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Abstract

Stars form in dense cores within molecular clouds, and newly formed stars influence their natal environments. How stellar feedback impacts core properties and evolution has been the subject of extensive investigation. We performed a hierarchical clustering (dendrogram) analysis of a STARFORGE (STAR FORmation in Gaseous Environments) simulation, modelling a giant molecular cloud to identify gas overdensities (cores) and study changes in their radius, mass, velocity dispersion, and virial parameter with respect to stellar feedback. We binned these cores on the basis of the fraction of gas affected by protostellar outflows, stellar winds, and supernovae and analysed the property distributions for each feedback bin. We find that cores that experience more feedback influence are smaller. Feedback notably enhances the velocity dispersion and virial parameter of the cores, more so than it reduces their radius. This is also evident in the linewidth–size relation, according to which cores in higher-feedback bins exhibit higher velocities than their similarly sized pristine counterparts. We conclude that stellar feedback mechanisms, which impart momentum to the molecular cloud, simultaneously compress and disperse the dense molecular gas.
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1 Introduction
Stellar feedback is one of the most important processes that regulate star formation in a galaxy (Krumholz et al. 2014; Agertz & Kravtsov 2015; Gatto et al. 2017; Peters et al. 2017; Kruijssen et al. 2019; Guszejnov et al. 2022). It can have a positive as well as a negative impact on star formation rates: it can trigger the formation of a new star by compressing gas or limit star formation by destroying the natal cloud. Simulations show that in the absence of stellar feedback, the gas cools rapidly, forming dense structures; this does not lead to the multi-phase interstellar medium (ISM) seen in a multitude of observations (Schuller et al. 2009; Colombo et al. 2019; Duarte-Cabral et al. 2021).
Stellar feedback mechanisms include protostellar outflows, stellar winds, radiation pressure, photoionisation, and supernova explosions (Krumholz et al. 2014; Girichidis et al. 2020). These different mechanisms operate at different spatial scales and are strongly linked to the evolutionary stages of stars (Hopkins et al. 2012). Feedback from massive stars provides an endpoint for star formation (Geen et al. 2015; Grudić et al. 2022).
Protostars expel gas in the form of bipolar jets (Fendt & Čemeljić 2002; Wu et al. 2004; Bally 2016). Expelled material entrains molecular gas from the surrounding core and accelerates it to high velocities, thus creating molecular outflows. These outflows have complex morphologies and clumpy structures (Arce & Goodman 2001) that evolve over time (Lee et al. 2002; Offner et al. 2011). They inject momentum and energy into the ISM on scales ranging from a few AU to tens of parsecs (Frank et al. 2014; Bally 2016). Protostellar outflows reduce stellar mass by ejecting accreting gas. They also remove excess angular momentum and facilitate reduced accretion rates during the protostellar phase of young stellar objects (Arce et al. 2007; Federrath et al. 2014; Bally 2016; Offner & Chaban 2017; Guszejnov et al. 2021, 2022). Outflows unbind the natal core gas, which can reduce the star formation efficiency of the dense gas (Offner & Chaban 2017).
Stellar winds are generated by the ejection of matter from the stellar surface due to the impact of radiation pressure on the gas in the stellar atmosphere (Arce et al. 2011; Pabst et al. 2020; Geen et al. 2023). Winds from massive stars profoundly affect the ISM and lead to complex molecular gas structures (Zinnecker & Yorke 2007; Xu et al. 2020b). They often manifest as shells or bubbles around individual stars that are often associated with HII regions (Deharveng et al. 2010; Schneider et al. 2020; Kirsanova & Pavlyuchenkov 2023). Stellar winds do not strongly affect the global cloud evolution but aid in preventing the runaway accretion of massive stars (Guszejnov et al. 2022).
Supernovae mark the endpoints of stellar evolution for massive stars and are a key ingredient in the study of interstellar gas (McKee & Ostriker 1977; Dubner & Giacani 2015). They act on scales of up to ∼100 pc and inject a large amount of energy (∼1051 ergs), which drives turbulence into the ISM; they also destroy molecular clouds (MCs) and regulate the chemical composition of the ISM by producing metals and dust (Wesson & Bevan 2021; Kirchschlager et al. 2024). These explosions inject material and drive shocks into the ISM, and create supernova remnants (Dubner & Giacani 2015; Dokara et al. 2023).
The various stellar feedback mechanisms play an important role in shaping the internal structure of giant molecular clouds (GMCs) and constraining their lifetimes (Williams & McKee 1997; Hopkins et al. 2012; Chevance et al. 2023). The internal structure of MCs is often hierarchically classified according to their size and mass. GMCs are the largest molecular gas structures in the galaxy, and they form the denser molecular ISM in the Galaxy (Blitz 1993; Rosolowsky et al. 2021; Chevance et al. 2023). Cores are gas structures with sizes of around 0.1 pc or less (Ballesteros-Paredes et al. 2020). Some dense cores accrete gas and become massive enough to collapse under self-gravity (Offner et al. 2022), leading to the formation of stars.
New observational capabilities, in particular the high angular resolution combined with high sensitivity afforded by the Atacama Large Millimeter/submillimeter Array (ALMA), have led to observations of large samples of cores in the Galaxy (Kramer et al. 2024; Nony et al. 2023; Olmi et al. 2023), but how stellar feedback affects them is still not well understood. Simulations allow us to probe sub-core spatial scales and investigate how feedback operates on cores and shapes their properties (Offner & Chaban 2017).
In this study we examined the effect of outflows, winds, and supernovae on cores based on a STARFORGE (STAR FORmation in Gaseous Environments) simulation of a GMC that resolves the formation of individual stars and follows the star formation process until it is self-consistently halted by stellar feedback. We explored how different feedback mechanisms influence the physical properties of cores (i.e. the radius, mass, velocity dispersion, and virial parameter). Section 2 describes the STARFORGE simulation that we analysed. We performed a dendrogram analysis on the simulation snapshots to obtain the ‘cores’. We discuss this analysis along with the methods for obtaining the core properties in Sect. 3. We present and discuss the effects of the three feedback mechanisms on the core properties in Sect. 4, where we also address the well-known scaling relations from the star formation literature. Finally, we summarise our findings in Sect. 5.
2 STARFORGE
The STARFORGE1 simulations are 3D radiation magnetohydrodynamic simulations that follow the life of GMCs with a typical maximum spatial resolution of (~10 AU). The framework is implemented in the GIZMO code (Hopkins 2015), which employs a Lagrangian mesh-less finite-mass method to solve the magnetohydrodynamic equations (Hopkins & Raives 2016). The simulations follow the formation, accretion, evolution, and dynamics of individual stars in a GMC and include all feedback mechanisms: jets, radiation, stellar winds, and supernovae. A detailed description of the numerical methods and relevant tests can be found in Grudić et al. (2021).
Jets, stellar winds, and supernovae are introduced as mass injection events in the simulations. The mass is injected from star particles into the simulation domain by two processes: local injection and cell spawning. Local injection refers to the weighted distribution of fluxes (mass, momentum, energy) to neighbouring cells. This method is used for photon injection and to propagate stellar winds when the free-expansion radius is unresolved. Cell-spawning refers to the process of creating new finite-mass gas cells at a certain rate, directly resolving the flow of feedback around the star. This is performed for protostellar jets and for winds when the free-expansion radius can be resolved at the given mass resolution.
In STARFORGE, protostellar outflows are modelled based on the prescription in Cunningham et al. (2011), using three parameters: (i) the fraction of mass accreted by the disc that is diverted to the jet (fw = 30%), (ii) the fraction of Keplerian velocity (vjet) at the protostellar radius, and (iii) the collimation angle θ0 , which sets the angular distribution of the injected jet and outflow momentum. Main-sequence stars with mass M > 2 M⊙ generate stellar winds with a mass loss rate and wind velocity given by Eqs. (44) and (45) in Grudić et al. (2021). All stars with mass M > 8 M⊙ are modelled to end as supernova at the end of their lifetimes (following Eq. (47) in Grudić et al. 2021).A detailed description of how the feedback mechanisms are modelled in STARFORGE is given in Sect. 4 of Grudić et al. (2021).
