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A B S T R A C T 

Geostatistical methods are powerful tools for understanding the spatial structure of the metallicity distribution of galaxies, and 

enable construction of accurate predictive models of the 2D metallicity distribution. However, so far these methods have only 

been applied to very high spatial resolution metallicity maps, leaving it uncertain if they will work on lower quality data. In 

this study, we apply geostatistical techniques to high-resolution spectroscopic maps of three local galaxies convolved to eight 
different spatial resolutions ranging from ∼40 pc to ∼1 kpc per pixel. We fit a geostatistical model to the data at all resolutions, 
and find that for metallicity maps where small-scale structure is visible by eye (with � 10 resolution elements per R e ), all 
parameters, including the metallicity correlation scale, can be reco v ered accurately. At all resolutions tested, we find that point 
metallicity predictions from such a geostatistical model outperform a circularly symmetric metallicity gradient model. We also 

explore dependence on the number of data points, and find that N � 100 spatially resolved metallicity values are sufficient to train 

a geostatistical model that yields more accurate metallicity predictions than a radial gradient model. Finally, we investigate the 
potential detrimental effects of having spaxels smaller than an individual H II region by repeating our analysis with metallicities 
inte grated o v er H II re gions. We see that spax el-based measurements hav e more noise, as expected, but the underlying spatial 
metallicity distribution can be reco v ered re gardless of whether spax els or inte grated re gions are used. 

Key words: methods: statistical – software: data analysis – ISM: abundances – ISM: structure – galaxies: abundances – galaxies: 
ISM. 
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 I N T RO D U C T I O N  

he distribution of metals (chemical elements heavier than helium)
hroughout a galaxy is sensitive to many details of their formation and
volution that are not yet fully understood. It is well established that
etals are released into the interstellar medium (ISM) of galaxies

y supernovae (Andrews et al. 2020 ), but we do not know how
fficiently they can mix into their local environment (Li et al. 2021 ).
e know that a fraction of the metals released in these supernovae

jecta escape the galaxy via metal-enriched outflows (e.g Heckman,
rmus & Miley 1990 ; Reichardt Chu et al. 2022 ), but we do not know
ow large this escape fraction is, nor how much of the ejected material
alls back on to the galaxy later in a galactic fountain (Christensen
t al. 2018 ). We know that galaxies accrete metal-poor gas to fuel
tar formation (Larson 1972 ; Trapp et al. 2022 ), but there is still
ome debate as to whether this happens preferentially on the central
egions or the outskirts of galactic discs (Sch ̈onrich & McMillan
017 ). Detailed analysis of the internal chemical structure of galaxies
an shed light on the relative strengths and time-scales of all of these
 E-mail: methab@student.unimelb.edu.au 
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rocesses, making it a key element for addressing many theoretical
hallenges in understanding galaxy formation and evolution (Naab &
striker 2017 ). 
Traditionally, the internal metallicity structure of galaxies has been

nderstood through the lens of a radial linear gradient model (Searle
971 ). Through a large collection of observational campaigns (e.g.
ila-Costas & Edmunds 1992 ; Zaritsky, Kennicutt & Huchra 1994 ;
room et al. 2012 ; S ́anchez et al. 2012 ; Berg et al. 2013 ; Bryant
t al. 2015 ; Bundy et al. 2015 ; Ho et al. 2015 ; Belfiore et al. 2017 ,
o name a few), it has been established that most spiral galaxies in
he local universe follow a ne gativ e metallicity gradient, with more
etal enrichment in their central regions than in the outskirts of their

iscs. This can be explained through an ‘inside-out’ galaxy formation
odel, in which star formation begins first in the central regions of
 galaxy, allowing those regions to be more metal-enriched through
uccessive generations of star formation than the outskirts, where star
ormation has only recently begun (e.g Boissier & Prantzos 1999 ). 

Recent technological advancements in high resolution integral
eld spectroscopy (IFS) has led to acquisition of detailed metallicity
aps for galaxies in the local universe, with resolutions finer than
100 parsec (Erroz-Ferrer et al. 2019 ; L ́opez-Cob ́a et al. 2020 ;
msellem et al. 2022 ). Using data from MUSE, and psuedo-IFS
© 2024 The Author(s) 
ty. This is an Open Access article distributed under the terms of the Creative 
ch permits unrestricted reuse, distribution, and reproduction in any medium, 
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ata obtained through the TYPHOON surv e y (Seibert et al., in
reparation), large azimuthal variations in metallicity have been seen 
o exist in many local spiral galaxies in addition to a metallicity
radient (e.g. S ́anchez-Menguiano et al. 2016 , 2018 ; Ho et al. 2017 ,
018 , 2019 ; Kreckel et al. 2019 ). This data has also been used to
how that small-scale variations in metallicity exist in addition to a 
adial trend, and to analyse the spatial scale of these variations, using
 variety of statistical techniques (Kreckel et al. 2020 ; Li et al. 2021 ,
022 ; Williams et al. 2022 ). 
In the first two papers of this series (Metha, Trenti & Chu 2021 ,

ereafter M21; and Metha et al. 2022 , hereafter M22), we have
xplored how tools and techniques from geostatistics, the mathemat- 
cal study of stochastic processes that occur o v er a continuous spatial
omain, can be applied to analyse data products from high-resolution 
tudies of metallicity variations within star-forming galaxies in the 
ocal universe. In M21, seven galaxies from the PHANGS-MUSE 

urv e y were analysed using a geostatistical approach to reco v er
he statistical properties of their small-scale metallicity fluctuations, 
llowing predictions of an analytical model to be tested. In M22, 
eostatistical models were fit to high-resolution metallicity maps 
f eight large spiral galaxies observed as a part of the TYPHOON
urv e y, producing more accurate predictive models of the metallicity 
istribution throughout these galaxies that can be applied to regions 
bscured by diffuse ionized gas (DIG) contamination where the 
etallicity cannot be directly observed. 
Despite these successes, a wealth of open questions remain. What 

re the main astrophysical sources responsible for these small-scale 
etallicity variations? Are they present in all galaxies, or only in 

arge star-forming spirals in the local universe? Is the size of these
mall-scale variations set by the size ( R e ; effective radius) of the
alaxies? Do these small-scale metallicity variations also exist in 
assive galaxies, or dwarf galaxies? Are star-forming galaxies with 
trong spiral arms expected to be more or less well mixed than those
ithout (i.e. grand design versus flocculent)? Are these small-scale 
ariations stronger or weaker at cosmic noon, where galaxies are 
ore clumpy and irregular and often show flat or inverted metallicity 

radients? Finally, does the 2D chemical structure of these galaxies 
atch what is predicted by hydrodynamical simulations such as 

llustrisTNG (Pillepich et al. 2018 ) or FIRE (Wetzel et al. 2023 )? 
To answer these questions and others, it is important to extend these 

patial statistical analyses to a larger sample of real and simulated 
alaxies, with a variety of sizes, morphologies, star formation rates, 
nd redshifts. A large wealth of le gac y IFS data exists (S ́anchez
020 ) for which geostatistical analysis could potentially be applied. 
o we ver, the application of geostatistical techniques to understand 

he ISM of galaxies has at present only been explored for high-
esolution IFS (or IFS-like) data products. 

