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Abstract

The ability to measure unbiased weak-lensing (WL) masses is a key ingredient to exploit galaxy clusters as a competitive cosmological probe with the ESA Euclid survey or future missions. We investigate the level of accuracy and precision of cluster masses measured with the Euclid data processing pipeline. We use the DEMNUni-Cov N-body simulations to assess how well the WL mass probes the true halo mass, and, then, how well WL masses can be recovered in the presence of measurement uncertainties. We consider different halo mass density models, priors, and mass point estimates, that is the biweight, mean, and median of the marginalised posterior distribution and the maximum likelihood parameter. WL mass differs from true mass due to, for example, the intrinsic ellipticity of sources, correlated or uncorrelated matter and large-scale structure, halo triaxiality and orientation, and merging or irregular morphology. In an ideal scenario without observational or measurement errors, the maximum likelihood estimator is the most accurate, with WL masses biased low by ⟨bM⟩= − 14.6 ± 1.7% on average over the full range M200c > 5 × 1013 M⊙ and z < 1. Due to the stabilising effect of the prior, the biweight, mean, and median estimates are more precise, that is with smaller intrinsic scatter. The scatter decreases with increasing mass and informative priors can significantly reduce the scatter. Halo mass density profiles with a truncation provide better fits to the lensing signal, while the accuracy and precision are not significantly affected. We further investigate the impact of various additional sources of systematic uncertainty on the WL mass estimates, namely the impact of photometric redshift uncertainties and source selection, the expected performance of Euclid cluster detection algorithms, and the presence of masks. Taken in isolation, we find that the largest effect is induced by non-conservative source selection with ⟨bM⟩= − 33.4 ± 1.6%. This effect can be mostly removed with a robust selection. As a final Euclid-like test, we combine systematic effects in a realistic observational setting and find ⟨bM⟩= − 15.5 ± 2.4% under a robust selection. This is very similar to the ideal case, though with a slightly larger scatter mostly due to cluster redshift uncertainty and miscentering.

Key words: gravitational lensing: weak / galaxies: clusters: general / dark matter


1. Introduction
Galaxy clusters are robust tracers of the matter density field (e.g. Allen et al. 2011). They are hosted in dark matter haloes, which are seeded by initial perturbations of the matter overdensity field and subsequently form via the hierarchical growth of structure. At the present time, many clusters have reached virial equilibrium and are among the most massive gravitationally bound systems in the Universe Voit 2005; Borgani 2008.
Clusters probe the distribution and evolution of cosmic structures through their abundance, spatial distribution, and as a function of their redshift and mass. The high-mass end of the halo-mass function has been measured by cluster surveys and is particularly sensitive to dark energy Vikhlinin et al. 2009; Mantz et al. 2015; Planck Collaboration XXII 2016; Costanzi et al. 2019; Bocquet et al. 2019. Surveys measure baryonic mass proxies, such as richness, the Sunyaev–Zeldovich effect, and X-ray luminosity, from intracluster gas or the distribution of galaxies. A mass-observable relation is additionally needed to anchor these survey measurements to the halo mass function. Therefore, unbiased cluster mass measurements are essential to accurately constrain cosmological parameters Giocoli et al. 2021; Ingoglia et al. 2022.
One reliable method to measure galaxy cluster masses is via weak gravitational lensing (henceforth WL, for a review see Bartelmann & Schneider 2001; Schneider 2006; Kilbinger 2015), an effect by which the images of background galaxies are distorted due to a foreground mass. The inference of cluster masses from WL is close to unbiased Becker & Kravtsov 2011; Oguri & Hamana 2011; Bahé et al. 2012, independent of the dynamical state of the cluster, and probes the entire halo mass, which is dominated by dark matter Hoekstra et al. 2012, 2015; Umetsu et al. 2014, 2016; Sereno et al. 2018. Individual WL cluster masses have successfully been used in cluster count measurements to constrain cosmology Bocquet et al. 2019; Costanzi et al. 2021.
In the past decade, the emergence of large and deep photometric surveys, such as the Canada-France-Hawaii Telescope Legacy Survey (CFHTLS; Heymans et al. 2012), the Kilo-Degree Survey (KiDS; de Jong et al. 2013), the Hyper Suprime-Cam Subaru Strategic Program (HSC-SSP; Aihara et al. 2018; Miyazaki et al. 2018), and the Dark Energy Survey (DES; Abbott et al. 2018), has enabled precise WL mass measurements of large samples of individual galaxy clusters (e.g. Sereno et al. 2017, 2018; Umetsu et al. 2020; Murray et al. 2022; Euclid Collaboration: Sereno et al. 2024). These measurements have laid the groundwork for the next generation of surveys.
The ESA Euclid Survey (Laureijs et al. 2011; Euclid Collaboration: Scaramella et al. 2022; Euclid Collaboration: Mellier et al. 2024) will observe galaxies over a significant fraction of the sky (the nominal area of the wide survey is 14000 deg2) in wide optical and near-infrared bands. From the photometric galaxy catalogue, galaxy clusters will be identified using two detection algorithms, AMICO Bellagamba et al. 2011, 2018; Euclid Collaboration: Adam et al. 2019 and PZWav Gonzalez 2014; Euclid Collaboration: Adam et al. 2019; Thongkham et al. 2024, and their masses will be estimated with the Euclid combined clusters and WL pipeline COMB-CL1 using the shape catalogue constructed from the high-resolution images taken with the VIS instrument Cropper et al. 2012; Euclid Collaboration: Cropper et al. 2024. While a comprehensive description of the code structure and methods employed by COMB-CL will be presented in a forthcoming paper (Euclid Collaboration: Farrens et al., in prep.), a brief overview of the pipeline can be found in Euclid Collaboration: Sereno et al. 2024.
Measuring individual galaxy cluster masses using the WL signal is challenging due to large intrinsic scatter in the shapes of galaxies (shape noise), contamination from foreground or cluster member galaxies in the source catalogue, and uncertainty in the photometric redshifts (henceforth photo-z) of source galaxies McClintock et al. 2019; Euclid Collaboration: Lesci et al. 2024. Other issues, such as miscentring Sommer et al. 2022, triaxiality Becker & Kravtsov 2011, or merging Lee et al. 2023, can also create a bias with respect to the true cluster mass. Numerical simulations are powerful tools to measure these various effects as they provide a true halo mass and allow us to test how individual systematic effects influence the lensing signal. Recent works on hydrodynamical simulations have made significant progress in determining bias and uncertainties in WL mass calibration Grandis et al. 2019, 2021.
Euclid Collaboration: Giocoli et al. (2024, referred hereafter as ECG) perform a systematic study of the cluster mass bias based on the Three Hundred Project Cui et al. 2018, 2022 simulations, a sample of 324 high-massive clusters resimulated with hydrodynamical physics. They examine the impact of cluster projection effects, different halo profile modelling, and free, fixed, or mass-dependent concentration on the measured WL mass in the Euclid Wide Survey.
In this paper, we present an analysis, complementary to ECG, of the bias affecting the WL cluster mass estimates obtained with COMB-CL in a Euclid-like setting. Using a large N-body simulation data set, we measure the mass bias for different statistical point estimates over the broad mass range M200c > 5 × 1013 M⊙, where M200c is the mass enclosed by a spherical overdensity 200 times the critical density of the Universe at the cluster redshift. Our analysis differs from the Three Hundred study in several ways. Firstly, the distribution in mass and redshift of the simulations we use is more representative of the clusters that Euclid is expected to detect. Secondly, while the Three Hundred study focuses on the most massive clusters, we here perform a WL mass bias analysis on a larger sample of clusters that includes relatively low-mass clusters. Furthermore, we study the impact of individual and combined systematic effects on both lens and source catalogues. In addition to shape noise, we assess the impact of uncertain source redshift estimates, different algorithms used for cluster detection in Euclid (AMICO or PZWav), cluster miscentring, masks, models of the halo density profile, and priors.
In this work, we assume a spatially flat ΛCDM model consistent with the simulation data adopted. All references to ‘ln’ and ‘log’ stand for the natural and decimal logarithms, respectively. Masses expressed in logarithms are log(M/M⊙) or ln(M/M⊙).
This paper is part of a series presenting and discussing WL mass measurements of clusters exploiting the COMB-CL pipeline. Euclid Collaboration: Farrens et al., (in prep.) describes the algorithms and code, Euclid Collaboration: Sereno et al. 2024 tests the robustness of COMB-CL through the reanalysis of precursor photometric surveys, and Euclid Collaboration: Lesci et al. 2024 introduces a novel method for colour selection of background galaxies.
The present paper discusses the simulation data used for the analysis (Sect. 2), methods for lensing mass measurements (Sect. 3), accuracy and precision of WL mass estimates (Sect. 4), impacts of various systematic effects on the mass bias (Sect. 5), and the role of halo profile modelling and priors (Sect. 6). All systematic effects are considered together in Sect. 7, and a conclusive summary and discussion are presented in Sects. 8; and 9, respectively.
2. Simulated data
In this work, we are interested in simulated data of massive dark matter haloes, typical of those that host galaxy clusters. The following section presents the simulations used in the paper for a consistent test of individual cluster WL mass measurements.
2.1. DEMNUni-Cov
The Dark Energy and Massive Neutrino Universe (DEMNUni, Carbone et al. 2016; Parimbelli et al. 2022) is a set of cosmological N-body simulations that follows the redshift evolution of the large-scale structure (LSS) of the Universe with and without massive neutrinos. These simulations are designed to study covariance matrices of various cosmological observables, such as galaxy clustering, WL, and complementary CMB data. Their large volume and high resolution make them ideal for cluster WL studies.
In this work, we use one of the DEMNUni-Cov independent N-body simulations Parimbelli et al. 2021; Baratta et al. 2023. It consists of the gravitational evolution of 10243 CDM (Cold Dark Matter) particles with mass resolution mp ∼ 8 × 1010 h−1 M⊙ in a box of comoving size equal to 1 h−1 Gpc on a side. Initial conditions are generated at z = 99, using a theoretical linear power spectrum calculated using CAMB Lewis et al. 2000. The considered cosmological parameters are consistent with Planck Collaboration VI 2020; specifically, Ωcdm = 0.27, Ωb = 0.05, Hubble constant H0 = 67 km s−1 Mpc−1, initial scalar amplitude As = 2.1265 × 10−9, and primordial spectra index ns = 0.96. 63 snapshots are stored while running the simulations from redshift z = 99 to z = 0. This is sufficient to construct continuous past-light cones up to high redshifts.
Lensing past-light cone simulations are constructed with the MapSim pipeline routines Giocoli et al. 2015. The size of the simulation box is sufficient to design a pyramidal past-light cone with a square base up to z = 4 and an aperture of 10 degrees on a side. A total of 43 lens planes are constructed by reading 40 stored snapshots from z = 0 to z = 4, replicating the boxes five times along the light-cone, and stacking the boxes Tessore et al. 2015; Giocoli et al. 2017, 2018a,b; Castro et al. 2018; Peel et al. 2018; Hilbert et al. 2020; Boyle et al. 2021. Rays are shot through these lens planes in the Born approximation regime from various source redshifts, located at the upper bound of each lens plane, down to the observer placed at the vertex of the pyramid. The convergence and shear maps are computed with the MOKA library pipeline Giocoli et al. 2012 and resolved with 4096 pixels, which correspond to a pixel resolution of [image: equation], adequate for WL cluster studies.
The Born approximation is reasonable given the resolution and the volume of DEMNUni-Cov. It is worth underlining that this assumption is an excellent approximation on small angular scales in the WL regime and remains valid in the cluster lensing regime, as long as we avoid the core region of the cluster Schäfer et al. 2012. This method has been used and tested on a variety of cosmological simulations Tessore et al. 2015; Castro et al. 2018; Giocoli et al. 2018b; Euclid Collaboration: Ajani et al. 2023 and recently compared with other algorithms Hilbert et al. 2020. From the calibration of shear measured in Euclid-like surveys, we expect a sub-percent level of accuracy Cropper et al. 2013. We extract the corresponding shear catalogue, as done in Euclid Collaboration: Ajani et al. 2023, by populating the past-light cone with the expected Euclid source redshift distribution for the wide survey Euclid Collaboration: Blanchard et al. 2020.
2.2. Source and lens specifics
2.2.1. Sources
An unbiased shear catalogue of unclustered sources is derived from the DEMNUni-Cov past-light cones with information about source position (RA, Dec), redshift, shear components γ1, γ2, and convergence κ. The sources are uniformly spatially distributed with a number density of 30 arcmin−2 up to z = 3.
We simulate observed ellipticities, including both intrinsic ellipticity and shear distortion, based on the simulated shear and convergence. In the WL regime, where γ ≪ 1 and κ ≪ 1, the average intrinsic shape of randomly oriented sources has zero ellipticity, and the ensemble average observed ellipticity of the sources is equivalent to the reduced shear g ≡ γ/(1 − κ).
Due to the weak deformation of the source shape, the shear components are dominated by shot noise. We simulate observed ellipticities by adding shape noise to the reduced shear as Seitz & Schneider 1997
[image: thumbnail](1)
where the intrinsic ellipticity of the source ϵs is normally generated assuming a shape dispersion of σϵ = 0.26, as expected for Euclid Euclid Collaboration: Martinet et al. 2019; Euclid Collaboration: Ajani et al. 2023.
For our analysis, we consider either true simulated source redshifts, or redshifts scattered to mimic the process of a photometric redshift measurement, see Sect. 5.1. We discuss two sets of simulated photo-zs with appropriate selections: one accounting for outliers and using a non-conservative cut, and another with more reliable photo-zs and a robust cut. We do not consider uncertainties in the source position, which are negligible in the WL regime. The astrometric uncertainty for Euclid sources is lower than 15″ Euclid Collaboration: Moneti et al. 2022, and the effect on the signal is negligible in WL analyses.
2.2.2. Lenses
The lens halo catalogue extracted from the DM haloes provides the following information: position (RA, Dec); redshift of the deflector zd < 1; mass M200c > 5 × 1013 M⊙. The DEMNUni-Cov sample consists of 6155 clusters. Cuts on the halo catalogue are made at low mass, M200c > 5 × 1013 M⊙, and high redshift, zd < 1, to focus on the broad mass-redshift region of Euclid-detected clusters for which the WL mass can be obtained with a large signal-to-noise ratio Euclid Collaboration: Adam et al. 2019; Euclid Collaboration: Sereno et al. 2024.
Figure 1 depicts the distribution of selected clusters. The mass distribution peaks at the lower bound of the sample, while the cluster redshifts are more uniformly distributed above zd > 0.4.
	[image: thumbnail]	Fig. 1. Distribution of the DEMNUni-Cov clusters and of the Three Hundred clusters (ECG) in the mass-redshift plane. The marginalised distribution of the redshift and mass of the clusters is shown in the top and right panels, respectively. Distributions are normalised to the full DEMNUni-Cov sample. Distributions of AMICO and PZWav-like selected objects (see Sect. 5.2) are also shown. The median is shown with dashed lines. The mean of the Gaussian prior on mass (see Sect. 6.2) is shown on the right panel as a dotted line.



