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Abstract

Context. Cosmic voids, the largest underdense regions in the Universe, provide unique laboratories for studying galaxy formation in extreme low-density environments and constitute powerful probes of cosmology. Recent work has shown that individual galaxy bias (bi), which quantifies how each galaxy traces the underlying dark matter field, exhibits a characteristic radial dependence within spherical voids, defining a void bias profile in which galaxies near void centers display systematically lower bias values. However, the extent to which this bias profile depends on the void identification methodology has so far remained unexplored.

Aims. We investigated how the environmental modulation of individual galaxy bias depends on the adopted void-finding algorithm by comparing measurements across five distinct void definitions: spherical voids (SPARKLING), watershed-based methods (ZOBOV and REVOLVER in two modes), and free-form integrated-density voids (POPCORN).

Methods. We applied these complementary void-finding algorithms to the same galaxy sample drawn from the IllustrisTNG simulation (TNG300-1 at z = 0) and computed individual galaxy bias profiles as a function of distance from void centers. We quantified the correlation between bi and the membership of the void catalogs and explored how this relationship varies with the integrated underdensity threshold for density-based methods.

Results. We find that the radial gradient of individual bias within voids, generally increasing from negative values at the void centers to higher values at the boundaries, is robust across most void definitions. However, density-threshold methods (SPARKLING and POPCORN) preferentially select galaxies with bi < 0, while watershed methods without density constraints (ZOBOV) include substantial contamination from high-bias boundary galaxies. The correlation between negative bias and void membership is systematically strengthened as the integrated underdensity threshold becomes less restrictive, with POPCORN achieving the highest effectiveness in isolating anti-biased populations.
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1. Introduction
The large-scale structure (LSS) of the Universe emerges from the gravitational growth of primordial density fluctuations, giving rise to a vast network of filaments, walls, clusters, and underdense regions known as cosmic voids (e.g., Zel’dovich 1970; de Lapparent et al. 1986; Bond et al. 1996; van de Weygart & Platen 2011; Cautun et al. 2014; Kitaura et al. 2020; Peebles 1980; Ayçoberry et al. 2024). Voids occupy most of the cosmic volume, while containing only a small fraction of the galaxy population, providing a unique laboratory for testing cosmological models and the physics of galaxy formation in low-density environments (Pan et al. 2012; Ricciardelli et al. 2014). Their distinct dynamical conditions, such as low matter density, reduced gravitational interaction, and faster local expansion, strongly affect how galaxies evolve compared to those in denser environments (Ricciardelli et al. 2014). Voids are therefore key to understanding the interplay between the large-scale environment and galaxy properties.
Despite their significance, there is no unique or universal definition of a cosmic void. Different algorithms identify underdense regions according to different criteria, resulting in catalogs with varying geometrical and dynamical characteristics (Colberg et al. 2008; Cautun et al. 2018). Some methods define voids as spherical underdensities with a fixed threshold in the integrated density contrast (Padilla et al. 2005; Ruiz et al. 2015), while others rely on the topology of the density field using watershed techniques, such as the ZOBOV algorithm (ZOnes Bordering On Voidness; Neyrinck 2008). Recently, alternative approaches have emerged, such as the POPCORN algorithm (Paz et al. 2023), also based on a threshold in the integrated density contrast but with a complex approximation of the void’s shape, and the REVOLVER framework (REal-space VOid Locations from surVEy Reconstruction, Nadathur et al. 2019), which provides two watershed-driven void definitions that differ in the underlying tessellation: a cubic-voxel grid (REVOLVER-VOXEL) and a Voronoi tessellation (REVOLVER-ZOBOV). These methodologies can yield substantially different catalogs even when applied to the same dataset, highlighting the need for systematic comparisons across definitions.
Previous research has shown that the way halos and galaxies populate low-density regions is different from the cosmic average. These variations are well understood regarding the absence of high-mass halos in voids (e.g., Mo & White 1996; Sheth & Lemson 1999). However, results regarding an environmental dependence at a fixed halo mass remain ambiguous. While some studies find no significant dependence (e.g., Abbas & Sheth 2007; Paranjape et al. 2018), others report detectable variations (e.g., Artale et al. 2018; Zehavi et al. 2018; Bose et al. 2019). In particular, studies of halo occupation within spherical voids have revealed that the halo occupation distribution (HOD) is significantly suppressed for halo masses above 1012h−1 M⊙, depends on the density thresholds used to define the void boundaries, and becomes increasingly pronounced toward lower redshifts (Alfaro et al. 2020, 2022, 2025). This diversity of findings suggests that the inferred galaxy-halo connection may be sensitive to the specific definition of the environment, highlighting the critical importance of comparing results across different void-finding algorithms.
Against this backdrop, a complementary aspect in the study of cosmic environments is the concept of galaxy bias, which quantifies how the spatial distribution of luminous tracers deviates from that of the underlying dark matter field (e.g., Kaiser 1984; Desjacques et al. 2018). Large-scale galaxy bias has been extensively characterized, with numerous works showing its dependence on global properties as well as on secondary halo characteristics linked to formation history (e.g., Bardeen et al. 1986; Mo & White 1996; Sheth & Tormen 2004; Gao et al. 2005; Wechsler et al. 2006; Gao & White 2007; Tinker et al. 2010; Dalal et al. 2008; Lazeyras et al. 2017; Salcedo et al. 2018; Mao et al. 2018; Sato-Polito et al. 2019; Contreras et al. 2019; Tucci et al. 2021; Contreras et al. 2021; Montero-Dorta et al. 2021; Balaguera-Antolínez et al. 2024). More recently, several efforts have explored how galaxy bias relates to the geometry and dynamics of the cosmic web, identifying additional dependencies associated with large-scale structure (e.g., Montero-Dorta & Rodriguez 2024; Rodriguez & Montero-Dorta 2026).
Within this broader context, the concept of individual galaxy bias (bi) has been introduced to quantify the contribution of each galaxy to the total linear bias of its population (Paranjape et al. 2018; Han et al. 2019; Balaguera-Antolínez et al. 2024; Montero-Dorta et al. 2025). This framework facilitates a direct exploration of how the bias of a galaxy depends on its local and large-scale environment, providing a finer probe of the link between galaxy formation and the underlying matter distribution. In particular, examining the behavior of bi within cosmic voids offers insight into how galaxies trace the matter field in the most extreme low-density regions, where the bias can even become negative. Building on these ideas, Montero-Dorta et al. (2025) formalized the notion of a void bias profile as the radial dependence of the mean galaxy bias when distances are normalized by the characteristic size of each void (e.g., R/Rvoid). Their work showed that the mean bias systematically varies with normalized void-centric distance and that the profile encodes environmental information (for example, differing behavior for voids embedded in overdense versus underdense surroundings). The term "void bias profile" therefore provides a compact, physically motivated descriptor to discuss how galaxy–matter coupling changes across void interiors and boundaries, and it offers a natural target for testing whether this behavior is intrinsic to voids or contingent on the identification method. Moreover, understanding the detailed bias behavior of galaxies and voids has broader cosmological significance, because void statistics and void–galaxy correlations have been shown to be sensitive probes of the underlying cosmological model and can be used to calibrate galaxy bias and improve cosmological parameter constraints from large-scale structure surveys (e.g., Hamaus et al. 2015; Contarini et al. 2019).
In this work, we extend the results of Montero-Dorta et al. (2025), testing the robustness and possible universality of the bias profile of voids across several alternative definitions of voids. Specifically, we analyze the voids identified with four distinct algorithms: REVOLVER-VOXEL, REVOLVER-ZOBOV, ZOBOV and POPCORN. Our goal is to assess how the individual galaxy bias behaves within the void regions defined by each method and to evaluate the correspondence between galaxies with negative individual bias and the locations of voids across the different catalogs. The use of multiple void definitions allowed us to quantify the dependence of galaxy bias on the adopted void-finding methodology and to evaluate the robustness of previous results regarding the environmental modulation of bias. The analysis presented here is based on the same underlying data as in Montero-Dorta et al. (2025), namely, the hydrodynamical cosmological simulation IllustrisTNG1 (Nelson et al. 2018; Naiman et al. 2018; Marinacci et al. 2018; Springel et al. 2018; Pillepich et al. 2018). This ensured full consistency with earlier studies while allowing for a direct extension of the methodology to alternative void identification schemes.