Resolution has been identified as the most important figure of 
erit in the design of an IFS surv e y, particularly when the goal

s to capture detailed information about sharp structures that vary 
 v er small scales (Mast et al. 2014 ). Therefore, it is important to
nderstand how a geostatistical analysis performs on data at a range 
f resolutions. This will provide useful information for the design 
f future surv e ys and numerical simulations if their aims include
etailed analysis of the small-scale processes that determine ISM 

etallicity. 
Similar studies have been done in the past exploring resolution 

imits in IFS surv e ys in the conte xt of fitting metallicity gradients
o galaxies. By rebinning IFS data and simulating observations 
ith poor angular resolution, Yuan, K e wley & Rich ( 2013 ) found

hat metallicity gradients appear flatter when observed with low- 
esolution IFS (FWHM � 340 pc for a system at z = 1.49). These
ffects were further investigated and quantified by Acharyya et al. 
 2020 ) using simulated high-resolution IFS datacubes. They found 
hat input metallicity gradients are generally reco v ered accurately 
hen the FWHM of the instrumental PSF is smaller than ∼0.25 R e . 
In this work, we investigate the impact of spatial resolution by

ollowing the methodology of Yuan, K e wley & Rich ( 2013 ) and
ast et al. ( 2014 ). Specifically, we rebin high-resolution IFS data

f three galaxies observed by the TYPHOON surv e y to increasingly
oarse resolutions, in order to assess how the results of geostatistical
nalysis are sensitive to resolution. Further, we explore how the 
uality of model fits depends on the number of metallicity data
oints. Finally, we provide a first investigation into the quantitative 
ffects of aperture bias by comparing models fit using unbinned 
paxels associated with H II regions to models fit using integrated
 II region data. 
The structure of this paper is as follows. We discuss the data and

ow it is processed to produce low-resolution maps in Section 2 . In
ection 3 , we discuss our metallicity diagnostics, our methods for
nding H II -dominated spaxels and H II regions, and the geostatistical
odel and fitting methods that we use. We present our results for
GC 5236 in detail in Section 4 . We show how the ability of our
eostatistical pipeline to precisely and accurately reco v er details on
he multiscale metallicity structure of these galaxies is affected by 
he number of available data points in Section 4.1 , and by resolution
n Section 4.2 . In Section 4.3 , we explore the trade-off between
sing unbinned H II spaxels, which may be affected by aperture bias,
nd binned H II regions, which are fewer and necessarily at a lower
patial resolution than individual spaxels. To ensure our findings are 
ot simply peculiarities of one galaxy, we repeat our analysis for two
ther spiral galaxies in Section 5 . We discuss o v erall results in Sec-
ion 6 , and summarize the main conclusions in Section 7 , including
eneral advice on when and how these geostatistical methods can be
f fecti vely applied to astronomical datacubes. Finally, we present our
nalysis based on alternate metallicity diagnostics in Appendix A , 
 primer on some geostatistical techniques and concepts introduced 
arlier in this series in Appendix B , and a geostatistical explanation
or how the variance of the metallicity measured in an IFS datacube
epends on its resolution in Appendix C . 

 DATA  

e select NGC 5236 (M83) as our fiducial galaxy in this study,
sing high-resolution spectroscopic data from the TYPHOON surv e y 
Poetrodjojo et al. 2019 ). To ensure these results are valid for a
ange of galaxies, we also include data from two other galaxies in
he TYPHOON surv e y, NGC 6744 and NGC 7793 (Seibert et al.,
n preparation). We summarize the properties of these galaxies in 
able 1 . 
Datacubes for all three of these galaxies were constructed using 

 Progressive Integral Step Method (PrISM) using the 2.5-m du 
ont telescope located at the Las Campanas Observatory in Chile 
Grasha et al. 2022 ; Seibert et al. in preparation). A series of adjacent
xposures were taken with a long slit of width 1 . ′′ 65, which were re-
inned to psuedo-IFS datacubes with a native angular resolution of 
 . ′′ 65. TYPHOON observations were only obtained when the seeing 
as smaller than the width of the long slit. We note that Las Campanas
bservatory has a median seeing of 0 . ′′ 6 (Persson, Carr & Jacobs
990 ). 
For NGC 5236 at a distance of 4.89 Mpc (Leroy et al. 2019 ), an

ngular size of 1 . ′′ 65 corresponds to a physical pixel size of 39 pc.
ach datacube was rebinned to several additional resolutions by 
inning blocks of f × f adjacent spaxels together. We label each map
MNRAS 529, 104–128 (2024) 
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M

Table 1. Properties of the three galaxies explored in this paper. RA and 
Dec. values are taken from the NASA/IPAC Extragalactic Database. Mor- 
phological classification and position angle data are taken from HyperLEDA. 
Inclinations are calculated based on the axis ratios reported by HyperLEDA, 
assuming a disc scale height of q z = 0.2 for all galaxies, following Battisti, 
Calzetti & Chary ( 2017 ). Distances, stellar mass estimates, and SFR estimates 
are taken from Leroy et al. ( 2019 ). Half-light radii, also known as ef fecti ve 
radii ( R e ) are taken from the K S band ef fecti ve radii measured from the 
2MASS large galaxy atlas (Jarrett et al. 2003 ). B -band isophotal radii ( R 25 ) 
are taken from de Vaucouleurs et al. ( 1991 ). Both radii have been converted 
to physical units based on the adopted distance values. 

Name NGC 5236 NGC 6744 NGC 7793 

RA 13:39:55.96 19:09:46.10 23:57:49.83 
Dec. −29:51:55.5 −63:51:27.1 −32:35:27.7 
Distance (Mpc) 4.9 11.6 3.6 
R e (kpc) 3.3 7.2 1.8 
R 25 (kpc) 9.18 33.7 4.89 
Position angle 54.0 ◦ 13.7 ◦ 94.4 ◦
Inclination 12.5 ◦ 53.5 ◦ 55.6 ◦
Morphology Sc Sbc Scd 
Stellar mass ( log 10 M / M �) 10.4 10.9 9.2 
Star formation rate (M � yr −1 ) 4.0 4.0 0.25 
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ccording to its bin factor f . In this study, bin factors of 1, 2, 4, 6,
, 10, 12, and 24 are tested, corresponding to physical resolutions
rom 39 to 940 pc for NGC 5236. This selection of resolutions
o v ers the range of physical resolutions from MUSE observations of
ocal galaxies, to high-resolution zoom-in cosmological simulations
uch as AURIGA (125 pc, Grand et al. 2017 ), to IFS observations of
ravitationally lensed galaxies with the NIRISS instrument of JWST
 ∼200 pc; Wang et al. 2022 ), up to large IFS surv e ys of galaxies with
oarse spatial resolution such as CALIFA ( ∼800 pc; Espinosa-Ponce
t al. 2020 ). Therefore, the range of spatial resolution considered
llows us to explore for which, if any, of these kinds of data products
nd observational surv e ys a geostatistical analysis is feasible. 

To illustrate what features of the galaxy are visible, in Fig. 1 we
how H α images for NGC 5236 at each resolution explored. At the
ati ve resolution, indi vidual H II regions can be seen as ‘bubbles’
long the spiral arms of this galaxy, and regions of low H α emission
n the inter-arm regions are visibly resolvable. As f is increased,
tructural details of this galaxy are lost. At f = 4 (with a spatial
esolution of ∼150 pc), individual H II regions begin to blur together,
ut variations can still be seen along spiral arms. These small-scale
ariations become difficult to see at f = 8, but the azimuthally varying
piral structure is still visible. At the coarsest resolution ( f = 24), no
zimuthal structure is apparent, and a radial trend of decreasing H α

rightness is all that can be seen. 

 M E T H O D S  

or each rebinned datacube, LZIFU (Ho et al. 2016 ) was used to
nd the intensities of 13 strong emission lines, including H α, H β,
O III ] λ5007, [S II ] λλ6716, 31, and [N II ] λ6583. The strength of all
mission lines is corrected for dust attenuation assuming Case B
ecombination, fixing the Balmer decrement to be H α/H β = 2.86,
sing the extinction curve of Cardelli, Clayton & Mathis ( 1989 ),
ssuming R V = 3.1 to match the Milky Way value. 

