends to be underestimated
as reported in Fig. B.5, which reduces the constraining power
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of temperature on its own. In addition, the underlying temper-
ature distribution also depends on the slope of the temperature
mass scaling relation in the group regime, which is below the
mass range where the FLAMINGO models where calibrated
(see Braspenning et al. 2024, and the discussion in Sect. 6).
Jet_fgas — 40 and fgos — 80 show the largest tension for the mean
velocity dispersion (bottom-right panel), in tension with the X-
GAP measurement by 2.4 and 2.7¢0. Finally, all the observables
presented in Fig. 5 are in excellent agreement between the high
resolution L1_m8 and L1_m9. This is also a validation for the
flagship FLAMINGO simulation L2p8_m9 that uses the same
resolution, but covers a larger box of 2.8 Gpc.

These observables are not statistically independent: for
example, hotter systems tend to have higher velocity disper-
sions, potentially affecting the scaling relation as well as the
total number of groups. Therefore, combining the individual
p-values would overestimate the overall tension. Instead, we
explicitly account for their covariance. In Appendix C we pro-
vide full details on our method. The final o¢q quantifies the sta-
tistical significance of the difference between X-GAP and each
FLAMINGO model, accounting for the covariance between the
observables.

The final result is collected in Table 1 and shown in Fig. C.3.
We conclude that fy,s — 20 provides the best comparison to X-
GAP, with a global tension of 0.8c. Given our framework, this
means that there is a 52% probability of observing X-GAP if
feas — 20 is the right model. We find a worse statistical agree-
ment for all other models. fy,s — 40 is already too ejective, with
lower scaling relation normalisations (Fig. 5) and at 2.40" global
tension. All other models are ruled out with more than 30~ confi-
dence, with fg,s — 80 showing the largest discrepancy at 4.40. In
particular, our result is in tension with recent kSZ measurements
that prefer fg.s — 80 (Bigwood et al. 2025; Siegel et al. 2025a;
McCarthy et al. 2025; Kovac et al. 2025). However, kSZ studies
do not necessarily match the scales probed by our galaxy groups
(see also discussion in Sect. 5.2).

5. Discussion

The impact of baryons on dark matter and the LSS is an open
question in modern astronomy. In this work we investigated this
problem through the impact of AGN feedback on galaxy groups.
Here we further discuss our results.

5.1. Scaling relations and selection

In Sect. 4.2 and Fig. 5 we found that FLAMINGO gener-
ally tends to overestimate the X-GAP temperatures. The weak-
feedback models fy,s + 207 and Jet are the only ones consistent
with the data within 1o, while models such as L1_m8 and
faas — 20 show discrepancies at the ~20- level. This behaviour is
likely driven by the interplay between the underlying Lx—M and
T—M scaling relations and the X-ray flux-limited selection func-
tion (Seppi et al. 2025). Because the selection effectively oper-
ates in the Lx-M plane, even small changes in the slope of this
relation modify the mass distribution of the selected systems,
which in turn shifts the mean temperature of the sample.

For instance, Braspenning et al. (2024) show (their Fig. 2)
that the L—M relation is slightly flatter in the Jet model compared
to the fiducial case. A flatter slope increases the relative luminos-
ity of lower-mass groups (see also the larger gas fractions for the
Jet model in Fig. 10 of Schaye et al. 2023), effectively lowering
the mass scale probed by a flux-limited survey. Similarly, their
Fig. 3 shows a modest steepening of the 7-M relation towards
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the low-mass regime, with most models lying below the fiducial
model. The combined effect of these slope variations is therefore
non-trivial: shifts in the mass distribution of the selected haloes
propagate into shifts in the temperature distribution, even when
the intrinsic scaling relations differ only mildly.

Importantly, FLAMINGO was not calibrated in the low-mass
group regime, where observational constraints remain sparse.
Small differences in the slopes of scaling relations can therefore
be amplified by the flux-limited selection, producing systematic
shifts in the mean temperature of an X-GAP-like sample.

5.2. Comparison to other works

Our results are broadly consistent with Eckert et al. (2026), who
compared FLAMINGO and X-GAP with population models and
excluded the strongest feedback models. In particular fy,s — 80
showed a 5.70 tension, and the best agreement was provided by
the fiducial feedback model. In this work we refined the anal-
ysis with a full end-to-end forward modelling of the observa-
tions and accounting for the covariance between observables. We
find evidence for stronger feedback than the fiducial model, with
foas — 20" showing the lowest tension to X-GAP, but still exclude
the strongest model by more than 40

Both the results presented in this paper and the ones from
Eckert et al. (2026) are in tension with kSZ measurements com-
bined with X-ray cluster gas masses presented in McCarthy et al.
(2025), Kovac et al. (2025), Bigwood et al. (2025), Siegel et al.
(2025a), which show a preference for the strongest FLAMINGO
feedback schemes. A direct comparison with stacked kSZ mea-
surements is, however, non-trivial. X-GAP is located in the local
Universe at redshifts less than 0.05, while measurements of the
stacked kSZ are sensitive to a much wider mass and redshift
range. In addition, the X-ray cluster gas mass fractions may be
subject to systematics relative to mass calibration and therefore
aperture-related uncertainties on the integrated quantities. These
differences suggest that the apparent tension may reflect a com-
bination of redshift evolution, selection effects, and measure-
ment systematics rather than a single discrepancy in feedback
strength.