For our analysis, we consider either the full sample with true simulated lens position and redshift or subsamples with scattered values to mimic the detection process, see Sect. 5.2. Two Euclid-like cluster catalogues are generated, simulating the centre positions and cluster distributions using the selection functions of the detection algorithms AMICO Bellagamba et al. 2011, 2018; Euclid Collaboration: Adam et al. 2019 and PZWav Gonzalez 2014; Euclid Collaboration: Adam et al. 2019; Thongkham et al. 2024.
2.3. Three Hundred
We compare our findings with the recent results presented by ECG and based on the Three Hundred simulations. These runs consist of 324 hydrodynamical simulated regions by the Three Hundred Collaboration Cui et al. 2018, 2022 centred on the most massive clusters (M200c ≳ 8 × 1014 h−1 M⊙) identified at zd = 0 in a box size of 1 Gpc on a side, where haloes have been identified using AHF (Amiga’s Halo Finder, Knollmann & Knebe 2009).
The WL mass measurements from the Three Hundred simulations are discussed in Sect. 4.3. In ECG, the analyses of cluster WL mass bias are performed using the projections of lensing signals along different orientations of the mass tensor ellipsoid. The authors consider the haloes at zd = 0.22 and three random projections, raising the effective number of cluster mass measurements to 972. The authors fit a Baltz–Marshall–Oguri model Baltz et al. 2009, as implemented in the CosmoBolognaLib2 Marulli et al. 2016 libraries, with fixed, free, or mass-constrained values of the concentration parameter and various values of the truncated radius, finding that the results are sensitive to the model parameter choices.
The mass and redshift range of DEMNUni-Cov clusters more closely resemble what is expected from Euclid observations than the mass range of the Three Hundred Project. In particular, the DEMNUni-Cov catalogue focuses on a lower cluster mass range; thus, the cluster sample is much larger than that of the Three Hundred.
For the Three Hundred simulations, the WL signal is derived by projecting the particles in a slice of depth ± 5 Mpc in front and behind the cluster onto a single lens plane to focus on the lensing effect of the main halo. On the contrary, a full multiplane ray-tracing is performed in DEMNUni-Cov simulations, and we can account for the full projected mass density distribution from the source redshift to the observer located at z = 0, including the effects of LSS and correlated matter around the main halo.
The large DEMNUni-Cov sample allows us to measure WL mass bias with systematics similar to those we expect from Euclid data in the low-mass range. We also look at the precision of the lensing signal in different redshift bins as DEMNUni-Cov haloes are distributed up to redshift z = 1. It is worth highlighting that hydrodynamical effects primarily impact the lensing signal in the cluster core, R ≲ 100 kpc (e.g. Springel et al. 2008). In order to avoid the impact of these effects, we only model the WL mass outside of this region.
3. Lensing measurements
In this section, we detail the methodology we use to estimate WL cluster masses from the data presented in Sect. 2. In particular, we describe how we measure the WL signal in radial bins and fit the data to a fiducial model.
3.1. Shear profiles
3.1.1. Lensing properties
The intrinsic shapes of galaxies are distorted by the matter inhomogeneities along the line of sight, which include galaxy clusters. This yields isotropic and anisotropic deformations of the intrinsic ellipticity of the galaxies: the convergence κ and the shear γ, respectively. The lensing information of an intervening axially symmetric lens on a single source plane is encoded by the convergence Bartelmann & Schneider 2001; Schneider 2006; Kilbinger 2015
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and by excess surface density, which can be expressed in terms of the tangential component of the shear,
[image: thumbnail](3)
Here, the surface mass density Σ is the projected matter density, and the excess surface mass density ΔΣ is the difference between the mean value of the surface mass density calculated over a disc with a radius that comprises the projected distance between the lens centre and the source, and its local value. The critical surface mass density Σcr is defined as
[image: thumbnail](4)
where c is the speed of light in vacuum, G is the gravitational constant, and Ds, Dd and Dds are the angular diameter distances from the observer to the source, from the observer to the lens, and from the lens to the source, respectively.
We also introduce the observed quantity ΔΣgt analogous to Eq. (3),
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In the following, we will use the excess surface mass density as in Eq. (5).
3.1.2. Profile measurement
Because the intrinsic shape noise dominates the lensing signal of individual sources, we derive density profiles by measuring the mean source shear in fixed radial bins. The averaged lensing observable is calculated over the j-th radial annulus as
[image: thumbnail](6)
where the weight of the i-th source is [image: equation]. We consider a uniform lensing weight related to shape estimate uncertainties, ws = 1/σϵ2. In this study, the statistical uncertainty of the lensing estimate accounts for the shape noise of the background sources, and it is computed as the uncertainty of the weighted mean,
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Here, we do not account for bias in ellipticity measurements and shear calibration in the lensing signal, unlike methods applied to real survey data (e.g. McClintock et al. 2019).
We select background sources with the following criterion for the source photo-z
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where Δz is a secure interval that minimises the contamination. We set Δz = 0.1 to be twice the threshold value defined in Medezinski et al. 2018.
Shears are measured at the shear-weighted radial position Sereno et al. 2017
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The effective radius is computed with α = 1.
To calculate Σcr in a radial bin with N background sources, we derive the effective surface critical density as Sereno et al. 2017
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In addition, we define the WL signal-to-noise ratio per halo as Sereno et al. 2017
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Here, ⟨ΔΣgt⟩ is the average lensing observable measured in the full radial range of the lens, while the error budget δt accounts for the contribution of statistical uncertainties and cosmic noise, see Sect. 3.2.2.
In the following, we consider shears averaged in eight logarithmically equispaced radial bins covering the range [0.4, 4.0] Mpc from the cluster centre, similar to the binning scheme set in Euclid Collaboration: Sereno et al. 2024.
3.2. Mass inference
3.2.1. Density models
We derive WL masses by constraining a fiducial model of the halo density profile with the measured shear density profiles. Modelling the mass density distribution of the haloes is challenging as it results from various physical effects, for example, miscentering Yang et al. 2006; Johnston et al. 2007 or the contribution of correlated matter Covone et al. 2014; Ingoglia et al. 2022. In this study, as a reference model, we assume the simple but effective Navarro–Frenk–White (NFW) density profile Navarro et al. 1996, 1997
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where ρs is the scale density, and rs the scale radius.
We also consider a truncated version of the NFW profile 2009JCAP...01..015B, known as the Baltz–Marshall–Oguri (BMO) profile,
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where rt is the truncation radius set to rt = 3r200c Oguri & Hamana 2011; Bellagamba et al. 2019.
The mass density and the excess surface mass density can be expressed as a function of mass, M200c, and concentration c200c. For the fitting parameters, we consider the logarithm (base 10) of mass and concentration.
3.2.2. Fitting procedure
Following a Bayesian approach, we derive the posterior probability density function p of parameters p = [log M200c, log c200c] given the likelihood function ℒ and the prior pprior as
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where ⟨ΔΣgt⟩ are the data, ℒ ∝ exp(−χ2/2), and
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where the sum runs over the radial bins i, j. We measure the reduced χ2 as
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where Nd.o.f is the number of degrees of freedom.
In the present analysis, the covariance matrix C accounts for shape noise, δΔΣgt, and cosmic noise, ΔΣLSS, as Gruen et al. 2015; Sereno et al. 2018
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In the above equation, Cstat is a diagonal matrix with terms [image: equation], and C[image: equation] characterises the effects of uncorrelated LSS in each pair of annular bins (Δθi, Δθj) Schneider et al. 1998; Hoekstra 2003
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where Pk(l) is the effective projected lensing power spectrum and the function g is the filter.
We adopt a uniform prior with ranges log M200c ∈ [13, 16] and log c200c ∈ [0, 1]. In Sect. 6.2, we show the impact of using a Gaussian prior on the mass inference.
We sample the posterior distribution using an affine invariant Markov Chain Monte Carlo (MCMC) approach Foreman-Mackey et al. 2013. Each Markov chain runs for 3200 steps starting from initial values randomly taken from a bivariate normal distribution of mean mass log M200c = 14 and mean concentration log c200c = 0.6. The posterior is estimated after removing a burn-in phase, which is assumed to be four times the autocorrelation time of the chain.
3.2.3. Mass point estimators
The MCMC chains sample the posterior distribution of the model parameters, and can be summarised with a point estimate of the WL mass. Cluster masses measured using individual shear density profiles may vary depending on the statistical estimator employed. In the following sections, we compare WL masses recovered using several different point estimators. We look at the mean, and the related standard deviation, or the median of the marginalised posterior mass distribution, for which the associated uncertainties are the standard deviation, and the 16th and 84th percentiles of the sample distribution. We also consider the biweight location and scale, hereafter referred to as CBI and SBI, respectively, which are robust statistics for summarising a distribution Beers et al. 1990. Finally, we look at the maximum likelihood max(ℒ), hereafter referred to as ML.
3.3. Cluster ensemble average
By averaging the shear signal across an ensemble of clusters, the precision of lensing profile measurements improves in comparison to those obtained from a single lens. Therefore, the uncertainties on the lensing mass measurements are also reduced. This provides a complementary method to single lens mass bias analyses for quantifying the impact of systematic effects.
We measure the surface mass density in the j-th radial annulus similarly to Eq. (20) with the average quantity
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where ⟨ΔΣgt⟩j, n is the surface mass density in the j-th radial bin, see Eq. (6), of the n-th cluster, and the weight can be expressed in terms of the uncertainty on the weighted mean, see Eq. (7), as WΔΣ, j, n = δΔΣgt, j, n−2.
The associated uncertainty on the averaged cluster lensing profile accounts for the total shape noise of the sources. For this analysis, contributions from correlated or uncorrelated large-scale structure are not considered in the covariance of the averaged lensing profiles. In the following, any observable O measured by fitting the averaged lensing profile, for instance, mass or concentration, is quoted as O⟨ΔΣ⟩.
Figure 2 displays the average shear profiles for the samples and cases discussed in Sects. 4, and 5, and the density model for the ML point estimate. Mass and concentration are estimated at the mean lens redshift of the cluster sample considered, as measured in Eq. (20), and given in Table 1 along with the corresponding reduced χ2.
	[image: thumbnail]	Fig. 2. Average excess surface density and maximum likelihood NFW / BMO density fitted models. The figure shows the density profiles for the LSS plus shape noise (Sect. 4), non-conservative photo-z selection (Sect. 5.1.1), robust photo-z selection (Sect. 5.1.2), AMICO-like sample (Sect. 5.2), PZWav-like sample (Sect. 5.2), masks (Sect. 5.3), BMO model (Sect. 6.1), and combined effects (Sect. 7). Signals are shown either for the full sample, or for the massive subsample at log Msim ≥ 14.7. The top panels show the relative change with respect to the fiducial shape and LSS noise shear data (points), and with respect to their models (lines).