.1 H II spaxels selection 

trong emission line ratio based metallicity diagnostics are only
alid for H II regions – regions recently ionized by hot, bright,
NRAS 529, 104–128 (2024) 
oung O/B stars. We ensure that all spaxels used in this analysis
re predominately ionized by H II region emission at each resolution
y imposing data quality cuts designed to isolate H II regions from
iffuse ionized gas (DIG), a significant source of contamination
or metallicity studies (e.g. Re ynolds 1990 ; K umari et al. 2019 ;
oetrodjojo et al. 2019 , M22). 
We use two BPT diagram-based cuts (Baldwin, Phillips & Ter-

evich 1981 ), restricting our analysis to all spaxels that lie below
oth the K e wley et al. ( 2001 ) demarcation line on the [S II ]-based
PT diagram and the Kauffmann et al. ( 2003 ) demarcation line on

he [N II ]-based BPT diagram. To ensure these cuts are robust, only
paxels with measurements of H α, H β, [O III ] λ5007 [S II ] λλ6716,
1, and [N II ] λ6583 fluxes with S/N > 3 are considered. Following
hang et al. ( 2017 ), we additionally impose a surface brightness cut,

ncluding only spaxels with a H α surface brightness greater than
0 39 erg s −1 kpc −2 . After these cuts, for NGC 5236, 7488 spaxels are
lassified as being predominately ionized by H II emission at native
esolution. We hereafter refer to such spaxels as H II spaxels. As f
s increased to simulate coarser resolution observations, the number
f H II spaxels recovered by this methodology decreases. We plot
he number of H II spaxels available for analysis as a function of the
esolution of the binned datacubes for all three galaxies analysed in
his work in Fig. 2 . 

From observations of H II regions in the Milky Way, it has been
stablished that the spatial extent of a H II region can range from
ens of parsecs to kpc scales (Cosens et al. 2018 ), with typical
izes ranging from 80 to 800 pc (Espinosa-Ponce et al. 2020 ).
herefore, the high-resolution metallicity maps examined in this
ork contain H II spaxels that are significantly smaller than an

ndividual H II region. This may introduce bias into measurements
ased on individual high-resolution spaxels, as emission line ratios
re not constant throughout a H II region (e.g. Ferland et al. 2013 ),
nd strong emission line based metallicity diagnostics are calibrated
o work on integrated H II regions (e.g. Mannucci et al. 2021 ). 

To assess whether this bias is significant, we additionally extract
etallicities for integrated H II regions detected using the publically

vailable code PYHIIEXTRACTOR (Lugo-Aranda et al. 2022 ). We
hoose this program o v er other H II region detection software because
t does not require a license, it is actively maintained, and it was
esigned for optimal performance on high-resolution IFS data. Based
n the H α intensity map and its uncertainty, positions and radii of
undreds of H II region candidates are extracted from each galaxy
t native resolution. The strengths of the emission lines for each
andidate H II region are then computed by summing all (extinction-
orrected) fluxes from spaxels contained within each region. 

One limitation of PYHIIEXTRACTOR for our application is that
he same spaxel can be contained within two (or more) different
 v erlapping e xtracted re gions. In these cases, we assign spaxels to
he H II region whose centre is closest to them. This step is necessary
o prevent spurious correlations arising between neighbouring H II

egions that are not physical, but merely statistical artefacts from
ouble-counting. 
We plot all H II region candidates on the two BPT diagrams,

iscarding any regions lying above the K e wley et al. ( 2001 ) demar-
ation line on the [S II ]-based BPT diagram and the Kauffmann et al.
 2003 ) demarcation line on the [N II ]-based BPT diagram, leaving
 final sample of H II regions for each galaxy. We note that this
rocessing step decreases both the number of data points available
or a metallicity model fit and the ef fecti ve resolution of the data, but
ay be appropriate in some cases to mitigate against aperture bias.
e explore how including this processing step affects a geostatistical
odel fitting procedure in Section 4.3 . 
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Figure 1. Surface brightness of H α for NGC 5236 at its native resolution (top left), and for spatially binned datacubes containing the total emission from f × f 
spaxels in each pixel. For the very high resolution maps ( f = 1 − 2), individual H II regions may be resolved clearly. On larger scales ( f = 4 − 6), bright regions 
are blurred together, but small features are still visible. For intermediate resolution maps ( f = 8 − 12), small-scale features become harder to see, but large-scale 
features such as spiral arms are still visible. With low-resolution IFU observations ( f = 24), all features apart from a radial trend in H α brightness are lost. 

Figure 2. Number of H II spaxels as a function of resolution. For each galaxy, 
as the resolution of the data is decreased, the number of spaxels classified as 
H II dominated also decreases. 
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.2 Metallicity diagnostics 

o ensure that our results are robust, we investigate using four
ifferent metallicity diagnostics – the N 2 S 2 H α diagnostic with the 
alibration of Dopita et al. ( 2016 ), the Scal diagnostic of Pilyugin &
rebel ( 2016 ), and the O 3 N 2 and RS 32 diagnostics of Curti et al.

 2020 ). When using each diagnostic, we discard any H II spaxels
or regions) that have S/N < 3 in any of the lines used. This final
ata quality cut excludes < 1 per cent of the data. For all of the
iagnostics we explore, we see similar trends for how the geosta-
istical methods tested are affected by resolution and data quality. 

e choose RS 32 = log ([O III ] λ5007/H β + [S II ] λλ6717, 6731/H α)
s our fiducial diagnostic, presenting results from this diagnostic 
n the main text. This diagnostic is calibrated using direct electron
emperature-based metallicity estimates of stacked spectra of SDSS 

alaxies with a 4th order polynomial fit for Z as a function of RS 32 .
e refer the reader to Appendix A for details on the other metallicity

iagnostics investigated in this work, as well as for a presentation
f the main results for NGC 5236 when these alternative metallicity
iagnostics are used. 
MNRAS 529, 104–128 (2024) 
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.3 Geostatistical model fitting 

n this Section, we introduce the hierarchical geostatistical model
hat we fit to our data, and the parameter determination procedure.
he model is identical to the one introduced in M22. Ho we ver, the
tting procedure has been updated and impro v ed. F or a summary on
ey background on other tools from geostatistics that are used in this
ork and have been introduced in the earlier papers of this series,
e refer the reader to Appendix B . 
For each data set that we test, we consider the observed metallicity

 obs at each location � x to be a combination of the true underlying
etallicity at that point ( Z( � x )), plus some uncorrelated, stationary,

ero-mean observational noise ε( � x ): 

 obs ( � x ) = Z( � x ) + ε( � x ) . (1) 

We further separate Z( � x ) into two components: the process mean
( � x ), which captures the large-scale metallicity trends of the galaxy,
lus a random component η( � x ) with zero-mean, which represents
eal, small-scale metallicity fluctuations around this mean: 

( � x ) = μ( � x ) + η( � x ) . (2) 

As in M21, M22, μ( � x ) is modelled as being linearly dependant on
he distance between � x and the centre of the galaxy. To fully specify
his model, two parameters must be fit: ∇Z , the radial metallicity
radient, and the characteristic metallicity Z char at a user-defined
adius r char : 

( � x ) = Z char + ∇Z · ( r( � x ) − r char ) . (3) 

In M21, M22, and in most studies when metallicity gradients are
t, r char is chosen to be zero. Z char therefore becomes the central
etallicity of the galaxy. Ho we ver, we found that such a choice of

arametrization led to strong anticorrelation between Z char and ∇Z ,
ith ρ < −0.9 between these two parameters irrespective of the
alaxy under investigation, the metallicity diagnostic used, or the
esolution explored. Such a strong anticorrelation has been noted
efore in the literature, e.g. by Zaritsky, Kennicutt & Huchra ( 1994 ).
To mitigate this anticorrelation, and in turn impro v e the efficienc y

f convergence using Monte Carlo methods, we parametrize the
inear function by fitting the characteristic metallicity at a radius
f r char = 0.4 R 25 (see Zaritsky, Kennicutt & Huchra 1994 ). The
etallicity at this radius has been observed to approximately match

he integrated metallicity of face-on spiral galaxies using a vari-
ty of metallicity calibrations (e.g Moustakas & Kennicutt 2006 ;
osales-Ortega et al. 2011 ). We found that such a parametrization

ignificantly lowered the degree of correlation between Z char and ∇Z ,
or all fits of our galaxy maps. 