Altogether, these results show that we currently lack a com-
plete understanding of AGN triggering throughout cosmic his-
tory. For example, Costello et al. (2025) used the FLAMINGO
simulations and found an anti-correlation between BH mass and
gas fraction in the galaxy regime, however this reverses and
becomes positive for galaxy groups: more massive haloes form
early, host more massive BHs, eject quickly and reaccrete later,
increasing the gas fractions. Conversely, Marini et al. (2025a) do
not find evidence for such a trend in the Magneticum simulation.
This hints to the possibility that the exact feedback evolution his-
tory remains unclear.

A variation of the AGN feedback efficiency across cosmic
time, for example due to environmental effects, may change
group properties as a function of redshift. In addition, the exact
interplay between AGN feedback and the surrounding medium,
both in thermal, kinetic, and jet modes, has an impact on the duty
cycle (Sotira et al. 2025, 2026). The shape of the fy,s-M rela-
tion at the group regime likely explains the differences between
the fiducial models and the Jet run. Although both models are
calibrated to match the same gas fraction at cluster scales, the
extrapolation towards the group regime probed in this work pre-
dicts higher gas fractions for the Jet model than for the fidu-
cial case, while they converge at higher masses (Fig. 10 in
Schaye et al. 2023). This highlights that different prescriptions
for AGN feedback as a function of halo mass can have distinct
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effects depending on the halo population under consideration
(groups, clusters, or galaxies) which may also contribute to ten-
sions with studies based on the kSZ effect.

5.3. Impact on cosmology

On top of all observables used in this work, together with
kSZ and gas fractions, another useful feedback probe is the
cross correlation between X-ray photons and cosmic shear,
that can potentially discriminate between FLAMINGO models
(McDonald et al. 2026). Disentangling all these effects in com-
parison to a local sample such as X-GAP requires deep, high-
resolution observations of galaxy groups, a particularly relevant
outlook in sight of NewAthena (Cruise et al. 2025).

Finally, the relevance of group-scale feedback extends
beyond halo astrophysics. The distance up to which one would
find all the baryons ejected by feedback, effectively recover-
ing the universal baryon fraction, depends on feedback inten-
sity and efficiency. The closure radius, i.e. the radius at which
the enclosed baryon fraction reaches the cosmic mean, was
shown to vary from one to several Ry for group-scale sys-
tems Ayromlou et al. (2023), which implies a substantial decou-
pling between baryons and dark matter. This can be probed by
large scale X-ray observations of galaxy groups at low redshifts.
The redistribution of baryons modifies the matter distribution
and suppresses small-scale power in the matter power spectrum
(van Daalen et al. 2011; Schneider et al. 2019; van Daalen et al.
2020; Gebhardt et al. 2026). The suppression is mainly driven
by the shape of the gas density profiles of galaxy groups,
such that deep observations of local groups are highly com-
plementary to LSS cosmological probes (see Debackere et al.
2020; Mead et al. 2021; Grandis et al. 2024; Schneider et al.
2025; Schaller et al. 2025). This has relevant consequences on
cosmological experiments on the LSS (Semboloni et al. 2011;
Arico et al. 2023), meaning that a deeper understanding of feed-
back paves the way towards a more accurate and robust knowl-
edge of cosmology (see e.g. DES Collaboration 2026).

6. Conclusion

In this section we provide a summary of this work and the future
outlook.

6.1. Summary

In this work we investigated the impact of AGN feedback on the
hot atmospheres of galaxy groups by comparing simulations and
observations. We used the FLAMINGO suite, which includes
several AGN feedback prescriptions, and compared them with
the X-GAP group sample. Selection effects were taken into
account using the detection probability derived in Seppi et al.
(2025), which forward modelled the RASS detection process.
We found cosmic variance to be a large source of systematic
uncertainty for what concerns the number of selected groups,
with relative variations larger than 20% (see Fig. 1 and also
Appendix B). Therefore, the number of groups is not a driver
in the comparison between data and models in this case, due to
the relatively small volume (about 0.07 Gpc?) probed by X-GAP.

We further applied the X-GAP selection criteria of at least
eight galaxy members and Rspo. < 15" to construct simulated
X-GAP analogues. We then generated end-to-end XMM-Newton
mock observations, including instrumental effects, and analysed
them with the same imaging and spectral procedures used for the
real data (Fig. 3).

We then analysed the X-ray simulation with the same method
as for the real X-GAP sample (Eckert et al. 2025). This frame-
work enabled a direct comparison between simulations and
observations in observable space, where temperature traces the
halo mass scale and X-ray luminosity probes the gas content
(Fig. 4).

We used the L-T', My,—T normalisations, mean temperature,
mean velocity dispersion, and the number of detected groups as
discriminating observables, accounting for their covariance with
a Gaussian copula approach (Fig. C.3). The fgs — 20~ model pro-
vides the best agreement with X-GAP, deviating by only 0.8,
while the strongest feedback model (fzs — 807) is excluded at
4.40. The fy,s — 20 model provides an X-GAP-like population
with a typical gas fraction of 6.1%, while the fg,, — 80 yields
emptier groups with a typical gas fraction of 3.8% (see Sect. 2.5).
Overall, our end-to-end framework provides a direct constraint
on the fate of hot gas in galaxy groups, favouring a feedback
scheme that is stronger than the fiducial FLAMINGO calibra-
tion but weaker than the most ejective scenarios.

