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Abstract

Context. X-ray observations of galaxy clusters are routinely used to derive radial distributions of intracluster medium (ICM) thermodynamical properties, such as density and temperature. However, observations only allow access to quantities projected on the celestial sphere, so an assumption on the three-dimensional distribution of the ICM is necessary. Usually, spherical geometry is assumed.

Aims. The aim of this paper is to determine the bias due to this approximation on the reconstruction of the ICM density radial profile of a cluster sample and on the intrinsic scatter of the density profiles’ distribution, particularly when the substructures of clusters are not masked.

Methods. We used simulated clusters for which we can access the three-dimensional ICM distribution. In particular, we considered a sample of 98 simulated clusters drawn from THE THREE HUNDRED project. For each cluster, we simulated 40 different observations by projecting the cluster along 40 different lines of sight. We extracted the ICM density profile from each observation, assuming the ICM to be spherically distributed. For each line of sight, we then considered the mean density profile over the sample and compared it with the three-dimensional density profile given by the simulations. We thus derived the spherical bias in the density profile by considering the ratio between the observed and the input quantities. We also studied the bias in the intrinsic scatter of the density profile distribution by performing the same procedure.

Results. We find a bias in the density profile, bn, smaller than 10% for R ≲ R500, and it increases up to ≈50% for larger radii. The bias in the intrinsic scatter profile, bs, is higher, reaching a value of ≈100% for R ≈ R500. We find that the bias for both of the analyzed quantities strongly depends on the morphology composition of the objects in the sample. For clusters that do not show large-scale substructures, both bn and bs are reduced by a factor of two. Conversely, for systems that do show large-scale substructures, both bn and bs increase significantly.
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1. Introduction
Galaxy clusters play a crucial role in the understanding of both astrophysical processes and large-scale structure evolution. They are the largest virialized objects generated from small density fluctuations in the primordial era and grew hierarchically under their own gravity influence. Indeed, galaxy clusters trace the evolution of the Universe and its composition, so important cosmological knowledge can be derived by studying their properties (e.g., Voit 2005; Allen et al. 2011). Moreover, many astrophysical processes take place within galaxy clusters, and the baryonic component properties derived from cluster studies are used for astrophysics and fundamental physics studies (e.g., Arnaud 2005; Tozzi & Norman 2001). In this context, X-ray observations play a major role, as they can detect the emission associated with the intracluster medium (ICM), which is the hot and rarefied plasma that lies among the galaxies. This component contributes ∼15% to the total cluster matter and represents the main baryonic component, as stars and galaxies make up only a few percent. In particular, X-ray observations enable ICM density and temperature profiles to be derived. These are crucial quantities for obtaining cluster properties since they provide the starting point for mass measurements. In particular, they are used to derive the total cluster mass through the hydrostatic equilibrium equation. Moreover, the ICM density profile is used to obtain the gas mass, which is a widely used proxy of the total mass of clusters (Arnaud et al. 2010; Kravtsov et al. 2006; Pratt et al. 2019), and to measure the cluster mass function and hence the mass density, Ωm, which is a fundamental quantity for cosmological studies. Therefore, the reconstruction of the ICM density profile assumes a significant role in cosmological studies. Moreover, in the era of precision astronomy and cosmology (Allen et al. 2011; Planck Collaboration XX 2014; Salvati et al. 2018), it is very important to be aware of the contribution of each systematic error source that can affect any measure and to quantify them.
Every astronomical observation carries an intrinsic aspect that could introduce systematic errors. In fact, observations can be informative only about projected quantities, so an assumption on the underlying geometry is necessary to recover three-dimensional properties, such as density profiles. In this context, the property of cluster shape also assumes a crucial role.
It is well known that the mass distribution within galaxy clusters is generally not spherical, even though determining its three-dimensional shape is still an issue. Several studies have investigated the problem using multi-wavelength techniques, such as through a combination of gravitational lensing, X-ray, and Sunyaev-Zel’dovich effect observations, both on individual clusters and cluster samples, and these studies have found a quite general triaxial morphology (Sereno et al. 2006, 2017, and references therein). However, some clusters appear more spherical and present smoother density profiles thanks to virialization processes, while others can present density inhomogeneities that make the cluster shape more intricate.
However, it is a standard practice to assume spherical geometry when deriving cluster gas properties from X-ray observations. In fact, this makes the gas distribution deprojection process easier to implement and more computationally efficient. Moreover, it is widely assumed that any possible geometrical bias in single systems is averaged out when considering cluster samples, thanks to the triaxial orientations that are assumed to be randomly distributed. Systematic errors in the gas distribution reconstruction due to spherical assumption have been investigated throughout the years, typically by comparing different deprojection models applied to different theoretical morphologies (see, e.g., Binney & Strimpel 1978; Piffaretti et al. 2003). The most recent work in the context of X-ray and Sunyaev–Zel’dovich observations is by Buote & Humphrey (2012a,b). The authors investigate the spherical averaging of galaxy clusters shaped using different ellipsoidal models. They quantify the orientation-average bias and scatter for many observables and find generally small mean biases with substantial scatter for different view orientations. However, the studies in this area of research mostly investigate the impact of elliptical shapes instead of spherical ones, considering clusters with smooth density profiles and leaving the presence of inhomogeneities aside. In the present work, we investigate the bias due to the spherical assumption on the reconstruction of the ICM density profile while considering the presence of inhomogeneities in substructures. In fact, in contrast to the cited works based on theoretical geometrical models, here we consider clusters that are simulated in a cosmological context such that their shapes are not theoretically defined following a geometrical model but are given by the cosmological framework and the gravitational interaction with the environment. For each simulated cluster, we emulated an X-ray observation on the sky plane and considered numerous different lines of sight. By using standard X-ray analysis procedures, we extracted the ICM density profile from each projected cluster, assuming spherical geometry, and compared it with the true density profile given by the simulations. In this way, we are able to quantify the bias introduced by the spherical assumption.
This paper is organized as follows: In Sect. 2, we describe the composition of the simulated cluster sample and the procedure to produce mock X-ray maps. In Sect. 3, we discuss the mock maps analysis procedure, while in Sect. 4 we present the main results of the analysis. In Sect. 5, we discuss the results, and in Sect. 6 we summarize the biases that arise from the spherical approximation in the gas density profile.
We adopted a flat Λ cold dark matter cosmology with Ωm(0) = 0.3, ΩΛ(0) = 0.7, and H0 = 70 km Mpc−1 s−1. We note that the cosmological density values are those of the simulated sample, which is characterized by a slightly lower Hubble constant (H0, sim = 67.77 km Mpc−1 s−1). However, this difference does not affect the results of this paper.
2. Dataset and production of mock maps
2.1. Dataset
This work relies on simulated galaxy clusters drawn from THE THREE HUNDRED project (Cui et al. 2018). This project comprises 324 regions re-simulated with full-physics hydro-dynamical codes selected from the dark matter only MultiDark Planck 2 simulations (Klypin et al. 2016). The aim of this work is to statistically characterize the bias introduced when deriving the ICM radial density profile of clusters and assuming a spherical geometry. This is tested on a sample that needs to be as representative as possible of the underlying cluster population and is able to reproduce the variety of morphologies. Therefore, we selected 98 clusters from THE THREE HUNDRED catalog with masses in the range 2.0 × 1014 M⊙ < M5001 < 14.3 × 1014 M⊙ (Fig. 1). The sample was built to include about 20 to 25 objects in each of the following mass intervals: [2 − 4], [4 − 6], [6 − 8], [8 − 10]×1014 M⊙, in addition to nine objects with M500 > 1015 M⊙. The selection was done by making sure that various morphologies were represented, as shown in Fig. 2. In the figure, several clusters show substructures that appear as luminous regions distinguishable from the central halo, while others have an almost spherical distribution. These features make the sample suitable to study the effects introduced by the spherical approximation, which is ordinarily used for X-ray analysis, and to quantify the related bias in the density profile reconstruction. All the clusters are fixed at redshift z = 0.3 since we are not interested in studying any possible effect due to spatial resolution. The physical properties of each cluster are reported in Table A.1.
	[image: thumbnail]	Fig. 1. Mass distribution of the sample of simulated clusters used in this work. The minimum and maximum values of the mass are 2.0 × 1014 M⊙ and 14.3 × 1014 M⊙, respectively.



