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ABSTRACT OF THE DISSERTATION

An Exploration from Small Scales to Large Scales in Galaxy Simulations:

Considering Open Cluster Chemistry and Bar Resonances in Galaxy Simulations
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Open star clusters are the essential building blocks of the Galactic disk; “strong chem-
ical tagging” — the premise that all star clusters can be reconstructed given chemistry
information alone — is a driving force behind many current and upcoming large Galactic
spectroscopic surveys. In this work, we characterize abundance patterns for 9 elements
(C, N, O, Ne, Mg, Si, S, Ca, and Fe) in open clusters (OCs) in three galaxies (m124i,
m12f, and m12m) from the Latte suite of FIRE-2 simulations to investigate if strong
chemical tagging is possible in these simulations. We select young massive (>10*°M)
OCs formed in the last ~100 Myr and calculate the intra- and inter-cluster abundance
scatter for these clusters.

We compare these results with analogous calculations drawn from observations of
OCsin the Milky Way and find the intra-cluster scatter of the observations and simulations
to be comparable. While the abundance scatter within each cluster is minimal (<0.020
dex), the mean abundance patterns of different clusters are not unique. We also calculate
the chemical difference in intra- and inter-cluster star pairs and find it, in general, to
be so small that it is difficult to distinguish between stars drawn from the same OC
or from different OCs. Despite tracing three distinct nucleosynthetic families (core-
collapse supernovae, white dwarf supernovae, and stellar winds), we conclude that these
elemental abundances do not provide enough discriminating information to use strong

chemical tagging for reliable OC membership.
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Open clusters are relatively bright, easy to measure objects that are thought to be
reliable tracers of the overall galactic radial metallicity gradient. Studies have shown
that open clusters decrease in metallicity with increasing distance from the Galactic
center; this distribution has often been modeled with a two-component linear fit, with
a transition (knee) occurring between 10 and 16 kpc. Recent work from the APOGEE
collaboration has significantly increased (> 150) the sample size of open clusters with
robust measurements of chemistry across the Galactic disk.

However, the susceptibility of this fit to the effects of sampling bias has been yet
to be explored and could have large implications for the inferences drawn from the
radial metallicity gradient. We selected young massive clusters less than 3 Myr old
in our simulations and fit the radial metallicity gradient using the MCMC technique
and find that sampling of open clusters significantly alters the observed trend of the fit
parameters inner slope (m1), intercept (b), outer slope (m2) and knee (k). We performed
bootstrapping of the fit to find that sampling can have an impact on the outer slope
but significantly impacts the inner slope and the location of the knee. Using both
bootstrapping and fixed sized random sub-samples of open clusters, we find that for
reliable recovery of the fit parameters, we require at least 200-250 clusters spread across
a wide range of galactocentric radii. With smaller or spatially biased samples, the fit
parameters become highly sensitive to the sampling bias.

It has been shown that more than 50% of the disk galaxies, including our Milky Way
galaxy, has a central bar with billions of stars clustered together. Theory suggests that
galactic bars spin down throughout their evolution due to an angular momentum exchange
with the inner parts of their dark matter halos. As opposed to a bar with a fixed pattern
speed, Chiba et al. (2019) proposed that ‘resonance sweeping’ due to a decelerating
galactic bar can explain local kinematic substructure in the solar neighborhood, like the
Hercules stream. To date, resonance sweeping - a process of trapping and dragging the
orbits of stars - has been explored both analytically and with test particle simulations
that lack self-gravity. Here, we take such analyses a step further and examine resonance
sweeping with a high resolution (~ 10° particles) self-consistent N-body simulation.
We identify stars in Corotation Resonance and Outer Lindblad Resonance and find

a significant number of stars remain in resonance later in time, suggesting resonant
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sweeping of orbits due to the decelerating bar. This result in a more realistic, self-
gravitating disk indicates that the method of resonance sweeping can indeed be applied

to Gaia data.
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Chapter 1
Introduction

We are now at an exciting time in astrophysics research — one where our understanding
of the Milky Way is being reshaped and redefined. Thanks to the Gaia space telescope
[62], we now have, for the first time, access to accurate positions and velocities for more
than a billion stars across the Milky Way — a milestone once unimaginable. This data,
combined with chemistry and age information derived from APOGEE [115], GALAH
[44], LAMOST [36], Kepler [90], and TESS [152], allows us to construct the largest,
most precise three-dimensional map of our Galaxy ever made. With this vast, rich
dataset comes the opportunity to explore fundamental questions about the origins of our
Galactic home.

While surveys have revolutionized our view of the Milky Way, they provide us
with only a single snapshot in time — a frozen moment in the ongoing evolution of
the Galaxy. The complex processes that shape Galactic structure, star formation, and
chemical enrichment that unfold over billions of years is far beyond the reach of direct
observation. To bridge this gap, we can utilize cosmological simulations, which allow
us to model the dynamical and chemical evolution of galaxies in a physically grounded
framework. These simulations provide a laboratory to test theories, explore scenarios that
we cannot observe directly, and make predictions to guide and interpret our observations.
This work is focused on characterizing the chemo-dynamic properties of star clusters and
understanding their dynamic evolution in the Milky Way’s disk using galaxy simulations.

Star clusters are groups of stars that are born together and remain approximately

gravitationally bound for some time. Since cluster stars are born together, they share a



common heritage that is seeded by the giant molecular gas cloud they are born in. There
are three types of star clusters: globular clusters, nuclear star clusters and open clusters.
Globular clusters are some of the oldest structures seen in galaxies; they contain
hundreds of thousands to millions of stars that have remained bound over the majority
of the lifetime of the universe. Globular clusters mostly live far from the Galactic disk
and span diameters of 20 to 100 parsecs or more (1 parsec = 3.26 light-years and 1 light
year = ~9.46 trillion km). Globular clusters have been found to be located in the halo of
most of the large galaxies that have been observed. For instance, M13 (NGC 6205) is
one of the brightest globular clusters in our galaxy and is 7.6 kpc away from the Sun. It
is located in the constellation Hercules, comprises of roughly a 100 thousand stars that
are estimated to be 11.66 billion years old [133] and span a radius of ~46 parsecs.
Nuclear star cluster is a type of star cluster that has a high density of stars that are of
high luminosity and are located near the center of mass of most galaxies [155, 158]. Such
star clusters are also known as compact stellar nuclei or young stellar nuclei. Nuclear star
clusters are the densest of all star cluster types and can be 40 times as bright as a typical
globular cluster. They contain a mixture of both old and young stellar populations.
Open clusters (OCs), on the other hand, are smaller than both globular clusters and
nuclear star clusters, live almost always in galactic disks, and are comprised of only
relatively young stellar populations. Relative to all other galactic structures, they are
physically the smallest objects — they typically have a radius between one to ten parsecs in
size — and contain between a few dozen to tens of thousands of stars within them. In Fig.
1.1, we can see an image of a typical well studied OC: Pleiades OC. It contains ~1000
stars, is estimated to ~100 Myr old and spans a diameter of ~3.4 parsecs. While OCs
have many fewer stars than globular clusters and are far less densely packed, they still
contain many more stars than are typically found together in the general Galactic field.
To get a perspective on how dense OCs are, the core radius of Pleiades is ~3 parsecs
while the next nearest star system to the Sun is ~1.5 parsecs away. Now imagine putting
~1000 stars inside a region twice as large as the distance to our next nearest neighbor.
Certainly, that would be a much brighter and more complex environment than the one
we currently live in. Despite this, we do think that most disk stars, our Sun included,

likely formed inside an OC. Thus, to truly understand our own origin story, we need to
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Figure 1.1: Pleiades Open Cluster
(Image Credit:Tony Hallas/Science Faction/Corbis)

consider OC formation and evolution.

An often cited definition by Lada and Lada classifies OCs as a group of 35 or
more physically related stars whose stellar mass density exceeds one solar mass within
a spherical volume having a radius of 1 parsec — this gives a benchmark metric for
assessing if a group of stars should be labeled an OC within the Milky Way (MW). Lada
and Lada also note that OCs typically consist of very young stars, and as such, they
are valuable probes of the star formation process, stellar evolution, and the dynamics of
many-body systems. In general, OCs are bright and abundant (with today ~3000 of them
observed in the MW and will reach ~5000 in the footprint covered by SDSS-V’s Milky
Way Mapper by the end of survey) and because stars within them lie at a ~common
distance away from us and have ~similar motion, with precise astrometic information
from Gaia, they are increasingly straightforward to identify and study.

Of the three star cluster types, the focus of this thesis is on OC, as they are thought
to be the essential building blocks of galactic disks, and our understanding of them in

the era of Gaia is rapidly evolving [28]. “Strong chemical tagging” — the premise that
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all-star clusters can be reconstructed given age and chemistry information alone [54]
— is the driving force behind many current and upcoming large Galactic spectroscopic
surveys (e.g., APOGEE [115], GALAH [44], Milky Way Mapper [91], and WEAVE
[39]). However, despite their central nature to current and forthcoming observational
studies, robust theoretical connections between OC properties and the larger Galactic
environment remain substantially unexplored [96]. This work aims to understand if OC
properties, specifically chemistry, age, and phase space information, uniquely map onto
distinct formation sites in the Galactic disk using simulations. This work explores if this
information can ultimately be leveraged to reconstruct dispersed OCs. This, in turn, will
be useful to derive the initial conditions that many if not most of stars in the field the
MW’s disk were born in.

In Chapter 2, I test a premise for strong chemical tagging. Stars that belong to
an OC are considered to be formed from the same molecular cloud. Based on this
assumption, stars within a given OC are believed to share a similar chemical signature
[e.g., 41, 43, 17, 20, 116]. The chemical similarity of stars has been widely used to
reconstruct cluster memberships. The method known as strong chemical tagging [54]
relies on the chemistry of the stars to define cluster membership [e.g., 114, 120, 72].
Recently, Spina et al. [162] have shown using the Gaia data that chemical tagging can
be used to recover OC membership using clustering analysis in the elemental abundance
space. However, a robust comparison with the simulations does not exist and researchers
aim to characterize the precision requirements for metallicity measurements to ensure
star cluster reconstruction can be conducted using chemistry alone. I characterize the
amplitude of OC scatter in individual abundances across all Latte simulations to explore
the implications this result holds for all spectroscopic surveys given typical uncertainties.

In Chapter 3, I discuss the radial metallicity gradients that I measure across Latte
disks using OCs. The term “radial metallicity gradient” refers to the relationship between
average metallicity in a given radial bin as a function of Galactocentric radius. It is
considered an important metric to study the processes that drive the formation of the
galaxy and its evolution [34, 128, 66, 11]. The inside-out disk formation model by
Larson [101] proposes that the metallicity gradient is a natural consequence of star

formation that proceeds inside out across the galactic disk over time. This theory is



also supported by the theoretical work of Matteucci and Francois [124]. This has also
been seen in Galactic simulations; however, the effect is mediated by radial flows and
stellar migration [64]. In the Milky Way there are many probes that can be used to
study the radial metallicity gradient like Cepheids [e.g. 103, 107], H II regions [e.g.
9, 6], planetary nebulae [e.g. 108, 165], low mass and massive stars [e.g. 19, 77, 3, 24].
However, OCs are considered to be the best probes as it is straightforward to measure
their ages and distances. OCs have long been used as tracers of the structure and
evolution of the Milky Way [e.g. 84, 55, 131, 134] and its metallicity gradient [e.g.
85, 169, 180, 109, 27, 82, 32, 47, 161]. However, it is yet to be explored how sampling
bias affects the inferred radial metallicity gradient that is measured using OCs. I provide
an insight into this in Chapter 3 using Latte OCs. As observational capabilities continue
to advance and the number of known open clusters is expected to increase, this work
offers valuable insight into the minimum number of open clusters required to robustly
constrain the Milky Way’s radial metallicity gradient. That is, the Latte simulations
provide a great test-bed to study the radial metallicity gradient as measured by OCs.

In Chapter 4, I explore how groups of stars in the Galactic disk are influenced by
large scale dynamical structures like the bar. It has been shown that more than 50% of
the disk galaxies, including the Milky Way, have a central bar made up of billions of
stars that are clustered together [156, 26]. Theories suggest that the bar pattern speed
slows over time and can induce resonance sweeping — a process where resonances like
the co-rotation resonance (CR) and outer Lindblad resonance (OLR) move outward as
the bar slows down, thus dynamically trapping and dragging stars across the disk. Using
a high-resolution, billion-particle N-body simulation without gas, I explore how these
resonances restructure the phase space of the disk over time. My results show that as the
bar decelerates, stars at resonance locations develop coherent ridges in V4 vs R space,
closely resembling observed moving groups like the Hercules stream in Gaia data. I
further demonstrate that stars can remain trapped in resonance for over a Gyr, migrating
outward, providing evidence that resonance sweeping is a viable mechanism for the

origin of some kinematic substructures in the solar neighborhood.



Chapter 2

Strong Chemical Tagging in FIRE:
Intra and Inter-Cluster Chemical
Homogeneity in Open Clusters in

Milky Way-like Galaxy Simulations

(Published in The Astrophysical Journal, 977(1), 70. Bhattarai et al. [15])

2.1 Introduction

Uncovering the history of the Milky Way’s stellar disk is a fundamental goal of
Galactic astronomy and is tied to the smallest-scale structures where star formation
occurs, open clusters (OCs). OCs are groups of stars that are born together and remain
gravitationally bound for a period of time; Lada and Lada [97] define an OC as a group
of young stars that survive tidal disruption for a period as long as 100 Myr. In numerical
simulations, OCs are usually defined as groups of co-forming stars that share a common
origin [e.g., 46, 67].

OCs are often leveraged to study the dynamical and chemical history of the Galactic
disk, as these bright structures are relatively straightforward to observe and characterize
[e.g., 58, 135, and references therein]. OCs are considered the building blocks of the

Galactic disk because a significant fraction of star formation occurs within them, and



the majority are thought to dissolve quickly [97, 17, 94, 96]. One of the important
objectives of near-field astronomy is to reconstruct the structures that have dispersed due
to dynamical processes in the disk, specifically, reassembling structures like OCs using
present-day stellar observables.

One stellar observable of particular interest is elemental abundance. This is because
stars that belong to a particular OC are thought to form from a common well-mixed
molecular cloud with a similar underlying chemistry [160, 126, 149, 52]. Based on
this assumption, stars that were born within a given OC are believed to have a similar
chemical “fingerprint” that would enable OC reconstruction based on chemistry alone
[e.g., 54, 41,42, 17, 20, 116]. This is the premise behind strong chemical tagging [54],
which relies on accurate measurement of multiple elements in stars to reconstruct cluster
membership [e.g., 114, 120, 72, 20, 162].

The feasibility of strong chemical tagging is a key motivation for several current and
upcoming spectroscopic surveys [e.g., GALAH, APOGEE, WEAVE 44, 25, 115, 38,
91]. For strong chemical tagging to work, the member stars within an OC should be
nearly chemically homogeneous, i.e., they should have small intra-cluster dispersion.
In addition, each cluster should have a unique chemical signature so that it can be well
distinguished from the stars that belong to other OCs, i.e., there should be significant
inter-cluster dispersion [98].

Whether there is typically a small level of intra-cluster dispersion (i.e., the level of
similarity in the element abundances of member stars) in OCs is still a matter of debate
[16, 150]. However, in the limit of small samples, the chemistry of stars that belong to a
particular OC has often been shown to share a similar signature when compared with the
chemistry of stars that belong to different clusters [e.g., 130, 114, 120, 72, 40, 143]. This
indicates that stars that belong to an OC could have a measurable signature that is distinct
from other OCs, in the limit that measurement uncertainties in stellar abundances are
smaller than the level of the intrinsic element abundance scatter, so that the amplitude of
homogeneity in OCs can be uniquely assessed [136, 137].

Large surveys have extended studies of OCs to more substantial samples and de-
termined the intrinsic scatter to be < 0.03 dex within clusters for up to 15 element

abundances [20, 137, 14, 148]. Interestingly, Blanco-Cuaresma et al. [16] find distinct



chemical signatures for stars in different evolutionary stages that belong to the same open
cluster. In fact, theoretical expectations lead to a prediction that intra-cluster scatter is
non-zero when processes like non-thermal equilibrium, atomic diffusion, mixing, the
influence of binarity, and planetary engulfment are included in stellar abundance calcu-
lations. These predictions have been born out both observationally and in theoretical
models [106, 49].

Besides debates about intra-cluster homogeneity, there are also several discussions in
the literature about the level of inter-cluster homogeneity throughout the Milky Way. For
example, there is an expectation that the inter-cluster homogeneity could be a function
of galactocentric radius [164]. In fact, a negative radial gradient in the Milky Way’s disk
has been found in observations [e.g., 18, 2, 48, 135, 112], while radial and azimuthal
variations have been detected in several nearby galaxies as well [e.g., 153, 132,92, 104],
which could be taken as an indication for the uniqueness of abundances in star clusters
found at particular galactocentric location. However, Blanco-Cuaresma et al. [16] find
significant overlap of multiple chemical abundances in their sample of 31 OCs within
the Milky Way. Moreover, Ting et al. [168] show that overdensities in chemical space
do not guarantee that such overdensities arise due to a single set of stars from a common
birth cloud, thus suggesting an overlap in the inter-cluster metallicity distribution.

A differing perspective has been found by Lambert and Reddy [98], who show
significant inter-cluster variation in the chemical composition of heavy elements (La,
Ce, Nd, and Sm) for red giants in a sample of 28 OCs, where all the clusters had
nearly solar metallicity. Moreover, Manea et al. [117] find that neutron-capture elements
carry a more discerning signature than the lighter elements that have been traditionally
considered in the current generation of spectroscopic surveys. However, in the limit
of elemental abundances available in APOGEE [113], Ness et al. [137] find field stars
have similar chemistry as the members of OCs, suggesting an overlap of birth cluster
signatures with the field stars. Furthermore, in a different study, Ness et al. [ 138] find that,
at a fixed [Fe/H], chemistry is a deterministic property of age that does not necessarily
change with the birth location.