Table 1. 
ML logarithmic mass and concentration of the NFW fit to average cluster lensing profiles, and associated reduced χ2.

For a given population of N galaxy clusters, we compute the ensemble average of the observable O, such as the mass bias or the mass change, see Eqs. (23), (25), as a lensing-weighted mean (e.g. Umetsu et al. 2014)
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where On is the observable measured for the n-th cluster, and WΔΣ, n = ∑jWΔΣ, j, n is the total weight of the n-th cluster, see Eq. (7). The associated scale of the weighted mean in Eq. (20) is calculated as
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4. Accuracy and precision for WL masses for intrinsic scatter and noise
Simulated data can be used to probe the accuracy and precision of WL cluster mass measurements, as the true halo masses are known a priori. In this section, we assess the WL mass estimates we obtained for DEMNUni-Cov clusters measured from unbiased catalogues. By unbiased catalogues, we mean that the catalogues are not affected by measurement errors, and the WL mass differs from the true mass only for intrinsic noise and bias. This can be due to a number of effects. For example, due to intrinsic ellipticity, the measured shape of a source may differ from the underlying reduced shear. LSS distorts the source shape. Mass derived assuming the spherical approximation may be scattered due to traxiality and cluster orientation, or irregular morphology Meneghetti et al. 2010, 2014; Becker & Kravtsov 2011; Giocoli et al. 2014; Herbonnet et al. 2022; Euclid Collaboration: Giocoli et al. 2024. These effects are all accounted for in simulated N-body samples. We refer to this case as ‘LSS + shape noise’.
4.1. Precision of the lensing signal
To assess the precision to which the WL signal can be measured, we first calculate (S/N)WL for each lens as in Eq. (11). In Fig. 3, we plot the distribution of (S/N)WL for clusters binned in mass and redshift. For each bin, we show the CBI value. We find the highest (S/N)WL values for the few high-mass and low-redshift haloes, while the more numerous distant or low-mass objects have lensing signals largely dominated by noise.
	[image: thumbnail]	Fig. 3. (S/N)WL of DEMNUni-Cov clusters in bins of mass and redshift, computed as the CBI of the values in the bin, for the ‘LSS + shape noise’ case. The number of clusters is displayed in each bin.



Table 2 gives the number of clusters with (S/N)WL larger than a certain threshold. Only 226 (3.7%) clusters have lensing signals with (S/N)WL > 3. This number depends on the radial aperture of the lensing profile, the number density of the background source population, and the cosmological framework of the analysis.
Table 2. 
Number (percentage) of clusters with (S/N)WL larger than a given threshold.