In this work we analysed the fiducial M2e4 simulation described in Table 1 of Guszejnov et al. (2022). This particular suite of simulations follows the evolution of an initially spherical cloud of 2 × 104 M⊙ with an initial radius (Rcloud) of 10 pc, discretised with a mass resolution of δm = 10−3 M⊙. The simulation contains 454 snapshots with an equal spacing of 24.7 kyr. The initial uniform magnetic field is in the [image: equation] direction and corresponds to a mass-to-magnetic flux ratio (µ) of 4.2. The cloud is initialised with a Gaussian random velocity field scaled for an initial virial parameter α = 2. The first stars form and launch protostellar outflows at 0.8 Myr. The first massive stars join the main-sequence star and begin producing stellar winds at 3.6 Myr. It is important to note that winds and radiation halt star formation before the first supernova occurs at 9.8 Myr (Grudić et al. 2022; Guszejnov et al. 2022).
The STARFORGE simulation tracks gas originating from jets (protostellar outflows), stellar winds, and supernovae using tracer fields. We refer to the mass of the feedback material contained in a cell relative to the mass of the non-feedback gas in the same cell as the ‘feedback fraction’. We defined the gas associated with a particular feedback process as ‘feedback gas’. We used the outflow, wind, and supernova feedback fractions as a measure of how much a particular type of feedback has affected a core; for example, the cores in low-feedback bins have less influence from feedback mechanisms compared to those in high- feedback bins. However, it is important to note that the feedback fractions track only the mass of the gas launched by the different feedback mechanisms. Thus, we miss regions, such as shocks produced by photoionisation, that are influenced by radiative feedback, which does not inject mass. STARFORGE implements feedback by injecting new cells (see Grudić et al. 2021, for details). The different feedback fractions are not directly comparable to each other, because the mass fraction does not fully encapsulate the relative significance of the feedback as it does not reflect velocity information. Thus, we binned the cores based on these feedback fractions (Sect. 3.3). These bins indicate how much a feedback has influenced a core and are therefore a better tool for comparing the influence of different feedback mechanisms on cores. For example, cores in high outflow bins are the ones most affected by outflows, and cores in high-wind bins are the ones most affected by winds. We therefore compared these cores most affected and least affected by different feedback mechanisms using feedback bins.
3 Methodology
3.1 Dendrograms and cores
We used a dendrogram analysis (e.g. Rosolowsky et al. 2008) to identify the cores. Dendrograms are widely used to decompose molecular emission distributions into discrete structures such as clouds, clumps, and cores in simulations (Smullen et al. 2020; Offner et al. 2022, and references therein) and observations (Seo et al. 2015; Friesen et al. 2016; Keown et al. 2017; Colombo et al. 2019; Duarte-Cabral et al. 2021; O’Neill et al. 2021). In our case, the dendrogram is an abstraction of the hierarchical structure of the simulated MC gas density. In essence, a dendrogram describes how isosurfaces (or 3D contours) are nested within each other in the position-position-position dat- acube. Dendrograms are composed of three classes of structures: trunks, branches, and leaves. Leaves are 3D structures formed by single local maxima in the molecular gas distribution. The local maxima are identified through a nearest neighbour search. Here, we did not flatten the simulation data to a grid but instead used the SciPy KDTREE method within the dendrogram algorithm to identify the six closest neighbours to each cell. This allowed us to construct the dendrogram using the native simulation resolution. We defined the cores as the leaves of the dendrogram structure.
We adopted dendrogram parameters informed by the properties of typical observed cores, which are estimated to have densities ≥104 and sizes of ~0.1 pc. In the implementation of the dendrogram algorithm used here (ASTRODENDRO), leaves must contain more than a minimum number of volumetric pix- els2 (min_npix). In addition, min_value is the minimum value considered in the dataset when constructing the dendrogram, and min_delta sets the significance level at which a leaf is considered to be an independent structure3. We set min_npix to 100, min_value to an H2 number density of 104 cm−3 and min_delta to 104 cm−3, following Offner et al. (2022). The min_npix = 100 corresponds to a minimum leaf mass of 0.1 M⊙, which is comparable to the completeness limits of the core surveys (e.g. Sokol et al. 2019). The chosen peak threshold filters out low-density structures that would otherwise not be identified as cores in the observational data (Chen et al. 2019). While GIZMO estimates the fraction of mass in each cell that is ionised, neutral, and molecular, we made no explicit assumption about the phase or temperature of the gas at these densities. All gas in a given cell that satisfies the density threshold was included in the analysis.
We aimed to identify the causation between the core properties and the presence of feedback, and not just the correlation. For example, if a structure with a significant amount of directly launched outflow material is included in the core identification, such a core will naturally tend to have a higher velocity dispersion, even if most of the core is largely unaffected. We instead aimed to explore the properties of cores affected by the feedback as seen through molecular line observations, for example by excluding hot outflow and wind material that is traced by the atomic and ionised gas. Our cores mostly contain gas that is traced by various molecular lines such as 12CO, 13CO, C18 O, and NH3 , where the relatively dense and cold ISM varies in feedback influence. To exclude raw (recently injected) feedback material, we mask any pure feedback cells that, by construction, have masses below the fiducial gas mass resolution of 10−3 M⊙ (see Grudić et al. 2021). Some feedback gas may otherwise be included by the above density threshold criterion, since the outflow material launched by the protostar sub-grid model is often directly injected into the relatively dense core environment. Moreover, if we include these pure feedback cells when constructing leaves, we retrieve some cores with a mass less than 0.1 M⊙, below typical observational completeness limits. Our dendrogram parameter min_n pi x acts as a minimum mass threshold of min_npix × ∆m, given ∆m ≥ 10−3 M⊙. Consequently, our dendrogram structures include only well-mixed feedback material, which has already interacted (merged) with the surrounding envelope, similar to observational expectations.
3.2 Core properties
We used the properties of simulation cells grouped as a leaf by dendrogram analysis to obtain four independent properties of the cores4: the radius, velocity dispersion, mass, and virial parameter.
We defined the core radius as
[image: equation](1)
where [image: equation] and di = ipeak5 − icell (i = x,y, z).
The radius (Eq. (1)) was obtained by assuming the cores to be spherical and using the moment of inertia relation for a sphere. We defined the 1D velocity dispersion for each leaf as
[image: equation](2)
where [image: equation] represent the cell velocities in the x, y, z directions. We defined the core mass as the sum of the molecular gas mass of the leaf cells, where we used the neutral hydrogen abundance (fneutral) and the molecular mass fraction (fmol) to determine the amount of molecular material in each cell:
[image: equation](3)
This mass is comparable to the total gas mass in the cells, since most of the identified cores are composed of predominantly cold and molecular gas.
The core virial parameter αvir is the ratio of the kinetic energy to the potential energy. We defined the core kinetic energy as
[image: equation](4)
The potential energy was obtained using the gravitational potential calculation function6 (Grudić & Gurvich 2021).
We used the feedback fractions of the cells, [image: equation], [image: equation], and [image: equation] , to calculate the gas mass affected by each type of feedback for each cell (mcell,o, mcell,w and mcell,s). The sum of these masses for the leaf cells gives the total feedback mass for the core.
The difference between the core mass and the mass affected by different feedback gives the non-feedback core mass. The ratio of the core feedback mass to the non-feedback mass gives the respective feedback fractions ( fo, fw, and fs) for the cores:
[image: equation](5)
where x, y, z = {o, w, s} corresponds to outflows, winds, and supernovae, respectively.
Table 1 
25th and 75th percentile values of the feedback fraction distributions.