The perhaps most critical consideration in assessing the viability of chemical tagging

is not simply how chemically homogeneous OCs are themselves, but how homogeneous



stars within a cluster are relative to random field stars. The contamination rate using 20
abundances in Ness et al. [137] was found to be around 1 percent at [Fe/H] = 0. That is,
while the intra-cluster dispersion is small, on the order of < 0.03 dex, around 1 percent
of random field stars at solar [Fe/H] are as chemically similar as stars within the same
cluster. This is very prohibitive for any chemical tagging pursuit. However, what remains
critically unclear is the theoretical expectation for inter and intra-cluster homogeneity
from simulations. In this work, we test this expectation using galaxy simulations that
resolve OCs in a cosmological context.

Previous simulation studies have shown that turbulent mixing plays an important role
homogenizing molecular clouds and reducing stellar abundance scatter [125]. This can
be particularly significant during cloud assembly, potentially explaining the observed
chemical homogeneity of stars that originate from the same molecular cloud [52]. Ex-
tending this work, Armillotta et al. [7] zoom in on the collapse of one giant molecular
cloud extracted from a galaxy simulation and study the formation of individual stars
down to a spatial resolution of ~107> pc. They find that the star formation process
defines a natural size scale of ~1 pc for chemically homogeneous star clusters, suggest-
ing stars within ~1 pc of each other share similar chemical properties. However, these
simulations assume metals are well coupled with gas, overlooking potential effects of
metals in the form of dust grains. Taking a different approach to identify co-natal stars,
Kamdar et al. [87] evolve 4 billion stars over 5 Gyr in a realistic potential with various
galactic structures. They find that combining chemical and phase space information
enhances the identification of co-natal populations, suggesting co-moving pairs of stars
with velocity separation <2 km/s and metallicity separation <0.05 dex are likely to be
co-natal. Nevertheless, these simulations lack direct N-body effects on clusters and
individual stars, as well as essential feedback processes.

In this paper, we examine chemical abundance trends in OCs identified in high-
resolution cosmological hydrodynamic galaxy simulations generated with the FIRE-2
[Feedback in Realistic Environments, 75] model. These simulations have an adaptive
spatial resolution, which enables modeling a large dynamic range (from Mpc down
to pc), and include many relevant star cluster-scale feedback processes. In this work,

we utilize three MW-mass galaxies from the Latte suite [177, 176] of FIRE-2 simula-
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tions to assess the viability of strong chemical tagging via inter-cluster and intra-cluster
chemical homogeneity analysis. Importantly, this study is possible now because FIRE-
2 implements physically motivated processes (e.g., subgrid turbulent metal diffusion,
stellar feedback, and chemical enrichment from core-collapse supernovae, white-dwarf
supernovae, and stellar winds) and has high enough resolution in Latte (up to ~1 pc) to
distinguish individual star-forming regions.

Previously in FIRE-2, Bellardini et al. [10] showed that their MW-mass galaxies have
azimuthal scatter in gas at z = 0 similar to that observed in nearby galaxies of similar
mass. Bellardini et al. [11] investigated abundance trends in all young stars across the
Latte disks, considering the evolution over time. They found that azimuthal variation
dominates at z > 0.8, whereas radial gradients dominate at late times. Subsequently,
Carrillo et al. [31] explored distributions in mono-age populations in one Latte disk,
m12i, as a function of [Fe/H], [X/Fe], birth and present day locations, and found some
evidence for inside-out radial growth for stars with ages <7 Gyr. Carrillo et al. [31]
also examined the age—[X/Fe] relation across the disk and found that the qualitative
trends agree with observations (apart from C, O, and Ca) with small intrinsic scatter
(0.01< o < 0.04 dex). Additionally, Carrillo et al. [31] found the o to be metallicity
dependent, with o ~0.025 dex at [Fe/H]=—0.25 dex versus o ~0.015 dex [Fe/H]=0
dex. A similar metallicity dependence is seen in the GALAH survey for the elements
in common [159, 31]. Moreover, like Bellardini et al. [11], Carrillo et al. [31] found
that o is higher in the inner galaxy, where stars are older and formed in less chemically
homogeneous environments.

Building on the work of Bellardini et al. [11], Graf et al. [63] recently showed that
the radial metallicity gradient as a function of stellar age in the Latte disks follows
similar trend as in Milky Way, albeit with shallower gradients in FIRE. Additionally,
Graf et al. [63] showed that at present day the vertical metallicity gradient is steepest for
the youngest stellar populations, which is again qualitatively consistent with the Milky
Way, despite weaker trends in FIRE. Finally, both Bellardini et al. [11] and Graf et al.
[63] considered the azimuthal scatter of [Fe/H] in stars in Latte, and found it to be similar
to the Milky Way [relative to 2].

While the FIRE studies discussed above focus on all stars in simulated galactic disks,
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our focus in this study is on chemical trends in OCs specifically. Along this line, in
2023, Grudi¢ et al. mapped giant molecular clouds formed self-consistently in a Latte
simulation on to a cluster population according to a giant molecular cloud-scale cluster
formation model calibrated to higher resolution simulations. This approach enabled
them to explore the galaxy’s star clusters as a function of mass, metallicity, space, and
time. Grudic et al. [67] concluded that massive clusters do not form with metallicities
differing from other stars forming within the galaxy.

In this work, we take a different approach: we directly identify young massive
OCs in the Latte simulations at present day to measure their chemical homogeneity
in the full galactic context. As of yet, a robust comparison between the chemical
homogeneity of observed OCs and OCs formed in cosmological Milky Way-mass galaxy
simulations does not exist, and we aim to characterize the precision requirements for
metallicity measurements to ensure that star cluster reconstruction could be conducted
using chemistry alone. In this study, we leverage OCs identified within the last ~100 Myr
of the simulations, and select OCs younger than 3 Myrs, which allows us to study truly
co-forming populations often still embedded in their natal environment. We calculate
the intra and inter-cluster metallicity dispersion for our OC population and compare it to
results from spectroscopic OC observations. Finally, we calculate a chemical difference
metric between intra-cluster and inter-cluster pairs of stars and discuss the viability of
chemical tagging using such chemical differences.

This paper, published in The Astrophysical Journal, 977(1), 70 [15] is structured
as follows: in §2.2, we discuss our data and methodology. Specifically, in §2.2.1 we
introduce the simulations, in §2.2.2 we discuss how we identify OCs in these simulations,
and in §2.2.3 we introduce the chemical difference metric we use to characterize the
similarity of elemental abundances. In §2.3, we present our results, and finally, in
§2.4 we present our discussion in the context of the observational literature and our

conclusions.
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2.2 Data and Methodology

2.2.1 Simulations

We use the Latte suite of FIRE-2 cosmological Milky Way-mass galaxy simulations
[177, 176] to study properties of OCs. As mentioned earlier, FIRE stands for Feedback
in Realistic Environments; the code is able to simulate the interplay between ISM and
the stellar feedback processes in a cosmological environment [73, 75]. As detailed
in Hopkins [73], these simulations use the Lagrangian Meshless Finite Mass (MFM)
hydrodynamics method implemented in Gizmo. Gizmo solves the fluid equations using
a moving particle distribution that is automatically adaptive to resolution.

FIRE-2 uses a physically motivated metallicity-dependent radiative transfer heating
and cooling approach for gas that includes free-free, photoionization and recombination
processes, Compton scattering, photoelectric heating, and collisional dust effects, as well
as molecular, metal-line, and fine structure processes. The implementation of FIRE we
use in this work additionally includes magnetohydrodynamics, where the equations of
ideal magnetohydrodynamics are solved explicitly [76].

We use versions of these simulations that we resimulated over the final 110 Myr
specifically to store finer snapshot time spacing (1 Myr) than in the original simulations
(~ 22 Myr). This enables us to track OCs in detail in phase space across time. While
these resimulations are not publicly available, snapshots of the original simulations are
publicly available [176].

FIRE-2 tracks 11 elements (H, He, C, N, O, Ne, Mg, Si, S, Ca, Fe) across a
temperature range of 10 to 10! K. These simulations incorporate a spatially uniform,
redshift-dependent UV background as described by Faucher-Giguere et al. [S1]. As
typically done by observers, metallicity and elemental abundances are scaled to solar
values; in these simulations, we use values for the Sun from Asplund et al. [8].

Star formation proceeds according to the following recipe in these simulations: each
star particle is generated from a self-gravitating gas cell that is Jeans-unstable, cold
(T < 10*K), dense (n > 1000 ¢m™3), and molecular [following 95]; when star formation
criteria are met, there is a one-to-one conversion of a gas cell into a star particle. That is,

a star particle acquires its mass and elemental makeup from the gas cell it originates from



13

and depicts a simple stellar population characterized by a Kroupa initial mass function
[93]. Each star particle is individually evolved assuming a standard stellar population
model [STARBURST99 v7.0, 102] and produces time-resolved stellar feedback from
both core-collapse and white-dwarf supernovae. The rates of core-collapse supernovae
are based on STARBURST99 [102], and the rates of white-dwarf supernovae are from
[118]. FIRE-2 also incorporates stellar feedback due to continuous mass loss, radiation
pressure, photoionization, and photoelectric heating. The nucleosynthetic yields we use
are based on Iwamoto et al. [80] for white-dwarf supernovae and Nomoto et al. [140] for
core-collapse supernovae. Stellar wind yields are sourced primarily from O, B, and AGB
stars; we use a model for this assembled by Wiersma et al. [179] which incorporates
expectations from van den Hoek and Groenewegen [170]; Marigo [119]; 1zzard et al.
[81]. Further details on this can be found in Appendix A from Carrillo et al. [31] and in
Hopkins et al. [75].

FIRE-2 incorporates sub-grid diffusion and mixing of elemental abundances in gas,
which occurs through unresolved turbulent eddies [ 166, 50, 75]. Our model assumes sub-
grid mixing is primarily influenced by the largest unresolved eddies, which effectively
smooths out abundance variations among gas elements. Escala et al. [50] demonstrated
that incorporating this sub-grid model is essential for accurately replicating observed
distributions of stellar metallicities in galaxies. Bellardini et al. [10] showed that while
the details of this diffusion model do not significantly affect radial or vertical gradients
in FIRE-2 MW-mass galaxies, they do affect the azimuthal scatter. Bellardini et al. [10]
also showed that these galaxies have azimuthal scatter in gas at z = 0 similar to that
observed in nearby galaxies of similar mass.

The Latte suite contains several Milky Way-like galaxies; in this work, we analyze
three Latte simulations (m12f, m12i, and m12m). The galaxies we analyze represent
some of the most massive Milky Way-like isolated disks in the Latte suite and span a
range of assembly histories. Key differences among these simulations are that m12i has
amassive disk with a late-forming Milky Way mass halo, m12f has an LMC-like satellite
merger with the Milky Way-like disk 3 Gyr prior to the present day, and m12m has a
strong bar at high redshift and an earlier forming halo [see 154]. A full description of

the criteria used to generate these galaxies and their properties at the present day can be
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found at Wetzel et al. [176] and references therein. A brief description of relevant details
to this work is as follows. Each galaxy simulation assumes a flat ACDM cosmology
with parameters consistent with the Planck Collaboration et al. [146]: & = 0.68 — 0.71,
Qp =0.69 —0.734, Q,, = 0.266 — 0.31, Q; = 0.0455 — 0.048, og = 0.801 — 0.82 and
ng =0.961-0.97. !

In this work, Milky Way-like refers to the total mass of each galaxy at the present
day. The Latte galaxies were selected to have halo masses roughly the same as the
Milky Way’s: Moo = 1-2 X 10'2M, where My refers to the total mass within the
radius containing 200 times the mean matter density of the Universe. These simulations
contain three types of material: dark matter, stars, and gas. The resolution of each dark
matter particle is 3.5 X 104M@, and the initial mass resolution of baryonic material is
7070 M. As noted earlier, each star particle should be thought of as a single stellar
population. Because of this, as a star particle ages, it loses a portion of its stellar mass.
Thus, at z = 0 a typical star particle has a mass of ~ 5000 M. In the Latte galaxies, star
and dark matter particles have a fixed gravitational force softening length of 4 and 40 pc
(Plummer equivalent), respectively. Gas cells have adaptive gas smoothing: in regions
where there is a high density of gas cells, the gravitational force softening length can
resolve down to a minimum of 1 pc.

Given its spatial and mass resolution, the Latte simulations can resolve massive star
clusters with multiple star particles that represent portions of each OC. And, as mentioned
earlier, with the temporal resolution for snapshots of 1 Myr for these re-simulations, they
can track in detail how star particles in OCs evolve in phase space over time. See §2.2.2

for more details on OC selection and characteristics.

2.2.2 Star Cluster Identification

We identify OCs in our simulations using the friends-of-friends (FoF) algorithm [60].
It works by identifying members within a fixed distance known as the linking length; in

this work, we adopt a linking length of 4 pc, which corresponds to our softening length.

"Where £ is the dimensionless equivalent of the Hubble Parameter Hy, Q, is the cosmological constant
or vacuum density at present time, ,, is the total matter (dark plus baryonic) density today, €25 is baryonic
matter density, o is the root mean squared fluctuation of density perturbations at 8 1! M pc scale and ny
is the scalar spectral index.
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Figure 2.1: Number of young (<3 Myr) massive OCs identified in the last ~100 Myr of
the simulations. OC selection has been run at a 3 Myr interval to avoid double-counting.
m12i indicated by dashed lines colored in indigo, m12f indicated by dashed-dotted lines
colored in red, and m12m indicated by solid blue lines. A varying rate of star cluster
formation is observed in all three simulations, with m12m having the lowest number of
clusters produced throughout the 100 Myr period. This reflects a globally suppressed
star formation rate for m12m at present day. See § 2.2.2 for further discussion.
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Figure 2.2: Mass distribution of the OCs from all three simulations. m12i indicated by
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all three simulations, with m12i having a shallower slope with a few high-mass outliers.
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Figure 2.3: A snapshot from three Latte simulations m12i, m12f and m12m. Background:
mean [Fe/H] for gas in the disk of each simulation. The corresponding values are shown
by the color bar on the left. Contours: density of stars < 50 Myr old, which highlights
the spiral arms. Circles: mean [Fe/H] of OCs and associations identified at 13.693
Gyr. Note, the mean [Fe/H] of the clustered star formation reflects the global metallicity
distribution of the gas in the disk.

To ensure that the OCs are identified before the onset of core-collapse supernovae, we
select OCs from star particles that are less than 3 Myr old over the last 110 Myr of these
simulations. We require a minimum of 5 star particles for a cluster to be identified, and
thus with our fiducial mass resolution (7070 My) we resolve cluster down to a cluster
mass of 10*° M.

With these selection criteria, the OCs we identify have a characteristically small
velocity dispersion (o1p~4 km/s), small size (Rpr~3 pc), and small spread in age
(0age~.25 Myr). We do not require that the natal giant molecular cloud be bound for our
OC:s to form inside them; despite this, roughly half of the clusters that we identify are born
bound (log,,(2KE/PE) > 0) and the global population follows a Gaussian distribution
of boundedness peaked at 0. While the size and boundedness of the population that
we identify may be better described as OCs and associations, for the purposes of this
study, which aims to characterize the spread in metallicity inside and between small
clustered star forming environments across a full galactic disk, we find it sufficient not
to distinguish between OCs and associations. We also note that the age selection criteria
that we adopted do not significantly impact any of these properties [122]. Because of
this, we feel that the OC populations that we identify sufficiently resemble OCs within

a full simulated cosmological Milky Way-like galaxy environment to proceed with the
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elemental abundance study we present here; a more detailed study that focuses on the
impact of the selection criteria we use on the resultant properties of the OCs we identify
can be found in Masoumi [122]. Note that we identify star clusters similarly in all three
Milky Way-like analog simulations mentioned in 2.2.1.

In this work, we identify a total of 361, 404, and 46 unique OCs in m12i, m12f, and
m12m, respectively, using the criteria discussed above. We analyze the OCs from each
galaxy simulation as a single dataset. In Fig. 2.1 we show a histogram of the number of
clusters identified throughout the final 110 Myr of the simulations. These 3 simulations
(m12i, m12f, and m12m) represent a varying rate of star cluster formation over the 110
Myr epoch; m12m has a relatively consistent albeit low number of clusters formed over
this period of time, while m12i forms roughly a quarter of all the clusters over just a 3
Myr span, and finally m12f has a fluctuating rate of cluster formation that oscillates on
a ~30 Myr timescale. We note that the low rate of m12m’s cluster formation reflects the
overall depressed star formation rate of the entire galaxy at the present day.

The cluster mass distribution of these simulations is shown in Fig. 2.2. We note that
m12f and m12m have similar slopes for the cluster mass function. However, m12i has
a shallower slope and contains a few high-mass outliers that form during a period of
vigorous star formation in the plane of the disk. These OCs are best thought of as Young
Massive Clusters (YMCs) and will be discussed further in Masoumi et al. (in prep).

In Fig. 2.3, we show a top-down view of m12i, m12f, and m12m near the present-day
(13.693 Gyr). Here we show gas in the background, which has been binned in 200 pc
x 200 pc squares and colored by the mean value of [Fe/H] in each volume. Plotted on
top of the average [Fe/H] distribution for gas are contours of the density distribution of
stars that are less than 50 Myr old. These contours highlight where there is an active star
formation corresponding to the spiral structure. The circles overlayed on top indicate
the mean [Fe/H] of OCs and associations (linking length <18 pc) that were identified at
this moment in time; while we have included larger associations here for visualization
purposes, in this paper, we only include OCs found using a linking length of 4 pc for
analysis. We note that Fig. 2.3 shows that the average [Fe/H] of OCs and associations
generally reflects the gas metallicity distribution across the disk.

We note that the top-down perspective on the galactic disks shown in Fig. 2.3
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highlights the overall radial metallicity gradient in all three galaxies; while each galaxy
has a different normalization and slope of the radial metallicity gradient, overall it is clear
that a negative radial gradient is present in the global disk for gas at present-day [see 10,
for further discussion]. While here we have shown the distribution of [Fe/H], we will
be using a total of 9 elemental abundances (Fe, C, N, O, Mg, Si, S, Ca, Ne) throughout
the remainder of this work. We note that these elements are highly correlated with each
other in our simulations. We show this correlation in Appendix 2.4 in Fig. 2.10 and
Fig. 2.12. Such a strong correlation is also seen in the Milky Way [65]; in fact, Ness et al.
[139] show that, using a linear regression fit to Fe and Mg alone, one can predict eight
supernova elements within 5% accuracy. Despite such strong correlations, we elect to
use all elements at our disposal in this work.