	[image: thumbnail]	Fig. 2. Image gallery of the 98 galaxy clusters in the simulated sample. Each image covers an area of 5R500 × 5R500 and represents the spatial distribution of the ICM projected along one random direction in units of cm−6 Mpc. The solid circle indicates R500, while the dashed one indicates 2R500. In many clusters one or more substructures are present. The names of the simulated clusters are reported in each panel. The first number identifies the simulated region where the halo is extracted, and the second is the mass-rank index of the halo in that specific region. For example, CL0005_1 is the most massive cluster found in the fifth region.



2.2. Simulating mock X-ray maps
The starting point of this work involved the creation of mock observations of the simulated clusters. This was done by projecting them on the sky plane and reproducing X-ray telescope effects in order to obtain an X-ray-like image.
2.2.1. Projection on the sky plane
Since telescopes observe projected objects on the sky plane, we first projected each three-dimensional simulated cluster. We created emission-measure maps from each simulated cluster with the program Smac (see Dolag et al. 2005; Ansarifard et al. 2020). The maps are centered at the position of the maximum of the density field, which coincides with our definition of the theoretical center. The field of view has a side equal to 6R500 divided into 1200 pixels, leading to a resolution of 5% R500 per pixel. This distance of 6R500 is also the length of the integration along the line of sight. By reaching such a high distance from the cluster center (3R500 ≈ 2R200 in the front and the back of the object), we were sure to include any possible large-scale structure whose emission can be visualized in the projected maps. Starting from a map oriented as the z axis of the simulation box and thus randomly oriented with respect to the cluster’s major axis, we then created other maps obtained by rotating the object with equi-spaced angles, as visually represented in Fig. 3. In this way we generated 40 emission measure (EM) maps for each simulated cluster. The chosen 40 lines of sight allowed us to uniformly investigate the object from different directions.
	[image: thumbnail]	Fig. 3. Representation on a sphere (left) and on a polar plane (right) of the forty directions along which a three-dimensional simulated cluster is projected. The directions are distributed at intervals of Δθ = 1/10 π and Δϕ = 1/8 π, with θ ∈ [0, 9/10 π] and ϕ ∈ [0, 3/8 π], where ϕ = 0 identifies the equatorial plane. Every direction is identified as (t, p), where t ∈ [0, 9] and p ∈ [0, 3] represent θ and ϕ.



The maps were produced by summing over the contribution of all gas particles with temperature, Ti, larger than 0.3 keV and density, ρi, below the star-forming density threshold. This condition allowed for the study of the diffuse gas that emits in the considered X-ray bands. We note that the same gas particle exclusion was applied to all the quantities extracted from the simulated clusters, such as the 3D gas density profiles. To create the maps, we specifically summed the product (mi × ρi) of the selected particles once this contribution was weighted by a spline kernel with a width equal to the gas particle smoothing length.
The resulting maps are in units of a mass density squared integrated over a volume, that is [g2 cm−6 kpc2 cm]. However, the EM standard units are [cm−6 Mpc], so we needed to convert them by taking into account the proton mass, the molecular weight μ, and the electron-to-proton fraction f since the EM is referred to as the electron emission. We used the same gas parameters that characterize the simulated gas, namely μ = 0.59 and f = 1.08.
2.2.2. Generating mock maps
Once the 40 EM maps had been generated for each cluster, we generated mock X-ray observations. X-ray telescopes collect the incoming photons in their camera pixels, so they return counts maps. To create these maps from the EM maps, we first converted them into surface brightness (SB) maps. The EM and SB are related through the cooling function Λ(T, Z, z), which depends on the cluster temperature T, the cluster abundance Z, and the cluster redshift z:
[image: thumbnail](1)
In the soft X-ray band, the cooling function Λ(T, Z, z) shows little dependence on either temperature or cluster abundance Z (Ettori 2000; Bartalucci et al. 2017). To ensure this fact, we computed the cooling function for different temperatures and abundances, with typical cluster temperature values that can fluctuate by 20% (Rossetti et al. 2024, cf. Fig. 11) and typical cluster abundance values that can fluctuate by 25% (Ghizzardi et al. 2021, cf. Figs. 5 and 11); Λ(T, Z) varies less than 3%. Therefore the cooling function was computed using a constant temperature and constant abundance, within the [0.5, 2.0] keV energy band. The temperature for each cluster was given by the simulations, while the metal abundance was fixed to the average value 0.25 Z⊙, as derived from (Ghizzardi et al. 2021, cf. Modified analysis of Table 1). The redshift was fixed for all clusters to z = 0.3. The cooling function was computed via XSPEC (Arnaud 1996) using the phabs (photoelectric absorbed)2 Astrophysical Plasma Emission code (APEC)3 model (Smith et al. 2001) and convolved with the telescope effective area. For our scope, we considered the XMM-Newton PN camera.
Once we generated the surface brightness maps, we converted them into X-ray-like counts maps, following the same method described in Bartalucci et al. (2023), which we briefly report here. First, we converted the surface brightness into photon counts by multiplying the surface brightness maps by the pixel surface and by an observation time of 30 ks, a typical XMM-Newton exposure time. For simplicity, we did not consider Point Spread Function and vignetting effects or the presence of malfunctioning pixels or gaps. For these reasons the exposure time is the same for all the map pixels. We then added the sky background component. We considered a mean value bkgmean = 5.165 × 10−3 cts arcmin−2 s−1 measured by the PN camera in the [0.5 − 2] keV band (Bartalucci et al. 2023), and we introduced spatial variations by dividing the field of view into square tiles of ∼2.35 arcmin size where the background value varies by approximately 3% (Ghirardini et al. 2018) around bkgmean. Finally, we applied a Poisson randomization to each pixel of the map to emulate the discretized photon counts. All the used parameters are reported in Table 1. The outcome of this procedure is represented in Fig. 4. Through this approach, we created 40 mock X-ray maps – one for each projection line – for each of the 98 simulated clusters.
Table 1. 
Parameters used in the phabs/APEC model for mock map production and analysis.