Our results are consistent with the semi-analytical forecasting presented in Euclid Collaboration: Sereno et al. 2024. Applying the methodology presented in Euclid Collaboration: Sereno et al. (2024) to haloes with the same mass and redshift distribution as the DEMNUni-Cov simulations, and assuming ideal observational conditions with only shape and LSS noise, the expected number of clusters with (S/N)WL > 3 is 66. This estimate can be interpreted as the number of massive clusters that individually have a probability in excess of 50% of having (S/N)WL > 3 for different noise realisations.
In the presence of noise, the signal is scattered. Due to the steepness of the halo mass function, a large number of low-mass clusters are expected to have their signal boosted to (S/N)WL > 3. The semi-analytical modelling of Euclid Collaboration: Sereno et al. 2024 predicts 206 ± 12 haloes with (S/N)WL > 3, in good agreement with the result from the DEMNUni-Cov N-body simulations. However, the semi-analytical prediction could be slightly biased low due to effects not taken into account in the modelling, such as projection effects or triaxiality.
4.2. Accuracy and precision of the lensing mass
We measure WL masses by fitting an NFW model to the shear profile for each lens in the DEMNUni-Cov simulations, in the ‘LSS + shape noise’ case. Other observational uncertainties are discussed in Sect. 5. Therefore, we compare the true mass to the WL mass determined when only intrinsic noise and bias affect the estimate.
The WL mass accuracy and precision is assessed using two different approaches. In Sect. 4.2.1, we compare WL and true mass with a linear regression, while in Sect. 4.2.2 we analyse the weighted mass bias, that is the ratio between the WL mass and the true mass. The two analyses are complementary. On the one hand, we consider the linear relation between the logarithm of masses, whose uncertainty is proportional to the relative uncertainty on the mass and close to the (S/N)WL. High-signal, more massive clusters weigh more since the noise is (nearly) uniform at a given lens redshift. On the other hand, the mass bias in Sect. 4.2.2 is weighted by the (inverse of the squared) noise. This weight is (nearly) uniform for clusters of different masses.
4.2.1. Linear regression
In Fig. 4, we show the scatter between the WL mass and the true mass of DEMNUni-Cov lenses. We display masses as median, CBI, mean, or ML point estimates obtained with the COMB-CL pipeline. As a first attempt to assess the accuracy of the measurements, we look at the fraction of clusters with WL mass lower than the true halo mass. The median, CBI, and mean point estimates show a similar fraction of underestimated WL masses (65.5%, 66.9%, and 68.5%), while almost half of the clusters have a ML WL mass lower than the true mass (49.2%).
	[image: thumbnail]	Fig. 4. Scatter plot for WL mass point estimates of DEMNUni-Cov clusters. Error bars correspond to the standard deviation of the mean (in the mean/ML panels), 16th and 84th percentiles (in the median panel), or SBI (in the CBI pannel). The one-to-one line is shown in black, while blue lines give results for the linear regression over the data points for the ‘LSS + shape noise’ case. The orange line shows the linear regression for ML WL mass measured on DEMNUni-Cov data with the combination of systematic effects discussed in Sect. 7. The shaded region corresponds to the scatter.



To better evaluate the level of WL mass accuracy and precision, we perform a linear regression of the true mass versus the WL mass point estimate using the LIRA (LInear Regression in Astronomy, Sereno 2016) package. Intercept α, slope β, and intrinsic scatter σ are calculated from the linear regression of the logarithmic masses as
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where the pivot mass is Mpiv = 1014 M⊙. Results are presented in Table B.1. The slope and intercept values indicate how close the regression line is to a one-to-one relationship, and thus account for the accuracy. The scatter quantifies how close the mass dependence is to the linear relation in Eq. (22), and thus accounts for the precision.
The ML is the most accurate point estimate for the overall mass range (β ∼ 1). Given the adopted priors, the bias is mass dependent for the mean, median, or CBI estimators, (β ∼ 0.9). In the low-mass regime, the mean, median, or CBI estimators are accurate, but significantly deviate from the one-to-one relation at higher cluster masses. The scatter of the ML masses is about twice the size of that from the other statistical estimators, which makes the ML masses less precise.
The level of precision of the different estimators can be strongly impacted by the mass prior. The ML estimator is by design not affected by the shape of the prior but it is still affected by the lower limit of the fitted parameter space. At low masses, the prior can play a stabilising role. For low or negative (S/N)WL, the ML estimator is very close to the minimum considered mass, log MWL = 13. In our analysis, 18.9% of the ML estimates reach the lower limit of the mass range. On the other hand, even when the peak of the mass posterior probability is at very low masses, the median, CBI, or mean estimators better account for the tail of the distribution at larger masses, and hence have a significantly lower scatter.
4.2.2. Mass bias
To quantify the WL mass accuracy, we can look at the mass bias, that is the ratio between the WL mass and the true halo mass,
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To first-order in the Taylor expansion, the mass bias can be written as
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Hereafter, all references to the mass bias correspond to the definition in Eq. (24).
The ensemble average mass bias ⟨bM⟩, which measures the accuracy, and the related scatter σb, which measures the precision, are computed as in Eqs. (20), (21), respectively. We calculate the uncertainty of mass bias and scatter estimates as the standard deviation of 1000 bootstrap realizations.
Figure 5 shows the weighted average of the mass bias in 8 equispaced logarithmic mass bins. The WL mass for low-mass clusters is underestimated. This is particularly severe for median, CBI, and mean point estimates, for which the WL mass, in the mass range 14 ≲ log Msim ≲ 14.5, is about 50% of the true mass. On the other hand, the ML mass suffers from a less severe bias, and, for the same mass bins, it is no less than 80% of the true mass on average. For massive clusters, the bias is smaller. However, in the high-mass range, the number of simulated clusters is low and the bias measurement is strongly affected by statistical fluctuations.
	[image: thumbnail]	Fig. 5. Weighted average (plotted as lines) of the WL mass bias for median, CBI, mean, and ML point estimates as a function of the true mass of the DEMNUni-Cov clusters. The grey points show the WL mass bias for ML estimates. Results from ECG are presented with red lines and points. The light and dark yellow bands mark ±10% and 20% thresholds, respectively. Top and right panels give the mass bias scatter and the distribution of the mass bias points for each estimator, respectively. Error bars are the standard deviation of the bootstrap sample distribution of weighted means.



The intrinsic scatter decreases as the cluster mass increases. In the low-mass regime, the scatter of the ML masses is larger than the scatter of the median, CBI, or mean measurements. This difference vanishes for higher masses, where the (S/N)WL can become significant.
Table B.2 provides the weighted mean of the WL mass bias for each point estimate. Median, CBI, and mean data points underestimate the true mass by approximately 23–27%, while ML masses are on average more accurate, ⟨bM⟩= − 14.6%. For the overall mass range, the scatter is mainly driven by the numerous, low-mass haloes, and it is larger for the ML mass, which can often coincide with the lower limit of the parameter space. The scatter reduces from 1.07 to 0.83 when only considering objects with ML mass strictly larger than the lower limit of the mass prior. On the other hand, the scatter of high-mass clusters is lower and nearly independent of the point estimate of the mass, see Fig. 5.
In summary, for the prior we considered, the ML mass is more accurate but less precise than median, CBI, or mean masses. The precision of the ML is similar to other point estimates in the high-mass regime, log Msim ≳ 14.5. The results may depend on priors, which should be optimised for each analysis based on the scientific goal.
4.3. Comparison with the Three Hundred
The mass bias of the Three Hundred clusters is smaller than the bias of the DEMNUni-Cov clusters, which cover a larger mass and redshift range, see Fig. 1. A fair comparison requires one to consider the mass bias of the 318 DEMNUni-Cov clusters within the mass range of the 3 × 324 Three Hundred clusters.
In Fig. 6, we show the weighted mean of the mass bias and associated scatter for clusters with true mass Msim > Mmin, where log Mmin ≥ 14.4 is the lower limit of the cluster mass range. The WL mass bias for the ML estimator is in agreement regardless of the lower limit considered, while other statistical estimators agree for clusters with log Msim ≳ 14.7. Our mass bias scatter is about twice the scatter for the Three Hundred clusters, but the bias scatter values agree at the high-mass end. The difference can be explained in terms of the simulation settings. The distribution of the Three Hundred clusters better samples the high-mass end of the halo mass function, whereas the DEMNUni-Cov cluster mass distribution follows the halo mass function, thus predominantly populating the low-mass range. There are numerous DEMNUni-Cov objects with log Msim ≤ 14.7, 269 out of 318, which increase the mass bias when calculating the mean of the full sample. Conversely, the contribution of the 66 Three Hundred clusters (out of 972) has less impact on the mass bias. Furthermore, ECG focus on the main halo and only consider particles in a slice of depth ± 5 Mpc in front of and behind the cluster. On the other hand, the DEMNUni-Cov settings fully account for correlated matter around the halo and uncorrelated matter from LSS, which is a significant source of scatter awt the Euclid lensing depth Euclid Collaboration: Sereno et al. 2024.
	[image: thumbnail]	Fig. 6. Weighted average of the WL mass bias of DEMNUni-Cov clusters with Msim > Mmin as a function of Mmin. Results are compared with measurements performed on the Three Hundred cluster sample from ECG. Top panels give the fraction of clusters in the considered mass range (top) and the mass bias scatter (middle). The vertical line is at log Mmin = 14.7 lower limit. Error bars are the standard deviation of the bootstrap sample distribution.



Averaged density profiles and measured masses for log Msim ≥ 14.7 are shown in Fig. 2 and reported in Table 1, respectively. The agreement with the Three Hundred results is also found in the analysis of the linear regression of the true mass versus the median WL mass, see Fig. 7. We use the median to be consistent with ECG, which measures the 16th, 50th, and 84th percentiles of the mass. The parameters fitted to the DEMNUni-Cov clusters are α = −0.136 ± 0.064 and β = 1.146 ± 0.099, while those for the Three Hundred are α = −0.114 ± 0.046 and β = 1.081 ± 0.044. However, consistently with the scatter of the weighted average, our measured scatter from the linear regression is about two to three times larger than that of the Three Hundred, σ = 0.158 ± 0.018 vs. σ = 0.064 ± 0.003. We attribute this to the different mass distribution of objects, and to the uncorrelated LSS noise in the shear.
	[image: thumbnail]	Fig. 7. Scatter plot for median WL mass point estimates of DEMNUni-Cov clusters in the ECG mass range. Error bars correspond to the 16th and 84th percentiles. The red line shows the linear regression for median WL mass measured in ECG. The shaded region corresponds to the scatter.



5. Assessment of systematic effects in lens or source catalogues
The analysis in Sect. 4 presents cluster mass measurements in an idealised setting where lens and source catalogues are unbiased and where only sources of intrinsic scatter and noise, such as LSS and shape noise, triaxiality, or cluster orientation, play a role. In this section, we test how well WL mass can be measured and how observational and measurement effects impact WL mass measurements. In particular, we examine the effects of redshift uncertainty, selection effects from optical cluster detection algorithms, cluster centroid offsets, and masked data.
	[image: thumbnail]	Fig. 8. Weighted average of the WL mass bias for the ML mass estimator. Data sets considered are ‘LSS + shape noise’ (Sect. 4), photo-z non-conservative selection (Sect. 5.1.1), photo-z robust selection (Sect. 5.1.2), AMICO-like sample (Sect. 5.2), PZWav-like sample (Sect. 5.2), masks (Sect. 5.3), BMO model (Sect. 6.1), and combined effects (Sect. 7). The top panel shows the mass bias scatter. Error bars are the standard deviation of the bootstrap sample distribution.