In Fig. 2.4, we show normalized histograms of the mean [Fe/H] (upper panel) and
standard deviation of [Fe/H] (lower panel) for OCs in all three simulations. The upper
panel shows the presence of scatter in mean [Fe/H]. While m12f has a large range of
OC mean [Fe/H], m12i and m12m have a narrower range of values. Each of these
populations peaks at a different value of [Fe/H]; however, there is some overlap between
these samples. The standard deviation histogram for each galaxy shown in the bottom
panel of Fig. 2.4 illustrates that there are very few OCs that have a large standard
deviation of [Fe/H]; moreover, the peak of each distribution is at a small value. Given
these essential properties — there is scatter in average [Fe/H] in OCs in the simulations,
and there is a small spread in [Fe/H] in each OC — in this work, we are able to test
the feasibility of uniquely identifying stars from the same OC using their elemental

abundances alone.

2.2.3 Chemical Difference Metric

The goal of this investigation is to understand the similarity of stellar abundances for
stars within a given OC; to simplify this, we define a simple chemical difference metric
using a pseudo-Cartesian measurement of distance in abundance space. A similar
approach is used in Ness et al. [137], which was adapted from Mitschang et al. [130].

The metric is defined as:

d,zm/ = le [Xni _xn’i]2
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Where n and n’ are two stars being compared, with star n containing the abundance
Xpni and star n” containing the abundance x,; for all elements 1 to /. Simply put, this
metric evaluates the squared chemical difference between any two stars, summed over all
available elements, and provides a single number that assesses the chemical similarity
for each pair of stars. In this work we initially evaluate the chemical difference metric
summed over 8 element abundances ([Mg/Fe], [Ca/Fe], [S/Fe], [Si/Fe], [Ne/Fe], [O/Fe],
[N/Fe], [C/Fe]) without any errors being considered.

After this initial assessment, we further consider the chemical difference metric with
APOGEE errors added to our simulated OCs [drawn from Chemical Abundances and
Mapping Survey, 135]. The difference metric with added errors is defined as:

2

2 =31 [xni—xpri]
nn’ T Hi=1 o402,
ni" O pti

Where o, refers to the error measurement for x,; and o,/ represents the error
measurement for x,-;. Note that we omit Ne (neon) from the above list of elements in

this analysis, as it is a relatively rare element that isn’t measured in APOGEE OCs.

2.3 Results

2.3.1 The relationship between [Fe/H]| & birth radius for OCs

In this section, we consider the radial metallicity gradient: the average [Fe/H] as a
function of galactocentric radius, which is often thought to be a unique indicator of where
stars are born [e.g., 129]. Here we measure the radial metallicity gradient using OCs,
as has often been done in the literature [85, 157, 164, 112]. Our goal is to assess how
truly unique the mean [Fe/H] is for OCs in our simulations. We note that the dispersion
in each cluster does not change substantially across the disk.

In Fig. 2.5, we show the mean [Fe/H] vs the birth radius (Rpj,) for all OCs identified
over the final 110 Myr in m12i (top panel), m12f (middle panel), and m12m (bottom
panel). Note that the range of values indicated on the y-axis is slightly different for each
galaxy, which is very important when comparing slopes between each system. Each blue
dot indicates the mean [Fe/H] value of an individual OC. We calculate a running median

using a bin size of 0.5 kpc (shown in a black solid line) and indicate the 10 confidence
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region around the median values, shaded in grey. In addition to this, we indicate on
each figure the global average [Fe/H] (solid blue horizontal line) of all our OCs and
also the average dispersion of [Fe/H] (shaded blue region) inside a typical OC. We later
subsample OCs drawn from this blue-shaded region to perform a chemical difference
metric test (see § 2.3.3).

We find a very different trend in the metallicity gradient in the three galaxies we
assess. For m12i (top panel), there is a steep gradient within Ry, < 6 kpc (with a
slope of ~ —0.02 dex kpc™!) and a small scatter about the median trend line (with scatter
< 0.01 dex). This combination of steep slope and small scatter means that, within this
region, [Fe/H] strongly constrains birth location. However, at Ry;n > 6 kpc, the slope
of the radial metallicity gradient substantially flattens out and the scatter significantly
increases (> 0.02 dex). Moreover, outside of 10 kpc, there is an inversion in the slope
of the metallicity gradient. Taken together, there is no longer a one-to-one mapping
of [Fe/H] and birth radius outside 6 kpc, and [Fe/H] should not be taken as a reliable
indicator of the birth location.

However, when we consider m12f (middle panel), the predictive power of [Fe/H] as
a unique indicator of birth location extends to a significantly larger region (out to 10
kpc). Within this radial range, there is a small scatter around the median trend line (<
0.02 dex). Moreover, like m12i, within the inner region of m12f, the slope has a constant
negative value of —0.04 dex kpc~!. It is noteworthy that, for m12f, outside of 10 kpc,
the scatter increases significantly, doubling to ~0.04 dex in the outer regions of the disk.
And, like m12i, at the largest Galactocentric birth radii, there is a subtle upturn in the
median trend line. Thus, again, at large Galactocentric radii, [Fe/H] no longer has strong
predictive power as an indicator of birth location.

Finally, m12m (lower panel), has a significantly smaller number of clusters than
the other two systems, and these clusters are all found at Galactocentric radii < 9 kpc.
While the slope of the radial metallicity gradient for m12m is negative, it is substantially
shallower (< —0.008 dex kpc™') than m12i and m12f. Moreover, while the typical
scatter about the median trend line is similar to the inner region of m12i (~0.01 dex), in
combination with the relatively shallow gradient, there is limited discerning power for

[Fe/H] to indicate birth location in this system.
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Overall all three systems appear to have a negative gradient at small radii that generally
flattens at larger radii consistent with the analysis of these galaxies in Bellardini et al.
[11]. Such a gradient and flattening in the average metallicity of OCs as a function
of radius has often been modeled in the Milky Way using a two-component fit [e.g.,
48, 164, 135]. The presence of such a transition in the gradient is an indicator that
variation in abundances is different for different regions of our Galactic disk.

Note, in section 2.3.3 we will discuss the shaded blue region in Fig. 2.5 and further
consider the additional power of individual abundances to draw connections to birth
location. This can be done by selecting OCs that fall within =10 of a fixed [Fe/H] value.
As we mentioned earlier, o is set by the typical dispersion within an OC, while the fixed
[Fe/H] value is set by the average [Fe/H] of all the OCs discussed here.

In Fig. 2.6, we show the metallicity distribution function for a subset of OCs found
within the fixed [Fe/H] range discussed above. These histograms were generated using
a Gaussian kernel smoothing technique. Each curve is color-coded by where the OCs
formed in the disk. The density shown on the y-axis is calculated such that the area
under the curve is 1 using a bin width of 0.001. The black dashed line along the center
replicates the horizontal line in Fig. 2.5, which represents the global mean [Fe/H] for all
clusters in a given simulation, and the grey-shaded region inside the black dotted lines
indicates the 10~ dispersion from the typical standard deviation inside each OC.

The clusters shown in Fig. 2.6 represent a subset of all clusters shown in the blue
shaded region of Fig. 2.5 and probe a large range of Ry across the disk. The short
vertical line on each curve indicates the mean value of [Fe/H] for that OC. Here we can
see that while these clusters have similar mean [Fe/H] (all fall within the grey-shaded
region), their individual metallicity distribution function can vary in shape. While these
clusters form at a very large range in radii, their metallicity distribution function does
not map uniquely onto their formation location. Notably, the mean [Fe/H] of a young
OC does not always map strictly onto the formation location, nor does the dispersion of
[Fe/H] inside a given OC. This reinforces the idea that the mean metallicity may not be

enough to uniquely determine the formation locations of OCs.
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Figure 2.5: Scatter plot of mean [Fe/H] vs birth radius of OCs from 3 simulations: m12i
(top panel), m12f (middle panel), m12m (bottom panel). The blue dots indicate the
mean [Fe/H] of each cluster, and the solid black curve represents the median trend for
data in 0.5 kpc radial bins. The grey shaded area represents the +10 range within 0.5
kpc bins. The blue horizontal line represents the average of all OCs in the sample, and
the blue horizontal shaded region represents the typical +1o scatter of [Fe/H] within any
given cluster. It can be seen that the metallicity distribution varies differently in the inner
disk than the outer, and many clusters have similar mean [Fe/H] despite being found at

varying locations across the disk.
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Figure 2.6: The [Fe/H] distribution for a subset of OCs from the subsample highlighted
in blue from Fig. 2.5 for each simulation. Each smoothed histogram represents the metal-
licity distribution for a single OC and was generated using Gaussian kernel smoothing.
The shaded region indicates the +10 from the overall mean of the distribution of all
clusters from that simulation. Despite their locations in the disk, it is possible to find
OC:s that have similar abundance distributions at different R.
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2.3.2 Inter and Intra Cluster Metallicity Dispersion

The intra-cluster dispersion provides a measure of the chemical homogeneity of
member stars within a given cluster for a given element. If such a measurement is small,
itindicates a similarity in the elemental abundance of member stars inside a cluster. Here,
we define the intra-cluster dispersion as the weighted mean of the dispersion inside each
cluster across all OCs for each simulation. Here, the weight is proportional to the number
of star particles in each cluster.

Similarly, inter-cluster dispersion can provide a measure of the scatter in the mean
elemental abundance between different clusters. A large value of inter-cluster dispersion
indicates a significant difference in the mean elemental abundance (e.g., m) between
OCs. One might expect the inter-cluster dispersion to be higher than the intra-cluster
dispersion, especially when comparing clusters across a large range of radii. In this
limit, one might expect strong chemical tagging to be feasible. With a larger dispersion
between clusters and a smaller dispersion inside a cluster, it would be easier to identify
stars that belong to the same. However, as we saw in §2.3.1, regions of the disk can
have a weak radial metallicity gradient. Because of this, it is valuable to quantify the
comparative significance of the intra versus inter-cluster dispersion to test the feasibility
of strong chemical tagging. We will further discuss the comparative significance of these
dispersions utilizing a chemical difference metric in the next section.

In Fig. 2.7, we show the intra and inter-cluster dispersion for all OCs in each sim-
ulation for each of the 9 elements that we trace (Fe, C, N, O, Mg, Si, S, Ca, and Ne).
M12i, m12f, and m12m are shown in the top, middle, and bottom panels respectively;
within each panel, the lower curve in blue indicates the weighted average intra-cluster
dispersion per element, hereafter represented by the symbol o x,g). The vertical in-
digo lines corresponding to each element indicate the +10 scatter of the intra-cluster
dispersion in all clusters. Since this is a dispersion of the dispersion, it was calculated
by first converting these standard deviations into variances. For n standard deviations:

oy, 07,...,0y, the variance of the sample standard deviations can be calculated as:
N 2
Var(oy) = 07

We then calculate the average of these variances as:
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Mean(Var) = + o, Var(oy)

n

Finally, the standard deviation of the standard deviation is:

Standard Deviation(o) = y/Mean(Var)

The typical measurements of the intrinsic dispersion from observations for these elements
fall under the shaded grey region [drawn from 137]. The upper red curve indicates the
measurement of inter-cluster dispersion (hereafter represented by the symbol crm).
This has been calculated as the weighted standard deviation of the mean elemental

abundance, m, in each cluster.

As indicated by these measurements, the average intra-cluster dispersion inside each
FIRE OC is quite small and generally less than 0.020 dex; these measurements are
comparable to the intrinsic dispersion calculated by several observational studies, which
find OCs have intrinsic dispersion <0.03 dex [e.g., 20, 137, 14, 148]. This is also
consistent with previous studies of m12i, which has considered the global dispersion for
stars in the disk at present day. As mentioned in § 2.1, Carrillo et al. [31] investigated
intrinsic dispersion at fixed metallicity for all disk stars in m12i, and found it to be =
0.025 dex at [Fe/H] = -0.25 dex and =~ 0.015 dex at [Fe/H] = 0 dex. The dispersion
of intra-cluster dispersion shown by the vertical indigo splines spanning +1o of the
intra-cluster dispersion tells us the width of the distribution of intrinsic scatters. These
measurements are also very small which is an indication that our simulated clusters have
some element scatter that is non-zero which is similar for all clusters.

Similarly as indicated by the upper red curves, the inter-cluster dispersion measure-
ments for all three simulations m12i, m12f, and m12m is larger than the intra-cluster
dispersion as expected. We measure mean inter-cluster dispersion of ~ 0.03 dex for m12i,
~ 0.09 dex for m12f, and ~ 0.02 dex for m12m. We further test if we can use individual
element abundances to discriminate between clusters. To do this, we examine pairs of
stars within and between clusters to measure their chemical similarity. A requirement of
reconstructing the formation conditions of stars using only their individual abundances
is that the chemical distance between stars within a cluster (intra-cluster pairs) is smaller
than that of stars between clusters (inter-cluster pairs). A minimum requirement that a

pair of stars is from the same cluster is that they have the same [Fe/H]. We therefore
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now work only in a narrow [Fe/H] bin near the overall mean [Fe/H] of the OCs in each

simulation.

2.3.3 Intra and Inter-Cluster Chemical Difference Metric

In this section, we discuss the chemical difference metric to see if we can distinguish
between two stars that are formed in one OC and two stars randomly drawn from different
OCs. We employ the chemical difference metric described in §2.2.3, which calculates
the squared chemical difference between two stars for each element and is summed over
all elemental abundances. Such a metric allows us to consider how chemically similar
two stars are via one number, which is small (approaching zero) when two stars are
similar.

We take the same sample of OCs highlighted in blue from Fig. 2.5 that is within =10
of the galaxy-wide mean [Fe/H]. We use this sample to calculate the chemical difference
between member stars to explore if we can discern the difference within and between
clusters. We first draw all possible pairs of stars from within an OC and calculate the
chemical difference for each pair. This procedure is iteratively repeated for each OC in
our sample and the results are presented in the blue histogram in Fig. 2.8. To maintain
a comparative framework, we applied the same metric for an equivalent number of
random pairs but this time, each star is drawn from a different randomly selected OC.
This distribution is shown in the red histogram in Fig. 2.8. We form 17,747 intra and
inter-cluster pairs in m12i, 1,685 pairs in m12f, and 374 in m12m.

In Fig. 2.8, the blue histogram consists of the difference metric for the pairs of stars
drawn from the same OC. The majority of the pair’s chemical difference falls within
the smallest bins of the histogram for all three simulations. If two stars are measured
with such a small chemical difference, one would naively assume they come from the
same OC. However, these smallest chemical difference metric bins are also significantly
populated by stars from inter-cluster pairs, as indicated by the red histograms. In m12i,
~ 86 / 73% of the total intra / inter-cluster pairs have a difference metric of < 0.0002.
Similarly, in m12f, ~ 66 / 43% of the total intra / inter-cluster pairs have a difference
metric of < 0.0002. Finally, in m12m, ~ 84 / 65% of the total intra / inter-cluster pairs

have a difference metric of < 0.0002. Because of this, if we observe two stars with a
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Figure 2.7: For each of the simulations in each panel, Blue: Intra cluster dispersion
indicated as the mean dispersion per element. Indigo: the dispersion around the average
dispersion. The indigo splines indicate the 10 around it. The grey-shaded region
highlights the typical measurements of such dispersion from observations, with a grey
horizontal line indicating the upper limit. Dashed Red: Inter-cluster dispersion. m12f
has larger dispersion in both inter and intra-cluster abundances, most probably due to
an LMC-like merger resulting in a more mixed disk compared to other simulations that

don’t incorporate such a merger.
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chemical difference of < 0.0002, it would be extremely difficult to know if these two stars
came from the same OC or were drawn from two different OCs. 2 That is, for the majority
of pairs, it would be difficult to distinguish between stars that fall within the same OCs
or different OCs using the vector of abundances for these elements alone. Given that
typical uncertainties in the abundance measurements are ~ (0.03 dex [137], it is unlikely
that strong chemical tagging is feasible. To further illustrate the impact of uncertainties
in observed chemical differences, we calculate the chemical difference metrics for intra
and inter-cluster pairs after adding the APOGEE errors, which we discuss in §2.3.4.

To better quantify the degree of inherent similarity between the two distributions
shown in Fig. 2.8, we perform a two-sample Kolmogorov-Smirnov (K-S) test. Essen-
tially, such a K-S test quantifies the likelihood that the observed datasets were drawn
from the same underlying distribution and generates the probability that observed dif-
ferences between the two in-hand datasets are due to chance selection. There are two
metrics reported from a K-S test: the K-S statistic and the p-value; both metrics need
to be considered together to fully understand the significance of the differences between
the observed datasets. The K-S statistic measures the maximum discrepancy between
the cumulative distributions of two datasets. The p-value indicates the probability of
observing such a discrepancy by random chance alone if the null hypothesis is true; in
a two-sample K-S test, the null hypothesis is that the two observed datasets were drawn
from the same underlying distribution. Values of the K-S statistic and the p-value range
between 0 and 1. A high value of K-S statistic (> 0.6) and a small p-value (< 0.05%)
suggests that the observed samples are very different and are very likely to be drawn
from two different underlying distributions. Whereas, a low value of K-S statistic (<
0.4) and a small p-value (< 0.05) suggest that while the observed samples are similar, it

is still very likely that they are drawn from two different underlying distributions.

ZWe choose < 0.0002 as selection criteria here, as it is close to the mean chemical difference in all three
simulations (see Table:2.3 for relevant statistics for the chemical difference metric for each simulation. In
Appendix 2.4 we explore the impact of changing the statistic we use and of the number of elements we
leverage to discern between intra and inter-cluster pairs. Table:2.1 shows that regardless of the statistic
we use for subdividing our sample for the smallest chemical difference metric values, we always see
significant contamination with inter-cluster pairs. We note that using fewer elements to calculate the
chemical difference metric marginally decreases the ability to discern between the intra- and inter-cluster
pairs at small values of the chemical difference metric.