We parametrize the covariance of the small-scale, random metal-
icity fluctuations η( � x ) as an exponential function, following M22.
uch a functional form was chosen because in the small-scale limit,

he structure of this field will mirror that of a passive scalar driven
y Burger’s turbulence (Lee & Gammie 2021 ), which is a good
odel for shock-induced structures (Bec & Khanin 2007 ; Falceta-
on c ¸alves et al. 2014 ), and may be the most suitable paradigm
f turbulence for describing the supernov a shock-dri ven mixing of
assive scalars around H II regions. This function has two parameters:
, which sets the distance at which random metallicity fluctuations
re correlated, and σ 2 , the total variance about the process mean.
or two data points � x , � y separated by a distance of h , we model the
ovariance between the small-scale metallicity fluctuations to be: 

ov ( Z ( � x ) , Z ( � y )) = σ 2 exp 

(
− h 

φ

)
. (4) 
NRAS 529, 104–128 (2024) 
All four parameters of this hierarchical model ( Z char , ∇Z , φ and
2 ) are fit simultaneously using a maximum-optimized method,
ptimized using the Python package EMCEE (F oreman-Macke y et al.
013 ). We refer the reader to equation (6) of M22 for the full form
f the 4D likelihood function that is maximized. To help distinguish
etween values of σ 2 that are close to zero, and to ensure that the
alue of σ 2 was always positive, log ( σ 2 ) was fit instead of σ 2 , with
at priors. 
F or ev ery data set explored, we estimate posterior distributions for

ach parameter by running EMCEE for 480 steps using 72 w alk ers.
xploratory work showed that the autocorrelation time, τAC , for each
arameter is ∼40 steps. Based on this, 480 steps was chosen such that
he program could run for 10 τAC steps, after discarding 2 τAC steps for
urn-in. This ensures there are ef fecti vely ∼720 independent samples
rom the posterior distribution of each parameter, which is sufficient
or estimating parameters with realistic uncertainties for this 4D
roblem. Each Monte Carlo chain was examined by hand to ensure
hat this burn-in length was long enough; for cases where it was not,
n additional 40 steps were ran so that 3 τAC steps could be discarded.

For each run, w alk ers were initially started at a wide range of
nitial values of φ (ranging from 0.1 to 1.6 kpc) and σ 2 , in order to
nsure solutions were not confined to local minima, and a uniform
rior was enforced on φ to keep it bounded between 50 pc and 5 kpc.
he lower limit was chosen as it is similar to the size of a single
ix el at nativ e resolution for this data set, and it is not possible
o observe fluctuations that are smaller than a single pixel (Cressie
993 ). For initial guesses of Z char and ∇Z , we use the results of a
imple weighted-least squares (WLS) fit, with an uncertainty of 0.05
ex on Z char and an uncertainty of 0.01 dex/kpc on ∇Z , as central
etallicities and metallicity gradients reco v ered for galaxies using

he WLS method have been found to agree with those found with
 geostatistical method to these levels (M22). After a test run, the
hains of each Monte Carlo run were examined for convergence.
e found that for some runs, all chains converged to low values

f φ except for those that were started at values of φ that were
uch larger than the best-fitting value. In these cases, we re-ran an
CMC fit using a set of initial values for φ ranging from 0.1 kpc to

.45 kpc. In a few cases, the upper limit on the prior on φ was also
owered to 3 kpc, to ensure all chains remained close to the best-
tting value, as informed by previous runs. We note that adjusting
arameter ranges based on information inferred from previous fits
s a standard practice in a Bayesian framework, where the aim is to
chiev e quicker conv ergence on the global minimum while efficiently
sing the (limited) computational resources available. 
To illustrate the quality of our fits, in Fig. 3 we show the

pproximate posterior generated by EMCEE as a corner plot for NGC
236, using all H II spaxels, our fiducial metallicity diagnostic of
S 32 , and a datacube without any additional binning. From this
lot, we see that the two small-scale parameters, φ and log ( σ 2 ),
re strongly correlated with each other ( ρ = 0.94). As φ is increased,
earby data points are expected to become more and more correlated
ith each other, reducing the o v erall variability of the model. To
atch the amount of variation that is seen in the data set that is being
t, σ 2 must be increased to compensate for this effect. Therefore,
odels that fit the data and have a high value of φ must have a lower

alue of σ 2 , and vice versa. Such behaviour is expected, and does
ot impact on the results presented in the following Sections. 

 RESULTS  

n this Section, we assess how the performance of the geostatistical
ethods explored for galactic metallicity modelling in M21 and
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Figure 3. Corner plot, showing 1D and 2D marginalized posterior distributions for the four parameters of our geostatistical model, using all H II spaxels from 

our fiducial galaxy (NGC 5236), with our fiducial metallicity diagnostic (RS 32 ), at the native resolution (39 parsec per spaxel). A strong correlation can be seen 
between φ and log ( σ 2 ), the two parameters that describe small-scale metallicity fluctuations within the galaxy, as raising φ will naturally lower the variability 
of metallicity within the data. Such a correlation is seen in all EMCEE fits performed in this work. 
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22 depends on three facets of the datacube used: the number of
ata points available, the resolution of the data, and whether the 
t is performed on individual H II spax els, or o v er inte grated H II

egions. Ho we ver, separating out these effects is difficult. When 
paxels are binned to make coarser datacubes, the number of data 
oints available for statistical inference and model fitting decreases 
see Fig. 2 ). Furthermore, integrating H II spaxels into regions both
ecreases the number of available data points for model fitting, and 
he resolution of the available data points. 

With this in mind, in Section 4.1 , we first assess how these methods
re affected the number of data points with measured metallicity 
 alues av ailable. We test this by randomly selecting subsamples of a
imited number of H II spaxels from our flagship galaxy NGC 5236
t native resolution, allowing us to change the number of available 
ata points for analysis without introducing any additional spatial 
ffects. 

Then, in Section 4.2 , we report on how the model parameters
eco v ered and the accuracy of metallicity predictions depend on the
patial resolution of the data by comparing results for our binned
atacubes for NGC 5236 to the results found at native resolution.
y comparing the results for the rebinned datacubes to the results
n the native resolution data sets of Section 4.1 , we can tell if there
re any additional effects caused by having coarsely resolved data 
hat would not be expected by merely changing the number of data
oints available. 
Finally, in Section 4.3 , we see if the results are the same for
 II regions as they are for H II dominated spaxels, by comparing

paxels that pass the BPT-diagnostic cuts of K e wley et al. ( 2001 ) and
MNRAS 529, 104–128 (2024) 
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Figure 4. Reco v ered semi v ariograms for NGC 5236, when only a sub-sample of spaxels are used. In all cases, the semi v ariogram has the same shape – ho we ver, 
when the number of data points is � 100, small number statistics lead to unreliable estimates of the variance between pairs of spaxels at each separation, 
increasing the noise in the semi v ariogram, making its interpretation less clear. 
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auffmann et al. ( 2003 ) to regions found using PYHIIEXTRACTOR

hat also pass these cuts (for further details, see Section 3.1 ). We
nterpret the results of this experiment in light of what we have
earned from Sections 4.1 and 4.2 , to see if binning the data
nto H II regions has any impact on the output of the model that
annot be explained by the other two effects investigated in this
ork. 