3.3 Outflow, wind, and supernova bins
Based on the outflow, wind, and supernova feedback fractions, fo, fw, and fs, we binned the cores (Fig. 1) and analysed their properties. The ‘no feedback’ bin contains pristine cores that have zero feedback ( fo= 0, fw = 0 and fs = 0). This bin remains the same for outflow, wind, supernova, and global feedback. The other three bins are based on the percentile cuts of the respective feedback fractions (Table 1). The ‘low’ feedback bin contains cores containing 0–25% percentile feedback gas, the ‘moderate’ feedback bins contain cores with 25–75% percentile feedback gas and the ‘high’ feedback bins contain cores with >75% percentile feedback gas. These bins differ for outflows, winds, and supernovae as they are calculated using the percentile cuts on fo, fw , and fs , respectively. We placed an additional constraint on the cores in each bin to ensure that the respective feedback is the most prominent. For example, the low-outflow bin contains only cores with fw = fs = 0. The moderate outflow bin has cores with fw < 25% and fs < 25%. The high outflow bin contains only cores that have fw < 75% and fs < 75%. The wind and supernova bins follow the same criterion; for example, the low-wind bin contains only cores with fo = fs = 0. This definition ensures that trends in the properties associated with a particular bin are likely the result of the respective feedback. For example, since the high-outflow bin does not have any cores with high winds and high supernovae, we can assume that the general trends in the property distributions (e.g. high velocity dispersion) of cores in these bins are a result of outflows.
3.4 Global feedback bins
We defined global feedback bins to study the combined effects of the three types of feedback. This ensured that our results can be compared with observational data, for which it is not possible to discriminate between the effects of the different mechanisms. The ‘no global’ bin is identical to the ‘no feedback’ bin. The other three bins are based on combinations of the outflow, wind, and supernova bins. The ‘low global’ bin contains cores that belong to at least two ‘low-feedback’ bins (e.g. low outflow and low wind), with the third feedback (supernova, in this case) being empty. For example, all the cores that have 0 < fo < 25%, 0 < fw < 25% and fs = 0 belong to this bin. Similarly, cores with low wind, low supernova, and no outflows also belong to the low global bin. The cores in the ‘moderate global’ bins must belong to at least two moderate-feedback bins, the third feedback being < 25%. The ‘high global’ bin contains cores that are in at least two high bins, the third feedback being < 75%. The binning helps us combine the cores most affected by feedback and least affected by feedback.
	[image: thumbnail]	Fig. 1 Histogram of the outflow (top), wind (middle), and supernova (bottom) feedback fractions. We mark the 25th percentile and the 75th percentile limits for the feedback fractions.



4 Results
Figure 2 shows the structure of the cores as contours of the dendrogram leaves (cores) plotted on top of the GMC from which they were derived, for four different snapshots. The grey scale represents the projected H2 density for the GMC. The contour colours represent the cores based on the global feedback bins (Sect. 3.4). We also visualised the changes in the properties of the cores by plotting them as spheres with their radius as the various properties (Fig. 3). By analysing the cores from multiple snapshots, we also followed the evolution of the simulated GMC to understand the effects of the evolutionary stage of the GMC on the core properties. Figure 2 shows the spherical GMC (top left) that appears to contract under self-gravity (top right) to form dense structures that lead to the formation of protostars. The GMC further evolves to have main-sequence stars (Fig. 2, bottom left) with stellar winds, which, along with other feedback mechanisms, leads to a more scattered configuration of the cores. Figure 2 (bottom right) shows the GMC in which star formation has halted and supernova explosions have started. Here, most of the molecular gas is dispersed by the various feedback mechanisms.
Most of the cores appear to be elongated filamentary structures (Fig. 2). These are projected images of the GMC and 3D plots might reveal different shapes for cores. However, it is beyond the scope of this paper. Figure 3 shows that most of the cores at later times belong to moderate- and high-feedback bins and have high velocity dispersions and virial parameters. This agrees with the results of Xu et al. (2020a) that the outflows driven by older sources have a higher velocity dispersion. Moreover, stellar winds and supernova feedback, which start at later snapshots, also contribute to these velocity dispersion values. The moderate and high-feedback bins also contain a few massive cores. These are bound cores with low-velocity dispersions that are likely sites for star formation. The cores in the later snapshots appear more dispersed and separated. This is a result of the evolution and expansion of the GMC as seen in Fig. 2.
	[image: thumbnail]	Fig. 2 Visual representation of cores in four different snapshots that correspond to 0.4 Myr (top left), 4.9 Myr (top right), 7.5 Myr (bottom left), and 9.9 Myr (bottom right) after the start of the simulation. The grey background shows the GMC (H2 density) projected along the z axis. The contours represent the cores in different global feedback bins (Sect. 3.4).