This paper is organized as follows. In Section 2, we describe the datasets of simulated galaxies used. In Section 3 we detail all the void identification algorithms used and the final catalogs selected. Section 4 presents the methodology for computing individual galaxy bias and the main results, in particular, the individual galaxy bias profile in each void definition. Other important results are shown in Section 5, where we explored the correlation of galaxies with negative values of individual bias with the density-threshold based voids definitions. Finally, in Section 6 we summarize our main conclusions and discuss the implications for future studies of galaxy bias in the cosmic web.
2. Data
2.1. The TNG300 simulation
We based our analysis on the z = 0 snapshot of the IllustrisTNG simulation suite, specifically the largest box, TNG300-1 (hereafter TNG300). This is a cosmological magneto-hydrodynamical simulation run with the moving-mesh code AREPO (Springel 2010), and it incorporates state-of-the-art subgrid models that account for star formation, stellar evolution, chemical enrichment, gas cooling, and feedback from both supernovae and active galactic nuclei (AGNs). TNG300 follows the evolution of dark matter and baryonic matter within a cubic comoving box of side length 205h−1 Mpc, making it ideal for studying large-scale environmental effects, such as those associated with cosmic voids. The simulation resolves the complex interplay between baryonic and dark matter components across a broad range of scales, from galactic to cosmological, and provides a robust statistical sample of galaxies suitable for the study of bias and environmental dependencies.
The adopted cosmological model corresponds to a flat Lambda Cold Dark Matter (ΛCDM) cosmology consistent with the Planck 2016 results (Planck Collaboration XIII 2016), defined by the following parameters: total matter density Ωm = 0.3089, baryon density Ωb = 0.0486, dark energy density ΩΛ = 0.6911, amplitude of matter fluctuations σ8 = 0.8159, Hubble parameter h = 0.6774, and scalar spectral index ns = 0.9667. The mass resolution for dark matter particles is mdm = 4.0 × 107h−1 M⊙, while the initial baryonic mass resolution is mgas = 7.6 × 106h−1 M⊙. The gravitational softening length for stellar particles is ϵstars = 0.74h−1 kpc, ensuring an adequate spatial resolution for both galaxy-scale and large-scale structure analyses.
2.2. Galaxy catalog construction
The galaxy sample used in this work is identical to that used in Montero-Dorta et al. (2025), enabling a direct comparison between our current results and previous analyses based on spherical voids. Galaxies were identified as self-bound substructures with a stellar component using the SUBFIND algorithm (Springel et al. 2001; Dolag et al. 2009), which operates on top of friends-of-friends (FoF; Huchra & Geller 1982) halos. We selected all subhalos from the z = 0 snapshot that satisfy the stellar mass threshold log10(M*/h−1 M⊙) > 8.33, corresponding to galaxies resolved with at least ∼30 stellar particles. This conservative limit ensures that the resulting sample is not affected by incompleteness at the low-mass end while maintaining sufficient statistics for clustering measurements.
For each galaxy, we used the 3D comoving Cartesian coordinates and peculiar velocities, as well as the total stellar mass M*. Throughout the analysis, we restricted the study to central galaxies, those residing at the potential minimum of their host halos, to minimize the influence of satellite dynamics on the estimation of individual galaxy bias (bi). This selection provides a cleaner link between the galaxy position and the underlying dark matter distribution.
In our catalog, and following the prescription of Balaguera-Antolínez et al. (2024), the individual linear galaxy bias of a galaxy i at position r, bi, was computed as
[image: Mathematical equation: $$ \begin{aligned} b_i =\frac{\sum _{j,k_{j}<k_{max}}N^{j}_{k}\langle \exp [-i{\boldsymbol{k}}\cdot {\boldsymbol{r}}_{i}]\delta _{\mathrm{DM} }^{*}({\boldsymbol{k}}) \rangle _{k_{j}}}{\sum _{j,k_{j} < k_{max}} N^{j}_{k}P_{\rm DM}(k_{j})}, \end{aligned} $$](1)
where [image: Mathematical equation: $ \delta_{\mathrm{DM}}^{*}(\mathbf{k}) $] denotes the Fourier transform of the dark-matter density contrast, PDM(kj) is the matter power spectrum, and [image: Mathematical equation: $ N^{j}_{k} $] is the number of Fourier modes contained in the jth spherical shell 2. For an in-depth and intuitive explanation of the derivation of Eq. (1), we refer the reader to Paranjape et al. (2018) and Paranjape & Alam (2020). In essence, the method exploits the basic properties of discrete Fourier transforms to express the bias of a tracer population as the average of the individual contributions from each object. It can be inferred from Eq. 1 that the individual bias is statistically linked to the large-scale density field surrounding each galaxy, as it effectively measures the response to long-wavelength fluctuations. This connection depends on the smoothing filter used to define the density contrast. In our case, we adopted a sharp-k filter with kmax ∼ 0.2 h Mpc−1, which selects modes in Fourier space corresponding to large-scale fluctuations. Therefore, the bi of each galaxy is primarily sensitive to the large-scale environment that surrounds it. This correlation is studied more deeply in the Appendix A. Furthermore, bi has been shown to also encode local environmental information beyond halo mass, capturing correlations with the underlying density field (Riveros-Jara et al. 2026).
The final catalog thus serves a dual purpose: (i) It defines the tracer distribution used to construct the density field for cosmic void identification, and (ii) it constitutes the sample for which we compute the large-scale individual galaxy bias, both globally and within the regions classified as voids by the different identification algorithms. This consistent use of the same galaxy population for void detection and bias estimation ensures that the inferred environmental dependencies directly reflect intrinsic variations in the galaxy–matter connection rather than sample-selection effects.
3. The void finders and their corresponding catalogs
3.1. Conceptual overview
The structural and dynamical properties of cosmic voids, such as their size distribution, topology, and enclosed mass, strongly depend on the identification algorithm adopted. Since each method relies on different assumptions regarding geometry, density estimation, and boundary definition, cross-comparing their results is essential to assess the robustness of void-related statistics and to understand the environmental dependence of galaxy properties (Colberg et al. 2008; Cautun et al. 2018). The baseline analysis presented in Montero-Dorta et al. (2025) employed a spherical void finder implemented through the SPARKLING3 algorithm (Ruiz et al. 2015, 2019), which identifies local minima in the galaxy density field and grows the largest non-overlapping spheres around them while maintaining an integrated density contrast below Δlim = −0.9. Although conceptually simple and computationally efficient, this method restricts voids to spherical geometry, which may not fully capture the irregular shapes and hierarchical nature of true underdensities in the cosmic web (Ricciardelli et al. 2014).
To extend the analysis beyond the spherical approximation, we employ three advanced algorithms that represent complementary approaches to void identification: ZOBOV4 (Neyrinck 2008), REVOLVER5 (Nadathur et al. 2019) and POPCORN6 (Paz et al. 2023). ZOBOV provides a completely parameter-free and geometry-independent method based on the Voronoi Tessellation Field Estimator (VTFE, Schaap 2007) and the watershed transforms (Platen et al. 2007), producing highly irregular structures that closely reflect the topology of the cosmic density field (Cautun et al. 2018). REVOLVER builds on the framework ZOBOV by offering density estimation modes based on VTFE (REVOLVER-ZOBOV) and grid-based (REVOLVER-VOXEL), with the key advantage of allowing the derivation of spherical-equivalent voids from watershed structures for consistent comparisons using multiple methods. Finally, POPCORN represents a hybrid approach that overcomes void fragmentation by merging multiple overlapping spheres into extended, free-form structures that satisfy a global integrated underdensity constraint, preserving the physical interpretability of threshold-based methods while providing a more realistic description of void topology. The following subsections describe the technical implementation and resulting catalog characteristics for each algorithm, forming the basis for the comparative analysis of individual galaxy bias presented in the subsequent sections.
3.2. ZOBOV voids
The ZOBOV analysis was performed using the Void Finder Toolkit7 (VFT), applied to the z = 0 TNG300 galaxy catalog described in Section 2.2. The VFT is a free framework designed for comparing cosmic void catalogs. It provides convenient wrappers for several void-finding algorithms (most notably ZOBOV ) and offers streamlined access to the tracers associated with each void. We adopt this feature for simplicity, as it allows us to avoid manually recovering tracers from the original ZOBOV output.
The ZOBOV algorithm identifies voids through a parameter-free topological approach that operates directly on a discrete distribution of tracers. Its core procedure can be summarized in three main stages:

	
Local number densities are computed using the VTFE. Each galaxy is assigned a Voronoi cell, and its local density ρ is defined as the inverse of that cell’s volume, ρ ∝ 1/Vcell.