3What is considered a “small” p-value is based on the chosen level of significance. In this work, we
choose the level of significance to be 5% thus, we can trust the K-S statistic if the p-value is < 0.05.
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We obtain a K-S statistic of 0.19 for m12i, which indicates a small maximum dif-
ference between the CDFs of the calculated chemical difference metric for the inter and
intra-cluster pairs. However, the p-value is quite small (~0.00 for m12i), thus indicating
that it is unlikely that these two samples are drawn from the same global distribution.
In other words, while there are some similar aspects to both datasets (the maximum
discrepancy to the global CDF is small), they are not in fact drawn from the same parent
distribution. This can be seen visually by inspecting the red and blue lines in the top
panel of Fig. 2.8; while both distributions are strongly peaked at the lowest values of the
chemical difference metric, at larger values, the shape of the inter-cluster distribution
(shown in red) is different from the shape of the intra-cluster distribution (shown in blue).
The K-S statistic is 0.25 for m12f; this is slightly higher than m12i’s K-S statistic, but
still a critically low value, indicating that there is similarity in the two observed m12f
datasets. However, again, the is p-value very low (~0.00 for m12f), which indicates that
it is highly unlikely that both datasets are drawn from the same underlying distribution.
Finally, m12m has the largest K-S statistic (~0.37) of all three simulations; however,
it still falls below the 0.4 threshold, thus we can say that the maximum differences in
m12m’s distributions are quite slight. Despite this, yet again, the p-value is vanishingly
small (~0.00 for m12m), indicating that it is extremely unlikely that these samples were
drawn from the same parent distribution.

Overall, we conclude that while the intra and inter-cluster chemical difference metric
datasets were drawn from two different global distributions, there is little power with this
set of elements in using small values of the chemical difference metric to select stars that
definitely came from one OC. That is, the contamination rate of inter-cluster pairs at the

smallest chemical difference metric is far too significant to trust OC reconstruction.

2.3.4 Intraand Inter-Cluster Chemical Difference Metric with APOGEE

errors in simulated OCs

In order to test how the incorporation of errors in abundance measurements affects
our chemical difference metric calculations, in this section, we add errors drawn from
an observational cluster catalog to our simulated OCs. The errors we use come from

OCCAM VI [Open Cluster Chemical Abundances and Mapping Survey, 135], which
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was derived from APOGEE DR17 [1]. To add errors to the simulation, we first generate
a normal distribution for each element for each star; the mean of the distribution is set to
the true value from the simulation. We set the standard deviation of the distribution by
calculating the mean error for each element from the OCCAM cluster catalog. We then
draw from this distribution a single value to represent the chemical abundance with error
included that is assigned to each star. This process is repeated for all elements and all
stars. In this analysis, we use the 7 elements ([C/Fe], [N/Fe], [O/Fe], [Mg/Fe], [Si/Fe],
[S/Fe] and [Ca/Fe]) that are in common with the OCCAM sample. We use the same
sample of clusters discussed in §2.3.3 for our analysis here.

In Fig. 2.9, each panel shows the histograms for the chemical difference metric
from the intra and inter-cluster star pairs with APOGEE errors included; we show
each distribution with a blue solid and red dashed line, respectively. Again, the top,
middle, and bottom panels correspond to m12i, m12f, and m12m, respectively. With
errors included, the shape and the extent of the distribution shown in Fig. 2.9 change
substantially. The distribution now peaks closer to the degree of freedom, which is equal
to the number of elements used to calculate the chemical difference metric. That is, each
element contributes equally to the error-included chemical difference metric. Unlike
histograms of the metrics with no error in abundance measurements that peaked at the
smallest chemical difference, the histograms now peak at ~ 7. All three panels from
different simulations show a similar trend with the addition of errors, and most of the
bins until the metric value of 15 for each simulation are almost equally populated by
both intra and inter-cluster pairs. Considering a limit of 7 which is closer to the mean of
chemical difference metrics for both intra and inter-cluster pairs, ~ 55 / 56% of the total
intra / inter-cluster pairs have the difference metric of < 7 in m12i. Similarly, for m12f,
~ 55/ 54% of the total intra / inter-cluster pairs have a difference metric of less than 7.
For m12m, the percentages of pairs with the difference metric of < 7 are = 52 / 56%
for intra / inter-cluster pairs respectively. Also, the maximum PDF obtained for either
the intra and inter-cluster pairs is slightly below ~ 0.13 at the mean difference metric,
thus indicating there is no prospect of identifying if the star pairs are coming from the
same cluster or different clusters. This analysis clearly shows that with errors, there is

not enough chemical difference between the stars to identify them uniquely.
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Figure 2.8: Histograms of the chemical difference metric for pairs of stars within OCs
indicated by blue histograms(intra-cluster pairs) and between OCs indicated by the
dashed red histograms(inter-cluster pairs) for each simulation m12i(top), m12f(middle),
and m12m(bottom) in each panel. These clusters were selected to fall within +10
from the overall mean distribution of [Fe/H] in each simulation. The bin with the
smallest chemical difference metric obtained for both inter and intra-cluster pairs is
abundantly populated, indicating that such difference is pretty small to uniquely identify
the chemistry of individual clusters.
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from the overall mean distribution of [Fe/H] in each simulation. The bins with the
most of the chemical difference metric obtained for both inter and intra-cluster pairs are
abundantly populated, indicating that such difference is pretty small to uniquely identify
the chemistry of individual clusters.
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2.4 Discussion and Conclusions

In this paper, we have characterized the degree of scatter in abundance distributions in
young OCs identified in three galaxies from the Latte suite of FIRE-2 simulations (m124i,
m12f, and m12m). Using a range of elements (C, N, O, Ne, Mg, Si, S, Ca, Fe) that are
generated from three distinct nucleosynthetic families (core-collapse supernovae, white-
dwarf supernovae, and stellar winds), we have shown that the abundance dispersion in
FIRE OCs is comparable to observations from Ness et al. [137].

In this section, we compare our results with other observational studies that have
measured the level of chemical homogeneity present in individual OCs using spectro-
scopic analysis. Dispersions measured from observations are influenced by two factors:
intrinsic scatter — the true difference in elemental abundance between stars within an
OC - and observational noise, which originates from measurement uncertainties. Most
observational studies consider an OC to be chemically homogeneous if the metallicity
dispersion inside a cluster is less than or equal to the typical measurement uncertainties.
While measurement uncertainties vary between studies [e.g., 0.03 dex vs. 0.008-0.036
dex, from 137, 105, respectively], typically measurement uncertainty is < 0.03 dex
[20, 167].

Simulations do not suffer from observational uncertainties, and the typical intrinsic
dispersion inside a simulated Latte OC is < 0.02 dex. This is broadly consistent with the
intrinsic dispersion measured for these elements from observational studies. In Latte,
such homogeneity is a consequence of two dominant factors: 1) at present day, gas within
individual GMC:s is very well-mixed [see Figure 7, 10], and 2) star formation within an
individual OC is typically short-lived (03ge < 1 Myr, Masoumi, et al. in prep), which
limits internal enrichment.

Note, some level of inhomogeneity is expected in observations driven by, among
other things, atomic diffusion, mixing processes, and planet engulfment [16, 13, 163].
Such processes are expected to have an impact on the metallicity of evolved populations
and are not resolved in Latte OCs, as star particles have a fixed abundance throughout
their lifetime. In observational studies, dispersion measurements that make use of both
main sequence and giant stars within an OC are expected to have an increased metallicity

dispersion; as a result, some studies consider dwarf and giant stars separately [16, 33].
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Moreover, different types of elements (e.g., light versus heavy elements) are expected
to have a different amount of scatter [42, 117]. While the current generation of Latte
simulations do not track heavy elements, such an improvement is anticipated in upcoming
generations of FIRE.

With this somewhat complicated observational context in mind, we now present
results from the literature. Note, as much as possible, we try to include both the stellar
populations and the elements studied in each work. In one of the earliest spectroscopic
studies on intra-cluster homogeneity, De Silva et al. [40] analyzed the heavy elements
Zr, Ba, La, Ce, and Nd in dwarf stars in the Hyades OC; they showed that the chemical
scatter within this system is below their measurement uncertainties, which ranged from
0.047-0.048 for Zr and Ba, to 0.025-0.026 dex for La, Ce and Nd. 22 Thus, De Silva
et al. [40] conclude that Hyades is chemically homogeneous. In a follow-up study, De
Silva et al. [41] analyzed abundances of the light elements Na, Mg, Si, Ca, Mn, Fe, and
Ni in 12 red giant stars in the OC Collinder 261, and estimated the intrinsic scatter is <
0.05 dex across these elements. Because their measurement uncertainty ranged between
0.01-0.05 dex, they concluded Collinder 261 is chemically homogeneous. They also
compared Collinder 261, Hyades, and the moving group HR 1614 to each other and
found all three systems have small scatter (< 0.05 dex) consistent with homogeneity
[41].

In line with De Silva et al., many other groups have found that OCs are chemically
homogeneous from spectroscopic analysis. For example, Pancino et al. [143] three red
clump stars in each of five OCs: Cr110, M37, NGC 2420, NGC 7789, and M67, and
they found the dispersion in [Fe/H] indicated chemical homogeneity for all five systems.
Likewise, using 12 subgiants, Ting et al. [167] showed that variation in [X/H] for Na,
Al, Mg, Si, Ca, Ti, Cr, Ni, Fe, Zn, and Ba is <0.03 dex in IC 4756. Additionally,
Cunha et al. [37] studied Na and O abundances for 11 APOGEE red giants in the old,
super-solar OC NGC 6791, with measurement errors of ~0.05 dex. They concluded this
system is chemically homogeneous, with an abundance dispersion of ~0.05-0.07 dex;
this conclusion is consistent with results for NGC 6791 presented by Bragaglia et al.
[23]. Bovy [20] also used APOGEE spectra for 49 giants in M67, NGC 6819, and NGC
2420 and showed that the scatter is <0.03 dex for 15 elemental abundances (C, N, O, Na,
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Mg, Al, Si, S, K, Ca, Ti, V, Mn, Fe, and Ni). Among these elements, C and Fe had strong
limits (< 0.02 dex at 95% confidence); however, for Na, S, K, Ti, and V, the scatter was
<0.05 dex. Poovelil et al. [148] also calculated the abundance scatter in APOGEE red
giants in 10 OCs for 8 elements, Mg, Al, Si, Ca, Fe, Si, Mn, and Ni, and found that the
dispersion for these clusters were within the limits indicated by Bovy [20] of <0.03 dex
for most of the elements, with only Mg, Al, and Si having larger scatter, which could be
consistent with dredge-up effects that preferentially impact light elements.

However, some studies have found measurable chemical inhomogeneity larger than
the measurement uncertainties in OCs [e.g., 16, 105, 13, 33]. For example, Liu et al.
[105] studied the abundances of 19 elements (C, O, Na, Mg, Al, Si, S, Ca, Sc, Ti, V,
Cr, Mn, Fe, Co, Ni, Cu, Zn, and Ba) in 16 solar-type stars in the Hyades cluster, with
abundance errors ranging from a low of 0.008 dex for Si to a high of 0.036 dex for S.
For most elements, the abundance dispersion they measured was significantly larger than
measurement errors, by a factor of ~1.5 - 2. They conclude that Hyades is chemically
inhomogeneous at >0.02 dex level, which contrasts with the conclusions for Hyades
drawn from De Silva et al. [40] and De Silva et al. [41]. Liu et al. [105] suggest pollution
of metal-poor gas into portions of the proto-cluster cloud combined with supernova
ejection into other regions with incomplete mixing is the root cause of such dispersion.

Overall, we find that different observational studies have differing criteria to deter-
mine if an OC is chemically homogeneous. This conclusion can be impacted by the
stellar sample used (containing evolved, main sequence or a combination of the two pop-
ulations), elements considered (light and/or heavy elements), and measurement errors
(which is instrument resolution and line-fitting methodology dependent). Dwarf stars
and heavy elements show the greatest discriminating power for the measurement of ho-
mogeneity. Most studies agree that the typical level of intra-cluster scatter inside Milky
Way OCs is < 0.03 dex for most elements; OCs with scatter less than this per element
relative to H are considered chemically homogeneous. In our simulations, the intrinsic
OC intra-cluster scatter in [X/H] for C, N, O, Ne, Mg, Si, S, Ca, Fe is < 0.02 dex; these
Latte OCs would be considered chemically homogeneous by most observational studies.

While there is abundant research supporting small intra-cluster dispersion in OCs,

the assumption of large inter-cluster dispersion, which is crucial for strong chemical
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tagging to work, has only recently been explored [e.g., 16, 98]. The first study to
systematically consider inter-cluster dispersion was De Silva et al. [42]. They aggregated
abundance information from the literature for 10 elements (Na, Si, Ca, Mn, Zn, Rb, Zr,
Ba, Nd, and Eu) from 24 OCs and showed that different clusters exhibit varying levels
of dispersion for each element. Despite likely systematic differences in their sample due
to varying methodologies and scales, as well as the inclusion of both evolved and main
sequence stars, introducing additional scatter in inter-cluster dispersion (particularly in
light elements like Na), they were still able to conclude that different clusters exhibit
differing elemental abundance patterns. In particular, they found an inter-cluster scatter
of >0.20 dex in heavy elements like Mn and Ba, which they concluded is an indication
of abundance variation between clusters.

In the time since, there have been several significant studies that investigate chemical
abundances in large spectroscopic samples of OCs surveyed in homogeneous manner.
These include the Bologna Open Clusters Chemical Evolution project [BOCCE 22],
the WIYN Open Cluster Study [123, 83], Gaia ESO OC papers such as Magrini et al.
[110], and APOGEE studies such as the Open Cluster Chemical Abundance and Mapping
Survey [OCCAM 135]. While these studies provide tremendous insight into radial trends
in the Milky Way, unfortunately, as of yet, they do not explicitly consider inter-cluster
trends.

Subsequent to De Silva et al. [42], Mitschang et al. [130] used 30 distinct OCs from
the literature and measured both the inter- and intra-cluster dispersion. They found
a typical inter-cluster dispersion of ~0.120 dex and considerably smaller intra-cluster
scatter of ~0.045 dex (i.e., the inter-cluster dispersion is ~3 times greater than the
intra-cluster dispersion). Thereafter, the first study (to our knowledge) that considered
inter-cluster scatter is Blanco-Cuaresma et al. [16]. In this work, they compiled stellar
spectra from 31 old and intermediate-age OCs to determine 17 abundance species and
showed that stars at different evolutionary stages have distinct chemical patterns. Upon
separating stars into dwarfs and giants, they found that only a few OCs show distinct
chemical signatures, with the majority of them possessing a high degree of overlap. They
also analyzed five OCs (IC4651, M67, NGC2447, NGC2632, and NGC3680) with stars

in various evolutionary stages and found that differences in abundances for [Fe/H] and
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[X/Fe] were less than 0.05 dex for almost every element considered, except for Na, which
can be enhanced in giants. Such enhancement likely occurs as a result of mixing from
the first dredge-up in giant stars.

On the other hand, Lambert and Reddy [98] studied inter-cluster abundance differ-
ences for 23 elements in 70 red giants from 28 OCs. Their analysis was comparable in
scope and accuracy to that reported by Blanco-Cuaresma et al. [16], except that their
selection included several additional heavy elements — La, Ce, Nd, Sm, and Eu — which
are produced by neutron-capture processes. Using a set of 20 clusters, they calculated
scatter in light elements, which was 0.16 dex for Na and Al, 0.12 dex for Mg and Si,
and 0.11 dex for Ca [see Table 1 from 98]. They observed inter-cluster scatter up to
0.5 dex for heavy elements like La and Ce, with uncertainty <0.07-0.08 dex. Lambert
and Reddy [98] point out that while the inter-cluster scatter for heavy elements is large,
many clusters are individually chemically homogeneous in heavy elements with unique
chemical patterns. They suggest that combining measurements of one or more light
elements like Mg, Al, Si, Cu, and Zn with heavy elements like La, Ce, Nd, Sm, and Eu
in future chemical tagging studies might produce insightful results [98].

Overall, at present, there is limited discussion of inter-cluster scatter in the literature,
and differing perspectives are offered in the two most recent works. Blanco-Cuaresma
et al. [16] have found a high degree of overlap (small inter-cluster scatter) in the chemical
signatures of light elements across OCs; however, they don’t directly quantify the inter-
cluster scatter in their analysis. Whereas Lambert and Reddy [98] have found a significant
inter-cluster scatter in heavy neutron-capture elements (up to 0.5 dex) and a smaller scatter
in lighter elements (on average ~0.13 dex). As previously mentioned, at this time, we
only track light elements in our simulations. In this limit, the OC inter-cluster scatter
we measure for [X/H] for C, N, O, Ne, Mg, Si, S, Ca, & Fe is 2—5 times larger than
the intra-cluster dispersion in individual OCs. Specifically, when averaged across all 9
elements, the inter vs intra-cluster dispersion is for m12i: 0.03 vs 0.01, for m12f: 0.09 vs
0.02, and for m12m: 0.02 vs 0.01. We find that when inter-cluster scatter is considered
by element, only C and N have a slightly higher scatter than the average (albeit at a very
small level, see Fig. 2.7). This is consistent with the result presented by Mitschang

et al. [130], which showed that the inter-cluster dispersion is ~3 times greater than the
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intra-cluster dispersion. Lambert and Reddy [98] have shown inter-cluster dispersion
to be ;10 times larger than the intra-cluster dispersion for heavy elements like La, Ce,
Nd, and Sm (e.g., 0.4 dex of intra-cluster scatter vs 0.03 dex of inter-cluster scatter for
La). However, if we assume that the individual OCs from Lambert and Reddy [98] are
homogeneous at ~0.03 dex level, then the ratio of inter to intra-cluster scatter for light
elements is ~4, which is in line with our results.

As one might expect, the inter-cluster scatter that we report for OCs is less than what
has been seen for all young stars in the Latte disks. For example, Bellardini et al. [11]
selected young stars (< 500 Myr old) at present day from 11 of the Latte galaxies at
a range of radii and showed that at small radii, the scatter across the entire annulus is
0.03-0.04 dex. Moreover, in the present day, the typical variation across the fiducial
solar cylinder (R = 8 kpc) in [Fe/H] is = 0.05 dex [see top panel Figure 9, 11, 63].
However, at this annulus, the inter-cluster scatter for OCs in [Fe/H] is only 0.02 dex.

In addition to intra- and inter-cluster scatter, we have calculated a chemical difference
metric similar to the one first introduced by Mitschang et al. [130]. Such a metric helps to
determine if one can distinguish pairs of stars formed in the same OC from pairs formed
across different OCs. We calculated the percentage of pairs that have small chemical
difference metric values (< than the mean chemical difference for the entire sample)
with the hope that this population would be predominantly populated by intra-cluster
pairs. However, for m12f, 43% of the inter-cluster and 66% of the intra-cluster pairs
had similar indistinguishably small chemical difference values. Moreover, in the other
two galaxies, the rate of chemical difference overlap was even greater: 65% vs 84% for
m12m and 73% vs 86% for m121i in inter vs intra-cluster pairs. We find it noteworthy that
a significant fraction of the smallest chemical difference values belong to inter-cluster
pairs, which one would typically assume to be populated by only intra-cluster pairs.