6.2. Outlook

In future work, we plan to further expand the comparison to more
simulations, to enrich the comparison including jets in this arti-
cle. In this context, the coupling between the IGrM and AGN
feedback is a function of the distance to the central SMBH: dif-
ferent recipes in hydrodynamical simulations may cause varia-
tions of the efficiency to which AGN feedback impacts the hot
medium. This information is encoded in the shape of the entropy
profiles, which provides a promising avenue for future tests.

Simulations at higher resolution such as COLIBRE
(Schaye et al. 2026), in addition to well-resolved AGN jets
(Bourne & Yang 2023) will help shed light on this topic.
For example, Correa Magnus et al. (2026) show that surface
brightness concentration can be another discriminator between
FLAMINGO models. This is directly related to the slope of the
profile 8. However, at the current resolution level, the inner core
of X-GAP-like groups is resolved with only a few tens of gas
elements, and core measurements are not fully reliable from the
observer perspective. This could be achieved with more massive
clusters in FLAMINGO where the inner 0.1XRs. is resolved
with hundreds of gas elements, but the AGN impact on the hot
ICM is milder. Finally, our framework will allow us to correct
group mass measurements in the real X-GAP and therefore also
their relation to the gas fraction, accounting for their covari-
ance, measurement uncertainties and systematics, and selection
effects.
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Fig. A.1. Relation between the number of true galaxy members and the
ones identified by the optical finding process. Top: Data from the simu-
lations developed by Seppi et al. (2025) and the best-fit model described
in Eq. A.2. Bottom: Marginalised 1D posterior distribution of the best-
fit parameters.

Appendix A: Modelling the Ng, selection

X-GAP is selected applying a lower cut equal to eight group
members identified in SDSS. In this appendix we elaborate on
the modelling of this cut, an ingredient necessary to complete
the sample selection (Sect. 2.3). To reproduce the Ngy spss selec-
tion we retrieve the r-band luminosity and convert it to apparent
magnitude according to Eq. (A.1):

L
M, = -2.5 xlog, .
r0

1
K, =-25x1 —_—
Oglo(l +Z)

m, = M, + 5log,o[Dr/pcl =5+ K,, (A.1)
where L, is the optical r-band luminosity, and L, is the reference
luminosity corresponding to 4.64 Mag, and Dy is the luminosity
distance in units of parsec. Given the low redshift of our sam-
ple, the K-correction is small and we assume a flat galaxy SED
in Eq. (A.1) (see Blanton & Roweis 2007, Sect. 4 and Eq. 15).
For each halo we count members with m, < 17.77. Although
L1_m8 misses galaxies below M, ~ 108 Mo, these are mostly
isolated, leading to a mild deficit in the total galaxy number den-
sity at z < 0.03 compared to the UchuuSDSS mocks (Seppi et al.
2025). However, the number density of group members is consis-
tent and requires no correction. The simulated luminosities cor-
respond to integrated stellar emission and therefore approximate,

Table A.1. Priors and posteriors of the relation between the number of
true galaxy members and the ones recovered by the FoF.

Parameter Prior Posterior
a U, 2) 1.36 = 0.03
log A UE-5,5) -1.26 = 0.07
Tintr U(0.01,5.0) | 0.74 £0.01

B UE-5,5) 0.02 + 0.01

Notes. The symbol U (M, N) denotes a uniform prior between the values
M and N. Posterior values are reported from the third column onwards,
for each case labelled in the top row.

but do not necessarily exactly reproduce, SDSS Petrosian magni-
tudes. At the low redshifts considered here (z < 0.05), such dif-
ferences are expected to be subdominant relative to the empirical
calibration between intrinsic and FoF-detected group member-
ship described below. We then account for the mismatch between
true members and those identified by the FoF finder using the
end-to-end mocks of Seppi et al. (2025). These are used to cali-
brate the relation between the true number of members Ny, and
the detected number N, rop. Since only systems with Ny pop > 5
are retained, we model this relation with a truncated likelihood,
i.e. the probability of observing Ny ror given Ny, and the selec-
tion cut. The model depends on four parameters: A, @, Oy, and

B:

logu = log A + alog Ny,
OToT = 00 'Ng_ﬁ,

P(log Ny rorl| log ) = N(log Ny ror| log u, otot),

00

P(Ngpor 2 5|logu) = N(logy'|logu, oror) dlogy’ =

log5
log5 — 1
_ —@( og5 og,u),
Ttot
_ . P(log N\, 11og u)
L = P(log N 1logu, N9. > 5)= —_& ,
g, FoF g,FoF (i) i
P(Ng’FoF > 5|log u®)
log £L; = log | Plog N 1 log ™) — log [P(NG, . > Sl1og )],
Neroups

log£= ) log L, (A2)
i=1

where u is the mean expected Ng ror at fixed Ng,, N is a nor-
mal distribution, @ is the cumulative normal distribution func-

tion and we assumed that P(log Ng,;:oF’Ng,FOF > 5|logu®) =

P(log Néi)F .rl1og 1), because since the group is in the catalogue
we know that is has more than 5 detected members. The rela-
tion between the true number of galaxy members, Ngy, and
the FoF-detected number, N por, is modelled probabilistically,
accounting for intrinsic scatter and selection effects. We assume
a log-normal distribution for N, ror conditioned on Ng,, with a
scatter in log-space that varies with richness, reflecting larger
relative fluctuations in poorer systems. We account for the detec-
tion threshold Ngrr > 5 using a truncated log-normal likeli-

hood, including the survival probability P(Ng’;:oF >5| Négl). The
total log-likelihood is summed over all groups. This framework
naturally incorporates both the selection cut and measurement
scatter.