To quantify the impact of each systematic effect, we define the relative mass change
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where Mref is the reference WL mass measured in the unbiased ‘LSS + shape noise’ case as in the previous section, and Msys is the WL mass measured on catalogues with additional systematic effects. As in Eq. (24), we express the relative mass change in terms of the natural logarithm. We measure the ensemble average mass change, ⟨ΔlnM⟩, as given in Eq. (20) for clusters in common in reference and comparison samples. The error for this measurement is the standard deviation of the bootstrap sample distribution.
The mass shift can be further assessed with the WL mass measured by fitting the cluster ensemble averaged lensing profile, see Eq. (19), ΔlnM⟨ΔΣ⟩. All clusters of the samples are accounted in the averaged lensing profile. The uncertainty for ΔlnM⟨ΔΣ⟩ is the sum in quadrature of the standard deviations of the posterior distribution for both reference and comparison samples.
Table 3 lists the relative mass variation for the cluster mass ensemble average and the cluster lensing profile ensemble average. Figure 9 shows mass change for the cluster mass ensemble average in different mass bins.
	[image: thumbnail]	Fig. 9. Relative change of the WL mass with respect to the ‘LSS plus shape noise’ case due to systematic effects. We consider the ML estimator. Data sets considered are photo-z non-conservative selection (Sect. 5.1.1), photo-z robust selection (Sect. 5.1.2), AMICO-like sample (Sect. 5.2), PZWav-like sample (Sect. 5.2), masks (Sect. 5.3), BMO model (Sect. 6.1), and combined effects (Sect. 7). Error bars are the standard deviation of the bootstrap sample distribution.



Table 3. 
Relative change of the WL mass with respect to the ‘LSS plus shape noise’ case due to systematic effects.

Hereafter, we primarily present results on WL mass, mass bias, and relative mass change using ML point estimates. The ML point estimate is often considered in lensing analyses of Stage-III surveys or precursors (Euclid Collaboration: Sereno et al. 2024). Properties of each sample presented in this section are summarised in Table A.1.
5.1. Source redshift uncertainty
Measuring unbiased WL masses requires a robust identification of background galaxies. Contamination from foreground or cluster member galaxies substantially dilutes the lensing signal Melchior et al. 2017, thus increasing the WL mass bias towards negative values. We define the contamination fraction following Euclid Collaboration: Lesci et al. 2024 as
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where p is the photo-z selection criterion, defined via Eq. (8) or Eq. (28), and Nsel is the number of galaxies selected with the condition p.
Contamination by cluster members could be corrected with a so-called ‘boost factor’, applied either directly to the shear data (e.g. Murata et al. 2018) or added to the mass model (e.g. McClintock et al. 2019). In this work, we do not include a boost factor to correct for signal dilution. In fact, we find, in agreement with Euclid Collaboration: Lesci et al. 2024, that a boost correction is not necessary if one applies a sufficiently conservative source selection. However, boosting the WL signal allows for effective correction of the lensing signal, resulting in accurate mass calibration (e.g. Varga et al. 2019).
Primary Euclid WL probes will divide galaxies into tomographic bins and perform a redshift calibration a posteriori to correct the galaxy distribution n(z) in each bin. Cluster WL masses can be measured considering tomographic bins for background source redshifts with the ensemble n(z) calibration (e.g. Bocquet et al. 2024; Grandis et al. 2024). Using tomographic bins can result in significant foreground contamination in the background galaxy sample. However, this can be corrected using a well-known and calibrated source redshift distribution.
To study the effects of source selection on cluster WL masses, we simulate observed photometric source redshifts, zobs, from the true source redshifts, ztrue,
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We consider two source populations. The first population accounts for well-behaved photo-zs, whose deviations [image: equation] follow a Gaussian distribution centred on a redshift bias [image: equation] and with scatter [image: equation].
The second population accounts for catastrophic outliers with [image: equation], for which [image: equation] is uniformly distributed in the [image: equation] region up to zs = 3. The distribution of simulated photo-zs is shown in Fig. 10.
	[image: thumbnail]	Fig. 10. Scatter plot of simulated photo-z vs. true redshift for non-conservative (red + blue) or robust (green − orange) selection. The bottom panel shows the marginalised 1D distribution of the normalised redshift deviation.



The parameters of the distributions we use are informed by Euclid Collaboration: Bisigello et al. 2023, who measure photo-z bias and scatter from simulated Euclid data Bisigello et al. 2020 using various codes. Measurements of the photo-z bias are in agreement with those found for cosmic shear analyses Euclid Collaboration: Ilbert et al. 2021. The photometry is simulated for Euclid and Rubin/LSST bands with Gaussian noise. The photometric noise distributions depend on the survey depth and is fixed to one tenth of the flux corresponding to a S/N > 10.
Below, we describe our simulations of two different photo-z selected source samples, a non-conservative or a robust galaxy selection, and we examine the precision in lensing signal and mass in both scenarios. The distribution n(z) beyond the cluster redshift zd = 0.3, as well as the distribution n(z) of the original DEMUni-Cov sample, for both photo-z selections, are shown in Fig. 11.
	[image: thumbnail]	Fig. 11. Redshift distribution of DEMNUni-Cov sources, and of non-conservative and robust photo-z-selected sources beyond zd = 0.3.



5.1.1. Non-conservative photo-z selection
Here, we consider the systematic uncertainty on cluster WL masses derived using a non-conservative source selection that selects background galaxies based only on the photo-z point estimate, without any further photo-z quality cuts. This is analogous to cluster WL with tomographic bins.
For this non-conservative selection, we expect the distribution of observed photo-zs to comprise a fraction of well-behaved galaxies with Gaussian scatter around the true redshift as well as a fraction of catastrophic outliers. Based on models of Euclid plus ground-based complementary photometry from Euclid Collaboration: Bisigello et al. 2023, and their analysis of HE-band detected galaxies with S/N > 3, we expect an outlier fraction of 12.7%. For the distribution of non-catastrophic, well-behaved photo-zs, we consider a normal distribution with mean [image: equation] and dispersion [image: equation]. Figure 10 shows the distribution of simulated galaxy redshifts.
Sources are selected to be background galaxies following Eq. (8). As shown in Fig. 12, this simple selection criterion results in significant foreground source contamination. The contamination, as defined in Eq. (26), increases with the cluster redshift. This is because the total number of background sources reduces, while the number of contaminated sources increases with increasing redshift.
5.1.2. Robust photo-z selection
To reduce foreground contamination, we can make additional quality cuts in the galaxy source sample, for example, requiring that the photo-z probability distribution is well behaved with a prominent peak, or that a significant fraction of the distribution is above the lens redshift Sereno et al. 2017. These conservative cuts can significantly reduce the systematic contamination at the expense of a slightly smaller sample of selected galaxies and a slightly higher noise level Euclid Collaboration: Lesci et al. 2024.
We model the properties of the robustly selected galaxies as follows. Firstly, we conservatively assume that reliable shapes and nearly unbiased photo-zs can be measured for about 70% of the full galaxy population (e.g. Bellagamba et al. 2012, 2019; Ingoglia et al. 2022), and, therefore, we randomly discard 30% of the galaxies from the sample. Euclid and Stage-IV surveys should perform even better in terms of completeness Euclid Collaboration: Lesci et al. 2024.
Next, we assume that after applying redshift quality cuts, we are left with galaxies with a well-behaved, single peaked photo-z probability density distribution whose signal is likely better detected than for the full sample. Consequently, we model the observed photo-z distribution of the selected sources as galaxies expected to be observed in HE-band images with S/N > 10 Euclid Collaboration: Bisigello et al. 2023. We expect 4% of outliers, but we do not include these objects in the sample as we assume that their fraction is significantly reduced to the sub-percent level thanks to the robust photo-z selection, possibly coupled with thorough colour selections as discussed in Euclid Collaboration: Lesci et al. 2024. Deviations from the true redshifts of these photo-zs are normally distributed with mean [image: equation] and dispersion [image: equation]. Figure 10 shows the redshift distribution of the robustly selected galaxies.
Finally, we select galaxies according to the robust criterion Sereno et al. 2017
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where zs, min is the [image: equation] lower limit of the galaxy photo-z distribution. Figure 12 shows that the robust selection significantly reduces the foreground contamination of the source sample.
	[image: thumbnail]	Fig. 12. Photo-z contamination fraction as a function of the lens redshift of non-conservative or robust photo-z selected sources.



5.1.3. Impact of photo-z uncertainties
In Fig. 13, we plot the difference between the (S/N)WL for the ‘LSS + shape noise’ source catalogue with true galaxy redshifts, see Fig. 3, and that derived from a source catalogue with photo-z noise. Photo-z noise generally reduces the lensing (S/N)WL, particularly in the higher-mass bins. The reduction is larger for the non-conservative photo-z selected sample, with (S/N)WL lower by 15% on average, than for the robust one, (S/N)WL lower by 5% on average. We notice a larger (S/N)WL using the robust selection in some high-mass, high-redshift bins. However, their low statistics do not allow for a significant conclusion about deviations from the ‘LSS + shape noise’ case. As summarised in Table 2, photo-z noise generally decreases the (S/N)WL. The decrease is slightly smaller in the robust case because the removal of foreground contaminants strengthens the lensing signal. However, at low mass and low redshift, the robust photo-z selection decreases the (S/N)WL slightly more than in the non-conservative case. This is because the robust photo-z cut reduces the overall number of sources and shape noise dominates in this mass regime.
	[image: thumbnail]	Fig. 13. Difference of the (S/N)WL as measured either for lensing with true redshifts, that is the ‘LSS + shape noise’ case, or non-conservative (top) or robust (bottom) photo-z selected samples, computed as the CBI of the values binned in mass and redshift. The number of clusters is displayed in each bin.