Mitschang et al. [130] used the chemical difference metric to compare 30 distinct
OC from across the literature. Their abundance measurements ranged from 5 to 23
elements per cluster across 291 stars. They found a distinct peak in the distribution of
the chemical difference metric for both the intra- and the inter-cluster distributions. In
their analysis, the two distributions had a critical crossing point at a chemical metric

value of ~0.07 — at this value, both the intra and inter-cluster star pairs showed identical



41

chemical differences distributions and thus the metric had no constraining power for
strong chemical tagging. In our simulated OCs, such a crossing-point occurs at a very
small chemical difference value (~0.0001); this crossing point is near the median of both
skewed Gaussian distributions, and is very well sampled by both intra and inter-cluster
pairs. Notably, the chemical difference metric has no constraining power to determine
origin at this location. In our extended analysis of the chemical difference metric, we
added APOGEE errors to the abundance measurements of our OCs. We find that the error
added chemical metric distributions for intra and inter-cluster pairs overlap significantly
at almost all measured values, further reinforcing that there is little prospect of discerning
intra and inter-cluster pairing using the chemical difference metric from light elements
alone.

In a slightly different scenario, leveraging 600 intra-cluster pairs and 1,018,581 field
pairs with similar log(g) and T.¢ values, Ness et al. [137] utilized 20 element abundances
to calculate the chemical difference metric. The chemical difference distribution for
intra-cluster and field star pairs was visibly distinct but not totally disjoint, with 0.3% of
field stars having similar chemical differences as the median difference in intra-cluster
pairs. When stars of a fixed solar metallicity ([Fe/H]=0+0.02) were considered, the
percentage of field star pairs with overlapping intra-cluster chemical difference values
increased to ~1.0%. Ness et al. [137] refer to these field stars as solar "doppelgangers.”
They conclude that such a significantly populated doppelganger population implies that
strong chemical tagging in a strict sense would not work with this dataset. While we are
intrigued by this result, we leave a similar calculation utilizing our OC sample and Latte
field stars to future work.

In conclusion, OCs in FIRE show realistic intra-cluster homogeneity (typical OC
elemental dispersion <0.02 dex) and comparable inter-cluster dispersion to observa-
tions (2-5 times larger than intra-cluster dispersion). However, when using a chemical
difference metric to distinguish between intra and inter-cluster pairs, we do not find
significantly large chemical differences to distinguish OC origin for the majority of stars.
This is likely due to limited and/or redundant information encoded in the light elements
we track (C, N, O, Ne, Mg, Si, S, Ca, Fe); with the addition of heavy elements, the

chemical difference metric may produce more reliable results for chemical tagging in
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the future. However, as informed by our simulated OC sample (drawn from three realis-
tic Milky Way-mass cosmological galaxy simulations with varied merger histories and
environments), in the limits of light elements only, we are dubious that strong chemical

tagging can reconstruct individual OCs reliably to a high level of confidence.
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Appendix A. Correlation between different elements

In this appendix, we consider the scatter and correlation between elemental abun-
dances for all stars in all OCs found in m12i and presented in this paper. A discussion
of how yields are implemented in FIRE-2 can be found in Appendix A in Carrillo et al.
[31] and in Hopkins et al. [75].

In Fig. 2.10, we consider [X/H] versus [Fe/H] for X=C, N, O, Mg, Si, Ca. We
find that each of these elements is highly correlated with [Fe/H], as indicated by the
Pearson correlation coefficient (> 0.99 in all cases). This can be seen by comparing the
trend in the data in each panel to the diagonal red dotted one-to-one line. Not only is
there limited scatter in elemental abundance at any value of [Fe/H] (as shown in Fig.
2.11, which presents [X/Fe] versus [Fe/H] to highlight the limited scatter at any value of
[Fe/H]), but also, the data in Fig. 2.10 follows a simple linearly increasing trend in all
panels, with a slope that is nearly identical to the one-to-one line. While there are some
slight departures from a single linear distribution (e.g., at [Fe/H]~0.15, a transition to
a shallower slope for [Mg/H] and a transition to a steeper slope [C/H] and [N/H]), to
first order, all the elements we consider in this paper carry largely the same chemical
signature as [Fe/H]. That is, modulo a normative offset, given a value of [Fe/H] for any
star in any of our OCs in m12i, [X/H] can be predicted with high confidence for C, N,
0O, Mg, Si, and Ca.

To further reiterate this point, in Fig. 2.12 we explore the relationship between
individual elements with one another by plotting [X/H] versus [Y/H] for X, Y=C, N, O,
Si, Mg, Ca. Here, we color code each star by its [Fe/H] value to reflect the trend shown
in Fig. 2.10. Again, we see that these elements are highly correlated with one another
when considering a Pearson correlation coefficient or inspecting the trends relative to
the one-to-one line. Of all the elements, [Mg/H] is the least correlated with [C/H], with
a Pearson correlation coefficient of 0.989. Indeed, there is a slight scatter in [Mg/H] for
small values of [C/H] and a modest transition in slope at high values of [C/H]. To this
end, in our subsequent chemical difference metric analysis presented in Appendix 2.4,
we utilize Mg and C as maximally independent elements. However, it bears repeating
that all of the elements presented here carry very similar discriminating power. Note,

while this analysis indicates that chemical information is redundant in our simulations,
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Figure 2.10: Left to right, top to bottom: [X/H] vs [Fe/H] for C, N, O, Mg, Si, and Ca
for stars from OCs presented in this paper in m12i. Elements are highly correlated with
[Fe/H] as indicated by the Pearson correlation coeflicient, which is labelled on each plot
(> 0.99 for all elements considered). The dotted diagonal red line is the one-to-one line.
Note that the slope of the [X/H] vs [Fe/H] is similar to the one-to-one line, and there
is limited scatter in [X/H] at any value of [Fe/H]. This indicates that all the elements
considered carry similar discriminating power as [Fe/H].
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[X/Fe] vs [Fe/H] for all stars in all OCs
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Figure 2.11: Left to right, top to bottom: [X/Fe] vs [Fe/H] for C, N, O, Mg, Si, and Ca
for stars from OCs presented in this paper in m12i. Elements have a very tight scatter for
a given value of [Fe/H], as indicated by the small range in [X/Fe] shown on the y-axis.
The scatter is more substantial at lower values of [Fe/H]; however, the scatter decreases
substantially at [Fe/H]>0.19 dex.

something similar has been found in the Milky Way. For example, Griffith et al. [65]
and Ness et al. [139] showed that if Fe and Mg are measured alone, then eight other
supernova elements can be predicted to within 5% of their true values using a simple
linear regression [see Figure 1 139, for an analogous figure to Fig. 2.12, but for the Milky
Way].

Appendix B. Chemical Difference Metric using only 3 el-
ements

Here we consider how the chemical difference metric is impacted by the number of
elements used or the types of elements chosen to compute the metric. We have shown

our analysis using all elements (C, N, O, Mg, Si, S, Ca, Ne) in §2.3.3. However, as
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[X/H] vs [Y/H] for all stars in all OCs
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Figure 2.12: Correlation between [X/H] vs [Y/H] for C, N, O, Mg, and Ca color-coded
by [Fe/H] (shown in the colorbar). Elements are highly correlated with one another, as
indicated by the Pearson correlation coefficient (> 0.989 for all elements considered).
The dotted diagonal red line is the one-to-one line. Note that the slope of the [X/H] vs
[Y/H] is similar to the one-one line, and there is limited scatter in [X/H] at any value
of [Y/H]. This indicates that all the elements considered carry similar discriminating
power.
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shown by Figs. 2.10, 2.11, and 2.12, elements are highly correlated with each other in
our simulations. Thus, here we discuss the distribution of chemical differences in two
other cases: calculated using only elements Mg, C and N, as well as calculated using only
elements Mg, C and O. We have selected these elements as the maximally uncorrelated
elements presented in Appendix 2.4. We compare these results alongside the case where
we use all elements to compute the metric.

We show histograms of the chemical difference metric in Fig. 2.13 for pairs of
stars within OCs indicated by blue histograms (intra-cluster pairs) and between OCs
indicated by the dashed red histograms (inter-cluster pairs) for each simulation: m12i
(top panel), m12f (middle panel), and m12m (bottom panel). These chemical difference
distributions are computed similarly those presented in Fig. 2.8, which was generated by
selecting OCs that fall within +10 from the overall mean distribution of [Fe/H] in each
simulation and then applying the formula presented in §2.2.3 to relevant pairs drawn for
the selected OCs. The first column on the left shows the distribution of the chemical
difference metric when all elements were used. The middle column and right columns
are for the cases when only 3 elements are used: Mg, C, N, and Mg, C, O. We note
that decreasing the number of elements increases both the number of intra-cluster pairs
and inter-cluster pairs that populate the smallest chemical difference metric bin. There
is slightly more contamination from inter-cluster pairs when fewer elements are used to
calculate the chemical difference metric. While broadly all of the distributions presented
here look very similar, the maximum difference between the inter- and intra-cluster
global distributions are found when all elements are used to calculate the metric.

In Table 2.1, we show the percentage of pairs that have a chemical difference metric
smaller than the mean, median, or a fixed value when different elements are used to
calculate the chemical difference metric. While there is a slight increase or decrease in
the percentage of pairs falling below a chosen limit, the chemical difference overlap —
that is, the relative amount of inter-cluster contamination — does not change significantly;
there is always significant contamination at small values of the chemical difference
metric. In Table 2.2, we present the purity (the percentage of intra-cluster pairs relative
to the total pairs) of each sample for each metric. Each population is significantly impure

— the contamination rate is typically 40%-50%. We conclude that no matter what metric
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we use or subset of elements we consider, we always have significant contamination of
inter-cluster pairs.

We note that the mean and median of the chemical difference distribution decreases
very slightly when few elements are considered, and it decreases significantly when
mean and median of the metrics are computed when combining the intra and inter-
clusters distributions into one global distribution; we present this for completeness in

Table 2.3.

Table 2.1: Chemical difference metric analysis using all elements versus a subset of
elements (Mg, C, N and Mg, C, O)

Simulation Selection of Intra Cluster | Intra Cluster | Intra Cluster | Inter Cluster | Inter Cluster | Inter Cluster
Chemical Difference | All Elements Mg, C,N Mg, C,0 All Elements Mg, C, N Mg, C, O
Metric (%) (%) (%) (%) (%) (%)
< Intra Mean 76.23 74.94 75.94 59.61 58.82 59.07
< Intra Median 50.00 50.00 50.00 31.60 33.23 32.16
mi2i < Intra+Inter Mean 81.68 81.64 82.21 66.63 66.39 66.85
< Intra+Inter Median 59.54 58.55 59.24 40.46 41.45 40.76
< 0.00010 (Fixed) 70.47 81.66 86.79 52.36 66.41 72.92
< 0.00020 (Fixed) 86.18 92.95 95.57 73.20 82.13 87.21
< Intra Mean 83.20 79.47 84.33 70.39 65.76 71.57
< Intra Median 49.97 49.97 49.97 27.77 28.66 28.25
mi2f < Intra+Inter Megn 86.94 83.98 88.07 79.11 74.24 80.71
< Intra+Inter Median 62.08 60.42 61.36 37.92 39.58 38.64
< 0.00010 (Fixed) 47.54 61.66 72.28 25.34 40.77 50.92
< 0.00020 (Fixed) 65.93 76.74 85.40 43.03 61.01 73.47
< Intra Mean 83.16 81.55 82.62 62.03 67.65 66.04
< Intra Median 50.00 50.00 50.00 17.65 19.79 16.58
mi2m < Intra+Inter Mean 85.83 83.16 84.76 72.19 72.19 72.46
< Intra+Inter Median 67.11 63.64 65.24 32.89 36.36 34.76
< 0.00010 (Fixed) 70.59 79.14 82.62 38.77 61.50 67.11
< 0.00020 (Fixed) 83.69 86.63 89.04 64.71 79.68 83.16




49

--- inter cluster pairs All Elements Mg, C, N ] Mg, C, O
0.8{ — Intra cluster pairs

i
mi12i L m12i L m12i

SO m12f L"t”. - m12f

m12f

mi2m L_L_ mi2m i — mi2m

3(6Metallicity?) Metric for [X/Fe] using different element sets

Figure 2.13: Histograms of the chemical difference metric for pairs of stars within
OCs indicated by blue histograms (intra-cluster pairs) and between OCs indicated by the
dashed red histograms (inter-cluster pairs) for each simulation m12i (top), m12f (middle),
and m12m (bottom). The chemical difference distributions shown in each column are
computed as using the method presented §2.2.3, but leverage different elements to
compute the chemical difference metric. The left panel is a reproduction of Fig. 2.8,
which was generated using all relevant elements in our simulations (C, N, O, Mg, Si,
S, Ca, Ne). The middle column shows the chemical difference distribution calculated
using three elements (Mg, C, N). The right column shows the chemical difference
distribution calculated using a difference subset of three elements (Mg, C, O). We note
that decreasing the number of elements increases both the number of intra-cluster pairs
and inter-cluster pairs that populate the smallest chemical difference metric bin. There
is slightly more contamination from inter-cluster pairs when fewer elements are used to
calculate the chemical difference metric. While broadly all of the distributions presented
here look very similar, the maximum difference between the inter and intra-cluster global
distributions is found when all elements are used to calculate the metric.



Table 2.2: Purity percentage of intra-cluster pairs

Simulation Statistic All Elements | Mg, C,N | Mg, C, O
Purity (%) | Purity (%) | Purity (%)
< Intra Mean 56.13 56.05 56.23
< Intra Median 61.29 60.09 60.91
ml2i < Intra+Inter Mean 55.09 55.12 55.16
< Intra+Inter Median 59.54 58.55 59.24
< 0.00010 (Fixed) 57.36 55.14 54.36
< 0.00020 (Fixed) 54.08 53.12 53.21
< Intra Mean 54.14 54.56 54.94
< Intra Median 64.69 64.52 64.15
mlof < Intra+Inter Mean 54.13 53.34 53.57
< Intra+Inter Median 62.08 60.42 61.36
< 0.00010 (Fixed) 47.54 61.66 72.28
< 0.00020 (Fixed) 65.93 76.74 85.40
< Intra Mean 59.64 60.04 60.31
< Intra Median 55.23 5491 54.84
mlom < Intra+Inter Mean 56.03 55.47 55.23
< Intra+Inter Median 67.11 63.64 65.24
< 0.00010 (Fixed) 57.34 55.65 55.12
< 0.00020 (Fixed) 54.39 53.76 53.92
Table 2.3: Chemical difference metric statistics
Simulation Statisic All Elements | Mg, C,N | Mg, C, O
Intra Mean 0.00007 0.00007 | 0.00006
m12i Intra Median 0.00003 0.00003 | 0.00002
Intra+Inter Mean 0.00016 0.00010 | 0.00008
Intra+Inter Median 0.00007 0.00004 | 0.00003
Intra Mean 0.00024 0.00024 | 0.00019
mlof Intra Median 0.00006 0.00006 | 0.00004
Intra+Inter Mean 0.00065 0.00032 | 0.00026
Intra+Inter Median 0.00017 0.00009 | 0.00006
Intra Mean 0.00012 0.00012 | 0.00010
mi2m Intra Median 0.00002 0.00002 | 0.00002
Intra+Inter Mean 0.00024 0.00014 | 0.00012
Intra+Inter Median 0.00009 0.00005 | 0.00004
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Chapter 3

Tracing the Radial Metallicity
Gradient and Considering Sampling

Bias Using Simulated Open Clusters in
FIRE Galaxies

3.1 Introduction

Radial metallicity gradient refers to the relationship between metallicity and the
galactic radius of the disk. It is considered an important metric to study the processes
that drive the formation of the galaxy and its evolution [34, 128, 66, 11]. Based on
the inside out disk formation model proposed by Larson [101] and later confirmed
by Matteucci and Francois [124], Grand et al. [64], metallicity gradient can arise due
to radial flows and stellar migration. Out of many probes that can be used to study
the radial metallicity gradient like Cepheids [e.g. 103, 107], H II regions [e.g. 9, 6],
planetary nebulae [e.g. 108, 165], low mass and massive stars [e.g. 19, 77, 3, 24]; open
clusters(OCs) are considered as one of the best probes as it is easy estimating the age,
distance and chemistry of OCs than for individual field stars. OCs are a group of stars that
are born together and remain gravitationally bound for a long period, and are believed to

share similar chemistry. Lada and Lada [97] define star clusters as a group of young stars
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Figure 3.1: A snapshot from three Latte simulations m12i, m12f and m12m. Background:
mean [Fe/H] for stars in the disk < 1 Gyr old from each simulation. The corresponding
values are shown by the color bar on the left. Contours: density of stars < 50 Myr
old, which highlights the spiral arms. Circles: mean [Fe/H] of OCs and associations
identified at 13.693 Gyr. Note, the mean [Fe/H] of the clustered star formation reflects
the global metallicity distribution of the gas in the disk.

that survive tidal disruption for a period as long as 100Myr. For numerical simulations,
however, star clusters are usually a bound group of stars that share a common birth origin.
OC:s are also considered the building blocks of the disk and are reliable tracers of age,
distance, and chemistry around the galactic disk. They have been studied as far back as
1979 to show that they are reliable tracers of Galactic radial metallicity gradient Janes
[85]. OCs are also considered among the best tracers of the overall Galactic metallicity
distribution and of the thin disc abundance patterns [55, 141].

There are numerous studies from the past and recent years that use OCs as tracers of
the structure and evolution of the Milky Way [e.g. 84, 55, 131, 134] and also the tracer of
the metallicity gradient of the disk [e.g. 85, 169, 180, 109, 27, 82, 32,47, 161]. Since the
early studies by [85, 142, 86, 56, 145] it has been found that the OC population shows a
significant decrease in metallicity with increasing distance from the galactic center [e.g.
142, 86, 56, 145]. Recent studies have shown that this trend can be fit into a two-function
gradient with Rg¢ falling between 10kpc to 16 kpc [e.g. 157, 21, 57, 30, 180, 59, 151,
111, 47, 48].