	
The tessellated space is partitioned into contiguous regions, or zones, each surrounding a local density minimum. Galaxies iteratively “flow” along neighboring cells toward lower-density neighbors until they reach a minimum, defining the core of each zone.



	
The zones are progressively merged according to the watershed analogy. As the density threshold rises, neighboring zones are joined until the “water” spills into a zone with a lower minimum density. Thus, each final void is defined as the union of all zones connected before this flooding event occurs.




The initial application of ZOBOV yielded a raw catalog containing 1051 structures. Since our objective is to connect individual negative galaxy bias values (bi < 0) to well-defined low-density environments, a rigorous filtering procedure was applied to obtain a robust set of independent voids. The filtering ensures that the final sample represents statistically significant, non-overlapping underdense regions suitable for large-scale structure analysis. The following criteria were applied sequentially to construct the final catalog: To keep some statistical significance in the catalog, we cleaned voids based on the Poisson probability of being fake. To retain voids with the lowest chance of their density contrast arising from Poisson noise, voids with a σ > = 3 level of significance are seen as optimal to be retained (Neyrinck 2008). However, selecting such a value would have left us with approximately 3% of the catalog (the complete sample was to 1172 voids). With 2σ we would retain approximately 12% of the catalog, and with 1σ we would retain 41% of the catalog. In the 3σ and 2σ cases, too little of the catalog would remain for performing the bias analysis. For 1σ, we would have a bigger catalog, but roughly 30% of the objects would result from Poisson noise. This trade-off between catalog size and noise contamination was assumed to keep the analysis somewhat plausible, instead of considering the whole catalog, which could lead to more misleading results.
As mentioned earlier, the ZOBOV algorithm merges zones to form voids. However, this procedure can sometimes produce large voids that do not correspond to genuine underdensities, as shown in Cai et al. (2017). To avoid this issue, we opt to treat each zone as an individual, non-overlapping void by definition.
To guarantee completeness and mitigate the effects of shot-noise dominance in low density and low scale regions, we kept only voids with effective radii Reff > 9h−1 Mpc, where Reff is the radius of a sphere with equivalent volume. This scale marks the transition in the void size function (VSF) where the slope becomes negative, indicating a robust detection regime above the resolution limit.
Finally, to ensure that our sample includes subdense regions, we selected only the regions with a negative integrate density contrast of galaxies (Δ < 0.0).
After applying these criteria, the final catalog consisted of 165 voids. Their main statistical properties, including median radius and density contrast, are summarized in Table 1.
Table 1. 
Main characteristics of the final void catalogs. The SPARKLING catalog is the same one used in Montero-Dorta et al. (2025).

3.3. REVOLVER voids
The REVOLVER analysis was performed using the publicly available code, applied to the z = 0 TNG300 galaxy catalog described in Section 2.2. REVOLVER is a sophisticated void-finding framework derived from watershed-based void identification algorithms. Unlike purely spherical methods or standard watershed approaches, REVOLVER provides a hybrid methodology that bridges these two paradigms, offering both flexibility in void geometry and computational efficiency.
The REVOLVER algorithm operates in two distinct modes, each employing a different strategy to estimate the local tracer density field before applying the watershed transform:

	
REVOLVER-ZOBOV: This mode follows the methodology of the original ZOBOV algorithm, VTFE to compute local densities from the discrete galaxy distribution. This tessellation-based approach provides an adaptive density estimate that is particularly robust to shot-noise effects, as the effective smoothing scale naturally varies with the local tracer density.



	
REVOLVER-VOXEL: In this mode, the density field is reconstructed using a particle-mesh interpolation scheme on a regular grid. Galaxy positions are interpolated onto the grid cells using a cloud-in-cell algorithm, and the resulting density field is normalized to the mean density of the simulation box.




Following density estimation, both modes apply a modified watershed algorithm to identify underdense regions. Local density minima are identified as potential void centers, and the watershed basins surrounding these minima define the spatial extent of each void. As in ZOBOV the boundaries between voids are determined by the ridges in the density field where the neighboring basins meet. This topological approach naturally produces voids with irregular, non-spherical morphologies.
A crucial feature of REVOLVER for our analysis is its ability to derive spherically symmetric representations of these irregular watershed voids. For each identified void, the algorithm calculates an effective spherical radius, Reff, where the total volume to be defined takes into account all Voronoi cells (in REVOLVER-ZOBOV) or grid cells (in REVOLVER-VOXEL) belonging to the void basin. Additionally, REVOLVER determines an effective void center as the barycenter of the galaxies of the zone that defines each sphere.
The use of these spherically symmetric representations offers several advantages for our study of individual galaxy bias. First, the effective radius Reff provides a well-defined characteristic scale for each void that facilitates a direct comparison with the spherical void catalog while preserving information about the underdensity captured by the watershed algorithm. Second, the effective center provides a natural reference point for measuring radial profiles and distances, which is essential for computing the bias profile as a function of position within and around voids. Third, this approach represents an intermediate strategy between purely spherical methods (which impose a strict density constraint) and purely watershed methods (which may produce highly fragmented or hierarchical structures that are difficult to statistically analyze).
The initial application of REVOLVER to the TNG300 galaxy catalog yielded 604 voids using the REVOLVER-ZOBOV mode and 2822 voids using the REVOLVER-VOXEL mode. However, not all identified structures are suitable for our analysis of individual galaxy bias. It is important to note that the spherical representations derived by REVOLVER can exhibit significant spatial overlap. Unlike the strictly non-overlapping spheres produced by the SPARKLING spherical void finder, the effective spheres in REVOLVER correspond to the volumes of topologically distinct watershed basins, which may be adjacent or even nested within larger structures. To construct robust final catalogs, we applied a series of filtering criteria designed to: (i) ensure completeness above the resolution limit, (ii) remove redundant detections caused by void overlap, and (iii) select physically meaningful underdensities consistent and directly comparable with the non-overlapping spherical voids produced by the SPARKLING algorithm.
The filtering procedure consisted of the following steps: We applied a minimum radius threshold to exclude voids below the reliable detection limit. For REVOLVER-ZOBOV voids, we imposed Reff > 10h−1 Mpc, while for REVOLVER-VOXEL voids, we used Reff > 7.5h−1 Mpc. Again, these thresholds were chosen considering in both cases the scale where the VSF slope becomes negative and mark the transition of the function into a robust power-law regime where spurious detections due to Poisson noise are negligible. The slightly lower threshold for voxel voids reflects the different noise properties of grid-based density estimation compared to tessellation-based methods.
The overlapping nature of REVOLVER effective spheres necessitates a systematic procedure for identifying and resolving redundant detections. We first classified all voids by the effective radius Reff in descending order. Starting with the largest void, we identified all voids whose effective spheres overlap with it by computing pairwise center-to-center distances and comparing them to the sum of the effective radii. For each pair overlapping (i, j) with Reff, i > Reff, j, we ordered the pair by the average density contrast of the smaller void [image: Mathematical equation: $ {\overline{\Delta}}_j = \Delta_j/V_j $], where Δj and Vj are the integrated density contrast and volume of the void. If the larger void satisfied [image: Mathematical equation: $ \overline{\Delta}_i > 0 $] (overdense), the smaller void satisfied [image: Mathematical equation: $ {\overline{\Delta}}_j < 0 $] (underdense), and the absolute difference [image: Mathematical equation: $ |{\overline{\Delta}}_i - {\overline{\Delta}}_j| > 0.5 $], then we retained the smaller void and removed the larger one from the catalog. This criterion identifies cases where the effective sphere of a larger structure incorrectly encompasses a genuine smaller void with a significantly deeper density minimum. Otherwise, we retained the larger void and removed the smaller one, under the assumption that the smaller structure represents a substructure or boundary feature of the larger void rather than an independent underdensity. This process was repeated iteratively for all overlapping pairs in order of decreasing [image: Mathematical equation: $ {\overline{\Delta}}_j $] of the smaller void.
After applying these selection criteria, the final REVOLVER void catalogs consist of 153 voids identified in the REVOLVER-ZOBOV mode and 402 voids identified in the REVOLVER-VOXEL mode. The main statistical properties of these catalogs are summarized in Table 1. These catalogs provide a complementary perspective to the spherical and ZOBOV void samples, allowing us to assess how the identification methodology affects their relationship to the spatial distribution of galaxies with negative individual bias.
3.4. POPCORN voids
The identification of voids based on a fixed integrated density contrast was performed using the POPCORN void finder. This method defines voids as free-form, non-spherical structures constructed as the union of maximal spheres that jointly satisfy a prescribed integrated underdensity threshold. The algorithm generalizes the spherical void finder strategy by iteratively merging overlapping spheres, enabling the recovery of the full extent of underdense regions and yielding a more accurate, continuous representation of void boundaries.
Following the procedure described in Paz et al. (2023), the algorithm proceeds through the following main steps:

	
The surface of each initial spherical void is uniformly covered with seed points using a Fibonacci double-spiral distribution.