We apply the correction between number of true members

and optical members using the best fit model in Eq. A.2 using
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Fig. B.1. Redshift and luminosity distribution in the selected
FLAMINGO samples and X-GAP.

the parameters in Table A.1. This gives us a predicted number of
optically identified galaxy members starting from the number of
true galaxy members accounting for the full observational selec-
tion process (Damsted et al. 2024; Eckert et al. 2024; Seppi et al.
2025).

Figure A.1 shows the final result, with the relation between
true and detected number of members, along with the best-
fit model described above. The bottom panel shows the full
marginalised posterior distributions for the parameters in Eq.
A2.

Appendix B: X-GAP-FLAMINGO validation

In this appendix we quantify the impact of cosmic vari-
ance on the selected X-GAP-like samples across the various
FLAMINGO models and validate the recovery of intrinsic X-ray
observables through our analysis pipeline.

After applying the selection described in Sect. 2.3, we com-
pare the redshift and luminosity PDFs of the selected groups to
X-GAP (Fig. B.1), where shaded regions indicate the 16-84th
percentiles across observers and light cones. X-GAP appears
over(under)-dense at z ~ 0.035 (z ~ 0.043), leading to an excess
(deficit) of systems around Lx ~ 2 x 10* erg s™! (~ 10%
erg s71), consistent with the flux-limited selection. As shown
in Fig. 1, such variations are dominated by cosmic variance,
and it is unlikely that FLAMINGO reproduces the local Uni-
verse exactly. While LSS fluctuations may affect observable dis-
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Cosmic Variance Impact
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Fig. B.2. Relative fractional variation of each observable estimated from
the cosmic variance tests.
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Fig. B.3. Luminosity-temperature relation for the selected systems
(solid lines and shaded areas) and the full sample (dashed lines). Both
are true input quantities.

tributions, this is mitigated by the copula approach (Sect. 4.2
and Appendix C). Moreover, the scaling-relation normalisations
(Mgas, Lx,cEx), evaluated at fixed temperature, are largely unaf-
fected and dominate the constraints.

We verify this using the cosmic variance and selection-
function tests of Sect. 2.4. Relative variations, defined as (pgq —
P16)/ (2 pso), are shown in Fig. B.2. The number of groups varies
by > 20%, while mean temperature and velocity dispersion vary
at the 5% and 4% level, respectively. The scaling-relation nor-
malisations at 1.3 keV are highly stable, with variations of 0.2%.

We also examine the impact of selection on the LT relation,
analogous to the fy,—M relation shown in Fig. 2. The result is
presented in Fig. B.3. The selection bias follows a similar pat-
tern: incompleteness at low masses and a down-scattered popu-
lation at high masses caused by the upper radius cut. However,
the effect is more pronounced for the L-T relation because gas
fraction is less directly tied to the selection observable (X-ray
flux). We measure deviations of ~ 30% around 1 keV and ~ 10%
near 3 keV.
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Fig. B.4. Comparison between the input X-ray luminosity and the out-
put luminosity measured and modelled with hydromass.

We now focus the recovery of input X-ray luminosities, tem-
peratures, and gas masses in the FLAMINGO groups.

B.1. X-ray luminosity

In our framework, X-ray luminosity is not computed as a sim-
ple photon count within an aperture. Instead, hydromass jointly
models the gas density and temperature profiles to reproduce the
observed surface brightness, which depends on the line-of-sight
integral of n2 and on temperature and metallicity through the
cooling function (Ploeckinger & Schaye 2020). Once the surface
brightness and projected temperatures are fitted, the resulting 3D
profiles yield the plasma emissivity, which is integrated along the
line of sight to obtain the luminosity. The integration radius is
critical, particularly for groups with flatter profiles, as it directly
impacts the total luminosity. We therefore adapt hydromass to
integrate out to the true Rsg. rather than the value inferred from
the data.

We compare our measured luminosities to the ones tabulated
by Braspenning et al. (2024, see their Sects. 2.3 and 2.4), and
rescaled by the cylindrical correction C.y; obtained in Sect.2.3,
i.e. the ones used for the selection function and as inputs to the
xmm_simulator. The result is shown in Fig. B.4. The black
line shows the global measured luminosity at a given true value.
The shaded area includes the 16th-84th percentiles. Although
the solid lines appears to be just below the 1:1, with a global
median that is 6% lower than the input value, the scatter on the
median is well within the one-to-one line. We conclude that we
do not find evidence for significant bias in the luminosity mea-
surement. It means that any difference in the computation of the
cooling rates using cloudy (in Braspenning et al. 2024) or apec
(this work) does not impact the measurement of X-ray luminos-
ity in our framework. In addition, a slight offset and a portion of
the observed scatter may originate from the cylindrical correc-
tion (see Eq. 2). The correction is applied to the reference true
luminosities, whereas the reconstructed values are derived inde-
pendently from the mock photon data. Therefore, any inaccuracy
in the correction would manifest as a departure from the one-to-
one relation. The close agreement observed here suggests that
the cylindrical correction is indeed robust.
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Fig. B.5. Comparison between the input spectroscopic-like temperature
and the output temperature measured and modelled with hydromass.
Both quantities are core-excised, using the estimated Rsg. as a refer-
ence.