4.1 Core properties versus mechanical feedback
In this section we compare the properties of the cores with the feedback fractions of protostellar outflow, stellar wind, and supernova. The distribution of core properties with feedback fractions < 10−15 (∼10%) is similar to the property distribution with feedback fractions around 10−15 . While the feedback fraction is captured down to machine precision, there is little change in the core properties, and the cores that have very low feedback fractions are not noticeably affected by the feedback. The turbulent eddy mixing model implemented in GIZMO rapidly distributes the feedback gas throughout the domain as soon as feedback processes are initiated. Therefore, we truncate Fig. 4 to 10−15 to focus on the trends associated with the higher feedback fractions. The cores in the very late snapshots do not have the highest feedback fractions. This suggests that the feedback is not entirely cumulative. These later timescales represent the epoch when star formation has nearly halted, so the rate of feedback injection from new stars is significantly reduced (star formation history of the simulated GMC; Guszejnov et al. 2022, as shown in their Fig. 2).
Figure 4 shows an increase in the extreme values of the core radius7 with the feedback fraction for both protostellar outflows and stellar winds. We find two competing effects. The cores with the largest radii belong to the late-time snapshots, where a supernova explosion has already occurred. The increase in the core radii is most likely due to the momentum injected by the various feedback mechanisms. Due to the injected momentum, there could be expansion, rotation and shear motions in the cores, which increase their size. Figure 2 shows most cores as elongated or irregular structures rather than spheres. At the same time, feedback also compresses the cores and disperses the molecular gas, producing smaller cores. The smaller high-feedback cores could also be due to the evolving conditions in the cloud as the GMC collapses, which produces smaller cores while simultaneously increasing the number of stars and the amount of stellar feedback, which leads to higher feedback fractions in the cores. Despite the presence of large cores with high feedback, our overall analysis shows that outflows and winds lead to a decrease in the average core radius.
The cores with the largest velocity dispersions are in regions with significant stellar feedback. Figure 4 shows a gradual increase in the average velocity dispersion of the cores as the feedback increases, and a rapid increase in the cores with high feedback fractions. The increase in velocity dispersion for cores with high feedback is likely due to the momentum injected by the feedback mechanisms (Offner & Chaban 2017). The most turbulent and least turbulent cores have high wind feedback fractions (ƒw; Fig. 4; central plot in the second row). The cores with small velocity dispersions belong to the evolved GMC where star formation has halted and the amount of gas from stellar winds is lower compared to the peak star formation phase.
The third row of panels in Fig. 4 shows that the average mass distribution is generally constant and only decreases at high feedback fractions (ƒo, ƒw, and ƒs). The decrease in mass at high feedback fractions might be the result of feedback destroying cores and splitting them into less massive cores. However, the most massive cores have relatively high feedback fractions and belong to late-time snapshots. These cores are most likely the result of winds and supernova compressing the gas.
The bottom row of Fig. 4 shows a gradual increase in the average virial parameter with increasing feedback fraction, with a strong increase at the highest feedback fractions. It is clear that this is driven by higher velocity dispersions, as the core mass and radius do not change significantly.
	[image: thumbnail]	Fig. 3 Distribution of cores in different snapshots along with their properties in various global feedback bins. The positions of the cores represent their locations in the simulation box. The cores are are assumed to be circular, and the core properties (Sect. 3) are scaled with the size of these circles. First row: Radius of the core. Second and third rows: Velocity dispersion and mass of the cores, respectively. Bottom row: Virial parameter. The colours represent the time elapsed (in Myr) since the start of the simulation.



	[image: thumbnail]	Fig. 4 Core properties versus feedback fraction from outflows (left), winds (centre), and supernovae (right). The rows represent the radius of the core, the velocity dispersion, the mass, and the virial parameter, respectively. The orange filled area represents the average distribution of all cores, obtained by binning over the feedback fractions to get the 25th and 75th percentiles. The point colours indicate the simulation time when the core is identified, as time elapsed in Myr.