	
Each seed is expanded to the largest possible radius for which the integrated density contrast of the combined region satisfies the condition Δ < Δlim. Where Δlim is a predefined threshold to keep the density contrast below this value (commonly −0.9 or −0.8).



	
Spheres with radii smaller than a specified minimum threshold are discarded.



	
The largest valid seed is accepted and incorporated into the void structure, after which the surface is reseeded to allow further expansion.



	
The process is repeated iteratively until no additional spheres can be added, after which overlapping POPCORN voids are removed, retaining only those derived from the largest parent spherical void.




For consistency with the fiducial spherical void catalog of Montero-Dorta et al. (2025), we adopt an integrated density contrast threshold of Δlim = −0.9. This threshold corresponds to regions where the integrated density is at most 10% of the mean tracer density, a value commonly adopted in spherical void analyses. The centers of POPCORN voids are defined as the center of the initial spherical void, and its effective radius, Reff, is given by the equivalent sphere with the same center and a total comoving volume of the union of all its constituent spheres.
The initial application of the POPCORN algorithm to our TNG300 galaxy sample produced a raw catalog containing 2529 candidate voids. To ensure the physical reliability of the identified structures and minimize the contamination by shot-noise, we applied a selection based on the radius of shot-noise (Rshot), as defined in Paz et al. (2023). This scale represents the typical radius at which a Poisson sampling of the tracer population would, on average, enclose one galaxy. It thus provides an empirical lower limit to the physical scale at which voids can be reliably resolved, given the sampling density. In our sample, only the voids that satisfy Reff > Rshot = 6.5h−1 Mpc are retained in the final catalog. This cutoff efficiently removes spurious detections dominated by shot noise and avoids the artificial fragmentation of small underdense regions.
After applying this criterion, the final POPCORN catalog comprises 495 voids with equivalent sizes above the shot noise radius, representing physically meaningful underdensities in the TNG300 galaxy distribution. The main statistical properties of this catalog, including median radius and density contrast, are summarized in Table 1.
The deployment of a suite of diverse void identification algorithms (SPARKLING, ZOBOV, REVOLVER-VOXEL, REVOLVER-ZOBOV and POPCORN) necessarily yields catalogs exhibiting intrinsic structural variability. These catalogs demonstrate differences in size, integrated density profile, and resulting morphology. This comprehensive methodological comparison allows us to assess the stability and environmental dependence of galaxy properties, such as the individual galaxy bias, across distinct geometrical and structural void definitions. The quantitative summary of the key properties of the derived void populations is provided in Table 1 and Figure 1.
	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Comparison of the five void catalogs used in this work. The top panel shows the VSF for each void catalog. The bottom panel shows the normalized distribution of the integrated density contrast, Δ, for these same catalogs.



Table 1 lists the major statistical characteristics of the final void samples, including the total number of identified structures (Nvoid), the cumulative volume fraction occupied by the voids (Totalvol in % of the box volume), the total number of galaxies residing within them (Nvoid galaxies), and the full range and mean of the effective radii (Reff,  min, Reff,  max and Reff,  mean in h−1Mpc) and integrated underdensities (Δmin, Δmax and Δmean).
Figure 1 summarizes the distribution functions of the large-scale properties for all five resulting void definitions. The upper panel shows the VSF, which shows the comoving number density of voids per logarithmic radius bin as a function of their equivalent radius (Reff, calculated from the volume of the void object). We utilize different color coding for each methodology: blue for the original SPARKLING spherical voids of Montero-Dorta et al. (2025), dark green for REVOLVER-ZOBOV, light green for REVOLVER-VOXEL, orange for standard ZOBOV and violet for POPCORN voids. This color pattern is maintained throughout all this work. These VSFs exhibit significant divergences, reflecting the inherent differences between methods. None of our catalogs reaches the smallest void radii included in the fiducial spherical sample of Montero-Dorta et al. (2025). The REVOLVER-VOXEL catalog exhibits the narrowest radius distribution, indicating a stronger suppression of small and large voids, whereas both REVOLVER-ZOBOV and ZOBOV tend to identify the largest voids in the sample. As expected, the POPCORN catalog mitigates artificial fragmentation of spherical voids at large scales (Paz et al. 2023), although it results in fewer very large objects than those detected by the watershed–based methods. The bottom panel of Figure 1 illustrates the distribution of the integrated density contrast for these same catalogs. Although the SPARKLING and POPCORN distributions are completely constrained in one single bin around Δlim = −0.9 by design, the watershed methods (ZOBOV and REVOLVER) naturally display greater variation in its internal density, underscoring their ability to encapsulate a wider range of core and boundary densities within their defined structures. In general, REVOLVER-VOXEL voids exhibit lower density contrasts than REVOLVER-ZOBOV voids.
Figure 2 provides a qualitative, yet crucial, visual comparison of the results, presenting a slice (10h−1 Mpc < z < 20h−1 Mpc) of the TNG300 catalog (see Section 2.2), illustrating the diverse regions carved out by each void finder. The top-left panel shows all galaxies in the slice, where scatter points are color-coded according to their corresponding bi, ranging from low (blue) to high (red) values on the slice, as indicated by the color bar. This panel serves as a reference for the spatial distribution of galaxy bias across the slice. The remaining panels display the void catalogs, as is indicated in the titles. The centers of the void are marked with crosses, and only galaxies identified as members of each void retain their color coding according to bi, while galaxies outside the voids are shown in gray for clarity. The lines indicate the boundaries enclosing the galaxies associated with each void. To approximate the boundary of irregular voids (ZOBOV and POPCORN), we adopt a radial–angular sampling approach: from the void center, we divide the full solid angle into 20° angular sectors and, within each sector, identify the galaxy farthest from the void center. Connecting these outermost points yields a polygonal approximation of the contour of the void. The apparent overlap between regions in the image arises from projection effects, since the figure shows a 2D slice of the 3D simulation volume. This visualization highlights the high degree of morphological diversity and boundary complexity introduced by each technique, while simultaneously emphasizing the connection between void environments and the clustering properties of the galaxies they contain.
	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Example of a slice from the TNG300 catalog (10h−1 Mpc < z < 20h−1 Mpc) illustrating the galaxy distribution and the boundaries of voids identified by different algorithms, along with their relation to the individual galaxy bias (bi). The left panel shows all galaxies in the slice (scatter points), colored according to their bi values, ranging from blue for low-bias objects to red for high-bias objects, as indicated by the color bar. The remaining panels display the void catalogs: void centers are marked with crosses, and galaxies belonging to each void retain their color coding according to bi, while galaxies outside voids are shown in gray. The lines indicate the boundaries enclosing the galaxies associated with each void.