B.2. X-ray temperature

A single definition of the true global hot gas temperature in
simulations is not trivial and requires an assumption of weights
for each gas element. The introduction of the spectroscopic-like
weighting scheme bridged a gap between temperature defini-
tion in simulations and temperatures inferred from X-ray spec-
tra (Mazzotta et al. 2004), although some scatter is still expected
(Seppi et al. 2026). Dense and cool regions dominate the emis-
sivity in X-ray spectra, which biases the temperature to such
regions. An additional effect is given by metallicity: contribu-
tion from line emission is extremely relevant in groups where the
temperature is not hot enough to fully ionise all elements (e.g.
Sanders 2023). The FLAMINGO simulations produced metal
rich cores, with abundances that can reach super solar values
in the inner region on average as reported by Braspenning et al.
(2024). The X-ray spectral analysis in such a regime that is
extreme in comparison to observations is challenging. In addi-
tion, the particle resolution allows to resolve the core within
the inner 0.1XRsgo. with tens of particles at best in the L1_m9
simulations. For these reasons, we compute global temperatures
by excising the core and focus on the region between 0.15 and
1.0XR500. (we do the same for observations). From the simu-
lation perspective, we compute spectroscopic-like temperatures
within this ring using the apertures defined with the estimated
Rs00c to be consistent with the temperature estimated from the
mock observations.

The comparison is shown in Fig. B.5. We find the majority
of the points to align close to the one-to-one line. However, we
also obtain a cloud of points lying below the one-to-one line,
made up mostly of systems in the strongest feedback simula-
tions: fgas — 80~ and Jet_fy,s — 40-. From the visual inspection
the majority of these systems showcase a complex IGrM, clearly
disrupted by the strong AGN activity. We define a boolean flag,
FLAG_ VISUAL, which is set to True for systems that do not dis-
play obvious features likely to compromise the X-ray analysis,
such as clear merger signatures, highly disturbed morphologies,
very clumpy IGrM, strong asymmetries, or evident deviations
from spherical symmetry. The median temperature for these sys-
tems is shown by the black solid line in Fig. B.5. The black
shaded area denotes the 16th-84th percentiles. It encompasses
the one-to-one line for the majority of the temperature range
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Fig. B.6. Comparison between the input and output gas mass measured
and modelled with hydromass. Both quantities are integrated within
the same radius (true Rsg).

considered here. A small disagreement at low temperature is
likely due to the hydrogen column density, that absorbs the softer
part of the spectrum, and the effective area, that is higher in the
1-2 keV range. Their combination may slightly bias our tem-
peratures high in this regime, although the difference is not sta-
tistically significant (< 207). Overall, Fig. B.5 shows that for this
subsample we find good agreement with the input spectroscopic-
like temperature. For the global comparison to X-GAP, we use
the full samples, otherwise we would bias the selection relative
to the data.

B.3. Gas mass

The gas mass is measured by integrating the deprojected density
profile following

Rso0c
Mgy = 47ryempf ne(r)rzdr, (B.1)
0

where p, is the mean electron molecular weight and m,, is the
proton mass. In particular, the mean molecular weight per elec-
tron is computed in a flexible way based on the chosen abun-
dance table (Asplund et al. 2009, the one used for the X-GAP
analysis) within hydromass. The pipeline computes a conver-
sion factor that relates electron number density and emissivity,
which therefore includes flexible dependencies on temperature
and metallicity.

The result is shown in Fig. B.6. The black line shows the
global measured gas mass at a given true value. The shaded area
includes the 16th-84th percentiles. We find excellent agreement
with the one-to-one relation: our framework allows accurate gas
mass measurements. Importantly, this agreement persists even
though the FLAMINGO simulations produce inner metallic-
ity profiles that are systematically higher than those observed
(Schaye et al. 2023; Braspenning et al. 2024). This indicates that
our analysis pipeline is sufficiently flexible to recover unbiased
gas masses, owing to the adaptive conversion between gas den-
sity and X-ray emissivity implemented in our modelling.

Appendix C: The statistical comparison to X-GAP

In this appendix we detail the framework related to the statistical
comparison between X-GAP and FLAMINGO in Sect. 4.
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C.1. Observables correlation

From the N-1ight cone generation procedure (explained in
Sect. 4.2) we also store the input temperature and input veloc-
ity dispersion. Although these are not identical to the measured
quantities, they provide a physically motivated baseline to quan-
tify correlations between observables driven by halo popula-
tion and selection effects. We also fit the normalisation of the
scaling relation between input luminosity and temperature as
explained in the previous section. This provides a data vector
with Brr, BumgasTs Ngroups» Mean temperature, and mean velocity
dispersion for each experiment. From the ensemble we compute
the correlation matrix C;; between the observables, shown in
Fig. C.1. Results are consistent across models. We find a strong
covariance between mean temperature and velocity dispersion
(correlation ~0.8), as both trace halo mass. The scaling-relation
normalisations are also correlated (0.5-0.7), reflecting the link
between gas mass and X-ray luminosity (e.g. Eckert et al. 2020).
In contrast, the number of groups shows no significant cor-
relation with other observables, being dominated by cosmic
variance. Similarly, the L-T normalisation is also largely inde-
pendent: it describes luminosity variations at fixed tempera-
ture, so changes in temperature or velocity dispersion do not
directly affect its normalisation. The same holds for the Mg,—T
normalisation.