4.2 Violin plots
In this section we use double violin plots (Fig. 5) to visualise the distributions of core properties in the various feedback bins defined in Sects. 3.3 and 3.4. Binning the data using percentiles based on the feedback fraction allows us to study the changes in the properties for the cores that are actually influenced by stellar feedback. The low wind, low supernova, and moderate supernova bins contain almost no cores (Table 2) and are therefore not included in the violin plots. We used the Wasserstein distance (Appendix A) to statistically compare the different distributions.
Figure 5 shows a decrease in the average radius and mass from the no-feedback bin to the low-global feedback bin. However, the radius (Fig. 4) shows only a slight change from low to high-global feedback. The mass distributions show negligible changes over the feedback bins. The cores in the low global bin are most likely the star-forming cores that are gravitationally collapsing and therefore are smaller (Fig. 2). This suggests that the main impact of the feedback occurs via turbulence driving or energy injection. The lower average values of radius in the outflow bins compared to the respective wind and supernova bins point to the disruptive effects of these mechanisms on the cores (Fuente et al. 2002; Maret et al. 2009; Narayanan et al. 2012). However, flows that play a very important role in core dispersal may not be the main factor in GMC disruption (Maret et al. 2009; Guszejnov et al. 2022). The nearly constant radius and mass over the wind bins suggest that stellar winds do not affect the radius of the cores as strongly as other mechanisms or that the expansion of the cores due to stellar winds might be suppressed due to the dissipation of gas by the various feedback mechanisms (including winds themselves; e.g. Pabst et al. 2019). The high supernova bin shows an average mass and radius higher than any other bins, including the pristine cores (grey violins in Fig. 5) and the total core distribution (blue violins in Fig. 5). These cores are likely due to gas compression along the shock front of the supernova explosion, leading to elongated massive structures.
The lower panels of Figure 5 show the velocity dispersion and virial parameter distributions, which both monotonically increase from no- to high-feedback bins. The increase in core velocity dispersion from low- to high-feedback bins for all feedback mechanisms (Fig. 5) is consistent with the standard picture of momentum and energy injection via stellar feedback (Arce et al. 2007; Offner & Chaban 2017; Offner & Liu 2018; Bieri et al. 2023; Geen et al. 2023). Observations of MCs have also revealed an increase in the linewidths of structures in feedback-dominated regions (Wong et al. 2022; Grishunin et al. 2024). The low-outflow bin velocity dispersion distribution is significantly different from the distribution in the low-global feedback bin. This difference becomes smaller in the moderate and high-feedback bins. This large increase in velocity dispersion is likely a result of outflows injecting significant momentum and energy, thereby becoming a major source of turbulence in the cores (Zhang et al. 2005; Arce et al. 2007; Offner & Chaban 2017; Davis et al. 2008; Duarte-Cabral et al. 2012; Bally 2016; Verliat et al. 2022). In comparison to outflows, stellar winds appear to have less influence on velocity dispersion, which increases less in cores dominated by wind feedback (Sect. 4.2). Although the total integrated wind energy injection may be higher in GMCs like the one we model (Grudić et al. 2022), the wind energy and momentum are injected at later times by massive stars into lower-density gas, occurring after much of the dense core envelope has already been accreted or dispersed. Previous studies also show that winds deposit energy and momentum locally (Fichtner et al. 2022) but do not offset global turbulence in a MC (Offner & Arce 2015; Guszejnov et al. 2022).
Figure 5 (bottom right) shows that the core virial parameters span three orders of magnitude. Although the typical core is close to virial equilibrium, many cores have significantly higher virial parameters. The large spread in Fig. 5 (bottom right) is not unexpected, since we did not require boundedness for core identification and since many of the identified cores likely do not go on to form stars (e.g. Offner et al. 2022). We expect that a larger fraction of cores will appear bound for choices of higher min_value. However, these results are not inconsistent with what we find for observed cores and clumps, which exhibit a broad range of virial parameters ranging from 0.03 to a few hundred (Kauffmann et al. 2013). Here, the cores with high virial parameters could be pressure-dominated structures such as low-density thermal cores (Lada et al. 2008), droplets (Chen et al. 2019), or overdensities in shocked regions.
	[image: thumbnail]	Fig. 5 Distributions of the core radius (top left), mass (top right), velocity dispersion (bottom left), and virial parameter (bottom right) in the different feedback bins. The split violin plot presents the total distribution (blue) and the distribution of cores in the global feedback bins (grey) for each axis. The colours representing the outflow, wind, and supernova bins are marked in the legends. The dashed lines represent the medians of the different distributions. Violin plots present the density of the data at different values, which were smoothed using the kernel density estimator.



Table 2 
Number of cores in each feedback bin.

Table 3 
Larson relation: slopes and widths of the PCA ellipse.

Table 4 
Heyer relation: slopes and widths of the PCA ellipse.

Table 5 
Size-mass relation: slopes and widths of the PCA ellipse.

4.3 Scaling relations
In this section we analyse the correlations between the core properties for various feedback bins and compare them to three scaling relations from the star formation literature. The core distributions in scaling relation plots are shown with 1-sigma kernel density estimators8. We also used principal component analysis (PCA), following Colombo et al. (2019) and Neralwar et al. (2022), to obtain the slopes of the distributions and their scatter.
Principal component analysis constructs the covariance matrix between the two core properties and calculates the eigenvectors of the matrix. The inclination of the largest eigenvector (major axis of the PCA ellipse) with respect to the x-axis gives the slope of the distribution. The eigenvector perpendicular to the major axis is a measure of the scatter in the data. The errors on slopes and scatter (Tables 3–5) were obtained using the bootstrap technique, where 1000 new samples are generated from the main sample by drawing with replacement. The slopes and widths in the table represent the respective mean values of the bootstrapped samples. σslope and σwidth provide the errors on the slopes and widths, respectively; calculated as the standard deviation of the respective values on the bootstrapped samples. While scaling relations have been measured extensively in observations of MCs, here we studied cores in simulations. Moreover, we obtained the properties of the cores using methods different from those that observers generally use. Observed structures, particularly those defined in optically thick molecular line tracers like 12CO and 13CO, are subject to projection and opacity effects that may significantly impact inferred masses, velocity dispersions and virial parameters (Beaumont et al. 2013; Mairs et al. 2014). We caution the reader that this may lead to discrepancies in the slopes for the different distributions.
Larson’s size-linewidth relation σv = 1.10 L0.38 has been used to study and constrain the fundamental properties of MCs for the past 40 years (Larson 1981). It was obtained by studying MCs of sizes ranging from sub-parsec scales to ~ 100 pc. Observations of dense cores (Myers 1983), and MCs (Solomon et al. 1987) suggest a slope of 0.5, which is consistent with the latest observations (e.g. Colombo et al. 2019; Neralwar et al. 2022).
Figure 6 presents Larson’s law for cores in different feedback bins. A general observation is that the cores in each bin follow Kolmogorov’s turbulence law: larger cores have a higher velocity dispersion. All sets of cores follow the expected observational trend; however, the cores in the higher-feedback bins have a higher velocity dispersion compared to the similar-sized cores in the lower-feedback bins. In addition, the cores in the no-feedback bin show a tighter correlation (Table 3).
Figure 6 (top right) shows a shift in the distribution from no- to low-outflow bins towards smaller cores with low-velocity dispersions. These low-outflow cores are detected in the early stages of GMC evolution, when denser structures are still forming, and parts of the GMC are collapsing under self-gravity. The moderate- and high-outflow bins represent a distribution of cores with strong outflows leading to gas dispersal and high-velocity dispersion. The distribution of high supernova feedback cores (Fig. 6; bottom right) contains some of the largest cores in the simulation, which is likely due to the momentum from the supernova leading to core expansion and/or elongation. Many of these cores are identified in the large, high-velocity shell of entrained gas created by the supernova shock. However, the cores with the highest velocity dispersion are present in the high-outflow and high-wind bins rather than the high-supernova bin. This suggests that a supernova may be less efficient in driving the turbulence within the dense gas. This agrees with the notion that outflows and winds deposit energy more locally, directly into the dense gas where the stars are forming.
The Heyer relation (Heyer et al. 2009) [image: equation] compares the surface density of structures with their scaling parameter (radius and velocity dispersion). Figure 7 shows that the cores impacted by any type of feedback have higher typical surface densities compared to the pristine cores. This is consistent with significant feedback injection occurring while stars are still embedded. Supernova and stellar wind feedback may also compress gas, leading to higher densities. The cores in low- and moderate-outflow bins have a higher surface mass density but comparable virial parameters to pristine cores. The collapse of the GMC under self-gravity in early times with low feedback leads to these dense bound cores. The structures in higher-feedback bins have higher virial parameters (i.e. are more unbound). As shown in Sect. 4.2, this is largely because stellar feedback increases velocity dispersion in these cores.
Our cores have relatively low surface mass densities compared to dense cores found in observations (Ballesteros-Paredes et al. 2020). However, our surface densities are not obtained in a fashion similar to those obtained by observations. We calculated the mass and the area of the cores based on their actual 3D structure and not the ppv cubes used in observational studies that provide only the projected images of clouds. Since we identified cores using the 3D density field, our estimated cores are free from projection effects and line-of-sight contaminations (Beaumont et al. 2013). Moreover, we analysed the total gas distribution, unlike most observational results on GMCs. Observations are often based on detection using molecular tracers (e.g. 12CO and 13CO) and dust emission, but do not probe the most diffuse molecular gas (Duarte-Cabral & Dobbs 2016).
Figure 8 compares the mass and size of the cores. We observe trends similar to the above scaling relations, with stellar feedback leading to smaller cores. This effect is most distinct for outflows. However, the differences in various distributions are not as significant as in other scaling relations. The similar average mass and radius of the cores indicate that core selection is stable despite environmental variations, and the differences in distributions are due to stellar feedback. The slopes of our mass-size ellipses are ~ 1–1.5 (Table 5). They are different from the slopes of the dense cores observed in the Galaxy, which are typically ~2 or higher (Lada et al. 2008).
	[image: thumbnail]	Fig. 6 Size-linewidth relation (σv versus R) for cores in different feedback bins. Top left: Distribution in the four global feedback bins. Top right: distributions in the outflow bins. Lower left and lower right: wind and supernova bins, respectively. The dashed lines represent Larson’s first relation (slope of 0.5; Larson 1981; Solomon & Wickramasinghe 1969) for different surface mass densities (units of M⊙ pc−2) for virialised structures (αvir = 1). The different colours represent the distribution of cores in the various feedback bins, as noted in the legend.