.1 The effects of missing data 

o test how geostatistical methods perform when the number of
vailable H II spaxels is small, we generate random subsamples of
0, 100, 300, and 500 H II spaxels from NGC 5236. We compare
he performance of our geostatistical methods on these subsampled
atacubes to the full datacube, which has 7454 H II spaxels for which
etallicities could be determined using RS 32 . 
We create a semi v ariogram using each of the subsamples of the

ative resolution datacube in Fig. 4 , and plot them against the original
emi v ariogram computed for this data. Each semi v ariogram sho ws
o w the v ariance in the metallicity between spaxels increases as the
istance between spaxels is increased, after accounting for the large-
cale metallicity gradient. 1 A bin size of 40 pc, chosen to match the
NRAS 529, 104–128 (2024) 

 We provide a formal mathematical definition of the semi v ariogram, an intro- 
uction to this method, and its relation to some other tools used in astronomy 
o extract the covariance structure of random fields in Appendix B1 . 

S  

s  

p  

 

c  
esolution of the data and the minimum separation between spaxels,
s used for all semi v ariograms. 

We see that all semi v ariograms have the same general shape,
ndicating that the same small-scale structure is being detected in all
ve data sets. Ho we ver, we also see that as the number of available
ata points decreases, the noise in the reco v ered semi v ariogram
ncreases. When only 50 data points are used, some separations
ave missing values for the semivariance, as there are not enough
airs of H II spaxels separated by approximately that distance for the
ariance between them to be estimated robustly. This issue could
e partially o v ercome by creating a semi v ariogram with a coarser
inning, allowing a more clear view of larger features, but doing so
ould result in less retention of information about the small-scale
ariability of the data. Since we are primarily investigating how many
ata points are necessary to reco v er these small-scale properties, we
o not do this. 
In Fig. 5 , we compute estimates for all four parameters of our

eostatistical model for each subsample of the native resolution data
et, and investigate the convergence of these parameters. We see that
ven with as few as 50 data points, the properties of the large-scale
ariability ( ∇Z and Z char ) are reco v ered accurately. In fact, ∇Z is
onsistent between all models, and Z char varies by only 0.02 dex.
imilarly, all models converge to the same value for the amount of
catter around the mean trend ( σ 2 ), although the uncertainty on this
arameter increases as the number of available data points decreases.
Reco v ered values on the metallicity correlation scale φ are

onsistent when 300 or more data points are available for fitting.
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Figure 5. Best-fitting values, with uncertainty, of the metallicity correlation scale φ, the (log) total variance σ 2 , the characteristic metallicity Z char , and the 
metallicity gradient ∇Z for NGC 5236 as a function of the number of spaxels at native resolution used for the fit. Generally, we find that the best-fitting parameter 
values are consistent with the values reco v ered when all spaxels are used (far right data point), albeit with large scatter when the number of available data points 
is low. 
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Figure 6. The normalized prediction error (median absolute deviation per 
standard deviation) of the predictions for metallicity computed using the 
cross-validation method for NGC 5236 using a simple linear gradient (blue 
line) and a geostatistical model (red line). As long as the number of data points 
� 100, predictions are more accurate when a geostatistical model including 
small-scale metallicity variations was included. 
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hen only 100 data points are used, the best-fitting value of this
arameter is larger, with larger uncertainties ( φ = 518 + 271 

−166 pc), 
ut it is still consistent with the value found at native resolution
 φ = 333 + 34 

−28 pc) within the 1 σ error bars. For the model trained
n only 50 spatially resolved metallicity measurements, a smaller 
stimate of φ is obtained, with smaller error. By examining the 
osterior distribution of the Monte Carlo fit for this trial, we find that
his is due to estimates clustering tightly to the lower limit of φ at
0 pc, indicating that no evidence for spatial correlations is seen in
his limited data set. 

Next, we e v aluate ho w the goodness-of-fit of our geostatistical
odel is affected by having a limited number of data points. We judge 

he quality of our model fits o v er each subsampled datacube in terms
f their predictive power. Following M22, we assess this using ten- 
old cross-generalize. This method is a standard technique to estimate 
he ability of a model to generalise to unknown data points (Field,

iles & Field 2012 , Chapter 7.7.2.), and is recommended as a reliable
eneral method for model selection (Hogg & Villar 2021 ). For each
ubsampled datacube, the H II spaxels are split into ten evenly sized
roups. Data from all but one group are used to fit parameters for
he geostatistical model described in Section 3.3 , and generate point 
redictions for the metallicities of the H II spaxels in the final group
ia the process of universal kriging, outlined in Appendix B2 . This
s repeated for all ten groups to produce a predicted metallicity for
v ery spax el. 

We summarize the results of this e x ercise by looking at the MAD
f the predicted metallicity of each spaxel to the metallicity observed 
or that spaxel, which we use as a metric for the model’s performance.

e then normalize this value to the variance of the data by dividing
y one standard deviation, σ , to make this metric easier to interpret. 2 

As a comparison point, we also repeat this cross-validation process 
or a metallicity gradient model with no small-scale component, fit 
or each set of data points using the standard weighted least squares
WLS) method, implemented in the Python package STATSMOD- 
 For reference, data from a Gaussian noise distribution around a known mean 

s expected to have MAD /σ = 

√ 

2 
π

≈ 0 . 8. 

f
g
m
a  

i

LS . In the language of our model, this is equi v alent to fixing
( � x ) = 0. 
We plot MAD/ σ for the linear gradient model and the geostatistical
odel as a function of the number of data points available in Fig. 6 .
or the linear model with no small-scale component, we do not see a

rend with the prediction accuracy model changing with the number 
f data points o v er the range we have chosen. This implies that 50
ata points is sufficient to construct a metallicity gradient model; and
sing more data points in the fit will not make this model any better.
n the other hand, we see the accuracy of the geostatistical model

cales with the number of data points available for training. With
nly 50 spatially resolved metallicities, the metallicity predictions of 
 geostatistical model have comparable accuracy to the predictions 
rom a metallicity-gradient model. With 100–300 data points, the 
eostatistical model begins to outperform the azimuthally symmetric 
odel that only captures large-scale metallicity variations within 
 galaxy. With a larger sample of data points, the impro v ement
ncreases dramatically. 
MNRAS 529, 104–128 (2024) 
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Figure 7. The semi v ariogram for the TYPHOON metallicity map of NGC 5236, binned to eight different spatial resolutions. As the resolution becomes coarser, 
the total variance in metallicity between spaxels decreases, as small-scale inhomogeneities are binned together. When the spatial resolution is finer than ∼250 
pc ( f ≤ 6), the shape of the semi v ariogram matches that of the native resolution map, indicating that the resolution is fine enough for small-scale metallicity 
fluctuations to be accurately resolv ed. F or resolutions of 300–400 pc per pixel, the general shape of the semi v ariogram can still be seen, and an estimate of the 
scale at which metallicities become locally uncorrelated can still be made. At resolutions coarser than this, it is difficult to infer the presence of small-scale 
fluctuations, and accurately describe their properties. 
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This result is expected from geostatistical theory. Kriging works
y taking advantage of the fact that nearby data points are expected
o have similar properties (Tobler 1970 , Appendix B2 ). When more
ata points are used, it is more likely that each data point lies within
 φ parsecs of another spaxel with kno wn metallicity, allo wing the
etallicity to be inferred using local galaxy properties as well as

lobal ones. Furthermore, when more data points are used, the
eco v ered values of the small-scale structure parameters φ and σ 2 

re more accurate. 