	[image: thumbnail]	Fig. 4. Mock map generation process. Left panel: Map of the cluster emission. Central panel: Map of the cluster emission with the addition of the tiled background. Right panel: Map resulting from the discretization of the cluster+background map through a Poisson randomization. All maps are in units of counts.



3. Data analysis
The main purpose of the following analysis is to determine the bias in the cluster gas density profile reconstruction due to the spherical symmetry approximation. In particular, we evaluated the effect caused by the presence of inhomogeneity in substructures. To reach this goal, we used the mock X-ray maps obtained as described in Sect. 2.2.2 to extract the gas density profiles following the same procedure used for real observations, where spherical symmetry is assumed. However, it is important to highlight a key difference between the density profile extraction procedure followed in this work and the one used in real cluster analysis. In fact, in the latter case, if any substructure appears in the observation frame, it is masked in such a way that its contribution to the cluster main emission will not be considered. Therefore, it is interesting to study how the density profile is reconstructed even with the contribution of substructures while maintaining a spherical model. Furthermore, when we have to deal with real cluster observations, it can occur that substructures are indistinguishable from the central core because of resolution issues and because they are located along the observer-core line of sight. For these reasons, it is important to evaluate the impact of the substructures on the gas density profile when it is reconstructed with a spherical shape.
3.1. Analysis of mock maps
To extract the gas density profile from every mock X-ray map, we used pyproffit4 (Eckert et al. 2016, 2020), a Python package largely used for X-ray cluster analysis in which the spherical symmetry is assumed. For each map, pyproffit first extracts the SB profile (count rate per surface and time unit), by computing the mean surface brightness in concentric annular bins and dividing by the exposure time. We extracted the SB profile up to 3R500 in annular bins of 5 arcsec width. We then converted the SB profile into an EM profile through Eq. (1). The conversion factor Λ(T, Z, z) was computed via XPSEC with the same procedure and parameters used for the production of the mock maps (see Sect. 2.2.2 and Table 1).
The obtained EM profile was then deprojected to obtain the electron density profile. In fact, the EM is defined as the projection along the line of sight of the gas density:
[image: thumbnail](2)
where f is the electron-to-proton fraction. The EM profile deprojection process to obtain the electron density profile was performed by pyproffit while assuming a spherical geometry. That is, the EM profile was modeled as a combination of β-models:
[image: thumbnail](3)
In particular, we modeled the EM profile by combining six β-models. Such a spherical geometry is widely used since the β-model functions ϕi can be analytically deprojected, thus returning the deprojected functions Φi(R) = ∫ϕi(r)dl. The combination of the deprojected functions Φi gives the following electron density profile:
[image: thumbnail](4)
The parameters of the β-models (βi, rc, i, Ai) in Eq. (3) were inferred by pyproffit from the observed EM profile by maximizing a Poissonian likelihood. The background was considered a flat surface brightness profile described by a single parameter. In particular, we considered the radial range [2.5, 3]R500 as the background fitting region, where the background emission dominates over the cluster emission. The deprojection result is the electron density profile of the cluster (Eq. (4)). The procedure is schematized in Fig. 5.
	[image: thumbnail]	Fig. 5. Schematic representation of the procedure described in Sects. 2.2.2 and 3 to derive the gas density bias and the intrinsic scatter due to the spherical assumption.