4. The galaxy bias profile in different void catalogs
This section presents our main results, namely, the dependence of the individual large-scale galaxy bias bi on the choice of cosmic void definition. We examine galaxies within underdense regions defined via five void finding algorithms defined in the previous section: the SPARKLING spherical voids adopted by Montero-Dorta et al. (2025), the watershed-based ZOBOV method, the two variants of the REVOLVER catalogs (VOXEL and ZOBOV modes), and the free-form integrated-density approach POPCORN. By comparing these distinct void definitions, we quantify how robust the measured bias profiles are with respect to the underdense-region delineation.
We compute individual galaxy bias on an object-by-object basis, following the approach described by Montero-Dorta et al. (2025), i.e., the effective large-scale bias of each galaxy is derived from its correlation with the dark-matter density field on linear scales (k ≤ 0.2 h Mpc−1). This enables us to study the contribution of each galaxy i to the overall clustering of the population, and in particular to investigate how bi depends on the environment of galaxies inside voids. When averaged over a subsample, ⟨bi⟩ provides an estimate of the mean tracer bias of that subsample, as inferred from the individual–based method. Under this framework, the average over a galaxy subset provides the effective large-scale bias as obtained from a two-point statistics analysis. This quantity approximates how well galaxies trace the underlying matter on large scales, although it does not strictly correspond to the traditional large-scale bias (e.g. Balaguera-Antolínez et al. 2024; Montero-Dorta et al. 2025).
4.1. Distribution of individual galaxy bias in void catalogs
Figure 3 shows the normalized distribution of bi for the full galaxy sample (gray shaded region) alongside the distributions for galaxies residing within the voids of each algorithm, as indicated in the key figure. The full sample distribution gives our baseline mean large-scale bias of the population (see Section 2.2). We observe that galaxies located within all definitions of voids generally show distributions shifted toward negative bi values. This finding implies that galaxies within strictly underdense voids tend to be anti-biased tracers of the matter field (they cluster less strongly than the dark matter), a result consistent with previous work on void bias profiles (e.g., Montero-Dorta et al. 2025). The differences in shape among the catalog-specific bi distributions reflect the varying performance of each algorithm in isolating underdense zones versus including boundary or filamentary material where the galaxy bias is higher. For example, the relatively “weak” shift of the ZOBOV and REVOLVER distributions toward negative values suggests that the definition of the watershed voids may include galaxies in regions less deeply underdense, thus diluting the anti-bias signal.
	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Comparison of the individual bias distribution in galaxies of the five void catalogs used in this work, as indicated in the key figure. The gray shaded region represents the bi distribution on the complete TNG300 galaxies catalog.



4.2. Bias profiles: Physical and normalized distances
We now examine how the average individual bias ⟨bi⟩ varies as a function of the distance R of a galaxy from the void center and as a function of a normalized distance R/Rmax. Here R is measured in comoving h−1 Mpc, and Rmax denotes the distance from the center of the void to the most distant galaxy belonging to the void (this distance is not equivalent to the Reff of each void, mainly in not spherical definitions). The upper panel of Figure 4 presents the distribution of physical distances R for galaxies in each void catalog. The VSF differs significantly between the algorithms (see Figure 1), which complicates the direct comparison of ⟨bi⟩ as a function of R. Nevertheless, the lower panel of Figure 4 shows ⟨bi⟩ versus R (in h−1Mpc) to illustrate the trends in physical units. We find that the SPARKLING (blue) and POPCORN (violet) catalogs, which enforce a strict integrated underdensity threshold, exhibit nearly uniformly negative ⟨bi⟩ across all distances, unlike the watershed catalogs. In particular, for POPCORN, SPARKLING and REVOLVER-VOXEL (light green) the bias trend to decreases as R increases (i.e., to the largest voids). In contrast, the REVOLVER-ZOBOV (dark green) catalogs show a plane trend of ⟨bi⟩ and the profile in ZOBOV (orange) voids increased with the highest R values, indicating that galaxies near the edges in that catalog are less underdense and more biased.
	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Relationship between the distance R of void galaxies to their corresponding center and ⟨bi⟩. Top panel: Normalized distribution of R for each void catalog. Bottom panel: Profile of ⟨bi⟩ as a function of R for each void catalog.



Because voids vary greatly in size and shape, we normalize the distance by dividing R by Rmax and plot the normalized distribution in the upper panel of Figure 5. This normalization enables a fair comparison of bias-profiles across voids of different sizes and extents. For geometrically spherical voids (SPARKLING in blue and REVOLVER family in green), the galaxy counts rise toward the void wall. We note that this increase in galaxy counts towards the void boundaries (higher R/Rmax) observed for spherical-like definitions is consistent with a geometric effect, as the volume of the spherical shells naturally increases with the distance from the center. For ZOBOV (orange), the galaxy distribution peaks at intermediate R/Rmax, while in POPCORN (violet) we observe a bimodal distribution (one peak near the center, another near the boundary) due to its geometry resulting from the union of spheres. In the normalized distance bias profiles (shown in the bottom panel of Figure 5), with the exception of the REVOLVER-VOXEL catalog, all methods show the steepest (most negative) ⟨bi⟩ near the center of the voids and a higher bias (less negative or even positive) near the walls. We performed a linear adjustment for each profile represented by the dotted lines; the corresponding values of their parameters are shown in Table 2. The SPARKLING and POPCORN catalogs show very similar profiles and consistently the lower average bias across all distances and the lowest slopes, reflecting their strict underdensity threshold of Δlim = −0.9 imposed by construction. The ZOBOV catalog exhibits a steeper slope and transitions into positive (bi) values near half the void center distance. Conversely, the REVOLVER-ZOBOV profile remains negative throughout the void interiors, turning positive only near the void rim. While both profiles display similar behavior in the inner regions of the voids, they tend to diverge near the boundaries. This discrepancy likely reflects the similarity of the algorithms used to determine void centers, contrasted with their differences in defining void boundaries. These patterns are consistent with recent findings by Verza et al. (2022) for watershed–base voids, who demonstrated that halo bias is inherently scale-dependent along the void profile and provided a predictive theoretical model based on the peak-background split formalism. The results also suggest that watershed–based definitions (ZOBOV and REVOLVER) incorporate galaxies closer to denser filaments or walls (hence higher bias) than the strict density thresholds imposed in SPARKLING and POPCORN. Finally, the REVOLVER-VOXEL profile stands out for its negative slope. This behavior can be attributed to the generally smaller sizes of these voids compared to the other watershed-based samples (see Figure 1). As a consequence, galaxies located near the walls of REVOLVER-VOXEL voids are likely to lie deeper within the interiors of the larger REVOLVER-ZOBOV or ZOBOV voids, where the bi values begin to increase. This geometric effect naturally results in a systematically lower normalized profile for the REVOLVER-VOXEL sample. Nevertheless, despite differences in amplitude and slope, the general shape of the bias profile, that increasing bias with increasing distance toward the void wall, holds across most of the methods. This is in line with previous findings for voids identified in spherical definitions (Montero-Dorta et al. 2025).
	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Relationship between the normalized distance R/Rmax of void galaxies to their corresponding center and ⟨bi⟩, where Rmax represents the highest distance of a tracer to the center of their host void. Top panel: Normalized distribution of R/Rmax for each void catalog. Bottom panel: Profile of ⟨bi⟩ as a function of R/Rmax for each void catalog. The dotted lines show the linear fit corresponding to each sample.



Table 2. 
Linear fit parameters of the normalized void galaxies bias profile.

4.3. Correlation of individual bias with void residency
To further quantify the link between individual galaxy bias and void membership, we bin galaxies in the full TNG300 catalog (see Section 2.2) by bi and compute, for each bias bin and each void catalog, the fraction of galaxies that reside in voids of that catalog. Figure 6 shows this as a correlation matrix where the y-axis lists the different catalogs of voids, the x-axis shows the bins in bi, and each cell gives the fraction of galaxies in that bi-bin that lie within voids of that type. For all voids catalogs, we observe a clear correlation: the lower (more negative) the galaxy’s bi, the higher the probability that the galaxy resides in the void catalog. The SPARKLING and POPCORN catalogs (density-threshold methods) especially show large occupancy fractions for bi < 0 galaxies and very low fractions for bi > 0. By contrast, both REVOLVER and ZOBOV catalogs also include a non-negligible fraction of high-bias galaxies (bi > 2.5), indicating that these voids include galaxies closer to denser structures. At the same time, when restricting the analysis to galaxies in fixed bi bins, particularly the most negative values, we find that these anti-biased galaxies populate SPARKLING and POPCORN voids more frequently than the other voids definitions. This demonstrates that watershed-based voids are not simply the same deep underdense cores selected by density-threshold methods plus their surrounding walls; rather, they tend to trace shallower underdensities on average, while density-threshold finders preferentially pick out the deepest troughs where the most negatively biased galaxies reside.
	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Correlation matrix between the different void catalogs and bi. Each cell gives the fraction of galaxies in the corresponding bi-bin that lie within each void type. The colors are defined in the lateral color bar, and the red line divides the negative bi bins from other values.