.2 The effects of spatial resolution 

o determine the resolution limit at which small-scale metallicity
ariations are visible, we construct a semi v ariogram for the small-
cale metallicity variation using data convolved to each binning factor
 . We plot these results in Fig. 7 . 

The most striking trend that can be seen in this series of plots is
hat the height of the semi v ariograms at large separations decreases
s f is increased. This implies that the total amount of variance
bout a linear gradient is lower when the data is of a coarser quality.
ualitatively, this is to be expected. When the spatial resolution of

FU spectroscopy is coarser than the size of metallicity variations,
ifferent features are averaged together over each individual spaxel,
ecreasing the variance around a galaxy-scale metallicity model.
NRAS 529, 104–128 (2024) 
uantitativ ely, we e xplore how this spatial averaging would impact
he variance seen at different resolutions if the true small-scale
etal v ariations follo w an exponential correlation function with a

orrelation scale of φ = 330 pc, as is suggested by our highest
esolution data, in Appendix C . We find that the reduction of variance
een at different resolutions matches the reduction predicted with this
odel of spatially correlated metallicity variations very tightly. 
The separation at which the semi v ariance stops increasing (called

he range of the data in geostatistics literature; e.g. Cressie 1990 )
s not seen to increase with f for all semi v ariograms computed with
 ≤ 6 (corresponding to physical resolutions finer than 250 pc per
ixel, plotted as blue lines in Fig. 7 ). Visually, when f ≤ 6, all
emi v ariograms sho w the same shape, beginning to curve downwards
t a separation of ∼0.4 kpc, before flattening out completely by ∼1
pc. For coarser data ( f > 6, plotted as brown lines in Fig. 7 ), this
hape is no longer clearly visible. At f = 8, flattening is still seen at ∼1
pc, but the shape of the semi v ariogram for sub-kpc data is no longer
ccurate. At f > 8, we see the apparent range of the data increase with
 , as trends associated with physical small-scale variations become
ashed out, and the size of the pixels becomes the most important

cale for setting the observed structure of the metallicity map. 
To show this result in a more quantitative way, we present the best-

tting value of φ, the metallicity correlation scale, with uncertainty,
s a function of the resolution of available data in Fig. 8 . Using the
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Figure 8. Best-fitting values, with uncertainty, of the metallicity correlation 
scale φ, the characteristic metallicity Z char , and the metallicity gradient ∇Z 
for NGC 5236 as a function of the spatial resolution of metallicity maps, 
reported in parsec (bottom axis) and ef fecti ve radii ( R e , top axis). In the top 
panel, the grey shaded region shows the area of parameter space where the 
correlation scale φ is smaller than the size of a pixel. We find that kpc-scale 
resolved metallicity surveys are able to accurately recover large-scale trends 
of the metallicity profile ( Z c , ∇Z ), while the correlation scale can only be 
accurately constrained by observations with a resolution � 400 pc, or 0.12 R e . 
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ative resolution data, the most likely value of φ is 332 + 33 
−28 pc. As f is

ncreased from 1 to 10, the best-fitting value of φ increases slightly
nd has slightly larger uncertainties, but remains consistent with the 
alue found for native resolution data. At f = 12, the size of a single
paxel becomes 470 pc – larger than the value of φ reco v ered for the
igh-resolution maps. At this resolution, our model fitting procedure 
eturns a value of φ = 527 + 135 

−90 pc, inconsistent with the value of φ
uggested by the higher resolution maps. At our coarsest resolution, 
is inferred to be 443 + 308 

−244 pc. While this value is consistent with the
reco v ered at the finest resolutions, the uncertainties are very large,

eflecting the fact that the value of φ cannot be well-constrained by 
his data, as a single pixel is expected to be much larger than the
ypical size of small-scale variations. 

Fig. 8 also shows that the reco v ered values of Z char and ∇Z are
elatively consistent throughout all data maps e xplored, e xcepting 
he results found for the datacube at native resolution, where a flatter

etallicity gradient is preferred. We note that the fitted parameters 
or this model at native resolution are the same as those shown in Fig.
 . On its own, this result is not significant – while the values of Z char 

nd ∇Z reco v ered using our EMCEE -based parameter fitting pipeline
o not agree with any other reco v ered values of Z char and ∇Z at other
esolutions to 1 σ , we would not expect the 1 σ credible intervals
f eight different model fits to all o v erlap. Howev er, we also find a
imilar result of the reco v ered value of ∇Z being flatter when two
ut of our three alternative metallicity diagnostics are used (N 2 S 2 H α
nd Scal, with results inconclusive for O 3 N 2 ; see Appendix A ), and
or the galaxy NGC 7793 when the size of a spaxel is � 100 pc
see Section 5 ). While formally significant, the size of this deviation
s small – smaller than the difference between metallicity gradients 
eco v ered for this galaxy when different metallicity diagnostics are
sed (see fig. 9 of Poetrodjojo et al. 2019 ). 
This result is unexpected from previous studies of the effects of

esolution on reco v ering the metallicity gradient. In fact, previous
esearch has shown that a flattening of the metallicity gradient is
xpected for poorly spatially resolved data due to the effects of
ixelization and beam smearing (e.g. Yuan, K e wley & Rich 2013 ;
charyya et al. 2020 ). Ho we ver, in this case, it is not a degradation of

he data that causes an apparent flattening of the observed gradient,
s a tendency for Z to decrease as r increases is still seen even in the
ative resolution datacube. 
To test the validity of our statistical pipeline, we analysed the

alues of ∇Z reco v ered using a simple WLS approach without
ncorporating any small-scale variation. We present our results in 
ig. 9 . At each resolution, we plot the measured metallicity of each
 II spaxel, with error bars, at its distance from the galaxy centre.
e o v erplot the best-fitting linear relations describing the large-scale
etallicity trends reco v ered using both our geostatistical approach, 

nd using least squares. For all of the binned data sets ( f > 1), the
rofiles reco v ered using WLS and our geostatistical method show
ood agreement. Ho we ver, when f = 1, the geostatistical approach
refers to describe the data with a flatter metallicity gradient. This
ifference is significant, with p < 5 × 10 −5 for the marginalized
osterior value of ∇Z being consistent with the least squares value.
isually, at f = 1, both lines appear to describe the data fairly well.
hile there is slightly more variance in the data points around the flat

rofile predicted by the geostatistical model, this is not unexpected 
i ven the dif ferent w ays that these tw o models were optimized – in
he WLS approach, parameters for the line of best fit are chosen to

inimize the scatter of all data points around the radial metallicity
rofile, whereas in our geostatistical model, data points are naturally 
xpected to have some scatter around the large-scale trend (for f =
, the most likely value for this scatter is σ = 0.05 dex). 
When the WLS method was used, the metallicity gradient recov- 

red for the highest resolution map ( ∇Z = −0.0126 dex/kpc) was
ithin the range of metallicity gradients reco v ered for the other

ebinned datacubes ( −0.013 ≤ ∇Z ≤ −0.010 dex/kpc), with a 
light trend of the metallicity gradient becoming flatter at coarser 
esolutions, as is expected from a coarser spatial sampling. Ho we ver,
or the N 2 S 2 H α and Scal diagnostics, an increase in the WLS-
eported metallicity gradient was seen at the finest resolutions. We 
iscuss a possible interpretation for this effect in Section 4.2.1 . 
In Fig. 10 , we plot the normalized prediction error (MAD/ σ ,

s calculated using ten-fold cross-validation) of the geostatistical 
odel, and the linear model with no small-scale component, against 

he resolution of the datacubes. We find that when a linear gradient
odel is used, a similar prediction error value of MAD/ σ =