Figure 8 shows the weighted average of the mass bias and scatter in different mass bins considering the ML point estimator. In the non-conservative case, the mass bias can be as large as −40% and it exceeds the −20% limit for log Msim ≲ 14.75. On the other hand, for the robustly selected background sample, the mass bias does not significantly change from the fiducial case. This trend is also seen for the relative mass change in Fig. 9, where the WL mass for the non-conservative selection differs from the WL mass measured on true redshift data. On the other hand, the robust photo-z selection does not show a significant relative change.
The mass bias and scatter averaged over the full sample mass range are summarised in Table B.2. The measured WL mass bias for the non-conservative photo-z selection is on average −34.4 ± 1.6%. On the other hand, the mass bias for the robust photo-z selection is very close to the unbiased measurement, ⟨bM⟩= − 14.6 ± 1.9%, but has a larger scatter due to the lower number of sources selected.
These results are consistent with the linear regression analysis, see Table B.1. The slope and intercept of the linear regression for the non-conservative selection are lower than in the unbiased sample, whereas the scatter is not significantly different. On the other hand, results for the robust photo-z selection are very similar to the unbiased case except for the scatter that is larger, in agreement with results from the mass bias.
The cluster average density profiles plotted in Fig. 2 further support our finding that non-conservative source selection significantly biases cluster WL measurements. On the other hand, we find that the average shear profiles of sources selected in the robust photo-z case are consistent with the ‘LSS + shape noise’ case.
Masses recovered from the average density profiles are given in Table 1 and the corresponding relative mass change is reported in Table 3. The mass is 22.3 ± 1.5% lower than the ‘LSS + shape noise’ case for the non-conservative selection, but differs by just 0.7 ± 1.7% for the robust photo-z selection.
The mass change as derived from the ensemble average of individual WL masses is −8.0 ± 0.2% for the non-conservative selection. This is due to the effect of the mass prior on noisy individual estimates.
To summarise, we find that the WL mass measurement can be significantly impacted by source redshift uncertainties without further calibration. However, this effect can be significantly mitigated with a careful source selection. A robust selection in photo-z to reduce foreground contamination can be coupled with a colour-colour selection to increase source completeness while preserving purity Euclid Collaboration: Lesci et al. 2024. Another possibility is to use calibrated redshift distributions from tomographic bins for cosmic shear along with an empirical correction for cluster member contamination Bocquet et al. 2024.
5.2. Cluster detection
Cluster detection can be another source of WL mass systematic effects, due to, for example, selection effects or miscentring. In this section, we study the potential impact of the optical cluster detection algorithms that will be used in the Euclid data analysis pipeline: the Adaptive Matched Identifier of Clustered Object algorithm AMICO Bellagamba et al. 2011, 2018; Euclid Collaboration: Adam et al. 2019, and the wavelet-based algorithm PZWav Gonzalez 2014; Euclid Collaboration: Adam et al. 2019; Thongkham et al. 2024. These two optical cluster finding algorithms are selected to run on Euclid data based on their performance in a comparative challenge of state-of-the-art detection algorithms Euclid Collaboration: Adam et al. 2019.
To construct simulated lens samples reflecting the expected performance of each algorithm in the Euclid survey, we first account for the cluster detection completeness. Euclid Collaboration: Cabanac et al. (in prep.) evaluates the performance of AMICO and PZWav by running them on the realistic simulated Euclid galaxy catalogue Flagship version 2.1.10 Potter et al. 2017; Euclid Collaboration: Castander et al. 2024. The completeness is calculated for galaxy clusters detected with (S/N)det > 3. In Fig. 14, we show the mass-redshift completeness of AMICO and PZWav. In each mass-redshift bin, we randomly pick DEMNUni-Cov galaxy clusters with an associated probability equal to the completeness of the bin. Following this procedure, we obtain two Euclid-like cluster samples, whose distributions are shown in Fig. 1. The sizes of the AMICO and PZWav-like catalogues are similar, 4557 and 4954 clusters, respectively.
	[image: thumbnail]	Fig. 14. Expected completeness for the AMICO and PZWav algorithms as a function of mass and redshift. The light red box encloses the parameter space sampled by the DEMNUni-Cov haloes.



To simulate realistic cluster catalogues, we take into account the centroid offset, that is the angular separation between the true cluster centre and the location of the detection, and realistic cluster redshifts based on the performance of the algorithms Euclid Collaboration: Adam et al. 2019. We randomly shift the centre positions of AMICO-like (PZWav-like) clusters on the perimeter of a circle centred on the true position using a separation following a log-normal distribution with a mean of [image: equation] and RMS [image: equation] Euclid Collaboration: Adam et al. 2019. Figure 15 displays the centroid offset distribution generated for each cluster detection algorithm. Redshifts of detected clusters are scattered as [image: equation] for masses lower than 1014 M⊙, and [image: equation] for masses larger than 1014 M⊙.
	[image: thumbnail]	Fig. 15. Centroid offsets of AMICO-like and PZWav-like clusters selected from the DEMNUni-Cov catalogue.



We show the weighted average of the mass bias of Euclid-like clusters in Fig. 8. For both samples, the mass bias is generally larger than for the full DEMNUni-Cov catalogue, which is well-centred and complete. The impact on the mass bias seems larger in the low-mass range, where AMICO-like and PZWav-like samples are less complete. The mass bias of PZWav-like clusters is larger than for AMICO-like clusters due to the larger dispersion of the centroid offset.
Table B.2 presents the results of the ensemble average mass bias and scatter. For the two detection algorithms and in comparison with results presented in Sect. 4, WL mass bias values are slightly more severe. AMICO (PZWav) clusters have a WL mass that is lower than the true mass on average by 18.2 ± 2.0% (21.0 ± 2.0%). The results of the linear regression presented in Table B.1 agree. For both Euclid-like samples, intercept and slope parameters are lower than parameters for the unbiased cluster sample, whereas the intrinsic scatter slightly increases. Uncertainties in cluster redshift and position lower the precision of the lensing mass.
Table 3 shows the relative change in WL mass. The ensemble WL mass change is not significantly impacted by systematic effects. The relative change given in WL mass as inferred from the averaged lensing signal, as shown in Fig. 2, is 5.3 ± 1.7% (0.9 ± 1.9%) larger for AMICO-like (PZWav-like) samples.
Cluster samples discussed here are selected from the DM haloes in the DEMNUni-Cov simulation given the expected performance of the Euclid detection algorithms, and we could not account for correlation between WL mass and optical proxies. Nevertheless, it is also known that optical cluster selection leads to WL selection biases Wu et al. 2022; Zhang & Annis 2022. This is due to secondary selection effects of optical clusters, like a preference for concentrated haloes, haloes aligned along the line of sight, and haloes with more structure along the line of sight, leading to projection effects in the measured richness.
An alternative approach would be to perform an end-to-end mass bias analysis with the large Euclid-like Flagship simulation Potter et al. 2017; Euclid Collaboration: Castander et al. 2024, including galaxy clusters directly detected with AMICO and PZWav. However, no shear products were available in Flagship at the time that the analysis presented in this paper was carried out.
5.3. Masks effects
Masking of data plays a major role in large surveys. Regions of the sky must be masked due to, for example, foreground bright stars. Masks lower the number of sources useful for WL, and increase the noise Liu et al. 2014. To consider these effects, we apply the binary mask of Pires et al. 2020, shown in Fig. B.1, to our catalogue. The mask is derived from Euclid simulated catalogues Euclid Collaboration: Desprez et al. 2020 using the code FLASK Xavier et al. 2016. The fraction of the masked sky is 22.4%, both on source and lens catalogues.
The resulting mass bias is shown in Fig. 8 and Table B.2. On the overall mass range, we do not see a significant difference with respect to the full-sky case with no masks, but we see a slightly larger scatter. The parameters of the linear regression, see Table B.1, are not significantly impacted. The relative mass change with respect to the unmasked case, see Table 3, is not statistically significant.
Here clusters are selected within the unmasked regions. On real data sets, cluster detection algorithms run on fields with masks. One way to assess WL mass precision and accuracy more realistically would be to detect clusters directly on masked mocks. In this way, we would also account for galaxy clusters detected at the edges of the mask.
6. Halo density model and priors
Here, we discuss the bias related to the fitting procedure adopted to derive the mass, in particular, the assumed model of the halo density profile and the role of priors.
6.1. BMO profile
The NFW profile has a non-physical divergence of its total mass Takada & Jain 2003. The BMO profile, a smoothly truncated version of the NFW profile, see Eq. (13), circumvents this problem, but it still suffers from the well-known degeneracy between mass and concentration. A halo with WL mass biased low can still fit the data if the concentration is biased high.
The BMO modelling gives results similar to NFW in terms of mass point estimators with respect to the true mass, see Table B.2 and Fig. 8. However, the WL mass and concentration inferred by fitting the averaged lensing signal are impacted. The BMO profile provides a better fit to the data at larger radii than the NFW profile, see Fig. 2, with a smaller reduced χ2, see Table 1. As shown in Table 3, the mass fitted to the averaged lensing profile is 5.1 ± 1.6% higher, while the concentration is 42.8% lower, which echoes the mass-concentration degeneracy existing for the NFW profile.
An additional step to further this analysis would be to consider the two-halo term. On larger scales than those reached in this study, that is [image: equation], the lensing signal of the halo is dominated by correlated matter, such as neighbouring haloes or filaments Tinker et al. 2005, 2010; Ingoglia et al. 2022.
6.2. Gaussian mass prior
To explore the role of the model, we consider an informative prior on the mass. We repeat the Bayesian analysis, and we fit the WL signal to a BMO profile with a Gaussian prior on the mass, which, combined with the prior limits set in Sect. 3.2.2, mimics the distribution of the DEMNUni-Cov clusters, see Fig. 1. The mean of the Gaussian prior is set to the mode of the cluster mass distribution. The dispersion is twice the standard deviation, so that the tail in the distribution towards high masses is accounted for. The prior is then truncated at the parameter limits.
The slope, intercept, and scatter of the linear regression between WL and true masses are reported in Table B.1. By definition, the prior does not affect the ML analysis, but it affects results for point estimators based on the posterior probability distribution. For the median, CBI, and mean point estimates, the slope and intercept parameters are lower than for the fiducial setting with a uniform prior. The intrinsic scatter is also two times lower. The informative prior leads to increased precision but also to a larger bias.
Results of the analysis of the weighted mass bias, see Table B.2, are consistent with those of the linear regression. The mass bias is more severe but the scatter is lower for the median, CBI, and mean WL mass leading to a decreased accuracy and increased precision. Other prior functions could also be explored, in particular priors based on mass-concentration relations (e.g. Meneghetti et al. 2014; Diemer & Kravtsov 2015; Diemer & Joyce 2019; Euclid Collaboration: Giocoli et al. 2024).
7. Accuracy and precision in an Euclid-like survey
Finally, to provide a preliminary overview of the accuracy and precision we can expect from WL mass measurements in Euclid, we measure the mass bias and the relative mass change considering at the same time all the systematic effects previously discussed. To mimic a realistic scenario Euclid Collaboration: Sereno et al. 2024, we consider the following setting:

	
robust photo-z source selection (Sect. 5.1.2);



	
AMICO-like clusters (Sect. 5.2);



	
masked catalogues (Sect. 5.3);



	
BMO halo profile and Gaussian prior (Sect. 6).




In terms of precision of the lensing signal, we find 140 (about 3.9%) clusters with (S/N)WL > 3, similar to the fraction of clusters with (S/N)WL > 3 measured from catalogues in the ‘LSS + shape noise’ case (about 3.7%). In terms of precision of the recovered WL mass, the scatter as inferred either from the linear regression of the ML mass or the weighted average analysis is larger than the scatter of the ‘LSS + shape noise’ case if we consider the ML point estimate. However, looking at the median, CBI, or mean point estimates, the scatter is smaller and the precision is increased, mainly due to the Gaussian mass prior.
In terms of accuracy of the recovered WL mass, the slope and intercept values of the ML mass linear regression are statistically consistent with those of the ‘LSS + shape noise’ case, with intercept α = −0.097 ± 0.010 and slope β = 0.924 ± 0.043, see Fig. 4. For the median, CBI, and mean WL mass, the recovered accuracy is lower.
The weighted average mass bias is summarised in Table B.2. The ML mass is larger than 80% of the true mass in a significant mass range, see Fig. 8. The bias of the ML mass is ⟨bM⟩= − 15.4 ± 2.5% for the full sample. The median, CBI, and mean estimators exhibit a larger increase in mass bias with respect to the ‘LSS + shape noise’ case measurement than the ML estimator. Looking at the relative mass change, see Table 3, we find that the ensemble average ML mass is consistent with the ‘LSS + shape noise’ case, suggesting that systematic effects can be well controlled.
The difference in the average lensing profile is due to the effect of the selection function of Euclid detected clusters. In the low-mass regime, clusters are not detected and the ensemble average of the cluster surface mass density profile increases compared to the profile of the full cluster population. A residual difference in the fitted mass is due to the BMO halo density model compared to NFW.
8. Summary
To exploit the full cosmological constraining power of galaxy clusters, their WL masses must be well characterised. This requires testing the accuracy and precision of algorithms for WL mass measurement on simulated data. We can then use the resulting mass bias measurements to understand the impact of systematic effects on cluster WL masses.
In view of the first data from the Euclid survey, we investigate the mass bias with COMB-CL, the Euclid pipeline for cluster WL mass measurements. Using COMB-CL on the DEMNUni-Cov N-body simulations, we study the WL mass of 6155 clusters with true mass Msim > 5 × 1013 M⊙ (or log Msim ≳ 13.7) and redshift zd < 1.
We first assess the precision and accuracy of the measured shear profile and WL mass in an ideal scenario with no measurement errors or uncertainties, but where the measured mass can differ from the true one due to, for example, shape noise, LSS, triaxiality, and cluster orientation, mergings or irregular morphology Euclid Collaboration: Ajani et al. 2023. This allows us to quantify the intrinsic bias and scatter of the WL mass with respect to the true cluster mass. We summarise the results discussed in Sect. 4 as follows.

	
The lensing signal of low-mass clusters is expected to be low. Only 3.7% of the clusters are recovered with (S/N)WL > 3, most of which lie at the sparsely populated, high-mass end. We find agreement with the semi-analytical forecasting presented in Euclid Collaboration: Sereno et al. 2024.



	
The mass bias significantly depends on the mass point-estimator of choice. A summary statistic with only a location and a scale might be not enough to properly describe the mass probability function of a halo with low (S/N)WL. We measure the average mass bias via four statistical estimators: median, biweight location (CBI), mean, and maximum likelihood (ML). We find that the ML point estimate yields a WL mass almost two times more accurate than those of the median, CBI, and mean. In fact, at low masses, the mass bias can be as large as ⟨bM⟩∼ − 40%. The ML point estimate is more accurate, with ⟨bM⟩≳ − 20% in the full mass range. For the full sample, the WL mass is on average biased low by about 23.5–26.7 ± 1.2% for median, CBI, and mean measurements, and 14.6 ± 1.7% for ML. However, the intrinsic scatter of the ML masses is about two times larger than other mass estimates.



	
At the massive end of the halo mass function, log Msim ≥ 14.7, we find a mass bias in agreement with that measured with the massive Three Hundred clusters Euclid Collaboration: Giocoli et al. 2024. Our sample extends to lower masses and larger redshifts, as expected for Euclid-like clusters. We find that the bias over the full mass range is three to five times larger than that measured for massive clusters. The larger scatter in the DEMNUni-Cov sample is due to noise by correlated matter or LSS.




We go beyond the simple scenario with only intrinsic scatter and noise and check how various systematic effects or uncertainties, such as photo-z uncertainties, sample incompleteness, or masks, affect the WL mass measurements. We mostly focus on the ML mass estimator. Results are discussed in Sect. 5 and summarised below.

	
Following Euclid Collaboration: Bisigello et al. 2023, we simulate observed galaxy photometric redshifts in two different scenarios, a robust photo-z sample, with a conservative source selection, and a non-conservative photo-z sample, which suffers from significant contamination or photo-z outliers. For the non-conservative selection, which is similar to WL analyses in tomographic bins, we find that the lensing signal is biased low by 15%, and that the WL mass bias is −33.4 ± 1.6% on the overall cluster mass range. For the robust selection, the lensing signal and the WL mass are well recovered over the full cluster mass range with a mass bias of −14.7 ± 1.9%.



	
We simulate Euclid-like cluster samples considering the two cluster detection algorithms selected to run in the Euclid analysis pipeline, AMICO and PZWav Euclid Collaboration: Adam et al. 2019. Each sample is simulated with the corresponding completeness, centroid offset distribution, and redshift uncertainty. Thanks to the high completeness, Euclid samples will recover the full halo population even in the low-mass regime, even though miscentering and redshift uncertainty could dilute the lensing signal. The relative change of the measured WL mass with respect to the true WL mass is on average −1.5(−2.5)±0.3% for AMICO (PZWav)-like clusters.



	
We apply masks to the simulated data and find that the resulting WL masses remain consistent with the ideal scenario, even though some constraining power is lost due to the lower number of selected background galaxies.




We additionally consider the effects of halo profile modelling and priors.

	
We switch the NFW model of the halo density profile to a BMO profile. On average, individual WL masses are consistent with mass measured with a NFW profile. We notice that the BMO model better describes the averaged lensing profile, with a lower reduced χ2. On averaged density profiles, the BMO profile brings the WL mass higher, with a relative change with respect to the NFW WL mass of 5.1 ± 1.6%.



	
The prior affects the median, CBI, and mean mass point estimates. With a Gaussian prior on the mass, the scatter on the mass is two times lower and the bias more severe than for a uniform prior, leading to a higher precision and a lower accuracy.




A final test is performed using a combination of the aforementioned effects including masks and realistic photo-zs.

	
We consider AMICO-like clusters, detected in the presence of masks, with robustly selected source galaxies. We fit a BMO model with a Gaussian mass prior. From the linear regression of the WL mass – true mass relation, we find a higher scatter than for the fiducial case with only instinsic scatter and noise, but a similar accuracy as measured with the slope and intercept parameters. Thanks to the high completeness of the lens sample and the robust source selection, the average mass bias, ⟨bM⟩= − 15.5 ± 2.4%, agrees with that expected in an ideal scenario.




9. Discussion
Our analysis considers a broad selection of systematic effects, including triaxiality and cluster orientation, LSS and shape noise, source redshift uncertainties, and detection uncertainties from cluster-finding algorithms. However, in this work, we do not consider calibration of the spurious lensing signals induced by improper shear measurements or blended objects. Shear correction calibrated for cosmic shear may not be appropriate in the cluster regime since the shear response can become non-linear for stronger shears Hernández-Martín et al. 2020. Further improvements to the methodology and a full calibration of the cluster mass bias would require realistic cluster image simulations. Moreover, we do not account for intrinsic alignment and the clustering of sources, which are subdominant for single cluster WL mass analyses (e.g. Chisari et al. 2014).
The analysis presented in this paper assumes that the miscentring of galaxy clusters follows an isotropic distribution. This approximation accounts for random deviations from the gravitational centre but does not consider inherent (directional) correlations between the centre proxy and WL shear measurements. Such correlations might arise, for example, when cluster centres are identified based on properties of the intracluster medium, as discussed in Sommer et al. 2024.
We characterise WL mass bias using point estimates, simplifying the treatment by neglecting posterior shapes. As Lee et al. 2018 show, bias and scatter can be derived using the full posterior of the WL mass measurement. This approach provides a close approximation (∼4% relative difference) to our mean point estimate.
Cluster WL mass bias could be further reduced with improvements to the halo density model. We find that fitting improves if we consider a truncation radius. Proper modelling for miscentring, concentration, or correlated or infalling matter could further improve the fit Bellagamba et al. 2019; Giocoli et al. 2021; Ingoglia et al. 2022.
We underline that this study is part of a larger series of work to characterise cluster WL masses with Euclid. Euclid Collaboration: Sereno et al. 2024 tests the robustness of Euclid cluster mass measurement algorithms on an extensive data set of Stage-III surveys or precursors. Euclid Collaboration: Lesci et al. 2024 derives colour selections from Euclid and ground-based photometry to optimise the quality of the WL signal. Ongoing testing and future works will exploit the Flagship simulation Potter et al. 2017; Euclid Collaboration: Castander et al. 2024 to perform a complete end-to-end cluster WL analyses within Euclid.