5. The dependence of galaxy bias on the void density threshold
In the previous section, we showed that void definitions based on an integrated density threshold (SPARKLING and POPCORN) preferentially select galaxies with negative individual bias (bi < 0). The fiducial threshold Δlim = −0.9 is a relatively restrictive value, so it is important to verify whether the observed correlation strengthens or weakens when the threshold is relaxed. In this section, we therefore explore how the association between bi and void membership changes when the integrated underdensity criterion is progressively less stringent.
To perform this test, we re-identified voids in the same TNG300 tracer sample (Section 2.2) using two additional integrated underdensity thresholds, Δlim = −0.8 and −0.7, for both the SPARKLING and POPCORN finders. To preserve comparability with the fiducial catalogs (Δlim = −0.9), we applied the same completeness and shot-noise cuts used in the main analysis. So, for the SPARKLING catalogs, we retained only the voids with Rvoid > 5h−1 Mpc in Δlim = −0.8 and Rvoid > 6h−1 Mpc in Δlim = −0.7. For POPCORN we estimated the shot-noise radii appropriate to the tracer density and threshold, and applied Reff > Rshot with Rshot ≃ 8h−1 Mpc for Δlim = −0.8 and Rshot ≃ 9h−1 Mpc for Δlim = −0.7 (see Section 3.4 and Paz et al. 2023 for details). These cuts ensure that each catalog is volume-complete above the adopted scale and that small, noise-dominated detections are excluded.
We also extend this threshold-based analysis to ZOBOV voids. To do this, we utilize the ZOBOV void sample without imposing the integrated density threshold applied in the previous sections. Consequently, we include all individual zones detected, even those with Δ ≥ 0. For this sample, we employ the FIND_RADIUS_AND_CLEAN tool provided within the VFT framework. This method applies a nearest-neighbor based search around each void center to identify spherical regions that satisfy a predefined integrated density-contrast threshold and to assign an associated effective radius. Voids for which such a region cannot be identified within a given search extent defined by the number of neighbors considered are discarded. The choice of this extent is calibrated using the neighbor distributions characteristic of spherical void finders. Finally, the remaining candidates were cleaned by removing overlapping regions, retaining only the largest non-overlapping voids with the biggest associated radius. The resulting catalog is not a pure spherical void but a ZOBOV-cleaned catalog (tracers are conserved) with an associated radii that allow the integrated density condition to be fulfilled. In this way, we construct spherical void samples derived from the ZOBOV catalog that satisfy integrated density thresholds of Δlim = −0.9, −0.8, and −0.7, allowing for a direct comparison with the threshold-based SPARKLING and POPCORN voids. For these derived ZOBOV samples, we apply the same selection criteria adopted for the SPARKLING catalogs, retaining only voids with Rvoid > 4h−1 Mpc, 4.5h−1 Mpc, and 5h−1 Mpc for Δlim = −0.9, −0.8, and −0.7, respectively.
For each resulting catalog (SPARKLING, POPCORN, and VFT spherical ZOBOV voids at three density thresholds), we repeated the calculation of bi–void occupancy introduced above: galaxies in the entire sample were binned by bi, and for each bi bin we computed the fraction of galaxies that reside within the voids of each catalog. The results are shown in Figure 7, where each row corresponds to a void catalog at a given Δlim and each column to a bi bin; the colors and values of the cell indicate the percentage of galaxies in that bi bin that are contained within the catalog of voids specified. Across all tested thresholds, the most negative bi bins exhibit the highest occupancy fractions for both SPARKLING and POPCORN, confirming that integrated-density voids preferentially select anti-biased tracers. Fully consistent behavior is observed for the VFT spherical ZOBOV voids, which display the same qualitative dependence on bi and on the adopted density threshold. Moving from Δlim = −0.9 to −0.8 and −0.7 systematically increases the fraction of strongly negative-bi galaxies contained within the void catalogs. This trend is present for all three definitions of voids and is more pronounced for POPCORN voids. Thus, relaxing the underdensity criterion enhances the probability that strongly anti-biased galaxies are included in the void sample, independently of the specific threshold-based finder employed. At every threshold, the POPCORN catalogs exhibit larger occupancy fractions in the most negative bi bins than the corresponding SPARKLING and VFT spherical ZOBOV catalogs, while simultaneously showing reduced fractions of galaxies with bi ≳ 0. This behavior is consistent with the way POPCORN reconstructs void boundaries through the union of maximal spheres, which reduces contamination from the surrounding environment and increases the purity of the void interiors in terms of low-bias tracers.
	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Correlation matrix between SPARKLING POPCORN and VFT spherical ZOBOV voids identified with different density thresholds (Δlim = −0.7, −0.8 and −0.9). Each cell gives the fraction of galaxies in the corresponding bi-bin that lie within each void catalog. The colors are defined in the lateral color bar. The red vertical line separates the negative bi bins from the positive ones, and the horizontal yellow lines separate the void samples with different densities.



The results in Figure 7 show that density-threshold voids robustly isolate anti-biased galaxies. Evermore, the link between individual galaxy anti-bias and these voids membership is robust and can be tuned by the void definition: less restrictive integrated underdensity thresholds yield larger void volumes that include a higher fraction of strongly anti-biased galaxies. To conclude, we note that the correlation observed here, relating the large-scale environment, characterized by bi, to the density constraints of the void interior, could potentially be modeled analytically following the framework of Shi & Sheth (2018), which describes the conditional probability of the large-scale density field given a local small-scale underdensity constraint.
6. Summary and conclusions
In this work, we have conducted a systematic comparison of individual galaxy bias measurements, bi, within cosmic voids identified by five distinct void-finding algorithms: the spherical void finder SPARKLING (Ruiz et al. 2015, 2019), the watershed-based ZOBOV algorithm (Neyrinck 2008), the two modes of the REVOLVER framework (REVOLVER-VOXEL and REVOLVER-ZOBOV; Nadathur et al. 2019), and the free-form integrated-density approach POPCORN (Paz et al. 2023). By applying these complementary methodologies to the same underlying galaxy sample drawn from the IllustrisTNG simulation (TNG300-1 at z = 0), we have assessed how the choice of void definition affects the observed environmental dependence of galaxy bias and the spatial distribution of anti-biased tracers.
Our analysis extends the results of Montero-Dorta et al. (2025), who demonstrated that galaxies residing in spherical voids exhibit systematically negative individual bias, with ⟨bi⟩ increasing from the void center toward the boundary. In that work, this radial dependence was identified as a characteristic void bias profile, capturing how galaxy–matter coupling varies across void interiors when distances are expressed in normalized void-centric units. Here, we have shown that this fundamental trend is robust across multiple void identification schemes, although the amplitude and shape of the bias profile depend significantly on the adopted algorithm. The main findings of this study can be summarized as follows:

	
Density-threshold definitions (SPARKLING and POPCORN) preferentially select galaxies with lower bi and produce distributions of bi shifted toward lower values relative to the full sample, whereas watershed-based methods tend to include a larger fraction of higher-bias, boundary galaxies.



	
When radial distances are expressed in normalized units (R/Rmax), the majority of catalogs display a bias profile of voids that increases radially with comparable slopes, reinforcing the notion that the morphology of the profile, and not just its amplitude, is a reproducible property of void environments. REVOLVER-VOXEL is a notable exception that can be attributed to a geometric projection effect: because these voids are systematically smaller than those identified by other watershed methods, galaxies near their walls often lie deep within the interiors of larger REVOLVER-ZOBOV or ZOBOV structures, where bias values are still rising.



	
Re-identifying voids at progressively weaker integrated-underdensity thresholds increases the fraction of low-bias galaxies contained within the resulting catalogs, with POPCORN providing the most effective isolation of low-bias tracers under the configurations tested.