C.2. The copula approach

For each observable individually, we construct its empirical
cumulative distribution function (CDF) ¥; from the Monte
Carlo procedure, without assuming any analytic form. For tem-
perature, velocity dispersion, and Byr, the MonteCarlo distri-
butions primarily capture measurement and modelling uncer-
tainties (bootstrap scatter and posterior sampling). However,
the light-cone ensemble shows that field-to-field (cosmic vari-
ance and selection-function) fluctuations can also contribute to
the scatter of sample-averaged quantities. To ensure a consis-
tent comparison with X-GAP, we add this additional variance
in quadrature to the measurement-driven scatter when it is not
already dominant. The final empirical distributions ¥; there-
fore represent the total expected uncertainty for each observ-
able, combining measurement effects and sample-to-sample
fluctuations.

We use a Gaussian copula to model the observables covari-
ance. A Gaussian copula provides a flexible framework to model
the joint distribution of multiple variables by separating the indi-
vidual properties of each observable (often named marginal dis-
tributions) from the way they co-vary (often named dependence
structure). This approach is motivated by the need to combine
observables with diverse, empirical distributions while preserv-
ing their intrinsic covariance. By mapping the marginals onto
a latent multivariate Gaussian space, we can generate synthetic
realisations that honour the measured correlation matrix regard-
less of the underlying shape of the individual 1D distributions.
Operationally, this is implemented as follows: we draw random
Gaussian vectors z; from the correlation matrix C; ;. Each com-
ponent is transformed into a uniform variable using the standard
normal CDF: u; = ®(z;). The u; values span the range between
0 and 1 but retain the expected correlation from C; ;. For each
observable, u; is mapped onto a physical value x; = ?}"(u i)
using the inverse empirical CDF of that observable. This pro-
cedure produces synthetic realisations that follow the empirical
1D distributions of each observable, and reproduce the measured
correlation structure between them. Finally, since the empirical
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Fig. C.1. Correlation matrix between observables estimated from various light cones and selection function models for the various FLAMINGO
models: the number of groups, the mean core-excised temperature, the mean velocity dispersion, and the normalisation of the scaling relations.

CDF only contain scatter due to the measurement process, we
add the scatter estimated from the N-1ight cone generation
to also account for systematics due to cosmic variance and selec-
tion function uncertainties (see also Fig. B.2 about the relative
impact on each observable). These samples represent the distri-
bution of outcomes expected from that model under the same
survey selection and cosmic variance as X-GAP.

Now, for each observable we compute a two-sided tail proba-
bility p; and define the summary statistic S following the Fisher
method such that

2 x min(Fj(x;), I — Fi(x))),
5

-2 Z log p;.
P

Because the p; are correlated, we do not expect S to neces-
sarily follow the standard y? distribution. We show the distri-
bution of the S statistic for each model in Fig. C.2 (a method
similar to Regamey et al. 2026). We also calculate the S statis-
tic for the X-GAP sample itself and indicate its position with
a vertical line of the corresponding colour. The discriminating
power of the test lies in the percentile at which the X-GAP value
intersects the model’s CDF. The CDFs are very similar across
the FLAMINGO runs: the discriminating power arises primarily
from the location of the X-GAP statistic within each distribu-
tion. The model fg,s — 20 places the X-GAP value close to the

pj

S

(C.1)
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Fig. C.2. Cumulative distribution functions of the summary statistic
S for the different FLAMINGO models and for the X-GAP sample.
The curved lines represent the distribution of S generated via a Gaus-
sian copula to account for the covariance between observables in the
FLAMINGO realisations. The vertical lines indicate the position of the
observed X-GAP data within each model distribution. A model is in
good agreement if the vertical line falls near the median of the CDF
(like fya — 207), while it is statistically disfavoured if the vertical line
falls in the extreme tail (like fy, — 807).

median of the distribution and provides the best agreement with
the data, whereas the fiducial runs (L1_m8 and L1_m9) lie at
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Fig. C.3. Final comparison to X-GAP. It includes the normalisation of
the L-T (both core-excised) and My,,(<400 kpc)-T (core-excised) scal-
ing relations, the expected number of groups, the mean core-excised
temperature, and velocity dispersion. The tension expressed in Gaussian
equivalent significance accounts for the intrinsic correlation between
observables as explained in Sect. 4.2. The values are also reported in
Table 1.

higher percentiles and are mildly disfavoured. Models with very
strong feedback (e.g. feas — 807) place the X-GAP value in the
extreme tail of the distribution and are strongly inconsistent with
the observations. The joint probability pjein is given empirically
by the fraction of S larger than the one computed for X-GAP, i.e.
the fraction of simulated realisations that are at least as extreme
as X-GAP in the combined 4D space. Finally, we convert the
joint probability into an equivalent two-sided Gaussian signifi-
cance

Pijoint

Oeq =D '(1- 5

), (C.2)

where @~ ! is the inverse standard normal cumulative distribu-
tion function. The oy quantifies how unusual the X-GAP mea-
surements are relative to each model, while fully accounting for
covariance between observables (Fig. C.3 and Table 1).