All of these studies that have used OCs to trace the radial metallicity gradient of the
disk have different sample sizes and different measured gradients. Janes [85] used 41

Ocs spanning 8 to 14 kpc from the galactic center and measured

A[Fe/H]/AR = —0.05 +0.001 dex kpc™'.
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Panagia and Tosi [142] used 17 OCs within 2 kpc from the sun (8.29 to 12.07 kpc)
and calculated a slope of —0.098 + 0.015 dex kpc~!. Sestito et al. [157] used 4 OCs:
Berkeley 20, Berkeley 29, Collinder 261, and Melotte 66 that span the radius of 7 to 22
kpc and supported a presence of a steep negative slope of the radial metallicity gradient
up to 10-11 kpc from the galactic center. With the advent of high-quality datasets from
APOGEE and SDSS, Frinchaboy et al. [59] used 22 OCs spanning from 7.9 to 14.5 kpc
and calculated the radial metallicity gradient using [@/M] and also for [M/H]. Where
«a refers to alpha elements and M refers to metals other than hydrogen. They found no
gradient in [a/M] and showed that [M/H] indicates a gradient for Rg¢c < 10 kpc and
flattens beyond 10 kpc. Their single fit gradient was —0.09 + 0.03 dex kpc™! with the
fitting inside 10 kpc being steeper at —0.20 + 0.08 dex kpc~!.
a flat gradient beyond 10 kpc, which was —0.02 + 0.09 dex kpc~!. Reddy et al. [151]

used 28 OCs spanning a wider range of radius compared to earlier studies (5 to 24

They observed almost

kpc) with ages ranging from a few Myr to 9 Gyr. Their calculated gradient was of
—0.052 + 0.011 dex kpc™! for R < 12 kpc and it was —0.015 + 0.007 dex kpc~! for R
12 kpc.

A recent work and perhaps a motivation for this paper by Donor et al. [48] used a
larger sample of 128 OCs, with 71 of them being deemed a high-quality sample, and
performed an MCMC fit of the radial metallicity gradient. They calculated a gradient
of —0.068 + 0.001 dex kpc~! over the range of 6 to 13.9 kpc. In more recent work from
the same collaboration, Myers et al. [135] used 150 OCs with 94 of them being high-
quality OCs to calculate the gradient to be —0.073 + 0.002 dex kpc™! over the range of
6 to 11.5 kpc. A very comprehensive analysis using a homogenized sample of OCs
has been performed by Spina et al. [164]. The resulting homogenized sample contained
[Fe/H] and orbital parameters for 251 OCs, with 180 high-quality OCs. They obtained
a slope of —0.064 + 0.007 dex kpc~! with their gradient flattening beyond 12.1 + 1.1
kpc. However, they have outlined some present and future challenges pertaining to the
proper measurement of the radial metallicity gradient of the disk. Selection bias of OCs
in the observations, cluster dissipation bias, role of resonances as a barrier to prevent
the matter from freely flowing across the disk, and measurement errors leading to wrong

calculations of the abundances are some of the challenges that are highlighted in Spina
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et al. [164].

In this work, we aim to explore how the metallicity gradient traced using OCs from
cosmological simulations compares to that of observations. Using a sample of OCs
from three different Milky Way-like simulations that have different dynamic histories,
we investigate if the way we sample our cluster data would have any impact on the
measurements. Latte suite of FIRE-2 simulations Hopkins et al. [74, 75] provide a
great test bed to study the radial metallicity gradient of the simulated Milky Way-like
disk using our samples of open clusters with their well-resolved stellar populations in
a cosmological context. Earlier work from the collaboration Bellardini et al. [10, 11]
have used gas and stellar population from several FIRE galaxies to trace the radial and
azimuthal metallicity gradients. Their comparison with the surveys in Bellardini et al.
[11] using a similar number of stellar populations from FIRE galaxies at the same radial
range has shown that there is an offset in the measurement of gradients. Recently,
Graf et al. [63] have shown using FIRE galaxies that the radial gradient at the present
time follows a similar trend as in the MW. However, the radial gradients using all stellar
populations are shallower in FIRE-2 compared to those of surveys, which is in agreement
with Bellardini et al. [11]. They have also shown that at present day, the gradient for
younger stars is the steepest, which qualitatively agrees with the MW.

We perform a 2-component fit for the metallicity gradient of the disk using OCs
that were identified using the friend-of-friends algorithm in these simulations. We use
a similar technique as outlined in Donor et al. [48] that uses MCMC fit to perform the
two-component fit of the radial metallicity gradient. We further compare the fit using
subsamples of OCs selected randomly using different selection criteria, such as the age
of the simulation at their time of birth. With simulated young OCs that are all less than
3 Myr old, identified during the last 100 Myr of the simulation, free from selection bias

and measurement errors, this work provides the nature of such a fit in an ideal case.
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Figure 3.2: Scatter plot of mean [Fe/H] vs birth radius of OCs from 3 simulations:
m12i (top panel), m12f (middle panel), m12m (bottom panel). Error bars represent the
average observational error in mean [Fe/H] and 5% error per kpc from a fixed distance
assumed to be a solar radius (8 Kpc). It can be seen that the metallicity distribution
varies differently in the inner disk than the outer, and many clusters have similar mean
[Fe/H] despite being found at varying locations across the disk.
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Mean [Fe/H] vs Rpirtn With random observational error in each cluster
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Figure 3.3: Scatter plot of mean [Fe/H] vs birth radius of OCs from 3 simulations: m12i
(top panel), m12f (middle panel), m12m (bottom panel). Error bars represent a random
simulated APOGEE error in mean [Fe/H] for each cluster and 5% error per kpc from a
fixed distance assumed to be a solar radius (8 Kpc). With errors randomly assigned to
each cluster, we observe larger error bars in several clusters.
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3.2 Data and Methodology

3.2.1 Simulations

This work uses the Latte suite of FIRE-2 cosmological Milky Way-mass galaxy
simulations [177, 176] to study properties of OCs. FIRE stands for Feedback in Realistic
Environments; the code is able to simulate the interplay between ISM and the stellar
feedback processes in a cosmological environment [74, 75]. These simulations use
the Lagrangian Meshless Finite Mass (MFM) hydrodynamics method implemented in
Gizmo, which is detailed in Hopkins [73]. Gizmo is used to solve the fluid equations
utilizing a moving particle distribution that is automatically adaptive to resolution.

FIRE-2 uses a physically motivated metallicity-dependent radiative transfer heating
and cooling approach for gas that includes free-free, photoionization and recombination
processes, Compton scattering, photoelectric heating, and collisional dust effects, as
well as molecular, metal-line, and fine structure processes. The implementation of FIRE
we use in this work additionally includes magnetohydrodynamics, where the equations
of ideal magnetohydrodynamics are solved explicitly [76]. Note, we use runs of these
simulations with finer time-stepping than the fiducial outputs (1 Myr cadence) over the
final 100 Myrs of the simulations, which enables us to track OCs in detail in phase space
across time. While the runs analyzed in this study are not publicly available, snapshots
of the FIRE-2 simulations with the fiducial treatment of feedback physics are publicly
available [176]. FIRE-2 tracks 11 elements (H, He, C, N, O, Ne, Mg, Si, S, Ca, Fe)
across a temperature range of 10 to 10'0 K. These simulations incorporate a spatially
uniform, redshift-dependent UV background as described by Faucher-Giguere et al. [51].
As typically done by observers, metallicity and elemental abundances are scaled to solar
values; in these simulations, we use values for the Sun that can be found in Asplund et al.
[8].

Star formation proceeds according to the following recipe in these simulations.
Each star particle is generated from a self-gravitating gas cell that is Jeans-unstable,
cold (T < 10* K), dense (n > 1000 c¢m ™), and molecular [following 95]. When star
formation criteria are met, there is a one-to-one conversion of a gas cell into a star

particle. That is, a star particle acquires its mass and elemental makeup from the gas
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cell it originates from and depicts a simple stellar population characterized by a Kroupa
initial mass function [93]. Each star particle is individually evolved assuming a standard
stellar population model [STARBURST99 v7.0, 102] and produces time-resolved stellar
feedback from both core-collapse supernova and supernovae Ia. The rates of core-
collapse and Ia supernovae are based on STARBURST99 [102, 118, respectively].
FIRE-2 also incorporates stellar feedback due to continuous mass loss, radiation pressure,
photoionization, and photoelectric heating. The nucleosynthetic yields we use are based
on the work of Iwamoto et al. [80] for Type Ia supernovae and Nomoto et al. [140] for
core-collapse supernovae. Stellar wind yields are sourced primarily from O, B, and AGB
stars; we use a model for this assembled by Wiersma et al. [179] which incorporates
expectations from van den Hoek and Groenewegen [170]; Marigo [119]; 1zzard et al.
[81].

FIRE-2 incorporates sub-grid diffusion and mixing of elemental abundances in gas,
which occurs through unresolved turbulent eddies [ 166, 50, 75]. Our model assumes sub-
grid mixing is primarily influenced by the largest unresolved eddies, which effectively
smooths out abundance variations among gas elements. Escala et al. [50] demonstrated
that incorporating this sub-grid model is essential for accurately replicating observed
distributions of stellar metallicities in galaxies.

The Latte suite contains 14 Milky Way-like galaxies; in this work, we analyze three
Latte simulations (m12f, m12i, and m12m) that are generated with initial conditions
originating from the AGORA project [89]. The galaxies we analyze represent some of
the most massive Milky Way-like isolated disks in the Latte suite and span a range of
assembly histories. Key differences among these simulations are that m12i has a massive
disk with a late forming Milky Way mass halo, m12f has an LMC-like satellite merger
with the Milky Way-like disk 3 Gyr before present day, and m12m has a strong bar at
high redshift and an earlier forming halo [see Table 1, 147]. A full description of the
criteria used to generate these galaxies and their properties at the present day can be
found at Wetzel et al. [176].

Each galaxy simulation assumes a flat ACDM cosmology with parameters consistent
with the Planck Collaboration et al. [146]: & = 0.68 — 0.71, Q5 = 0.69 — 0.734,
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Q,, =0.266 — 0.31, Q;, = 0.0455 — 0.048, 03 = 0.801 — 0.82 and n; = 0.961 — 0.97. !

In this work, Milky Way-like refers to the total mass of each galaxy at the present
day. The Latte galaxies were selected to have halo masses roughly the same as the
Milky Way’s: Mgy = 1-2 X 10'2M, where My refers to the total mass within the
radius containing 200 times the mean matter density of the Universe. These simulations
contain three types of material: dark matter, stars, and gas. The resolution of each dark
matter particle is 3.5 X 104M@, and the initial mass resolution of baryonic material is
7070 M. As noted earlier, each star particle should be thought of as a single stellar
population. Because of this, as a star particle ages, it loses a portion of its stellar mass.
Thus, at z = 0 a typical star particle has a mass of ~ 5000 M. In the Latte galaxies, star
and dark matter particles have a fixed gravitational force softening length of 4 and 40 pc
(Plummer equivalent), respectively. Gas cells have adaptive gas smoothing: in regions
where there is a high density of gas cells, the gravitational force softening length can
resolve down to a minimum of 1 pc.

Given its spatial and mass resolution, the Latte simulations can resolve massive star
clusters with multiple star particles that represent portions of each OC.

And, as mentioned earlier, with Latte’s temporal resolution, these simulations are

able to track in detail how star particles in OCs evolve in phase space over time.

3.2.2 Simulated Open Clusters

We use the same set of OCs used in Bhattarai et al. [15]. We have a total number of
361, 404, and 46 unique OCs in the simulations m12i, m12f, and m12m, respectively.
These clusters were identified using fof algorithm [60]. This algorithm works by iden-
tifying members within a fixed distance known as the linking length. In this work, we
adopt a linking length of 4 pc, which corresponds to our softening length. To ensure that
the OCs are identified before the onset of core-collapse supernovae, we select OCs from
stars that are less than 3 Myr old over the last 110 Myr of these simulations. We require

a minimum of 5 star particles for a cluster to be identified, and thus with our fiducial

'"Where  is the dimensionless equivalent of the Hubble Parameter Hy, Q, is the cosmological constant
or vacuum density at present time, €, is the total matter (dark plus baryonic) density today, €25, is baryonic
matter density, o is the root mean squared fluctuation of density perturbations at 8 1! M pc scale and ny
is the scalar spectral index.
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Figure 3.4: Scatter plot of mean [Fe/H] vs birth radius of OCs for m12i with the Sun at
four azimuthal positions at R = 8 kpc separated by 90 degrees. Each panel shows clusters
within a cylindrical radius of 8.25 Kpc from each of the assumed locations of the Sun.
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mass resolution (7070 My) we resolve cluster down to a cluster mass of 10+ My. We
analyze the OCs from each galaxy simulation as a single dataset.

In Fig. 3.1, we show a top-down view of m12i, m12f, and m12m near the present-day
(13.693 Gyr). The data have been binned in 200 pc x 200 pc squares and colored by
the mean value of [Fe/H] for stars younger than 1 Gyr old in each bin. This perspective
shows the overall radial metallicity gradient in all three galaxies; while each galaxy has a
different normalization and slope of the radial metallicity gradient, overall, it is clear that
a negative radial gradient is present in the global disk for young stars at the present day.
Plotted on top of the global average young star [Fe/H] distribution are the contours of
the density distribution of stars that are less than 50 Myr old. These contours highlight
where there is an abundance of cold, dense gas and active star formation corresponding
to spiral structure. The circles overlayed on top indicate the mean [Fe/H] of OCs that
were identified at this moment in time. As we see in Fig. 3.1, OCs generally reflect the
global metallicity distribution of the overall disk. We note that the top-down perspective
on the galactic disks shown in Fig. 3.1 highlights the overall radial metallicity gradient
in all three galaxies; while each galaxy has a different normalization and slope of the
radial metallicity gradient, overall it is clear that a negative radial gradient is present in

the global disk for young stars at present-day [see 11, for further discussion].

3.2.3 Two Component fit of the Metallicity Gradient

We perform a two-component fit for the metallicity gradient using similar methods
as in Donor et al. [48], Spina et al. [164].

We fit a piecewise linear function to the data such that the model gives us two lines
that meet at a transition point called the “knee.” The slopes and intercepts of these lines,
as well as the position of the knee, are determined using the Markov Chain Monte Carlo

(MCMC) method. Consider that the first line can be expressed by the linear equation,
y=mi-x+b; for x<k (3.1

Here, m is the slope of the line and b is the y-intercept.

Then the second line can be defined by another linear equation,
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yv=my-(x—k)+(m-k+by) for x>k (3.2)

In this case, m is the slope of the second line. Then the combined equation for the

two-component fit can be expressed as,

m;-x+b; x <k
y= (3.3)
my-(x—k)+(my-k+by) x>k

Using emcee to find the best fit parameters, we start with an initial guess of my, by, mo,
k, and we perform repeated iterations until emcee finds the most likelihood estimation
of these parameters. The dataset comprises measurements of the independent variable
x, which is Rp;.;, in our case, and the dependent variable y, which is the mean [Fe/H] in

each cluster.

Initial Parameter Estimation

We start the MCMC procedure with an initial guess for the parameters:
0o = [ko, mY, b, mJ] (3.4)

where kg = 10, m(l) =-0.05, b(l) = 0.1, and mg = —0.001. These initial values are chosen
based on prior knowledge and expectations. The knee has been known to fall within 8

to 16 kpc.

Log Prior

The log prior function incorporates prior knowledge about the parameters and ensures

they remain within reasonable bounds:

klow <k< khigh,
mjjow < M1 < MJ high,
log P(0) = 1 my low < M2 < M3 high (3.5)

and blow <b < bhigh

—oo otherwise
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Where kjow, kpnign are the expected limits in k, which is decided based on the nature
of the data. And similarly m 10w, M1 high are the limits expected in my, m21ow M2 high
are the limits expected in my and by, bpign are the limits expected in b. This function
discards parameter sets that fall outside these predefined ranges to make sure that the
MCMC explores only viable parameter values. All these limits are adjusted based on

the nature of the dataset.

Log Likelihood Function

To evaluate how well the given set of model parameters fits the data, we define a
log-likelihood function based on the assumption that the residuals between the observed
and model values are normally distributed. We also assume that the measurement
uncertainties are independent and Gaussian. Since we have adopted a piecewise linear
fit model where the data is split at a transition point (knee), each segment is fit with its
own slope.

For a given set of parameters 6 = [m, by, m, k], we compute the model prediction
for each cluster and compare it with the observed metallicity weighted by the total
uncertainty at each point. We approximate the combined variance from errors in both
mean [Fe/H] and Ry, as:

2

of = O'yzi + axzi
Then the log likelihood function is defined as:
N 2
i —y(xil0
log L(6) =05 ). w +log(2ma?) (3.6)

i=1 i

where y; are the observed data points, y(x;|6) are the model predictions. This
function measures the agreement between the observed data and the model predictions,
taking into account the measurement errors, with a higher value indicating a better fit.
Log Probability

Log probability function is the sum of the log prior and the log likelihood:

log P(6|data) = log P(6) + log L(6) 3.7
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The value from the log probability function is used by the MCMC algorithm to evaluate

the viability of the parameter sets.

MCMC Sampling

We employed the emcee package Foreman-Mackey et al. [53] to perform MCMC
sampling. The number of walkers was set to 100, and the initial positions of the walkers

were generated by perturbing the initial guess slightly:
6; = 6o+ 1073 - N(0,1) (3.8)

where N(0, 1) represents a normal distribution with mean 0 and standard deviation 1.

The MCMC sampler was run for 800 steps after resetting the sampler, with the
first 500 iterations discarded as burn-in to allow the walkers to converge to the target
distribution. The remaining samples were thinned and flattened to obtain the final
parameter estimates. Each walker independently explored the parameter space, resulting
in a posterior sample of size 100 (no. of walkers) * 800 (no. of samples) = 80,000 after
flattening the chains.

The method used for the MCMC fit can be broken down into the following steps:

1. First, initialize 100 walkers around the initial guess for the four parameters
(m1,b,m3.K).

2. For each walker, generate a new guessed value for the parameters by taking a small

random step.
3. Calculate the log prior and log likelihood for the guessed value.

4. Calculate the log probability and decide whether to accept or reject the new

proposal based on the Metropolis-Hastings criterion Hastings [69].

5. Repeat the process for a specified number of iterations. In this work, we set the

number of samples to be 800.