	[image: thumbnail]	Fig. 7 Scaling relation between [image: equation] and the gas surface density (Σ) for the cores in different outflow bins. The dashed lines are isocontours of virial parameters. The symbols and conventions are the same as in Fig. 6.



	[image: thumbnail]	Fig. 8 Scaling relation between mass and size (M versus R) of cores in the outflow bins. The dashed lines represent the constant surface mass densities (in M⊙ pc−2). The symbols and conventions are the same as in Fig. 6.



5 Summary and conclusions
In this paper we have explored the effects of different stellar feedback mechanisms on molecular cores. We performed a dendrogram analysis on the gas density modelled in a 20 000 M⊙ STARFORGE simulation. We then analysed the properties of the dendrogram leaves or cores to understand how these structures are affected by protostellar outflows, stellar winds, and supernovae.
Our main conclusions are the following:

	Cores strongly affected by feedback have a higher velocity dispersion on average than cores with less feedback, especially when comparing similar-sized structures. This is observed for all three types of feedback mechanisms. We attribute this to the injection of momentum into the dense gas via these feedback mechanisms;


	Cores influenced by feedback tend to be smaller and denser on average compared to the pristine (no-feedback bin) cores. This could be the result of compression of the molecular gas as a result of stellar feedback or because these cores are more evolved and are gravitationally collapsing. There is no significant change in the radius of the cores from low- to high-feedback bins; however, the high-supernova bin has the largest cores on average;


	Feedback does not significantly affect the core mass. The slight changes in the mass distributions that occur for different amounts of feedback follow the same trends as for the core radius;


	The amount of feedback influence correlates with the virial parameter: cores that are characterised by the presence of more feedback are more gravitationally unbound. We see this trend for all types of feedback;


	The scaling relations suggest a scenario in which outflow and wind feedback leads to smaller cores, whereas supernova feedback tends to increase the core size. Outflows likely disperse molecular gas, whereas winds compress the cores and disperse the gas. The shocks produced by the supernova explosion lead to large cores;


	The cores with less feedback adhere more closely to the traditional star formation scaling relations (e.g. Larson’s laws), as evidenced by their reduced scatter.
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Appendix A  Wasserstein distance
The Wasserstein distance is a similarity metric between two probability distributions. It can be understood as the cost of transport or the work done while converting one distribution to another in the optimal way possible. It is also called the Earth mover’s distance. We used the SciPy implementation9 of the Wasserstein distance to calculate the difference (drift) between the distributions of properties in the various feedback bins and report them in the following tables. The drift represents the level of dissimilarity between two distributions and can vary between zero and infinity. We considered two distributions to be dissimilar if they have a drift > 0.1. It is important to note that the Wasserstein distance is only useful for comparing the same properties, for example the core radius in different bins. Therefore, the drifts obtained for different properties should not be compared directly.
Table A.1 
Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the global feedback bins obtained using the Wasserstein distance.

Table A.2 
Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the low-feedback bins obtained using the Wasserstein distance.

Table A.3 
Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the moderate-feedback bins obtained using the Wasserstein distance.

Table A.4 
Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the high-feedback bins obtained using the Wasserstein distance.

Table A.5 
Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the global feedback bins obtained using the Wasserstein distance.

Table A.6 
Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the low-feedback bins obtained using the Wasserstein distance.

Table A.7 
Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the moderate-feedback bins obtained using the Wasserstein distance.

Table A.8 
Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the high-feedback bins obtained using the Wasserstein distance.
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1 https://users.flatironinstitute.org/~mgrudic/starforge/


2 Gas cells in STARFORGE.


3 A detailed description of these dendrogram variables can be found here: https://dendrograms.readthedocs.io/en/stable/using.html


4 We use the terms leaf and core interchangeably throughout the paper. Hereafter, we refer to cells that belong to a particular leaf of the dendrogram as ‘leaf cells’.


5 The leaf peak cell (ipeak) refers to the cell in the leaf with the maximum density as determined by the dendrogram.


6 https://github.com/mikegrudic/pytreegrav/blob/aa88a552206d22c194d0cdc3399c4b5d256c0990/src/pytreegrav/frontend.py#L68


7 Core radii are calculated with an assumption that the cores are spherical; however, most of our cores appear to be filamentary. Thus, an elongated core also leads to a large effective core radius.