.75–0.85 is seen at all resolutions, with a slight trend of the
redictiv e accurac y decreasing as the resolution is made coarser. At
ll resolutions investigated, predictions from a geostatistical model 
ere found to be more accurate than those from a metallicity-gradient 
odel (although this impro v ement is only marginal for the coarsest

esolution datacube with f = 24). For resolutions finer than ∼330 pc
the scale at which adjacent pixels are separated by a distance less
han the metallicity correlation scale, φ), the prediction accuracy 
f the geostatistical method impro v es rapidly as the resolution is
mpro v ed. This highlights the power of this geostatistical modelling
ramework for being able to produce accurate predictive maps of 
MNRAS 529, 104–128 (2024) 
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Figure 9. The radial metallicity profile of NGC 5236, computed using (i) our geostatistical methodology (red dashed lines) and (ii) the weighted least squares 
(WLS) algorithm (orange dashed lines) at different rebinned resolutions. When the WLS method is used, consistent values of the metallicity gradient are 
reco v ered for all binning factors f , with a slight tendency for the metallicity gradient to become flatter at the coarsest resolutions. For most of the resolutions 
tested, the radial metallicity profile reco v ered using our geostatistical approach agrees with the profile reco v ered using WLS. Ho we ver, for the unbinned data 
( f = 1), the geostatistical method prefers a flatter metallicity gradient. 
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he 2D metallicity distributions of galaxies, especially for high-
esolution datacubes. 

We note that while the geostatistical model fit to the highest
esolution data has a value of ∇Z that does not agree with the other
odels to 1 σ , this model is still able to predict the metallicity of H II

egions with more accuracy than any other model. This indicates that
he predictive accuracy of our geostatistical model is not severely
mpacted by the different values of ∇Z reco v ered – the model with
NRAS 529, 104–128 (2024) 
 lower central metallicity and a flatter metallicity gradient is just as
uitable for describing the observed data as a model with a stronger
e gativ e metallicity gradient. 

.2.1 Impact of spatial resolution on H II spaxel selection 

here are many possible reasons why the metallicity gradients recov-
red with the finest resolution spaxels exhibit small, but statistically
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Figure 10. Normalized prediction error (median absolute deviation per stan- 
dard deviation) for metallicity computed using the cross-validation method 
for NGC 5236 using a simple linear gradient (blue line) and a geostatistical 
model (red line). For all resolutions tested, predictions were more accurate 
when a geostatistical model including small-scale metallicity variations was 
included, with the greatest impro v ement seen at fine resolutions. 
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Figure 11. Number of data points available for NGC 5236 as a function 
of resolution, when H II spaxels are selected (i) using the BPT diagnostics 
of K e wley et al. ( 2001 ) and Kauf fmann et al. ( 2003 ) together with the H α

surface brightness cut of Zhang et al. ( 2017 ); and (ii) by selecting a sample of 
H II spaxels at native resolution using the line ratio [S II ]/H α, and rebinning 
this set of spaxels only to coarser resolutions. At the finest resolutions, the 
[S II ]/H α-based cut remo v es man y more spax els than the BPT diagram based 
cuts. At coarser resolutions, ho we v er, more spax els are retained, as binned 
spaxels that contain even one spaxel at native resolution that passes the data 
control cuts at native resolution are kept. 
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3 This threshold value of 0.95 is (i) intrinsically arbitrary, and (ii) stricter than 
the threshold value of 0.9 used in Poetrodjojo et al. ( 2019 ). Such a conserv ati ve 
choice is consistent with the analysis presented in M22, where a 0.9 threshold 
was applied to log ([S II ]/H α), which for the TYPHOON emission line map 
of NGC 5236 is equi v alent to a 0.95 threshold in [S II ]/H α. 
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ignificant deviations compared to metallicity gradients measured at 
imulated coarser spatial resolutions. 

First, it could be that the intrinsic radial trend in metallicity for
hese galaxies is not linear. High resolution metallicity maps have 
evealed breaks in a single metallicity profile that may not be visible
n coarsely resolved data, potentially due to the influence of galactic 
ars (e.g Chen et al. 2023 ). Flattening in metallicity profiles have
een reported in the extended discs of spiral galaxies beyond R 25 (e.g.
oddard et al. 2011 ; Rosales-Ortega et al. 2011 ), including for this
alaxy (Bresolin et al. 2009 ). Ho we ver, the data used in this study
s limited to a maximum galactocentric distance of ∼R 25 , where 
attening has not been found in previous studies of this galaxy’s 
etallicity profile. Other studies have reported flatter metallicity 

rofiles in the inner regions of galaxies (e.g. Belley & Roy 1992 ;
inchenko et al. 2016 ), but we do not see this in NGC 5236 at any

esolution (see Fig. 9 ). 
The differences in inferred gradients could also be related to the 

election of spaxels at each resolution. While we use a consistent 
 II spaxel selection method for all of our rebinned datacubes, the

et of spaxels that are identified as being H II -dominated is not the
ame between the emission line maps with different resolution. This 
ffect is visible in Fig. 9 – at f = 2, several spaxels are classified as
 II -dominated at radii of ∼11 kpc that have no analogues in the f =
 map. 
Additionally, (1) the H II region selection includes an empirically 

alibrated threshold from Kauffmann et al. ( 2003 ) based on Sloan
igital Sk y Surv e y data that may not apply to apply to highly

esolved datacubes with resolutions finer than 100pc, and (2) the 
PT diagnostic lines of K e wley et al. ( 2001 ) are computed to be

he upper limits of the locations on the BPT diagrams that can be
nhabited by H II regions – ho we ver, no guarantees are made that
paxels that are not ionized by H II emission must lie outside of this
egion. Therefore, if a statistically appreciable number of spaxels 
utside H II regions are instead flagged by the DIG diagnostics as
 II dominated for finely-resolved data, this could lead to a bias in

he metallicity gradient computed for high-resolution data. 
To explore this hypothesis, we re-ran the analysis of Section 4.2 ,

nsuring that the same selection of spaxels were used at each 
esolution. To do this, we followed a procedure similar to the one
utlined in Poetrodjojo et al. ( 2019 ). First, using the native resolution
ata, for each metallicity diagnostic we define a mask containing only 
he spaxels that passed all data quality control cuts. When binning
he data to coarser resolutions, only the spaxels that passed all data
uality cuts at the finest resolutions were aggre gated. F or this test, we
id not recompute line ratios for each rebinned spaxel with LZIFU .
nstead, we simply summed the emission line fluxes of each spaxel
ithin the mask contained within each binned spaxel, summing the 

rrors in quadrature. 
Similar to Poetrodjojo et al. ( 2019 ), and following M22, a harsher

uality control cut for defining H II spaxels was used than the BPT
iagram based methods. Based on the methods of Kaplan et al.
 2016 ), we compute the fraction of light in each spaxel that is coming
rom H II regions ( C H II ) using the line ratio [S II ]/H α. In more detail,
sing the native resolution maps, we assumed that the 100 spaxels
ith the brightest H α flux were entirely ionized by H II regions

 C H II = 1), and the 100 spaxels with the faintest H α flux (that still
ave a S/N ratio greater than 3 for both [S II ] and H α) were entirely
onized by DIG ( C H II = 0). We take the median values of [S II ]/H α

f each of these populations to be the typical values of [S II ]/H α for
 II regions and the DIG, respectively, and computed values of C H II 

or all spaxels by linearly interpolating where the measured value of
S II ]/H α falls between these two e xtremes. Spax els with a value of
 H II > 0 . 95 are considered to be H II dominated and are included in
ur mask. 3 Additionally, any spaxels with S/N < 3 in H α, H β, or
ny emission lines used in the metallicity diagnostic were discarded. 