The MCMC sampling provides a distribution of parameter sets. The best-fit param-

eters were obtained by taking the median of the posterior distributions:

[k,m1, by, m;] = median(0) 3.9
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Uncertainties in the parameter estimates were derived from the standard deviations of

the posterior distributions.

3.3 Results

3.3.1 Scatter in Mean [Fe/H] vs R

In Fig. 3.2 we show the scatter plot for the mean [Fe/H] in each cluster vs the Rp;¢j-
The top, middle, and bottom panels are for m12i, m12f, and m12m, respectively. These
plots set our expectations for the radial metallicity gradient. The error bars indicate a
fixed mean uncertainty of 0.016 dex in mean [Fe/H] for each cluster, as derived from
APOGEE data in our full OC samples using the OCCAM VI catalog from Myers et al.
[135]. Similarly, to better incorporate errors into the mean [Fe/H] in each open cluster,
an error in the mean [Fe/H] has been added randomly to individual clusters using the
OCCAM VI catalog. As outlined in Bhattarai et al. [15], to add errors to the simulation,
we first generate a normal distribution for the mean [Fe/H] of each cluster; the mean of
the distribution is set to the true value from the simulation. We then set the standard
deviation of the distribution by calculating the mean error for [Fe/H] from the high-
quality clusters from the OCCAM cluster catalog, which is 0.022 dex. We then draw
from this distribution a single value to represent the error in the mean [Fe/H] of each
cluster. This process is repeated for the mean [Fe/H] value of all OCs. The distribution of
this dataset with realistic APOGEE errors in each cluster is shown in Fig.3.3. The error
in Ry in both of these datasets has been assumed to be 5% per kpc for the distance of
the cluster from a point that is 8 Kpc away from the center of the galaxy. We also further
resample this dataset based on their location in the galaxy under four different assumed
locations of the sun. This assumption helps to incorporate more realistic errors in Ry,
as it helps to eliminate clusters that happen to be on the other side of the galaxy. Thus,
we resample these clusters by strictly placing the sun at different quadrants. In Fig.3.4,
3.5, 3.6, we show such resampled sets of clusters that are selected based on different
locations of the Sun in the galaxy. Only the clusters that are < 8.25 kpc from the assumed
coordinate of the Sun are selected in each sample. We perform the two-component fit for

all these sub-samples of clusters from these simulations separately in the latter sections.
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and flatter outer slope.
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3.3.2 Two-component fit for the radial metallicity gradient traced
using MCMC for the FIRE OC dataset with a fixed average
observational error in [Fe/H] and realistic observational error

in each cluster.

We first perform a two-component fit for the radial metallicity gradient for each
simulation using the dataset shown in Fig.3.2. This is a simple case where a fixed
mean error has been assumed for the mean [Fe/H] of individual clusters. The resulting
two-component fit for all three simulations from this dataset is shown in Fig. 3.7. We
find a clear steeper inner slope and slightly flatter outer slope with a transition radius
(knee) located at 6.41 kpc for m12i, 10.07 kpc for m12f and 5.70 kpc for m12m. This
is in agreement with the steeper slope shown by Magrini et al. [112], Spina et al.
[164], Carbajo-Hijarrubia et al. [29] in the Milky Way. We have shown the fits using
more realistic errors in the next section.

We also performed the MCMC fit in the more realistic dataset with random APOGEE
errors added to individual OCs. Using the dataset shown in Fig. 3.3, we now see that
the nature of the fit changes. The change in the nature of fit is large for m12i compared
to the other two simulations. Instead of having a flatter negative slope, we now see a
positive outer slope in m12i. However, notably for m12f, the nature of the fit does not
change much. This can be attributed to this simulation having the largest number of
OC samples compared to the other two. The bottom panel showing the fit for m12m is

poorly constrained due to a sample size of just 46.

3.3.3 Two-component fit of the radial metallicity gradient using OCs
in the region fixing the sun at 4 different azimuthal positions

8 kpc away from the center and separated by 90 degrees

To mimic a more realistic case like that for observational data, we placed the sun at
four different quadrants around the disk, each 8 kpc away from the galactic center. The
coordinates we choose are (8,0), (0,8), (-8,0), and (0,-8). We then selected clusters that

fall within the 8.25 kpc radius from the assumed location of the sun, which is realistically
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closer to the extent to which surveys like APOGEE have observed OCs in the MW. This
setup helps to explore how the inferred radial metallicity gradient changes when the
observer’s location is fixed at different azimuthal positions around the simulated galactic
center. We have showcased these sub-samples for all three simulations in Fig.3.4, 3.5,
and 3.6.

We then performed the two-component MCMC fit for each of these quadrant-based
samples, and the results obtained from these fits for the sub-samples in m12i, m12f,
and m12m are shown in Figs.3.9, 3.10 and 3.11 respectively. The corresponding fit
parameters are also shown in each panel. We find that the nature of the fit changes
noticeably depending on where the sun is placed, specifically for m12i and m12f. For
m12i, the outer slope changes drastically in all three cases because of the way the
distribution of the OCs changes in the outer regions of the disk upon making this special
selection based on quadrants. Similarly, in the case of m12f, the distribution of the OCs
changes drastically compared to the original distribution, thus shifting the position of the
knee. In two of the cases, when the sun is placed at (0,8) and (-8,0), we find a steeper outer
slope than the inner. This can be considered as an effect of under-sampled clusters in the
outer region than the original dataset, and also due to large error bars in some clusters,
which seem to dominate the fit. m12m, with only 46 clusters to begin with, shows the
fits that are mostly unchanged when compared with the original dataset. However, due
to this small sample size and even smaller sample sizes in these sub-selections based on
the location of the sun, it is difficult to reliably trace the nature of the radial metallicity
gradient using OCs from m12m.

These results highlight how the inferred radial metallicity gradient depends heavily
on where the clusters are sampled. By changing the observer’s location without changing
the underlying physics of the galaxy in a relatively quiet period of the disk can produce
different shapes of the gradient and the location of the knee. It further reinforces the need
for azimuthally complete and unbiased cluster samples in order to accurately measure

the radial metallicity gradients in the Milky Way and other disk galaxies.



0.30 1 Inner Slope (m1) = -0.041 % 0.00
Outer Slope (m2) = -0.004 + 0.00
Intercept (b) = 0.364 + 0.01
0.25 1 Knee (k) = 5.401 + 0.17 kpc
m12i: Sun at (8,0), Nejusters = 44
% 0.20 1
=
> 0.151
=
0.101 —--- Knee 20 (m1)
—— MCMC Fit 20 (m2)
1o (m1) 1 1o (k)
0.051 = 10(m2) 20 (k)
2 4 6 8 10 12 14
Galactocentric Radius (kpc)
Inner Slope (m1) = -0.037 = 0.00
Outer Slope (m2) = -0.012 + 0.00
0.25 1 Intercept (b) = 0.353 + 0.00
Knee (k) = 5.919 * 0.01 kpc
m12i: Sun at (0,8), Ncjusters = 170
—~ 0.201
X
)
Z
T 0.15
=
[
=
0.10
—-=- Knee 20 (m1)
0.05 4 — McMCFit 20 (m2)
lo(ml) =0 1o(k)
0 1o (m2) 20 (k)
2 4 6 8 10 12 14
Galactocentric Radius (kpc)
Inner Slope (m1) = -0.036 = 0.00
0.25 - Outer Slope (m2) = 0.001 + 0.00
N Intercept (b) = 0.352 + 0.00
Knee (k) = 6.787 * 0.02 kpc
m12i: Sun at (-8,0), Nciusters = 203
_0.20+
x
)
2
— 0.15 A
T
=
[
=
0.10 L
—--- Knee 20 (m1)
—— MCMC Fit 20 (m2)
0.05 loml) = 10k
0 lo(m2) 20 (k)
2 4 6 8 10
Galactocentric Radius (kpc)
0.30 1 Inner Slope (m1) = -0.035 + 0.00
Outer Slope (m2) = 0.003 + 0.00
0.25 1 Intercept (b) = 0.350 + 0.00
: Knee (k) = 7.603 * 0.04 kpc
m12i: Sun at (0,-8), Ncjusters = 73
= 0.20 1
s &
— 0.151
T
=
i
—0.10 1
—--- Knee 20 (m1)
0.051 — wemcrit 20 (m2)
1o (m1) 0 10 (k)
0.00 1 0 1o (m2) 20 (k)
2 4 6 8 10 12 14 16

Figure 3.9: MCMC two-component fit of the OC samples shown in Fig. 3.4.
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Figure 3.10: MCMC two-component fit of the OC samples shown in Fig. 3.5.

Galactocentric Radius (kpc)

>15

13

11

>15

13

11

>15

13

11

Number of Stars Number of Stars Number of Stars

Number of Stars

73



Inner Slope (m1) = -0.018 * 0.00
0.28 1 Outer Slope (m2) = 0.002 + 0.01
Intercept (b) = 0.307 + 0.00
0.26 1 Knee (k) = 5.530 + 0.57 kpc
m12m: Sun at (8,0), Neiysters = 27
~ 0.24
x
)
Z0.221
3020 b RIS
=
0.18 1
—-==- Knee 20 (m1)
0.16 1 — wmcwmc Fit 20 (m2)
1o (m1) 0 1o (k)
0.14 1 =1 10(m2) 20 (k)
2 3 4 5 6
Galactocentric Radius (kpc)
Inner Slope (m1) = -0.025 + 0.00
0.28 1 Outer Slope (m2) = 0.002 + 0.01
Intercept (b) = 0.323 + 0.00
Knee (k) = 4.655 = 0.40 kpc
0264  T=_ m12m: Sun at (0,8), Ncjusters = 15
’g
T 0.241
T
.'g 0.22 1
0.207 __. Knee 20my 0
—— MCMC Fit 20 (m2)
1o (m1) 0 1o (k)
0.187 o 15 (m2) 20 ()
2 3 4 5
Galactocentric Radius (kpc)
Inner Slope (m1) = -0.008 * 0.01
0.300 ---+-----mmmmmmmmm o fesmseee Outer Slope (m2) = 0.004 + 0.07
Intercept (b) = 0.258 + 0.04
] - Knee (k) = 5.875 *+ 1.32 kpc
0.275 m12m: Sun at (-8,0), Nciusters = 17
% 0.250 1 B
g =
ke —
— 0.225 A
T
K
& 0.2007
0.1757 __. Knee 20mn
—— MCMC Fit 20 (m2)
0.150 1 lo(ml) = 1o (k)
0 1o (m2) 20 (k)
2 3 4
Galactocentric Radius (kpc)
Inner Slope (m1) = -0.007 + 0.00
Outer Slope (m2) = 0.027 + 0.19
0.26 1 Intercept (b) = 0.248 + 0.02
Knee (k) = 7.427 + 1.01 kpc
A ' m12m: Sun at (0,-8), Nciusters = 11
0.24 B
3
) \
2 0.22+1
T
v
w, 0.20 1
0.18 1 --- Knee 20 (m1)
—— MCMC Fit 20 (m2)
1o (m1) 0 1o (k)
0.16 1 == 10(m2) 20 (k)
2 3 4 5 6 7

Galactocentric Radius (kpc)

>15
13
11
9

7

5

Figure 3.11: MCMC two-component fit of the OC samples shown in Fig. 3.6.
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3.3.4 Two-component fit using bootstrapped samples using full sam-

ple with replacement

To better understand the impact of sampling on the radial metallicity gradient, we
performed a bootstrapping analysis using the full OC samples from each simulation.
We randomly selected clusters from the original dataset with replacement and repeated
the two-component MCMC 1000 times for each of the simulations. A total number
of bootstrapped samples was set to be equal to the total number of original samples in
each case. Using this technique, we examined how much the fitted parameters inner
slope(m), intercept(b), outer slope(m,), and the transition radius (k) can vary as a result
of drawing different realizations of the same underlying data.

In Fig.3.12 we show the best fit using bootstrapping with replacement for the entire
OC sample shown in Fig. 3.3(which includes the simulated APOGEE errors for each
cluster). For each simulation shown in each panel, we show the best fit line indicated
by the solid black line and the 1 o and 20 errors of these best fit parameters using
bootstrapping. While the overall shape of the fit looks roughly similar to the case shown
in Fig.3.8, the 10 and 20 ranges are larger with this overall bootstrapped result. This is
an indication that different realizations of the same underlying data do impact the nature
of the two-component fit.

Furthermore, to visualize how much the variability exists across these 1000 iterations,
we show the distributions of these fit parameters in Fig.3.13. Each panel corresponds to
the histograms for each parameter from inner slope(m ), intercept(b), outer slope(imy),
and the transition radius (k). Similar bin-widths were used for all three simulations,
and the corresponding standard deviation is labeled in each panel. The histograms for
m12i, m12f, and m12m are shown in navy(dashed), red(dot-dashed), and blue(solid),
respectively. These distributions provide a picture of how sensitive each simulation is to
sampling. Among all the fit parameters, the position of the knee(k) is most affected by
bootstrapping. There are multiple peaks in all three simulations for k, but it is interesting
to note that the peaks for both m12i and m12f, however, fall between 9.5 to 10.5 kpc.
Similarly, the peaks for m12i and m12f fall along a similar range for the inner slope,
intercept, and the outer slope as well. The outer slope is very well constrained for all

three simulations compared to all other parameters. With all three simulations showing
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a peak near O for the outer slope, a flatter metallicity gradient after a transition point knee
cannot be denied for OCs in the Milky Way.

3.3.5 Random sampling with replacement using a fixed sample size

of 100, 150 and 200, 250, and 300

In §3.3.4 we demonstrated how bootstrapping the full sample of OCs from each
simulation could result in a fit with a wider range of distribution. While bootstrapping
helps us to understand how different realizations of the same full dataset can produce
a broad range of fit parameters, to better understand how the number of OCs alone
influences the reliability of the fit, we conducted an additional test where we drew sub-
samples of OCs with replacement at fixed sizes. We used fixed sample sizes of 100,
150, 200, 250, and 300, and each sample size was drawn repeatedly 1000 times, and the
parameters of those 1000 MCMC fits were analyzed for each sample size. This helps us
understand the optimal number of OCs required to reliably trace the radial metallicity
gradient using OCs. This is important from the observational perspective as the number
of OCs available is limited by survey coverage, extinction, or selection criteria. By
simulating this process in the simulated dataset, we get a picture of how sampling size
alone can drive the uncertainty of the fit.

The resulting histograms for different sample sizes are shown in 3.14. The upper 4
panels are the resulting distributions of fit parameters from m12i, and the lower 4 panels
are the resulting distributions from m12f. We didn’t include m12m in this analysis as
ml2m has < 100 OCs. The smallest sample size (100 OCs) is shown in dot-dashed
black, with increasing sample sizes plotted in dashed blue, solid green, solid orange,
and dot dashed brown. As we increase our sample size from 100 to 300, the standard
deviation of the fit parameters gradually decreases. This is an indication of the sampling
bias in inferring the nature of the radial metallicity gradient fit using OCs. Aside from
the outer slope m,, all other parameters are largely affected by the sampling bias in both
simulations.

To better visualize this decrease in standard deviation of the fit parameters with
increasing sample size, we have shown the changes in the standard deviation of these

fit parameters in Fig. 3.15. The improvement in stability of the fit parameters is the
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sharpest from 100 to 250 samples. This indicates that 250-300 well-distributed OCs can
be used to reliably trace the radial metallicity gradient. These results tie directly back
to the key motivation behind this work. Many past studies that used OCs to trace the
radial metallicity gradient have used fewer than 100 OCs [e.g. 48, 135, 164]. Overall,
this analysis reinforces the key theme of this work: sampling of OCs matters and not
just how many clusters are used but also how they are distributed across the disk and
the measurement uncertainties in [Fe/H] and Ry;;,. While Bayesian techniques like
MCMC are powerful, they are only as reliable as the data fed into them. This could be a
motivation for upcoming surveys to look for OCs spanning a wide range of galactocentric

radii with wide spatial coverage.

3.4 Discussion and Conclusion

In this work, we analyzed the radial metallicity gradient traced by young massive
OCs formed in three cosmological simulations of the MW-mass galaxies from the Latte
suite of FIRE-2 simulations[74, 176]. Using a two-component linear fit via the MCMC
technique, we quantified the slope of the metallicity gradient and the position of the
transition radius (knee) across multiple samples in all three simulations. We used an
ideal full sample size with fixed and realistic error in Rp;,; and mean [Fe/H] of OCs in
§3.3.2, azimuthally separated datasets in §3.3.3, bootstrapped full sample in §3.3.4, and
random sub-samples of fixed size in §3.3.5. Our analysis aimed not just to characterize
the best fit parameters but also to understand how observational constraints — particularly
sample size, measurement errors, and spatial completeness can influence the inferred
nature of the radial metallicity gradient fit.

Across all three simulations, m12i, m12f, and m12m, we find strong evidence for
a negative metallicity gradient with a steeper inner slope and a flatter outer slope after
a transition radius. In all three simulations, the gradient is better fit by a piecewise
two-component model with a transition radius located between 6 to 10 kpc. This two-
component nature of the fit broadly agrees with what has been reported for the Milky
Way based on recent APOGEE and Gaia OC samples, see Table 4 [29].

We also explored how the nature of the gradient is affected by observational factors.
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Figure 3.14: Histograms of the fit parameters obtained after randomly sampling at
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in orange and 300 in brown) with replacement for 1000 iterations for the sample shown
in Fig. 3.3. m12m excluded in this analysis due to the small number of OCs.
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When realistic [Fe/H] uncertainties were added to each OCs, we find that the slope of
the fit and the knee is less stable — particularly for simulations with a smaller number
of clusters (e.g. m12i and m12m). Nature of the fit for m12f with a larger number of
clusters (404 OCs) remained stable with very minor changes in the best fit parameters.

Our quadrant-based sampling of OCs where we positioned the observer “sun” at
four different azimuthal positions separated by 90 degrees, each 8 Kpc away from the
center, and only selected clusters within the 8.25 kpc circle showed that the nature of
the inferred gradient could change significantly based on where the sun is located. The
quadrant where we ended up with a smaller sample size was more affected. E.g., for
m12f, which had a more stable fit even with fixed and realistic errors, now has fits that
are not clearly constrained in all quadrants. The position of the knee is shifted way
inward for ~ 10 kpc to 6 kpc. We also obtain more negative outer slopes when the sun
is placed at (0,8) and (-8,0), which is mostly due to a few clusters that have dominant
errors. However, azimuthal bias is clearly highlighted by all of the sub-samples as we
see the diverse nature of fit parameters in the sub-samples from all four quadrants of all
three simulations.