3.2. Analysis of density profiles
In this section we study how the spherical symmetry assumption impacts the cluster gas density profile reconstruction. In particular, we study how the presence of substructures influences the deprojection process.
The spherical assumption’s impact can be derived by comparing the extracted profiles with the input profiles, that is, the density profiles given directly by simulations. The input profiles are obtained by computing the density on spherical shells starting from the cluster center5. We divided the analysis by first studying each cluster individually and then the sample as a whole.
3.2.1. Single cluster analysis
As a first step of the analysis, we considered each cluster individually so that we could compare the profiles extracted along each line ([image: equation]) of sight with the input density profile ([image: equation]) and study how well it is reconstructed by considering the ratio between each extracted profile and the input one. This type of analysis shows how the spherical approximation works on specific clusters, allowing us to understand how substructures and their projected position (which depends on the line of sight) modify the reconstructed profile.
3.2.2. Sample analysis
For the main part of the analysis, we considered the entire sample observed only from one line of sight at a time instead of considering every cluster from different lines of sight. This approach reproduces what a real observer would actually see. We were able to access at least 40 different realizations of the same sample (one for each projection line) and compared the results, giving us the opportunity to study how different projections impact the density profile reconstruction. To perform this type of analysis, we defined the sample global electron density profile ne and the related intrinsic scatter σintr. These quantities were defined as follows. The global density profile is the logarithmic average profile of the 98 cluster profiles ne, cl in the sample. Assuming that their distribution is log-normal, the logarithmic average is then defined as the expected value of the logarithmic distribution of the 98 density profiles:
[image: thumbnail](5)
where ξ and σ are respectively the mean and the standard deviation of the normal distribution of log ne, cl. The intrinsic scatter σintr represents the physical dispersion of the sample profiles around the global profile ne, and it is related to the total dispersion σ as
[image: thumbnail](6)
where σstat is the statistical error computed as the square root of counts within each radial bin.
For each sample realization, we computed the observed global density profile [image: equation] and the observed intrinsic scatter [image: equation]. We then compared different sample realizations and considered the mean observed global profile [image: equation] of the normal distribution of all the observed global profiles [image: equation]. The same procedure was performed on the intrinsic scatter to obtain the mean observed intrinsic scatter [image: equation] of all the observed intrinsic scatter [image: equation]. We also defined the respective input quantities, that is, the mean input global density profile [image: equation] and the mean input intrinsic scatter [image: equation].
By comparing the observed and input quantities, we could determine the biases on the density and scatter profiles, respectively bn and bs, associated with the spherical geometry assumption. We defined the bias bq for the quantity q as
[image: thumbnail](7)
4. Results
4.1. Single cluster results
The results of the analysis outlined in Sect. 3.2.1 on single clusters show the impact of cluster morphology on the density profile reconstruction. We report two illustrative and opposite cases: one “regular” cluster (i.e., without substructures) and one “irregular” cluster (i.e., with substructures). These cases are shown in the X-ray-like maps reported in Fig. 6.
	[image: thumbnail]	Fig. 6. Gas density profile along 40 lines of sight for two clusters chosen as examples. In the left figure, the regular cluster CL0129_1 is reported, while the right figure presents the irregular cluster CL0005_1. For both figures, the black line refers to the input gas density profile, and the colored lines refer to the observed profiles, extracted assuming spherical geometry for the gas spatial distribution. Each color refers to a specific line of sight, as reported on the polar plane. In the bottom panel of both figures, the observed-to-input ratio is reported for each line of sight. It is evident how the input profile is better reconstructed for the regular cluster. On the right of each figure, three cluster projections are reported (the color of the edges identifies the corresponding line of sight). The solid and the dashed circles refer respectively to R500 and 2R500. We note the smooth shape of CL0129_1, regardless of the projection, and the irregular shape of CL0005_1, where the substructure position changes with the projection.



In the first case, we show the cluster CL0129_1 (Fig. 6, left). It does not present any substructure, as shown in the three reported maps, and it exhibits a spherical core. The cluster indeed appears similar to itself regardless of the considered projection. Therefore, the 40 density profiles should appear similar to each other. Moreover, each reconstructed profile reproduces the input one quite well. The ratio between the extracted and the input profiles is ≲1.1 for a very large radial range (R ≲ 1.5R500). This result indicates that the assumed spherical symmetry does not introduce any relevant bias when studying clusters with few substructures.
In the second case, we show the irregular cluster CL0005_1 (Fig. 6, right). It features an evident substructure visible in all the three cluster projections. Its presence can significantly modify the apparent shape of the cluster that an observer would see. For example, an observer along the line of sight (9,2; the red line of sight in Fig. 6) might consider this cluster as a regular one (with no substructures in the outer regions), whereas along the (2,1) projection (the green line of sight), the substructure is clearly distinguishable from the central core. Because of this, the reconstructed density profiles are expected to differ from one line of sight to another, as actually shown by the results and indeed from the input profile. The shape of the reconstructed profile is affected by the substructure position. If one considers once again the projection along (9,2), one can see that the corresponding reconstructed density profile shows a “bump” at small radii, where the substructure is seen. In this region, the observed profile results are overestimated with respect to the input one. If we instead consider the (2,1) projection (green), we can see that the bump in the density profile shape is located at larger radii, where the substructure appears. More generally, for each line of sight, the reconstructed profile overestimates the input profile where the substructure appears. This overestimation can be partially due to a projection effect and partially due to the spherical modeling process (both contribute to it), making the substructure deprojected density higher than the real three-dimensional one (see Appendix B). From these considerations, we inferred that for irregular clusters the spherical approximation introduces an overall overestimation of the extracted profile with respect to the input one in the region where the substructures appear, with typical ratios [image: equation] for R ≳ R500.
4.2. Sample results
The results of the analysis outlined in Sect. 3.2.2 of each sample realization are reported in Fig. 7. In the left panel of the figure, we report the bias [image: equation] on the global density profile, while in right panel we report the intrinsic scatter σintr profile and the associated bias [image: equation]. For both of these quantities, we report the 40 results on each sample realization (qobs(los)) and also the mean over all the projections (qobs).
	[image: thumbnail]	Fig. 7. Characterization of the bias introduced by the spherical assumption for the whole sample. Left figure: Bias in ICM density profile due to spherical assumption. In the bottom panel, we report the zoom of the innermost region. The gray lines refer to the global density profile for each sample realization (one for each line of sight), the solid black line refers to the mean over the sample realizations, and the dash-dotted lines refer to the 1σ value. Right figure: Scatter profile of the sample’s density profiles around the global density profile (upper panel) and the relative bias due to the spherical assumption (bottom panel). The lighter black lines refer to the scatter profile for each sample realization, the solid black line to the mean over the sample realizations, and the dash-dotted lines to the 1σ value. The black dashed line refers to the input profile, and the green dashed line refers to the 50% level.



The bias in the global density profile due to the spherical approximation shows a very similar behavior regardless of the line of sight, exhibiting an overall overestimation of the reconstructed profile that gradually increases with the radius. More specifically, in the innermost regions for R ≲ R500, the mean bias introduced by the spherical approximation is ≲10% and decreases down to ≲5% for R ≲ 0.4R500. Conversely, the bias increases in the outer regions, reaching 50% at R ∼ 2R500 (see Table 2). As expected, this behavior does not significantly differ from one sample realization to another; that is, the line of sight does not introduce significant differences in the bias.
Table 2. 
Results of the analysis for the biases on the global density profile and on the intrinsic scatter of a cluster population.