Appendix D: Potential systematics

Here we address three potential sources of systematics: the gas
particle metallicity the sample size, and the cosmological model.

D.1. Gas particle metallicity

FLAMINGO predicts metal abundances higher than
observed, reaching super-solar values in group cores
(Braspenning et al. 2024). In this mass regime, where the
gas is not fully ionised, line emission contributes significantly
to the total luminosity, making metallicity a key driver of Lx.
Higher abundances can therefore boost the luminosity at fixed
gas mass. This may affect the results in Fig. 5. The L-T normal-
isation is largely unaffected, as luminosity drives the selection.
In contrast, the Mg,—T relation is more sensitive: an enhanced
Lx would require lower Mg,, to match the observations.

We recompute the input X-ray luminosities with pyXSIM by
fixing the metallicity of gas particles within Rsgo. to 0.3 Z for
haloes with Msgp. > 5 x 10'2 M. This requires collecting the
gas particles around each halo and recalculating their emissivity
at fixed abundance. Because the procedure is computationally
expensive, we restrict the analysis to a single L1_m8 light cone
at z < 0.05. We then apply the selection described in Sect. 2.3
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Fig. D.1. Comparison of the gas mass distribution between the sample
selected from L1_m8 as described in Sect. 2.3 and the variation assum-
ing Z=0.3 for all gas elements.

using these recomputed luminosities instead of the catalogue val-
ues. Since Appendix B shows that our pipeline accurately recov-
ers gas masses, we do not generate new mock XMM-Newton
observations but directly compare the gas-mass distributions of
the original L1_mS§8-selected sample and the variant computed
with 0.3 Z.

The result is shown in Fig. D.1. The solid line with the
shaded area denotes the standard X-GAP-like sample from
L1_m8, while the dotted line with hatched shaded area corre-
sponds to the Z=0.3 Z variation. Overall we find good agree-
ment between the two, especially for average to higher gas
masses where the distributions are almost indistinguishable. The
agreement is within 1o~ down to about Mg, = 10'? M. Below
such a threshold the standard L1_mS8 contains more objects,
which skews the median gas mass to lower values compared
to the Z=0.3 variation. This is in agreement with fainter groups
being boosted by the higher metallicity. The median gas mass
in the two samples is 4.5+0.2x10'? and 4.7+0.2 x10'> M,,. The
uncertainties are estimated from 10000 bootstrap samples. The
two values differ by about 5%, although they are compatible at
the 0.90 level. Therefore, we do not find a statistical disagree-
ment between the two.

In addition, the normalisation of the My—T is even less
affected overall, because it is computed at fixed temperature.
We find Bygast=12.45+0.01 for L1_m8 and Bygasr=12.46 for
the Z=0.3 variation. We conclude that even though a particle
selection with lower metallicity would not allow selecting a few
low gas mass objects, the normalisation of the Mg,—T relation,
which brings constraining power to our framework, in not sig-
nificantly affected by this systematic.

D.2. Sample size

We study whether the relatively limited sample size of about 50
groups in X-GAP and the one used in this work for comparison
to the models has an impact on our results. We investigate the
2D distribution of gas mass and temperature, and X-ray lumi-
nosity and temperature. We compare the sample from L1_m§
used for comparison to X-GAP to the full combination of all
light cones and observers used for the cosmic variance tests. We
use the input values, because we do not have the full end-to-end
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Fig. D.2. Comparison of the input M,,.—T and L-T relations between
the L1_m8 sample (solid lines) used for comparison to X-GAP and the
full combination of all light cones and observers used for the cosmic
variance tests (dashed lines).

pipeline for all light cones and observers. In total we collect 2368
haloes.

The results are shown in Fig. D.2. The two populations
occupy a very similar region of the parameter space. The larger
sample combining all light cones and observers is more likely to
contain rarer objects that deviate from the mean relations, there-
fore the dashed contours extend to slightly larger regions of the
parameter space.

The median values of each quantity are very close in the two
samples (T of 1.40 and 1.41 keV, Mg, of 4.65 and 4.48x10"
Mo, Lx of 7.48 and 7.39x10*? erg/s). The 1D 16th percentiles
move from 1.79 to 1.81 keV (7.59 to 8.41x10"® M., 3.1 to
2.7x10*? erg/s). The 1D 84th percentiles move from 1.15 to 1.07
keV (2.5 t0 2.1x10"3 My, 1.71 to 1.73x10* erg/s).

Finally, the normalisation of the two scaling relations move
from 12.56 to 12.55 for Mg,—T and from 42.76 to 42.75 for L—-
T. We conclude that the sample size does not significantly affect
our results.