These findings have important implications for observational and theoretical studies of cosmic voids and galaxy bias. First, they confirm that individual galaxy bias is a powerful diagnostic of galaxy–matter coupling that reveals environmental dependencies difficult to detect with traditional clustering statistics. Galaxies in the deepest underdensities exhibit systematically lower large-scale bias values, a signature of the distinct dynamical and evolutionary conditions prevailing in void interiors. Second, our results demonstrate that the observed environmental modulation of bias is robust across void definitions. This robustness lends confidence to the physical reality of void-related bias trends and suggests that similar patterns should be detectable in observational data, despite survey-specific complications such as redshift-space distortions, photometric errors, and incompleteness. Finally, the fact that normalizing by Rmax reveals similar void bias profiles across most finders suggests that the void size is a fundamental scale for characterizing the environmental dependence of bias, a feature that aligns naturally with excursion set peaks models (e.g. Sheth & van de Weygaert 2004), where the formation of structures is tied to a characteristic smoothing scale, in contrast to scale-independent local bias expansions.
However, not all void catalogs are equally suited for bias studies. Watershed-based methods that do not impose explicit density constraints can generate void samples that include substantial high-density boundary material, leading to weaker bias trends compared to density-threshold–based methods. As a result, studies of galaxy properties in voids must carefully assess whether a given void definition is optimized for isolating deeply underdense environments or for capturing the full topological complexity of the cosmic web, as these objectives naturally select different galaxy populations.
In the broader context of galaxy evolution in low-density environments, numerous observational and theoretical works have shown that void galaxies tend to be bluer, more actively star-forming, and to host younger and more metal-poor stellar populations than their counterparts in average-density regions (e.g. Rojas et al. 2004, 2005; von Benda-Beckmann & Müller 2008; Martizzi et al. 2020; Domínguez-Gómez et al. 2023b,a; Ceccarelli et al. 2022; Rosas-Guevara et al. 2022; Curtis et al. 2024; Rodríguez-Medrano et al. 2023, 2024). In particular, Rodríguez-Medrano et al. (2023) showed that, at fixed halo mass, void galaxies are systematically bluer, with higher SFRs and lower concentrations than their field counterparts, and that R/S void classification correlates with star-formation activity. Montero-Dorta et al. (2025) further reported differences in the individual-galaxy bias profile between R- and S-type voids. More recently, MaNGA IFS results further corroborate younger, less metal-rich stellar populations in void galaxies (Rodríguez-Medrano et al. 2025). These galaxy-level trends are reflected by halo-occupation diagnostics: halos above ∼1012 h−1 M⊙ show a suppressed satellite occupation in void environments (Alfaro et al. 2020, 2022), and recent work indicates a differential growth history for massive void halos consistent with reduced satellite accretion (Alfaro et al. 2025). Together, these lines of evidence provide a coherent physical picture in which the dynamical state of the void environment (e.g., R/S classification) imprints signatures on both internal galaxy properties and large-scale bias, and our object-level measurements of bi offer a complementary manifestation of that process.
At the same time, the literature contains apparently discordant results regarding the magnitude of environmental effects (e.g. Kauffmann et al. 2004; Balogh et al. 2004; Domínguez-Gómez et al. 2022). Our findings help to clarify why the magnitude of these environmental effects has remained a matter of debate. By comparing void catalogs built with and without integrated-density constraints, we show that only voids associated with robust underdensities yield samples strongly dominated by anti-biased galaxies, whereas watershed-based catalogs tend to mix galaxies from a broader range of density environments. This methodological sensitivity naturally contributes to the diversity of conclusions in the literature: studies relying on void definitions that do not isolate deep underdensities are more likely to detect weaker or ambiguous environmental trends. In this sense, our bias measurements provide a unifying perspective, indicating that part of the apparent inconsistency regarding the influence of voids on galaxy evolution arises from differences in void-finder definitions rather than from the absence of a physical effect.
Beyond these immediate results, the fact that a common, radially increasing voids bias profile with comparable slopes across the majority of void-finding methods is recovered once distances are expressed in normalized void-centric units supports its use as a robust ingredient in void-based cosmological analyses, where an accurate characterization of galaxy bias is essential. The ability to estimate large-scale galaxy bias on an object-by-object basis, and to characterize its behavior within voids, opens new avenues for extracting cosmological information related to the growth of structure (Hamaus et al. 2016; Correa et al. 2019, 2021, 2022; Song et al. 2024; Contarini et al. 2024). In particular, a robust characterization of galaxy bias in and around voids may improve the modeling of void velocity profiles within the Gaussian streaming framework (Fisher 1995; Desjacques & Sheth 2010; Paz et al. 2013; Hamaus et al. 2015), as well as cosmological tests based on the abundance and properties of voids identified using biased tracers (Contarini et al. 2019; Paz et al. 2023).
Future work should extend this analysis in several directions. Exploring how individual galaxy bias within voids evolves with redshift and depends on galaxy properties (stellar mass, star formation rate, morphology) will provide crucial constraints on galaxy formation models in low-density regimes. In addition, developing hybrid void-finding approaches that combine the topological fidelity of watershed methods with the physical interpretability of density thresholds represents a promising avenue for constructing optimal void catalogs for large-scale structure studies.
In summary, we have demonstrated that the individual galaxy bias framework, when combined with a comprehensive comparison of void identification methods, offers a powerful tool for probing the interplay between cosmic environment and galaxy formation. Our results establish that galaxies with negative individual bias are preferentially located in cosmic voids, that this association is strongest for void definitions enforcing strict integrated underdensity criteria, and that the radial gradient of bias within voids is a robust feature across methodologies. These findings deepen our understanding of how galaxies trace the matter distribution in the most extreme low-density regions of the Universe and provide a foundation for future observational and theoretical investigations of void galaxies and their role in cosmological tests.
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Appendix A:  Individual bias & large-scale density matter correlation
As described in Section 2.2, given the nature of their definition, there is a direct relationship between the individual bias and the surrounding density field of a galaxy. The precise comparison between them depends on the smoothing filter used to define the density contrast. In our case, the individual-galaxy bias is estimated from the large-scale modes of the density field using a sharp-k filter, with kmax ∼ 0.2, i.e., only modes with kRsmooth < 1 contribute to the measurement.
In this appendix, we compare the individual bias for the galaxy sample used in the main work with their dark-matter overdensity, δDM, measured around each galaxy using spherical apertures of radii 20 Mpch−1, chosen to be comparable to the large-scale range relevant for the bias estimate. We computed [image: Mathematical equation: $ \delta_{DM} = N_{\mathrm{DM,sph}}/ {\bar{N}}_{\mathrm{DM,sph}} - 1 $], where NDM, sph is the number of dark matter particles inside the sphere and [image: Mathematical equation: $ {\bar{N}}_{\mathrm{DM,sph}} $] is the expected number of particles in the sphere for a uniform distribution. The relation between the δDM of each galaxy and their individual bias value is shown in Figure A.1. We find that the correlation between both measures is fairly linear. The relation between individual bias and the surrounding local density field at smaller scales has also been discussed in Riveros-Jara et al. (2026), but this strong trend proves that this bias estimator condenses information about the large-scale environment that surrounds the tracers of the dark matter field.
	[image: Thumbnail: Fig. A.1. Refer to the following caption and surrounding text.]	Fig. A.1. Relation between individual bias and the surrounding local density field of tracers (galaxies). The binned map is shown on a 50 × 50 grid (color pixels). The average bias (black points) is computed by dividing the x-axis into 20 bins; each point represents the mean individual bias within a bin, and the error bars indicate the corresponding standard deviation.
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	[image: Thumbnail: Fig. 1. Refer to the following caption and surrounding text.]	Fig. 1. Comparison of the five void catalogs used in this work. The top panel shows the VSF for each void catalog. The bottom panel shows the normalized distribution of the integrated density contrast, Δ, for these same catalogs.
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	[image: Thumbnail: Fig. 2. Refer to the following caption and surrounding text.]	Fig. 2. Example of a slice from the TNG300 catalog (10h−1 Mpc < z < 20h−1 Mpc) illustrating the galaxy distribution and the boundaries of voids identified by different algorithms, along with their relation to the individual galaxy bias (bi). The left panel shows all galaxies in the slice (scatter points), colored according to their bi values, ranging from blue for low-bias objects to red for high-bias objects, as indicated by the color bar. The remaining panels display the void catalogs: void centers are marked with crosses, and galaxies belonging to each void retain their color coding according to bi, while galaxies outside voids are shown in gray. The lines indicate the boundaries enclosing the galaxies associated with each void.
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	[image: Thumbnail: Fig. 3. Refer to the following caption and surrounding text.]	Fig. 3. Comparison of the individual bias distribution in galaxies of the five void catalogs used in this work, as indicated in the key figure. The gray shaded region represents the bi distribution on the complete TNG300 galaxies catalog.
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	[image: Thumbnail: Fig. 4. Refer to the following caption and surrounding text.]	Fig. 4. Relationship between the distance R of void galaxies to their corresponding center and ⟨bi⟩. Top panel: Normalized distribution of R for each void catalog. Bottom panel: Profile of ⟨bi⟩ as a function of R for each void catalog.
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	[image: Thumbnail: Fig. 5. Refer to the following caption and surrounding text.]	Fig. 5. Relationship between the normalized distance R/Rmax of void galaxies to their corresponding center and ⟨bi⟩, where Rmax represents the highest distance of a tracer to the center of their host void. Top panel: Normalized distribution of R/Rmax for each void catalog. Bottom panel: Profile of ⟨bi⟩ as a function of R/Rmax for each void catalog. The dotted lines show the linear fit corresponding to each sample.
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	[image: Thumbnail: Fig. 6. Refer to the following caption and surrounding text.]	Fig. 6. Correlation matrix between the different void catalogs and bi. Each cell gives the fraction of galaxies in the corresponding bi-bin that lie within each void type. The colors are defined in the lateral color bar, and the red line divides the negative bi bins from other values.
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	[image: Thumbnail: Fig. 7. Refer to the following caption and surrounding text.]	Fig. 7. Correlation matrix between SPARKLING POPCORN and VFT spherical ZOBOV voids identified with different density thresholds (Δlim = −0.7, −0.8 and −0.9). Each cell gives the fraction of galaxies in the corresponding bi-bin that lie within each void catalog. The colors are defined in the lateral color bar. The red vertical line separates the negative bi bins from the positive ones, and the horizontal yellow lines separate the void samples with different densities.
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	[image: Thumbnail: Fig. A.1. Refer to the following caption and surrounding text.]	Fig. A.1. Relation between individual bias and the surrounding local density field of tracers (galaxies). The binned map is shown on a 50 × 50 grid (color pixels). The average bias (black points) is computed by dividing the x-axis into 20 bins; each point represents the mean individual bias within a bin, and the error bars indicate the corresponding standard deviation.
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      Table 1. 