These results show that the reconstructed global density profile is generally overestimated. We can hypothesize that this is due to the presence of irregular clusters in the sample since, as we observed in Sect. 4.1, the presence of substructures causes an overestimation of the observed cluster emission and thus of the observed density profile in the region where the substructure appears. Therefore, if several irregular clusters are included in the sample, the global density profile should be overestimated over a large radial range, as shown by the results. Moreover, the bias increases with the radius. This can be due to the substructure’s apparent position: The profile tends to be more overestimated if the substructure appears in the outer regions (see Appendix B).
Next, we move on to the analysis of the results on the sample intrinsic scatter profile. First of all, we note that the observed total dispersion σ (see Eq. (6)) almost entirely coincides with the intrinsic scatter σintr, as the statistical scatter σstat is very small because we used mock observations with high statistics derived from simulations. With these results in hand, we observed that the intrinsic scatter (Fig. 7, right upper panel) behavior is similar for both the observed and the input scatter profiles: They show a convex shape with a minimum in 0.4 − 0.8R500. At smaller radii, the scatter increases since simulated clusters present different core densities and slopes. In the outer regions, the scatter increases since clusters more frequently show substructures in these regions.
The difference between the observed and the input scatter can be evaluated by analyzing the bias bs (Fig. 7, right lower panel). We observed that the observed and input scatter mostly differ in the outer regions. For R < 0.3R500, the difference between the observed and input scatter is in fact not very significant, with an associated bias bs < 10%. This is due to the fact that in these regions the observed density profile closely follows its corresponding input profile (bn ≲ 5% for R ≲ 0.4R500) regardless of the cluster and the line of sight so that the distribution of the observed profiles is very similar to the distribution of the input ones, and thus the bias in the scatter is small. Conversely, in the outer regions the observed scatter increases much more than the input scatter, with an associated bias bs ≳ 100% for R > 0.6R500. This is likely due to substructures that show up at different projected radii along different lines of sight, impacting a large radial range.
For both the global density and the intrinsic scatter profiles, we hypothesized that the differences between the observed and the input quantities could mainly be due to the presence of substructures in some clusters. This hypothesis can be tested and verified by dividing the sample into subsamples with different morphological compositions.
5. Substructures impact analysis
We tested the impact of substructures by defining two subsamples that we labeled as the “regular sample” and the “irregular sample”, which were respectively composed of clusters presenting or free from substructure emission. Thanks to this differentiation, we could isolate the substructures’ impact and evaluate the related bias.
5.1. Definition of subsamples
To divide the sample into regular and irregular clusters, we defined a “shape estimator” (SE), that is, a quantity that can evaluate the presence of substructures. Substructures modify the SB profile shape by introducing an SB peak where the substructure appears (for an example, see Fig. B.1). Obviously, the peak position depends on the considered projection. We took advantage of the large number of projections we had, and for each cluster we compared the SB profiles from different lines of sight. Clusters that present substructures show different SB profile shapes depending on the considered projection, while regular clusters show very similar profiles regardless of the line of sight (Fig. 8). Therefore, we could distinguish between regular and irregular clusters by evaluating the SB profile distribution width, normalized for the mean surface brightness value (i.e., their scatter σSB).
	[image: thumbnail]	Fig. 8. Comparison between each projected SB profile distribution of a regular (left panel) and irregular (right panel) cluster. The regular cluster maps appear very similar to each other despite the projection, so all the SB profiles that refer to different lines of sight present a similar behavior as well and thus show a narrow distribution. On the other hand, the irregular cluster appears very different depending on the considered projection, so its SB profile presents different shapes, making the profile distribution scatter considerable (depending on the radius).



There are several morphological indicators that are used in the literature to classify clusters that have been calibrated on X-ray observations (e.g., see Campitiello et al. 2022 for a recent work using these indicators). However, their application to our sample of simulated X-ray observations would require further calibrations that are beyond the scope of this work. For this reason, we defined the SE as the combination of different profiles’ distribution scatters at different radii:
[image: thumbnail](8)
In particular, we considered seven radii between 0.1R500 and 2.0R500 (see Appendix C). We then computed the SE for all the clusters in the sample and ordered them in ascending order with respect to the SE value so that the first clusters are the most regular ones, while the last are the most irregular. We identified two subsamples, one of regular and one of irregular clusters, by respectively selecting the first and the last 15 SE-ordered clusters (see Fig. C.2).
The regular clusters are characterized by a lack of substructures. However, their morphologies typically differ from a spherical shape, showing triaxial structures. Thanks to this characteristic, we could use the regular sample to study the spherical assumption bias in nonspherical objects without substructures (i.e., without the main source of deviation from the spherical symmetry).
5.2. Analysis of subsamples
We repeated the same analysis outlined in Sect. 3.2.2 on the two subsamples defined in the previous section, obtaining for each subsample 40 global density profiles [image: equation] and 40 global scatter profiles [image: equation] (one for each sample realization along a line of sight) and the mean global density and scatter profiles over the 40 sample realizations, [image: equation] and [image: equation]. The results are reported in Fig. 9 and Table 2 and are compared with the results obtained in Sect. 4.2 for the complete sample. As one can see, the sample composition strongly affects both the reconstructed density and scatter profiles.
	[image: thumbnail]	Fig. 9. Same as Fig. 7 but for the regular and irregular subsamples. Left figure: Bias in ICM density profile due to the spherical assumption. In the bottom panel, the zoom of the innermost region is reported. Right figure: Scatter profile of each sample’s density profiles around the global density profile (upper panel) and the relative bias due to the spherical assumption (bottom panel). The black lines refer to the complete sample, the red lines to the irregular sample, and the blue lines to the regular sample. The lighter lines refer to the global density profile for each sample realization (one for each line of sight), the solid lines to the mean over the sample realizations, and the dash-dotted lines to a 1σ value. In the right figure, the dashed lines refer to the input profile; the green dashed line refers to the 50% level.