8 We used the seaborn kernel density estimator plots https://seaborn.pydata.org/generated/seaborn.kdeplot.html with level = 0.0027, which corresponds to 1-sigma contours.
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	[image: thumbnail]	Fig. 1 Histogram of the outflow (top), wind (middle), and supernova (bottom) feedback fractions. We mark the 25th percentile and the 75th percentile limits for the feedback fractions.
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	[image: thumbnail]	Fig. 2 Visual representation of cores in four different snapshots that correspond to 0.4 Myr (top left), 4.9 Myr (top right), 7.5 Myr (bottom left), and 9.9 Myr (bottom right) after the start of the simulation. The grey background shows the GMC (H2 density) projected along the z axis. The contours represent the cores in different global feedback bins (Sect. 3.4).
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	[image: thumbnail]	Fig. 3 Distribution of cores in different snapshots along with their properties in various global feedback bins. The positions of the cores represent their locations in the simulation box. The cores are are assumed to be circular, and the core properties (Sect. 3) are scaled with the size of these circles. First row: Radius of the core. Second and third rows: Velocity dispersion and mass of the cores, respectively. Bottom row: Virial parameter. The colours represent the time elapsed (in Myr) since the start of the simulation.
In the text



	[image: thumbnail]	Fig. 4 Core properties versus feedback fraction from outflows (left), winds (centre), and supernovae (right). The rows represent the radius of the core, the velocity dispersion, the mass, and the virial parameter, respectively. The orange filled area represents the average distribution of all cores, obtained by binning over the feedback fractions to get the 25th and 75th percentiles. The point colours indicate the simulation time when the core is identified, as time elapsed in Myr.
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	[image: thumbnail]	Fig. 5 Distributions of the core radius (top left), mass (top right), velocity dispersion (bottom left), and virial parameter (bottom right) in the different feedback bins. The split violin plot presents the total distribution (blue) and the distribution of cores in the global feedback bins (grey) for each axis. The colours representing the outflow, wind, and supernova bins are marked in the legends. The dashed lines represent the medians of the different distributions. Violin plots present the density of the data at different values, which were smoothed using the kernel density estimator.
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	[image: thumbnail]	Fig. 6 Size-linewidth relation (σv versus R) for cores in different feedback bins. Top left: Distribution in the four global feedback bins. Top right: distributions in the outflow bins. Lower left and lower right: wind and supernova bins, respectively. The dashed lines represent Larson’s first relation (slope of 0.5; Larson 1981; Solomon & Wickramasinghe 1969) for different surface mass densities (units of M⊙ pc−2) for virialised structures (αvir = 1). The different colours represent the distribution of cores in the various feedback bins, as noted in the legend.
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	[image: thumbnail]	Fig. 7 Scaling relation between [image: equation] and the gas surface density (Σ) for the cores in different outflow bins. The dashed lines are isocontours of virial parameters. The symbols and conventions are the same as in Fig. 6.
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	[image: thumbnail]	Fig. 8 Scaling relation between mass and size (M versus R) of cores in the outflow bins. The dashed lines represent the constant surface mass densities (in M⊙ pc−2). The symbols and conventions are the same as in Fig. 6.
In the text





    
      Table 1 

      25th and 75th percentile values of the feedback fraction distributions.

      
        


	Feedback
	25% pth
	75% pth





	Outflow
	1.1e-03
	2.7e-02



	Wind
	7.1e-10
	3.8e-06



	Supernova
	1.1e-11
	2.6e-06





      

      
Notes. We use these values to define the feedback bins in Sect. 3.3.
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        Histogram of the outflow (top), wind (middle), and supernova (bottom) feedback fractions. We mark the 25th percentile and the 75th percentile limits for the feedback fractions.
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        Visual representation of cores in four different snapshots that correspond to 0.4 Myr (top left), 4.9 Myr (top right), 7.5 Myr (bottom left), and 9.9 Myr (bottom right) after the start of the simulation. The grey background shows the GMC (H2 density) projected along the z axis. The contours represent the cores in different global feedback bins (Sect. 3.4).

      

    

  
    
      Fig. 3 

      
        [image: thumbnail]
      

      
        Distribution of cores in different snapshots along with their properties in various global feedback bins. The positions of the cores represent their locations in the simulation box. The cores are are assumed to be circular, and the core properties (Sect. 3) are scaled with the size of these circles. First row: Radius of the core. Second and third rows: Velocity dispersion and mass of the cores, respectively. Bottom row: Virial parameter. The colours represent the time elapsed (in Myr) since the start of the simulation.

      

    

  
    
      Fig. 4 

      
        [image: thumbnail]
      

      
        Core properties versus feedback fraction from outflows (left), winds (centre), and supernovae (right). The rows represent the radius of the core, the velocity dispersion, the mass, and the virial parameter, respectively. The orange filled area represents the average distribution of all cores, obtained by binning over the feedback fractions to get the 25th and 75th percentiles. The point colours indicate the simulation time when the core is identified, as time elapsed in Myr.

      

    

  
    
      Fig. 5 

      
        [image: thumbnail]
      

      
        Distributions of the core radius (top left), mass (top right), velocity dispersion (bottom left), and virial parameter (bottom right) in the different feedback bins. The split violin plot presents the total distribution (blue) and the distribution of cores in the global feedback bins (grey) for each axis. The colours representing the outflow, wind, and supernova bins are marked in the legends. The dashed lines represent the medians of the different distributions. Violin plots present the density of the data at different values, which were smoothed using the kernel density estimator.

      

    

  
    
      Table 2 

      Number of cores in each feedback bin.

      
        


	Feedback
	Low
	Moderate
	High





	Global
	16 994
	83 506
	46 358



	Outflow
	65 752
	75 297
	41 751



	Wind
	0
	53 26
	15 149



	Supernova
	0
	1
	779





      

      
Notes. We obtain 391 261 cores through the dendrogram analysis, of which 388 958 are distributed in the various feedback bins. The no-feedback bin contains 38 045 cores.




    

  
    
      Table 3 

      Larson relation: slopes and widths of the PCA ellipse.

      
        


	Feedback bins
	Slope
	σslope
	Scatter
	σscatter





	No
	0.54
	<0.01
	0.3
	<0.01



	




	Global



	Low
	0.48
	0.01
	0.34
	<0.01



	Moderate
	0.38
	<0.01
	0.46
	<0.01



	High
	0.35
	0.01
	0.58
	<0.01



	




	Outflow



	Low
	0.45
	<0.01
	0.32
	<0.01



	Moderate
	0.31
	0.01
	0.48
	<0.01



	High
	0.56
	0.02
	0.56
	<0.01



	




	Wind



	Moderate
	0.53
	0.01
	0.36
	<0.01



	High
	0.36
	0.01
	0.48
	<0.01



	




	Supernova



	High
	0.55
	0.04
	0.42
	0.01





      

      
Notes. All values are rounded to two decimal places. The lines of constant surface densities in Fig. 6 have a slope of 1.