      Main characteristics of the final void catalogs. The SPARKLING catalog is the same one used in Montero-Dorta et al. (2025).

      
        


	Void catalog
	Nvoid
	Nvoid galaxies
	Totalvol
	Reff,  min
	Reff,  mean
	Reff,  max
	Δmin
	Δmean
	Δmax



	
	
	
	[%]
	[h−1Mpc]
	[h−1Mpc]
	[h−1Mpc]
	
	
	





	SPARKLING
	2394
	15 030
	37.20
	4.07
	6.09
	19.68
	–0.95
	–0.91
	–0.90



	REVOLVER-VOXEL
	401
	54 336
	24.28
	7.51
	10.28
	17.78
	–0.99
	–0.51
	3.33



	REVOLVER-ZOBOV
	152
	84 543
	29.82
	10.08
	14.87
	30.38
	–0.69
	–0.22
	0.99



	ZOBOV
	165
	80 440
	24.81
	9.01
	13.69
	23.85
	–0.64
	–0.23
	–0.004



	POPCORN
	495
	13 411
	31.51
	6.51
	9.97
	25.11
	–0.92
	–0.90
	–0.90





      

      
Notes. Column 1: final void catalog; Column 2: total number of identified structures; Column 3: total number of galaxies residing within identified voids; Column 4: cumulative volume fraction occupied by the voids; Column 5: minimum value of Reff by the voids sample; Column 6: mean value of Reff by the voids sample; Column 7: maximum value of Reff by the voids sample; Column 8: minimum value of Δ by the voids sample; Column 9: mean value of Δ by the voids sample; Column 10: maximum value of Δ by the voids sample.



    

  
    
      Fig. 1. 

      
        [image: Fig. 1. Refer to the following caption and surrounding text.]
      

      
        Comparison of the five void catalogs used in this work. The top panel shows the VSF for each void catalog. The bottom panel shows the normalized distribution of the integrated density contrast, Δ, for these same catalogs.

      

    

  
    
      Fig. 2. 

      
        [image: Fig. 2. Refer to the following caption and surrounding text.]
      

      
        Example of a slice from the TNG300 catalog (10h−1 Mpc < z < 20h−1 Mpc) illustrating the galaxy distribution and the boundaries of voids identified by different algorithms, along with their relation to the individual galaxy bias (bi). The left panel shows all galaxies in the slice (scatter points), colored according to their bi values, ranging from blue for low-bias objects to red for high-bias objects, as indicated by the color bar. The remaining panels display the void catalogs: void centers are marked with crosses, and galaxies belonging to each void retain their color coding according to bi, while galaxies outside voids are shown in gray. The lines indicate the boundaries enclosing the galaxies associated with each void.

      

    

  
    
      Fig. 3. 

      
        [image: Fig. 3. Refer to the following caption and surrounding text.]
      

      
        Comparison of the individual bias distribution in galaxies of the five void catalogs used in this work, as indicated in the key figure. The gray shaded region represents the bi distribution on the complete TNG300 galaxies catalog.

      

    

  
    
      Fig. 4. 

      
        [image: Fig. 4. Refer to the following caption and surrounding text.]
      

      
        Relationship between the distance R of void galaxies to their corresponding center and ⟨bi⟩. Top panel: Normalized distribution of R for each void catalog. Bottom panel: Profile of ⟨bi⟩ as a function of R for each void catalog.

      

    

  
    
      Fig. 5. 

      
        [image: Fig. 5. Refer to the following caption and surrounding text.]
      

      
        Relationship between the normalized distance R/Rmax of void galaxies to their corresponding center and ⟨bi⟩, where Rmax represents the highest distance of a tracer to the center of their host void. Top panel: Normalized distribution of R/Rmax for each void catalog. Bottom panel: Profile of ⟨bi⟩ as a function of R/Rmax for each void catalog. The dotted lines show the linear fit corresponding to each sample.

      

    

  
    
      Table 2. 

      Linear fit parameters of the normalized void galaxies bias profile.

      
        


	Void catalog
	α
	α Std Err
	β
	β Std Err





	SPARKLING
	–1.415
	0.099
	1.234
	0.167



	REVOLVER-VOXEL
	0.911
	0.106
	–0.495
	0.184



	REVOLVER-ZOBOV
	–1.231
	0.074
	1.757
	0.123



	ZOBOV
	–1.432
	0.093
	2.568
	0.162



	POPCORN
	–1.495
	0.051
	1.279
	0.086





      

      
Notes. Column 1: void catalog; Column 2: α value (y-intercept); Column 3: α standard error; Column 4: β value (slope); Column 5: β standard error.



    

  
    
      Fig. 6. 

      
        [image: Fig. 6. Refer to the following caption and surrounding text.]
      

      
        Correlation matrix between the different void catalogs and bi. Each cell gives the fraction of galaxies in the corresponding bi-bin that lie within each void type. The colors are defined in the lateral color bar, and the red line divides the negative bi bins from other values.

      

    

  
    
      Fig. 7. 

      
        [image: Fig. 7. Refer to the following caption and surrounding text.]
      

      
        Correlation matrix between SPARKLING POPCORN and VFT spherical ZOBOV voids identified with different density thresholds (Δlim = −0.7, −0.8 and −0.9). Each cell gives the fraction of galaxies in the corresponding bi-bin that lie within each void catalog. The colors are defined in the lateral color bar. The red vertical line separates the negative bi bins from the positive ones, and the horizontal yellow lines separate the void samples with different densities.

      

    

  
    
      Fig. A.1. 

      
        [image: Fig. A.1. Refer to the following caption and surrounding text.]
      

      
        Relation between individual bias and the surrounding local density field of tracers (galaxies). The binned map is shown on a 50 × 50 grid (color pixels). The average bias (black points) is computed by dividing the x-axis into 20 bins; each point represents the mean individual bias within a bin, and the error bars indicate the corresponding standard deviation.
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