For what concerns the density profile, we observed that for the regular cluster sample, the observed profile differs from the input profile by less than 10% up to a very large radial range (R ≈ 1.5R500), while for the complete sample, the 10%-bias range is achieved only up to R ≈ 0.9R500. In addition, for the regular sample, the bias remains ≲5% for a very extended radial range (R ≲ 1.2R500). On the other hand, for the irregular cluster sample, the observed density profile is well reconstructed (bn < 10%) for a smaller radial range (R < 0.7R500), while at R ≈ R500, the observed profile is overestimated by more than 20% with respect to the input profile.
We can conclude that the differences between the observed and the input profiles strongly depend on the sample composition and, in particular, on its large-scale morphology. That is, if the sample is composed of clusters that present substructures, then the density profile of the sample is less accurately reconstructed than for regular cluster samples. This is highlighted also by the radius at which the difference between the reconstructed and the input profile can be seen. For irregular clusters, the bias increases significantly at R ≈ R500, where indeed substructures begin to appear. Considering the complete sample, where both regular and irregular clusters are present, the substructure effects are reduced by the regular clusters so that the global profile of the sample is better reconstructed for a large radial range than the case where only irregular clusters are considered.
Differences between the regular and irregular samples became even more pronounced when we investigated the scatter. The regular sample presents an observed scatter much more similar to the input one than the complete sample, with bs ≲ 10% for R ≲ 0.5R500. The bias reaches a maximum value of ≈90% for 0.6R500 ≲ R ≲ 0.7R500 and then stabilizes to ≈50% for R > R500. For the irregular sample, we could see that the observed scatter differs from the input one much more than the complete and the regular samples, even for small radii, being ≲10% only for R ≲ 0.2R500, while at R ≈ 0.3R500 we find bs ≈ 40%. The bias increases up to very high values in the outer regions. We found a maximum bias of ≈400% for 0.7R500 ≲ R ≲ R500 and bs ≈ 200% for R > R500.
These results confirm that the observed density profiles of irregular cluster results are overestimated in the radial range where the substructures appear. Since the position of the substructure differs from one cluster to another, the sample profile distribution will be broader than the input one. For a regular cluster, this is obviously not valid. Since there are no substructures, the density profile is well reconstructed for all the clusters in the sample, making the sample profile distribution much more similar to the input one.
The impact of the substructures is also noticeable when studying the results for different sample realizations. For the regular sample, every line of sight shows a very similar behavior, while in the irregular sample important differences can be found from one sample realization to another. This is obviously due to substructures. In the regular sample, each cluster appears similar to itself regardless of the line of sight, so there are no large differences between the sample realizations. On the other hand, in the irregular sample, each cluster can appear in very different shapes depending on the considered line of sight, thus creating very different sample realizations (see Fig. C.3).
These results led us to the conclusion that the high bias measured for the complete sample is indeed due to substructures. In fact, since the sample is composed of both regular and irregular clusters, the profile distribution is primarily enlarged by irregular clusters.
6. Conclusions
In this paper, we tested the three-dimensional reconstruction of the global ICM density profile of a cluster population and its intrinsic scatter profile when spherical geometry is assumed. We used a sample composed of 98 simulated galaxy clusters that was built to be representative of a common cluster population. We considered 40 different sample realizations by projecting each cluster along 40 different lines of sight. For each sample realization, we emulated an X-ray observation of all the clusters in the sample, and we extracted the electron density profile while assuming a spherical geometry for the gas spatial distribution. We then derived the global gas density profile for each sample realization and compared it with the input global density profile, which was directly given by the simulations. We were therefore able to determine the bias introduced by the spherical assumption in the reconstruction of the ICM density profile. We also analyzed the bias in the intrinsic scatter of the profile distribution for each sample realization.
For the global density profile, we found the following:

	
It is well reconstructed for a large radial range, with a bias due to the spherical approximation smaller than 10% for R ≲ R500.



	
In the innermost regions (R ≲ 0.4R500), the bias decreases down to values ≲5%.



	
At large radii (R > R500), the bias increases up to ≈50% because of the impact of substructures.



	
The bias strongly depends on the sample composition. If the sample is composed of regular clusters (without overdensity substructures), the bias is smaller (bn ≲ 20% for R ≲ 2R500 and bn < 5% for R ≲ 1.5R500). However, if it is only composed of clusters that show substructures, the bias increases considerably (bn > 10% for R ≳ 0.7R500).




For the intrinsic scatter of the density profiles’ distribution, we found the following:

	
The mean reconstructed scatter follows the input scatter quite well in the inner regions, with a bias bs < 10% for R ≲ 0.3R500.



	
In the outer regions, the reconstructed scatter results are considerably higher than the input one, with an associated bias that rapidly increases up to ≈100% in 0.4R500 ≲ R ≲ 0.7R500, maintaining this value for larger radii. This is due to substructures in the outer regions of some clusters in the sample that cause the density profile to be overestimated in the radial range where substructures appear, making the sample profile distribution broader. Similar to the bias in the density profile, the bias in the scatter strongly depends on the sample composition: If we consider a sample composed exclusively of clusters that do not show substructures, the bias in the profile distribution scatter is bs < 10% for a larger radial range (R ≲ 0.5R500), and in the outer regions, it is reduced by a factor of two, down to ≈50%. If we consider a sample composed exclusively of clusters that do show substructures, the bias is ≲10% only for R ≲ 0.2R500 (at R ≈ 0.3R500 we find bs ≈ 40%). In the outer regions, it increases up to a maximum value of ≈400% for 0.7R500 ≲ R ≲ R500 and bs ≈ 200% for R > R500.




The analysis outlined in this paper led to the estimation of the biases that should be considered when 3D reconstruction of the ICM density profile through spherical approximation is performed on real observations, particularly when considering cluster substructures. In fact, even if the substructures are generally masked out from real observations, it can occur that some of them appear indistinguishable from the central core and consequently cannot be masked, introducing the bias that we evaluate in this work. Moreover, the shape of the intrinsic scatter found in the analysis can be used as a comparison for real observations of cluster samples.


1 [image: equation], with ρc critical density at cluster redshift.


2 https://heasarc.gsfc.nasa.gov/xanadu/xspec/manual/node259.html


3 https://heasarc.gsfc.nasa.gov/xanadu/xspec/manual/node134.html


4 https://pyproffit.readthedocs.io


5 We stress that fact the profiles computed using spherical shells cannot be used to study the triaxial geometry of the cluster.
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Appendix A:  Sample properties
Table A.1. 
Table of the sample properties.