    

  
    
      Table 4 

      Heyer relation: slopes and widths of the PCA ellipse.

      
        


	Feedback bins
	Slope
	σslope
	Scatter
	σscatter





	No
	0.15
	0.01
	0.67
	<0.01



	




	Global



	Low
	0.31
	0.01
	0.74
	<0.01



	Moderate
	0.71
	0.01
	0.89
	<0.01



	High
	1.18
	0.02
	1.04
	<0.01



	




	Outflow



	Low
	0.4
	0.01
	0.66
	<0.01



	Moderate
	0.8
	0.01
	0.87
	<0.01



	High
	1.06
	0.02
	1.03
	<0.01



	




	Wind



	Moderate
	0.02
	0.04
	0.81
	0.01



	High
	0.89
	0.02
	0.93
	0.01



	




	Supernova



	High
	−1.84
	11.57
	0.89
	0.03





      

      
Notes. The lines of constant virial parameters in Fig. 7 have a slope of 1. The symbols and conventions follow Table 3.




    

  
    
      Table 5 

      Size-mass relation: slopes and widths of the PCA ellipse.

      
        


	Feedback bins
	Slope
	σslope
	Scatter
	σscatter





	No
	1.29
	<0.01
	0.34
	<0.01



	




	Global



	Low
	1.28
	0.01
	0.4
	<0.01



	Moderate
	1.25
	0.01
	0.48
	<0.01



	High
	1.16
	0.01
	0.52
	<0.01



	




	Outflow



	Low
	1.28
	<0.01
	0.39
	<0.01



	Moderate
	1.22
	0.01
	0.51
	<0.01



	High
	0.87
	0.01
	0.49
	<0.01



	




	Wind



	Moderate
	1.35
	0.02
	0.4
	<0.01



	High
	1.25
	0.01
	0.46
	<0.01



	




	Supernova



	High
	1.54
	0.04
	0.38
	0.01





      

      
Notes. The lines of constant surface mass densities in Fig. 8 have a slope of 2. The symbols and conventions follow those of Table 3.




    

  
    
      Fig. 6 

      
        [image: thumbnail]
      

      
        Size-linewidth relation (σv versus R) for cores in different feedback bins. Top left: Distribution in the four global feedback bins. Top right: distributions in the outflow bins. Lower left and lower right: wind and supernova bins, respectively. The dashed lines represent Larson’s first relation (slope of 0.5; Larson 1981; Solomon & Wickramasinghe 1969) for different surface mass densities (units of M⊙ pc−2) for virialised structures (αvir = 1). The different colours represent the distribution of cores in the various feedback bins, as noted in the legend.

      

    

  
    
      Fig. 7 

      
        [image: thumbnail]
      

      
        Scaling relation between [image: equation] and the gas surface density (Σ) for the cores in different outflow bins. The dashed lines are isocontours of virial parameters. The symbols and conventions are the same as in Fig. 6.

      

    

  
    
      Fig. 8 

      
        [image: thumbnail]
      

      
        Scaling relation between mass and size (M versus R) of cores in the outflow bins. The dashed lines represent the constant surface mass densities (in M⊙ pc−2). The symbols and conventions are the same as in Fig. 6.

      

    

  
    
      Table A.1 

      Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the global feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	No
	Low
	Moderate
	High





	All
	-
	0.23
	0.02
	0.01
	0.04



	No
	0.09
	-
	0.22
	0.22
	0.28



	Low
	0.02
	0.11
	-
	0.03
	0.06



	Mid
	0.03
	0.07
	0.05
	-
	0.05



	High
	0.02
	0.11
	0.02
	0.05
	-





      

      
Notes. We consider two distributions to be different if they have a drift >0.1.




    

  
    
      Table A.2 

      Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the low-feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	Global
	Out





	All
	-
	0.02
	0.03



	Global
	0.02
	-
	0.01



	Out
	0.02
	0.04
	-





      

    

  
    
      Table A.3 

      Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the moderate-feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	Global
	Out
	Wind





	All
	-
	0.01
	0.12
	0.13



	Global
	0.03
	-
	0.13
	0.12



	Out
	0.03
	0.06
	-
	0.25



	Wind
	0.09
	0.06
	0.13
	-





      

    

  
    
      Table A.4 

      Drifts for the distributions of radius (above the diagonal) and mass (below the diagonal) for the high-feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	Global
	Out
	Wind
	Supernova





	All
	-
	0.04
	0.08
	0.08
	0.27



	Global
	0.02
	-
	0.04
	0.12
	0.32



	Out
	0.14
	0.12
	-
	0.16
	0.35



	Wind
	0.09
	0.11
	0.23
	-
	0.2



	Supernova
	0.26
	0.28
	0.39
	0.17
	-





      

    

  
    
      Table A.5 

      Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the global feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	No
	Low
	Moderate
	High





	All
	-
	0.11
	0.05
	0.07
	0.14



	No
	0.15
	-
	0.07
	0.18
	0.25



	Low
	0.09
	0.08
	-
	0.11
	0.18



	Mid
	0.14
	0.25
	0.17
	-
	0.07



	High
	0.27
	0.4
	0.32
	0.15
	-





      

    

  
    
      Table A.6 

      Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the low-feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	Global
	Out





	All
	-
	0.05
	0.21



	Global
	0.09
	-
	0.17



	Out
	0.41
	0.37
	-





      

    

  
    
      Table A.7 

      Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the moderate-feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	Global
	Out
	Wind





	All
	-
	0.07
	0.04
	0.04



	Global
	0.14
	-
	0.11
	0.06



	Out
	0.16
	0.29
	-
	0.06



	Wind
	0.1
	0.07
	0.22
	-





      

    

  
    
      Table A.8 

      Drifts for the distributions of velocity dispersion (above the diagonal) and virial parameter (below the diagonal) for the high-feedback bins obtained using the Wasserstein distance.

      
        


	
	All
	Global
	Out
	Wind
	Supernova





	All
	-
	0.14
	0.19
	0.1
	0.12



	Global
	0.27
	-
	0.05
	0.04
	0.03



	Out
	0.45
	0.18
	-
	0.09
	0.07



	Wind
	0.19
	0.09
	0.27
	-
	0.03



	Supernova
	0.26
	0.07
	0.19
	0.08
	-
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