D.3. Cosmology

The number of selected groups is expected to also depend on
cosmology. To study this effect, we follow a methodology simi-
lar to Regamey et al. (2026) and integrate the halo mass func-
tion from Tinker et al. (2008) up to z=0.05 and in the 10"3—
10" Mg range. We account for an SDSS-like sky coverage. We

SPT

eRASS1

DES-Y3

Planck

48 50 52

Number of groups

Fig. D.3. Comparison of the predicted number of X-GAP-like selected
groups for different cosmological models.

rescale the total number of generated haloes by the ratio between
the X-GAP selected systems and the number of all haloes in
the L1_mS§ light cone, that is equal to about 6%. The result is
a rough estimate of the total number of selected groups. We
then vary the cosmological model and study the impact on the
final number of groups. We use the best-fit parameters from
Planck (Planck Collaboration VI 2020), DES-Y3 (Abbott et al.
2022), eRASS1 clusters (Ghirardini et al. 2024), and SPT clus-
ters (Bocquet et al. 2025).

The result is shown in Fig. D.3. The errorbars are estimated
from 1000 samples generated from a different random seed
for each cosmology. We obtain a median number of 51.4+1.8
for Planck, 49.7+1.7 for DES-Y3, 48.5+1.7 for eRASS1, and
51.3+1.7 for SPT. All results are compatible within 1o-. In addi-
tion, the statistical uncertainty and the variation between differ-
ent cosmological models are about one order of magnitude lower
than the uncertainty due to cosmic variance estimated in Sect.
2.4. We conclude that our results are not significantly affected
by the choice of a specific cosmological model.

Appendix E: X-GAP measurements

Table E.1 collects the individual values of gas mass within 400
kpc, core-excised X-ray luminosity and temperature measured
for each individual X-GAP group. These three observables have
been measured for this work and have not been published before.
We refer the reader to Eckert et al. (2025) for full details about
the X-ray analysis pipeline, and Eckert et al. (2024) for the X-
GAP main master table.
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Table E.1. Measurements of gas mass within 400 kpc, core-excised temperature, and core-excised X-ray luminosity for X-GAP groups. See
Eckert et al. (2024) for full properties.

Group ID | redshift | log; M,.(<400 kpc) [Mo] | log,oLx cex lerg/s] | Txcex [keV]
8050 0.047 12.387001 42.857001 1.76700%
10842 0.040 12.33j§}§i 42.74f§f§i 1.62j§}§§

885 0.047 12.55j8;8l 43.07f8;8= 2.50j8;8g
1011 0.046 12.36j8;8l 42.76f8;86 1.56j8;8%
9695 0.038 12.38j8;88 42.78‘:8:8? 1.74j8;8%
4654 0.022 11.84902 41.64+001 0.86+001
1695 0.039 12.53j§f§§ 43.03t§f§% 1.97j§f§2
15641 0.027 12.10j8;8(f 42.21j8;8i 0.95j8;8i
3128 0.032 12.o3j8;8} 42.25t8;8} 1'10t838£
2620 0.039 12.42j8;8} 42.89j8;86 1'57t838%
12349 0.036 12.25j8;8; 42.53f8;8é 1.04j8;8£
16150 0.032 11'79t8:8‘z‘ 41'7“838% 1.10j8;8%
3460 0.043 12.18j8;8% 42.35j8;8% 1.25j8;8g
9771 0.044 12.17j8;8% 42.28’:8:8% 1.38j8;87
1601 0.034 12.08j8;8£ 42.20j8;8% 1.o7j8;8i
10094 0.031 1 1.81j8;8§ 41 .86’:8:8% 1.08j8;83
6159 0.024 11.79*- 41.42+00% 0.72+004
8102 0.033 12.13j§f§? 42.34f§fgi 1.10j§j58%
9178 0.040 1 1.89j8:6% 41 .56’:8: f 0.84j8;8Y
39344 0.028 12'0“8:8& 42.19j8;8i 0.85j8:8%
5742 0.034 12.06*00 41.93+002 0.79+0%:
6058 0.045 1 1.87j§f§‘7‘ 41.76j§f§‘z‘ 0.89j§f§§
1162 0.044 12.27j8;8i 42.64’:818% 1.42j8;8%
2424 0.040 12.15j8;8% 42.26j8;8% 1.17j8;8~%
46701 0.042 12.13t8;82 42.24f8;8% 1.05i8¢85
35976 0.036 12.29j8;8§ 42.64’:8:8% 1.28j8;8§
9399 0.035 12.18j8;82 42.29j8;8% 1.10j8;83
4436 0.046 12.29t8;8i 42.59f8;8é 1.58t8;8§
9647 0.023 12.06t8;% 41.89f8;% 0.80j8;8§
4936 0.042 1177491 41.42+011 0.86*0"
828 0.046 12.62j§f§j1 43.28j§f§i 2.47j§f§§
15776 0.036 12,1490 42.29+00 1.01+007
9370 0.038 12.127003 42.27+838g 1.09*8383
1398 0.046 12.56E§f§i 43.2553}3} 2.585%}%3
40241 0.049 12.15+002 42.34+001 0.89+001
11844 0.038 12.1 2+8182 42.1 5+8?83 0.69+838i
10159 | 0.031 11.73700 4136705 0507001
11320 0.045 12.39j§f§i 42.93j§f§% 2.46j§f§2
11631 0.046 12'428:8% 42.95j8;8i 1.57j8;8§
16393 0.046 12.o9j8;8% 42.30j8;8% 1.24j8;%
22635 0.034 12.21+002 4248002 1.17+0
28674 0.037 12.14j§f§}/ 42.36f§f§% 1.07j§f§§
3513 0.036 1 1.90j8;89 41.84j8;8z 1.25j8; I
3669 0.048 12.49+001 43.11+002 1.85023
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