Appendix B:  Substructures impact
In our study the observed density profiles result generally overestimated with respect to the input profile. In particular, the overestimation arise in the region where the substructure appears. This result can be justified considering two effects: the projection effect and the model effect.
The density profile derives in fact from the measured surface brightness profile. The observed surface brightness profile is obtained by measuring the projected gas emission averaged on annular bins, so that the three-dimensional emission is redistributed on circular shells instead of spherical shells. Since surface brightness is related to square density as SB ∝ ⟨n2⟩, if inhomogeneities are present in the gas distribution their emission is enhanced. This can cause an overestimation of the gas density profile in the order of [image: equation] where C = ⟨n2⟩/⟨n⟩2 is the clumpiness factor (see e.g. Nagai & Lau 2011; Roncarelli et al. 2013; Eckert et al. 2015). These effects make substructures appear as high emission peak.
Moreover, the model we used does not take into account the substructures emission peak. In fact, we are assuming a spherical shape of the gas distribution, so that the observed emission measure is modelled as a composition of β-profiles (Eq. (3)) that can’t describe the emission peak. The resulting fitted surface brightness profile is forced to pass through the peak, resulting less steep than the measured one in the region around the substructure, leading to an overestimation of the real profile (Figure B.1). As a consequence, the reconstructed density profile results overestimated as well.
	[image: thumbnail]	Fig. B.1. Surface brightness profile for cluster CL0005_1 seen from two different line of sight. The orange data point refers to the measured emission, the blue line refers to the fitted β-profiles combination model. The emission peaks correspond to the substructure emission: in the projection reported in the left figure the substructure appears in the outer regions of the cluster (R ∼ R500), while in the projection reported on the right the substructure appears near the central core. The difference between the fitted profile and the observed one can be quantified by the colored area that is larger when the substructure appears far from the central core, which means that if the substructure appear far from the central core the observed density profile results much more overestimated.



Moreover, as shown in Section 4.2 and Section 4.1 the overestimation of the density profiles increases gradually with the radius, in particular in the complete sample and for the irregular clusters, showing that this effect is due to substructures. This radial variation of the density bias can be explained through the two effects just outlined. In fact, if we consider a projection where the substructure appears far from the central core, where the cluster main emission is lower (Figure B.1, left), the substructure emission peak emerges from the main emission profile much more than the case when the same substructure appears near the central core (Figure B.1, right). In this way, the overestimation of the surface brightness, thus the overestimation of the density profile, is higher for larger radii, as shown by the colored areas in Figure B.1. Therefore, if we consider a sample in which substructures can appear at any distance from the core, the bias on the global density profile does increase with the radius.

Appendix C:  Shape estimator
We define the shape estimator, a quantity that can evaluate the presence of substructures. For each cluster the shape estimatorSE is defined as:
[image: thumbnail](C.1)
where σSB(ri) is the scatter of the surface brightness profiles (normalized over the mean value) measured from the 40 different lines of sight, evaluated at R = ri. Substructures produce an alteration in the surface brightness profile by introducing an SB peak where the substructure appears, so that in that region the surface brightness scatter is higher. The scientific aim of this estimator is to identify the most extreme cases in our sample. Its calibration for a more general use is beyond the scope of this work.
We report in Figure C.1 the scatter at different radii for each cluster in the sample. The σSB(ri) distribution clearly becomes broader as the radius increases: this is due to the fact that in the inner regions substructures are not very distinguishable from the central core since their emission is weaker than the central core, so that the 40 surface brightness profiles of each clusters are very similar to each other, thus the scatter is small; if the substructure appear in the outer regions its emission peak is more evident so that the scatter is higher. Moreover, the latter consideration applies only to irregular clusters (i.e. clusters that present substructures), while for regular clusters the surface brightness profile is not affected by emission peak, so that the scatter remains small regardless of the radius. For example, if we consider CL0035_a its scatter goes from σSB(R = 0.1R500) = 0.05 to σSB(R = 2R500) = 1.9, while CL0129_a goes from σSB(R = 0.1R500) = 0.02 to σSB(R = 2R500) = 0.2. Therefore we can conclude that CL0129_a is more regular than CL0035_a.
	[image: thumbnail]	Fig. C.1. Scatter of the surface brightness profiles distribution (over the 40 line of sight) for each cluster at different radii. The scatters distribution becomes broader with increasing radius.



In Figure C.2 we show the shape estimatorSE in ascending order, so that the clusters can be considered in "regularity" order. As we can expect, the sample shows a continuous distribution of SE, which means that the sample presents a varied morphology composition. We can therefore consider the sample as representative of a common cluster population.
	[image: thumbnail]	Fig. C.2. Shape estimator for each cluster in the sample, showed in ascending order, from the most regular to the most irregular. The blue clusters compose the regular sub-sample, the red clusters compose the irregular sub-sample.



We chose the first 15 clusters as the regular sub-sample and the last 15 as the irregular sub-sample. In Figure C.3 we report four clusters of each sub-sample that show the validity of the method just defined: the clusters of the regular sample do not show any substructure and present a regular central core, while the irregular sample clusters show complex morphology.
	[image: thumbnail]	Fig. C.3. Example of clusters that compose the regular (left) and the irregular (right) sub-sample. For each clusters we report three different lines of sight (i.e. each column is a different sample realization). The solid and dashed circles represent respectively R500 and 2R500.
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All Figures
	[image: thumbnail]	Fig. 1. Mass distribution of the sample of simulated clusters used in this work. The minimum and maximum values of the mass are 2.0 × 1014 M⊙ and 14.3 × 1014 M⊙, respectively.
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	[image: thumbnail]	Fig. 2. Image gallery of the 98 galaxy clusters in the simulated sample. Each image covers an area of 5R500 × 5R500 and represents the spatial distribution of the ICM projected along one random direction in units of cm−6 Mpc. The solid circle indicates R500, while the dashed one indicates 2R500. In many clusters one or more substructures are present. The names of the simulated clusters are reported in each panel. The first number identifies the simulated region where the halo is extracted, and the second is the mass-rank index of the halo in that specific region. For example, CL0005_1 is the most massive cluster found in the fifth region.
In the text



	[image: thumbnail]	Fig. 3. Representation on a sphere (left) and on a polar plane (right) of the forty directions along which a three-dimensional simulated cluster is projected. The directions are distributed at intervals of Δθ = 1/10 π and Δϕ = 1/8 π, with θ ∈ [0, 9/10 π] and ϕ ∈ [0, 3/8 π], where ϕ = 0 identifies the equatorial plane. Every direction is identified as (t, p), where t ∈ [0, 9] and p ∈ [0, 3] represent θ and ϕ.
In the text



	[image: thumbnail]	Fig. 4. Mock map generation process. Left panel: Map of the cluster emission. Central panel: Map of the cluster emission with the addition of the tiled background. Right panel: Map resulting from the discretization of the cluster+background map through a Poisson randomization. All maps are in units of counts.
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	[image: thumbnail]	Fig. 5. Schematic representation of the procedure described in Sects. 2.2.2 and 3 to derive the gas density bias and the intrinsic scatter due to the spherical assumption.
In the text