1 https://gitlab.euclid-sgs.uk/PF-LE3-CL/LE3_COMB_CL The access is restricted to members of the Euclid Consortium. A public release is expected with Euclid Collaboration: Farrens et al. (in prep.).


2 https://gitlab.com/federicomarulli/CosmoBolognaLib
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Appendix A:  Samples properties
Table A.1. 
Properties of the different samples of the analysis.
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Ensemble weighted average mass bias and scatter of median, CBI, mean, and ML point estimates.
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	[image: thumbnail]	Fig. 1. Distribution of the DEMNUni-Cov clusters and of the Three Hundred clusters (ECG) in the mass-redshift plane. The marginalised distribution of the redshift and mass of the clusters is shown in the top and right panels, respectively. Distributions are normalised to the full DEMNUni-Cov sample. Distributions of AMICO and PZWav-like selected objects (see Sect. 5.2) are also shown. The median is shown with dashed lines. The mean of the Gaussian prior on mass (see Sect. 6.2) is shown on the right panel as a dotted line.
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	[image: thumbnail]	Fig. 2. Average excess surface density and maximum likelihood NFW / BMO density fitted models. The figure shows the density profiles for the LSS plus shape noise (Sect. 4), non-conservative photo-z selection (Sect. 5.1.1), robust photo-z selection (Sect. 5.1.2), AMICO-like sample (Sect. 5.2), PZWav-like sample (Sect. 5.2), masks (Sect. 5.3), BMO model (Sect. 6.1), and combined effects (Sect. 7). Signals are shown either for the full sample, or for the massive subsample at log Msim ≥ 14.7. The top panels show the relative change with respect to the fiducial shape and LSS noise shear data (points), and with respect to their models (lines).
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	[image: thumbnail]	Fig. 3. (S/N)WL of DEMNUni-Cov clusters in bins of mass and redshift, computed as the CBI of the values in the bin, for the ‘LSS + shape noise’ case. The number of clusters is displayed in each bin.
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	[image: thumbnail]	Fig. 4. Scatter plot for WL mass point estimates of DEMNUni-Cov clusters. Error bars correspond to the standard deviation of the mean (in the mean/ML panels), 16th and 84th percentiles (in the median panel), or SBI (in the CBI pannel). The one-to-one line is shown in black, while blue lines give results for the linear regression over the data points for the ‘LSS + shape noise’ case. The orange line shows the linear regression for ML WL mass measured on DEMNUni-Cov data with the combination of systematic effects discussed in Sect. 7. The shaded region corresponds to the scatter.
In the text



	[image: thumbnail]	Fig. 5. Weighted average (plotted as lines) of the WL mass bias for median, CBI, mean, and ML point estimates as a function of the true mass of the DEMNUni-Cov clusters. The grey points show the WL mass bias for ML estimates. Results from ECG are presented with red lines and points. The light and dark yellow bands mark ±10% and 20% thresholds, respectively. Top and right panels give the mass bias scatter and the distribution of the mass bias points for each estimator, respectively. Error bars are the standard deviation of the bootstrap sample distribution of weighted means.
In the text



	[image: thumbnail]	Fig. 6. Weighted average of the WL mass bias of DEMNUni-Cov clusters with Msim > Mmin as a function of Mmin. Results are compared with measurements performed on the Three Hundred cluster sample from ECG. Top panels give the fraction of clusters in the considered mass range (top) and the mass bias scatter (middle). The vertical line is at log Mmin = 14.7 lower limit. Error bars are the standard deviation of the bootstrap sample distribution.
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	[image: thumbnail]	Fig. 7. Scatter plot for median WL mass point estimates of DEMNUni-Cov clusters in the ECG mass range. Error bars correspond to the 16th and 84th percentiles. The red line shows the linear regression for median WL mass measured in ECG. The shaded region corresponds to the scatter.
In the text



	[image: thumbnail]	Fig. 8. Weighted average of the WL mass bias for the ML mass estimator. Data sets considered are ‘LSS + shape noise’ (Sect. 4), photo-z non-conservative selection (Sect. 5.1.1), photo-z robust selection (Sect. 5.1.2), AMICO-like sample (Sect. 5.2), PZWav-like sample (Sect. 5.2), masks (Sect. 5.3), BMO model (Sect. 6.1), and combined effects (Sect. 7). The top panel shows the mass bias scatter. Error bars are the standard deviation of the bootstrap sample distribution.
In the text



	[image: thumbnail]	Fig. 9. Relative change of the WL mass with respect to the ‘LSS plus shape noise’ case due to systematic effects. We consider the ML estimator. Data sets considered are photo-z non-conservative selection (Sect. 5.1.1), photo-z robust selection (Sect. 5.1.2), AMICO-like sample (Sect. 5.2), PZWav-like sample (Sect. 5.2), masks (Sect. 5.3), BMO model (Sect. 6.1), and combined effects (Sect. 7). Error bars are the standard deviation of the bootstrap sample distribution.
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	[image: thumbnail]	Fig. 10. Scatter plot of simulated photo-z vs. true redshift for non-conservative (red + blue) or robust (green − orange) selection. The bottom panel shows the marginalised 1D distribution of the normalised redshift deviation.
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	[image: thumbnail]	Fig. 11. Redshift distribution of DEMNUni-Cov sources, and of non-conservative and robust photo-z-selected sources beyond zd = 0.3.
In the text



	[image: thumbnail]	Fig. 12. Photo-z contamination fraction as a function of the lens redshift of non-conservative or robust photo-z selected sources.
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	[image: thumbnail]	Fig. 13. Difference of the (S/N)WL as measured either for lensing with true redshifts, that is the ‘LSS + shape noise’ case, or non-conservative (top) or robust (bottom) photo-z selected samples, computed as the CBI of the values binned in mass and redshift. The number of clusters is displayed in each bin.
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	[image: thumbnail]	Fig. 14. Expected completeness for the AMICO and PZWav algorithms as a function of mass and redshift. The light red box encloses the parameter space sampled by the DEMNUni-Cov haloes.
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	[image: thumbnail]	Fig. 15. Centroid offsets of AMICO-like and PZWav-like clusters selected from the DEMNUni-Cov catalogue.
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	[image: thumbnail]	Fig. B.1. Mask map considered for the analysis Pires et al. 2020.
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        (S/N)WL of DEMNUni-Cov clusters in bins of mass and redshift, computed as the CBI of the values in the bin, for the ‘LSS + shape noise’ case. The number of clusters is displayed in each bin.
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        Weighted average (plotted as lines) of the WL mass bias for median, CBI, mean, and ML point estimates as a function of the true mass of the DEMNUni-Cov clusters. The grey points show the WL mass bias for ML estimates. Results from ECG are presented with red lines and points. The light and dark yellow bands mark ±10% and 20% thresholds, respectively. Top and right panels give the mass bias scatter and the distribution of the mass bias points for each estimator, respectively. Error bars are the standard deviation of the bootstrap sample distribution of weighted means.
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        Scatter plot for median WL mass point estimates of DEMNUni-Cov clusters in the ECG mass range. Error bars correspond to the 16th and 84th percentiles. The red line shows the linear regression for median WL mass measured in ECG. The shaded region corresponds to the scatter.
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        Scatter plot of simulated photo-z vs. true redshift for non-conservative (red + blue) or robust (green − orange) selection. The bottom panel shows the marginalised 1D distribution of the normalised redshift deviation.
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        Redshift distribution of DEMNUni-Cov sources, and of non-conservative and robust photo-z-selected sources beyond zd = 0.3.
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        [image: thumbnail]
      

      
        Photo-z contamination fraction as a function of the lens redshift of non-conservative or robust photo-z selected sources.
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        Difference of the (S/N)WL as measured either for lensing with true redshifts, that is the ‘LSS + shape noise’ case, or non-conservative (top) or robust (bottom) photo-z selected samples, computed as the CBI of the values binned in mass and redshift. The number of clusters is displayed in each bin.
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        Expected completeness for the AMICO and PZWav algorithms as a function of mass and redshift. The light red box encloses the parameter space sampled by the DEMNUni-Cov haloes.
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        Centroid offsets of AMICO-like and PZWav-like clusters selected from the DEMNUni-Cov catalogue.
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        Mask map considered for the analysis Pires et al. 2020.

      

    

  
    
      Table B.2. 

      Ensemble weighted average mass bias and scatter of median, CBI, mean, and ML point estimates.

      
        


	Data Set
	Median
	CBI
	Mean
	ML





	LSS + shape noise (4)
	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]



	Three Hundred (ECG)
	
[image: equation]
	-
	-
	-



	photo-z non-conservative (5.1.1)
	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]



	photo-z robust (5.1.2)
	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]



	AMICO-like (5.2)
	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]



	PZWav-like (5.2)
	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]



	masks (5.3)
	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]



	BMO + prior (6)
	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]



	
[image: equation]
	
[image: equation]
	
[image: equation]
	
[image: equation]
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Notes. Uncertainties are the standard deviation of the bootstrap sample distribution.
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