We analyzed the role of sampling bias in the nature of the radial metallicity gradient
fits using OCs by conducting a bootstrapping analysis, generating MCMC fits for 1000
realizations of the full dataset from each simulation. We calculated the scatter in fit
parameters and found that both the inner and outer slope has a typical scatter of 0.01,
and the scatter in knee is 0.86 kpc to 1.63 kpc. The location of the knee obtained in two
of the simulations with a good sample size is, for m12i with 361 OCs, the location of the
knee is at 9.61 = 1.63 kpc, and for m12f with 404 OC samples, the location of the knee is
at 10.45 + 1.80 kpc. m12m with just 46 OC samples has its knee located at 5.13 + 0.86
kpc. The location of the knee broadly agrees with that has been shown in the MW OCs
[112, 29, 164, 135, 48]. Spina et al. [164] have shown that the knee is located at 12.1 +
1.1 kpc using a homogenized sample of 251 OCs, Magrini et al. [112] have shown that
the transition point knee can be approximated at 11.2 kpc with their sample of 62 OCs.

The results of the fit parameters using sub-sampled OCs from m12i and m12f with
different fixed sample sizes further reinforce the effect of sampling bias. Using sub-

samples of size 100, 150, 200, 250, and 300 from the full cluster population with
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replacement, we found that the fit parameters are unstable for smaller sample sizes and
begin to converge around 250-300 sample sizes. These results suggest that conclusions
for the nature of the metallicity gradient fit drawn from smaller datasets may be biased.

In conclusion, our results highlight sampling and observational bias while using
OCs to trace the radial metallicity gradient of the disk galaxies. This emphasizes the
importance of sample size, completeness, and smaller measurement uncertainties for
offering a better outlook for measuring the radial metallicity gradient in the MW and
beyond. As large-scale surveys like SDSS-VI, WEAVE, and LAMOST expand their
coverage, improving the sample size,e we would have a better understanding of our

galactic home with a more accurate measure of the radial metallicity gradient.
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Software: 1Python [144], Matplotlib [79], Numpy [68], Scipy [172], emcee [53],
halo_analysis [175], gizmo_analysis [174].


http://flathub.flatironinstitute.org/fire
https://fire.northwestern.edu/data
https://fire.northwestern.edu/data
http://www.tapir.caltech.edu/~phopkins/Site/GIZMO.html
http://www.tapir.caltech.edu/~phopkins/Site/GIZMO.html
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Figure 3.16: Corner Plot for the MCMC fit for m12i from Fig. 3.7

Appendix A. Corner Plots

The resulting corner plots from the fits are shown in Figs. 3.7 and 3.8 for m12i, m12f
and m12m are shown here. The corner plots are well constrained for m12i and m12f,
while for m12m, the contours are not very uniform. This is mostly due to a very small

sample size of OCs present in m12m when compared with m12i and m12f.
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Figure 3.17: Corner Plot for the MCMC fit for m12f from Fig. 3.7

85



Slope 2 Intercept 1

Knee

Slope 1 = —0.013 9

Intercept 1 = 0.28+3 33

e, o, o, 0, 9, @
o v e o e o

Slope 2 = —0.013 41

Knee = 5.70+11]

Intercept 1

Figure 3.18: Corner Plot for the MCMC fit for m12m from Fig. 3.7
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Chapter 4

Resonance Sweeping in Barred Galaxy

Simulations

4.1 Impact of Large Scale Galactic Structures like Bars

on stellar dynamics

OCs that are gravitationally bound dissolve in timescales of a few hundred million
years as member stars get accelerated eventually due to two or more than two body
interactions [61]. Once the member stars are accelerated such that their velocities are
larger than their escape velocity, OCs dissolve and get mixed in the disk. The mechanism
of such escape has been theoretically studied [e.g. 100, 99, 61] but has not been studied
in simulations that incorporate stellar feedback processes in a cosmological context.
Once the stars from the OCs escape, various dynamics in the disk can disperse them
around. Large-scale structures like the galactic bar, material arms, and gas bubbles that
are present in the galaxy can impact such dispersal and play a role in where such stars
end up later in time. In this chapter, we study the impact of large-scale structures in
stellar substructures like OCs, stellar associations, and moving groups.

Stellar associations are a group of stars that are loosely bound, unlike star clusters and
moving groups are streams of stars that move together and may share common origins
[96]. Such moving groups can be seen in the solar neighborhood as overdensities of

stars in velocity space [4]. It is important to study how such stellar substructures form
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in simulations to gain insights into the observations of the Milky Way.

4.1.1 Resonance Sweeping in Barred Galaxy Simulations

To study the impact of large-scale structures like bars, 1 used a different type of
N-body simulation without gas from Hunt et al. [78] for this work, as it allows for
controlled analysis. Without the dynamical impact of gas, it is easier to quantify the
impact on stellar substructures due to a galactic bar. One of the ways a galactic bar can
impact stellar dynamics is through a process called resonance. Resonance occurs when
stars move at the same rate as the large-scale structures and have their orbits modified
by them. Roughly half of known disk galaxies have a prominent, rotating stellar bar at
its center which is an over-density of stars [e.g. 156, 26]. Galactic bars have their own
rate of spin and several analytic simulations and theories have suggested that the rate of
spin slows down over time due to dynamical friction. The spin rate of the bar is known
as the pattern speed (£2,) [e.g. 173, 71, 45, 121]. In a bar that is slowing down (pattern
speed decreasing), some stars that are in resonance can slow down concurrently with this
deceleration. Such a process of trapping and dragging of stars across the disk is known
as resonance sweeping. Orbits of stars can get trapped in resonance with the bar if the
pattern speed of the bar (€,,) gets equal to certain combinations of the radial frequency
(€2,) and the azimuthal frequency (€24) of the orbit traced by the star. The popular types

of resonances that we study in this work are:

e Corotation Resonance
In this type of resonance, the spin rate of the bar, also known as pattern speed (£2)

matches the azimuthal frequency of the star (4) i.e. , = 4.

e Outer Lindblad Resonance
In this type of resonance, the pattern speed of the bar (£2,) satisfies the following
condition. , = Qg4 + Q, /2. Where Q, is the radial frequency of the star.

Assuming the bar slows down with time, it is important to understand how this
deceleration impacts the kinematics in the solar neighborhood. Hercules stream is a

moving group that can be seen in Gaia DR2 data. Resonance sweeping can be one way
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Figure 4.1: Diagonal ridges in Gaia DR2
[extracted from Antoja et al. 2018 5]

to explain this moving group (other examples include non-sweeping resonances, spiral
arms, satellite perturbation of the disc, or phase mixing). Fig. 4.1 from Antoja et al.
[5] shows the position and velocity distribution of stars in the Milky Way. We can see
diagonal ridges with over-densities and gaps in the position velocity space, indicating a
kinematic substructure which is potentially due to resonance [e.g. 127]. If it is actually
due to resonance, then these stars were gravitationally captured by the rotating bar in
the past. As the bar slowed down, these stars travelled further out in the galaxy, keeping
their orbital period in sync with the bar’s spin. We can investigate such a process of

resonance sweeping in a realistic N-body simulation where the ground truth is known.

4.1.2 Results

Chiba et al. [35] in their analysis using a test particle simulation showed that different
spin-down rate of bar captures different amounts of stars in corotation. In Fig. 4.2, I
have a plot from Chiba et al. [35] where we can see the distribution of azimuthal velocity

(V) vs radial velocity (V;) in the solar neighborhood for two different models. On the
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Figure 4.2: Velocity distribution of test particle stars in solar circle from Chiba et al.
2021. Using a test particle simulation they observed over-densities in V4 /R space in the
case of a slowing bar.

[extracted from Chiba et al. 2021 35]

right, we have a case where the bar has a constant spin rate, and on the left, we have a
case where the bar has a spin rate that is slowing down. Notably, the velocity distribution
is uniform in the case of a constant bar, but in the case of a bar that is slowing down, we
can see a portion of the velocity distribution is captured inside the resonant separatrix
(diagonal contour in left-hand panel of Fig. 4.2). In this test particle simulation, Chiba
et al. [35] showed that resonance sweeping occurs when we have a bar that is slowing
down. However, it remains to be seen if such an effect is noted in a more realistic
simulation that contains self-gravity between particles.

This analysis using a billion particle N-body simulation represents a significant step
forward, as this simulation is more realistic than the model considered by Chiba et al.
[35] as it has self-gravity between particles and is evolved for a significant period of
time. This simulation is based on Widrow and Dubinski [178] and Hunt et al. [78]. We
can see in the top-down view of the galaxy shown in Fig. 4.3 that there is a prominent
bar at the center and there are pronounced spiral arms. The gif here shows the galaxy
from the bar stationary frame evolving over time.

In Fig. 4.4, we can see strong diagonal features that have evolved with time at
the position where we have placed the Sun. A gif using different moments from the

simulation that shows the evolution of such ridges can be accessed from this link. Such


https://github.com/binodbhttr/resonance_sweeping/blob/master/New_Sims_Analysis/plots/x_rot_vs_y_rot_all.gif
https://github.com/binodbhttr/resonance_sweeping/blob/master/New_Sims_Analysis/plots/v_phi_vs_r_hexbin_rotated_all_snaps.gif
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Figure 4.3: Top-down view of the simulated galaxy. A well-evolved bar can be observed
at the center. The color bar indicates the number of stars in the region.

diagonal features could be due to resonances which I show in Fig. 4.4.

To check for resonance conditions mentioned in section 4.1.1, we need to calculate
the frequencies of stars. One of the ways this can be done is using the Galactic dynamics
Python package AGAMA [171]. To select stars that are in resonance, I have selected the
stars that fall within 0.1 kms~'kpc~!. To calculate the spin rate of the bar, I calculated
the rate of change in bar angle over time. Fig. 4.5 shows the measured pattern speed of
the bar in our simulation. In the first 1 Gyr of the simulation, the bar is still in a burn-in
period (not in dynamic equilibrium due to the setup of the simulation) and is ignored in
my analysis. After burn-in, in the earliest 2 Gyr period I consider, the bar slows down
at the rate of 7.37 kms~'kpc~'Gyr~!. These results are also comparable to the slowing
rate of bar shown in Chiba et al. [35].

In the upper panel in Fig. 4.6, I show the velocity and space distribution for the entire
population of stars in a region of +5 degree slice in the disk (in an analogous volume to
the Sun). In the lower panel, I have overplotted the velocity and space distribution of the

stars that are in Corotation Resonance (CR), represented in black, and the stars that are
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decreases over time, thus matching the slowing bar case from Chiba et al. 2021.



96

300 5 = - 80
O iy 5y 3 e Slice -5<¢<5

200

0 300 Stars in the MW
250
40 5 é’ 200
= = 150

T T T T T T T T
4 5 6 7 8 9 10 11 12 13

20 A (kpe)

100

6 8 10 12 14
Time = 3.5 Gyr R [kpc]

Figure 4.6: V4 vs R in N-body simulation with resonance stars over-plotted in red and
black. The right panel shows Fig. 4.1 with diagonal ridges seen in the Milky Way for
comparison.

in Outer Lindblad Resonance (OLR), represented by red. Notably, the stars that are in
resonance fall along the pronounced ridges just like ridges seen in Antoja et al. [S]. This
indicates that the ridges we see in the observation data shown on the right could indeed
be due to a population of stars that are in resonance.

I also tracked resonant populations forward over a long period of time as shown in
Fig. 4.7. Here on the left, I show the position of stars in CR as two different moments in
time separated by 1.5 Gyr. At an earlier time, stars initially in CR with the bar are shown
in orange. After the bar has begun to decelerate, the stars have been swept out, which I
have shown in black. A similar sort of phenomenon can be seen on the right for the stars
in OLR. At an earlier time, stars initially in OLR are represented in red, and the same
stars still in OLR after 1.5 Gyr are represented in yellow. These are only the population
that were still in OLR and CR at these two moments in time.

These results support the phenomenon of resonance sweeping, and we can identify
orbits that are being trapped and dragged due to this dynamical process from the bar.
These results agree with the recent work shown by Zhang et al. [181]. Similar to
Chiba, they also used a test particle simulation and found that resonant dragging by a
decelerating bar could be a main driver of radial migration in the Milky Way’s disc.
Another work by Khoperskov et al. [88] used an N-body simulation that was previously
used by them for bulge studies and phase-space comparison to the Milky Way. They
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Figure 4.7: Resonance sweeping of stars tracked after 1.5 Gyr. Yellow points in the left
panel show the star particles in Co-Rotation Resonance at 3.5 Gyr time in the simulation,
and black points indicate the star particles in Co-Rotation Resonance at 5 Gyr time in
the simulation. Red and yellow points in the right panel show star particles in Outer
Lindblad Resonance at 3.5 Gyr and 5 Gyr, respectively. Star particles get swept out in
both cases as the new region of the disk enters resonance.

showed that propagation of the bar resonances outward can induce the circularization
of orbits of some migrating stars. They conclude that the presence of metal-rich stars
in the solar vicinity & outer Galactic disc could be significantly influenced by resonant
dragging by the decelerating bar. Overall, they conclude that up to 3% of stars between
CR and OLR formed in the innermost region of the Milky Way. In another recent work,
Haywood et al. [70] focuses on interpreting Milky Way data and looks at the low-a disc
population from APOGEE across the disk. They use ages from the astroNN catalog and
subdivide the populations into 1 Gyr age bins. They found that data in this space is highly
structured, with a plateau between 4 and 7 kpc and a break at 10—12 kpc. They conclude
that these features in the Milky Way are due to Corotation and Lindblad resonances and
connect back their results to the works by Khoperskov et al. [88].

A more robust analysis of this process would need an accurate measurement of the
frequencies of the stellar objects. The method we used to calculate the frequency using
AGAMA assumes an axisymmetric potential. In a dynamical and rapidly evolving disk,
such an assumption of the potential may not be realistic. Thus, a future and natural

expansion of this work would be to explore novel techniques like NAIF by Beraldo e
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Silva et al. [12] that can estimate frequencies under a more realistic non-axisymmetric

potential.



Chapter 5
Conclusion

In this work, I used three galaxies from the Latte suite of FIRE-2 simulations (m121,
m12f, and m12m) to study the chemical homogeneity of the open clusters and measured
the radial metallicity gradient using the same samples of clusters. I also studied how
large-scale structures like the galactic bar impact the dynamics of the stellar groups
through processes like resonances in billion-particle N-body simulations.

Specifically, in Chapter 2, I tested a premise for strong chemical tagging. The
OCs from the FIRE simulations showed realistic intra-cluster homogeneity (typical OC
elemental dispersion <0.02 dex) and comparable inter-cluster dispersion to observa-
tions, which was 2-5 times larger than intra-cluster dispersion. When using a chemical
difference metric to distinguish between intra- and inter-cluster pairs, we did not find
significantly large chemical differences to distinguish OC origin for the majority of stars.
This is likely due to limited and/or redundant information encoded in the light elements
we track (C, N, O, Ne, Mg, Si, S, Ca, Fe); with the addition of heavy elements, the
chemical difference metric may produce more reliable results for chemical tagging in
the future. However, as informed by our simulated OC sample (drawn from three realis-
tic Milky Way-mass cosmological galaxy simulations with varied merger histories and
environments), in the limits of light elements only, it is impossible for strong chemical
tagging to be able to reconstruct individual OCs reliably to a high level of confidence.
This is a motivation for upcoming surveys to aim for measuring the chemistry of OCs
at a higher precision at a wide range of elements, and also for theory and simulations to

aim for simulating a wide range of elements at a higher resolution.
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Building on these results, future work should focus on expanding the range of el-
ements we trace in the simulations. Implementing r-process, s-process, and iron-peak
elements beyond the current nine elements we traced would allow us to understand if
elements from different nucleosynthetic channels carry more discriminating power for
identifying distinct chemical signatures in open clusters. Observationally, upcoming
large-scale spectroscopic surveys (e.g., SDSS-VI [91], WEAVE [38], LAMOST [36])
offer the opportunity to measure abundances for dozens of elements at higher precision
across more open clusters. Combining this expanded chemical space with dynamical
and spatial space from Gaia will allow for more powerful multi-dimensional analysis
that could better inform us if chemical tagging works with combined chemical and or-
bital properties. Also, future simulations should aim to improve the mass and spatial
resolution, which would enable us to capture the dynamical properties of the OCs more
clearly.

In Chapter 3, I discussed the radial metallicity gradients that [ measure across Latte
disks using OCs. Our results highlight sampling and observational bias while using OCs
to trace the radial metallicity gradient of the disk galaxies. Using both bootstrapping
and fixed-sized random sub-samples of open clusters, we find that for reliable recovery
of the fit parameters, we require at least 200-250 clusters spread across a wide range of
galactocentric radii. With smaller or spatially biased samples, the fit parameters become
highly sensitive to the sampling bias. This emphasizes the importance of sample size,
completeness, and smaller measurement uncertainties for offering a better outlook for
measuring the radial metallicity gradient in the MW and beyond. As large-scale surveys
like SDSS-VI, WEAVE, and LAMOST expand their coverage, improving the sample
size, we would have a better understanding of our galactic home with a more accurate
measure of the radial metallicity gradient.

In Chapter 4, I explored how groups of stars are affected by large-scale dynamics
in the disk, like resonances. Using a billion-particle N-body simulation without gas, |
explored how moving groups like the Hercules stream can be explained through processes
like bar resonances. We identified stars in Corotation Resonance and Outer Lindblad
Resonance and found that a significant number of stars remain in resonance later in

time, suggesting resonant sweeping of orbits due to the decelerating bar. A future
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expansion of this work would be exploring the resonant populations without assuming
an axisymmetric potential. AGAMA assumes an axisymmetric potential, which may not
accurately reflect the interactions of a non-axisymmetric system like a Galactic bar.

All of these results share a common attribute: that is, leveraging simulations (theory)
to understand what we see in observations. This highlights how we are utilizing simu-
lations as an MW in our backyard to answer questions about our galactic home. With
ever-improving computational capacity, this thesis provides a foundation and offers a
road map for future work aiming to unravel the full chemo-dynamical fingerprint of our

Galaxy, thus leading to answering open questions about our galactic home and beyond.
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