	[image: thumbnail]	Fig. 6. Gas density profile along 40 lines of sight for two clusters chosen as examples. In the left figure, the regular cluster CL0129_1 is reported, while the right figure presents the irregular cluster CL0005_1. For both figures, the black line refers to the input gas density profile, and the colored lines refer to the observed profiles, extracted assuming spherical geometry for the gas spatial distribution. Each color refers to a specific line of sight, as reported on the polar plane. In the bottom panel of both figures, the observed-to-input ratio is reported for each line of sight. It is evident how the input profile is better reconstructed for the regular cluster. On the right of each figure, three cluster projections are reported (the color of the edges identifies the corresponding line of sight). The solid and the dashed circles refer respectively to R500 and 2R500. We note the smooth shape of CL0129_1, regardless of the projection, and the irregular shape of CL0005_1, where the substructure position changes with the projection.
In the text



	[image: thumbnail]	Fig. 7. Characterization of the bias introduced by the spherical assumption for the whole sample. Left figure: Bias in ICM density profile due to spherical assumption. In the bottom panel, we report the zoom of the innermost region. The gray lines refer to the global density profile for each sample realization (one for each line of sight), the solid black line refers to the mean over the sample realizations, and the dash-dotted lines refer to the 1σ value. Right figure: Scatter profile of the sample’s density profiles around the global density profile (upper panel) and the relative bias due to the spherical assumption (bottom panel). The lighter black lines refer to the scatter profile for each sample realization, the solid black line to the mean over the sample realizations, and the dash-dotted lines to the 1σ value. The black dashed line refers to the input profile, and the green dashed line refers to the 50% level.
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	[image: thumbnail]	Fig. 8. Comparison between each projected SB profile distribution of a regular (left panel) and irregular (right panel) cluster. The regular cluster maps appear very similar to each other despite the projection, so all the SB profiles that refer to different lines of sight present a similar behavior as well and thus show a narrow distribution. On the other hand, the irregular cluster appears very different depending on the considered projection, so its SB profile presents different shapes, making the profile distribution scatter considerable (depending on the radius).
In the text



	[image: thumbnail]	Fig. 9. Same as Fig. 7 but for the regular and irregular subsamples. Left figure: Bias in ICM density profile due to the spherical assumption. In the bottom panel, the zoom of the innermost region is reported. Right figure: Scatter profile of each sample’s density profiles around the global density profile (upper panel) and the relative bias due to the spherical assumption (bottom panel). The black lines refer to the complete sample, the red lines to the irregular sample, and the blue lines to the regular sample. The lighter lines refer to the global density profile for each sample realization (one for each line of sight), the solid lines to the mean over the sample realizations, and the dash-dotted lines to a 1σ value. In the right figure, the dashed lines refer to the input profile; the green dashed line refers to the 50% level.
In the text



	[image: thumbnail]	Fig. B.1. Surface brightness profile for cluster CL0005_1 seen from two different line of sight. The orange data point refers to the measured emission, the blue line refers to the fitted β-profiles combination model. The emission peaks correspond to the substructure emission: in the projection reported in the left figure the substructure appears in the outer regions of the cluster (R ∼ R500), while in the projection reported on the right the substructure appears near the central core. The difference between the fitted profile and the observed one can be quantified by the colored area that is larger when the substructure appears far from the central core, which means that if the substructure appear far from the central core the observed density profile results much more overestimated.
In the text



	[image: thumbnail]	Fig. C.1. Scatter of the surface brightness profiles distribution (over the 40 line of sight) for each cluster at different radii. The scatters distribution becomes broader with increasing radius.
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	[image: thumbnail]	Fig. C.2. Shape estimator for each cluster in the sample, showed in ascending order, from the most regular to the most irregular. The blue clusters compose the regular sub-sample, the red clusters compose the irregular sub-sample.
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	[image: thumbnail]	Fig. C.3. Example of clusters that compose the regular (left) and the irregular (right) sub-sample. For each clusters we report three different lines of sight (i.e. each column is a different sample realization). The solid and dashed circles represent respectively R500 and 2R500.
In the text
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        Representation on a sphere (left) and on a polar plane (right) of the forty directions along which a three-dimensional simulated cluster is projected. The directions are distributed at intervals of Δθ = 1/10 π and Δϕ = 1/8 π, with θ ∈ [0, 9/10 π] and ϕ ∈ [0, 3/8 π], where ϕ = 0 identifies the equatorial plane. Every direction is identified as (t, p), where t ∈ [0, 9] and p ∈ [0, 3] represent θ and ϕ.
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        Schematic representation of the procedure described in Sects. 2.2.2 and 3 to derive the gas density bias and the intrinsic scatter due to the spherical assumption.
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        Characterization of the bias introduced by the spherical assumption for the whole sample. Left figure: Bias in ICM density profile due to spherical assumption. In the bottom panel, we report the zoom of the innermost region. The gray lines refer to the global density profile for each sample realization (one for each line of sight), the solid black line refers to the mean over the sample realizations, and the dash-dotted lines refer to the 1σ value. Right figure: Scatter profile of the sample’s density profiles around the global density profile (upper panel) and the relative bias due to the spherical assumption (bottom panel). The lighter black lines refer to the scatter profile for each sample realization, the solid black line to the mean over the sample realizations, and the dash-dotted lines to the 1σ value. The black dashed line refers to the input profile, and the green dashed line refers to the 50% level.
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        Surface brightness profile for cluster CL0005_1 seen from two different line of sight. The orange data point refers to the measured emission, the blue line refers to the fitted β-profiles combination model. The emission peaks correspond to the substructure emission: in the projection reported in the left figure the substructure appears in the outer regions of the cluster (R ∼ R500), while in the projection reported on the right the substructure appears near the central core. The difference between the fitted profile and the observed one can be quantified by the colored area that is larger when the substructure appears far from the central core, which means that if the substructure appear far from the central core the observed density profile results much more overestimated.

      

    

  
    
      Fig. C.1. 
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        Scatter of the surface brightness profiles distribution (over the 40 line of sight) for each cluster at different radii. The scatters distribution becomes broader with increasing radius.

      

    

  
    
      Fig. C.2. 
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        Shape estimator for each cluster in the sample, showed in ascending order, from the most regular to the most irregular. The blue clusters compose the regular sub-sample, the red clusters compose the irregular sub-sample.

      

    

  
    
      Fig. C.3. 
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        Example of clusters that compose the regular (left) and the irregular (right) sub-sample. For each clusters we report three different lines of sight (i.e. each column is a different sample realization). The solid and dashed circles represent respectively R500 and 2R500.
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