Fig. 11 sho ws ho w the number of spaxels available for our flagship
alaxy (NGC 5236) with our fiducial metallicity diagnostic (RS 32 ) 
hanges as a function of resolution with this new H II classification
cheme. We compare this with the number of spaxels retained using
he BPT diagrams and surface brightness cut as well. We see that, for
he native resolution map, the [S II ]/H α-based cut is much stricter
MNRAS 529, 104–128 (2024) 
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Figure 12. Parameters of our geostatistical model recovered with EMCEE 

after ensuring that the same set of spaxels are used at all resolutions. For this 
data, the value of ∇Z reco v ered does not become significantly flatter as the 
resolution is changed. 
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han the BPT diagram-based cut: while 7488 spaxels are classified
s H II dominated at native resolution using the BPT diagram-based
iagnostics, only 2351 pass the [S II ]/H α-based cut and have S/N >

 for H α, H β, [S II ] λλ6717, 31, and [O III ] λ5007. As the resolution
s made coarser, the number of spaxels available for fitting decreases
uch less rapidly when the same set of spaxels are used at all

esolutions. This may be due to an excess of spaxels being included
t fine resolutions when the BPT-based spaxel selection criteria are
sed; or it could be due to spaxels being lost to DIG contamination
t coarse resolutions. 

Using a consistent selection of spaxels, but varying the resolution
f the data, we then repeat our experiment of Section 4.2 , exploring
ow our set of reco v ered parameters vary with resolution. We plot
ur results in Fig. 12 . We find that in this case, the metallicity gradient
aries much less than was found for the case where H II spaxels were
elected using a BPT-based approach. 

A similar result was seen in the investigations of Poetrodjojo et al.
 2019 ). When DIG was excluded from the data at native resolution,
etallicity gradients were found to be mostly constant with reso-

ution. Ho we ver, large v ariations in the metallicity gradient were
ound when different metallicity diagnostics were used, suggesting
hat systematic uncertainties in diagnostics are the most important
imiting factor to achieve precise gradient measurements, rather
han any effects resulting from having data with very fine spatial
esolution. 

.3 The effects of aperture bias 

n Sections 4.1 and 4.2 , we assumed that all metallicities measured
or H II spaxels are unbiased tracers of the underlying metallicities
f the regions of the galaxy that they are drawn from. Ho we ver,
NRAS 529, 104–128 (2024) 
here are reasons to consider this may not be the case. Spherically
ymmetric models of the interior structure of H II regions such as
LOUDY (Ferland et al. 2013 ) indicate that the ratio of emission

ines within a H II region is expected to change as a function of the
istance from the centre (see e.g. fig. 1 of Mannucci et al. 2021 ). For
his reason, when the size of an IFS spaxel is smaller than the size of
 H II region, the relative strengths of its emission lines are dependent
ot only on the metallicity within the spaxel, but also on the distance
rom the H II region’s centre to the spaxel’s centre, and on the relative
izes between the two. This may introduce an additional source of
rror in the metallicity estimated within each spaxel. By comparing
he metallicities inferred from integrated DIG-free spectra to those
hat would be inferred from narrow slit spectroscopy, Mannucci et al.
 2021 ) showed that in some circumstances aperture bias may have
 stronger effect on reco v ered metallicities than DIG contamination.
o we ver, other studies with different methodologies have found the

ffects of aperture bias to be mild (e.g. Arellano-C ́ordova et al. 2022 ).
One step that can be added to an IFS data processing pipeline

s a prophylactic measure against aperture bias is to first identify
 II regions within a galaxy, and then integrate the emission from

ach spaxel within each region to get emission line ratios for each
 II region. The line ratios for each region may then be converted

nto metallicities for each region. This ensures that no line ratio is
rtificially increased or decreased due to spatial sampling effects. 

Ho we ver, this method comes at some costs. First, by binning
ultiple adjacent spaxels into single regions, the spatial resolution of

he data is decreased, and the number of available data points that can
e used to fit a 2D metallicity model is lowered. Secondly, many H II

egion-finding algorithms make assumptions on the size, brightness,
nd geometry of H II regions that may not be valid (see e.g. Jin,
 e wley & Sutherland 2022 ), yield different results at different spatial

esolutions (Mast et al. 2014 ), and usually depend on parameters that
ust be hand-tuned by the user, making the results of a H II region

earch difficult to replicate (Lugo-Aranda et al. 2022 ). 
In this conte xt, a ke y question to ask is whether it is better to bin

ata into H II regions before beginning a geostatistical analysis, or
o use higher resolution, possibly biased data from individual H II

paxels. 
In Fig. 13 , we show semivariograms for the small-scale metallicity

ariations within our fiducial galaxy (NGC 5236) using our fiducial
etallicity diagnostic (RS 32 ), comparing results found when all

paxels are used (blue line) to results using data binned to 485 H II

egions (red line), found using PYHIIEXTRACTOR that pass both BPT
iagnostics (Section 3.1 ). We see that both semi v ariograms sho w
he same shape, with the same flattening at ∼0.4 kpc. Two other
ffects are also visible. First, the semivariogram produced using H II

egions is more noisy. This is expected, because there are fewer data
oints available for the fitting – see Section 4.1 and Fig. 4 . Secondly,
he height of the semi v ariogram in the large-scale limit computed
sing H II regions is shorter than the semi v ariogram computed using
 II spaxels. This, too, is expected, because the size of a H II region

s larger than a H II spaxel, and so averaging over a larger region
educes the amount of variance in metallicity (see Fig. 7 , and further
iscussion in Appendix C ). 
By comparing the height of the two semi v ariograms near zero

eparation, we see that the H II re gions hav e far less uncorrelated
ariance than what is seen for H II spaxels. This observation has two
ossible interpretations. The first is that integrating over H II regions
ashes out small-scale metallicity variations that exist within an

ndividual H II region. The second interpretation (which we consider
ore likely) is that metallicities estimated for integrated H II regions

re more accurate than the metallicities estimated for individual
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Figure 13. Comparing semi v ariograms calculated using H II dominated spaxels vs integrated H II regions found with PYHIIEXTRACTOR . We see that individual 
spaxels carry more noise than H II regions, and show a small but noticeable increase in variance from ∼0.5 to 1 kpc that is not seen in the region-based 
semi v ariogram. The additional fluctuations in the region-based semi v ariogram are likely caused by a low number of data points compared to the spaxel-based 
semi v ariogram. 

Table 2. Best-fitting parameter results for the metallicity model for NGC 

5236 when results are computed using data from each spaxel associated 
with a H II region, compared to results when using integrated emission line 
ratios from H II regions found using PYHIIEXTRACTOR . In both cases, all 
spax els/re gions lie below the Kewley et al. ( 2001 ) and Kauffmann et al. 
( 2003 ) demarcation lines in the S2- and N2-BPT diagrams. We find significant 
differences in the reco v ered values of two parameters for this galaxy with 
this diagnostic: the variance, which is understandable as H II regions are 
binned o v er a larger area than individual H II spax els, naturally decreasing 
the variance in the metallicity between H II regions (see Appendix C ), and 
the characteristic metallicity, Z char , possibly reflecting a small systematic bias 
when this diagnostic is used on spaxels smaller than an individual H II region. 

H II spaxel fit H II region fit 

Z char 8.76 ± 0.004 8.78 ± 0.004 
∇Z (10 −3 dex kpc −1 ) −0 . 2 + 2 . 5 −2 . 4 −3.7 ± 2.7 

φ (pc) 332 + 33 
−28 275 + 38 

−32 

log 10 ( σ 2 ) −2.61 ± 0.04 −2.50 ± 0.04 
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 II spaxels. If this interpretation is correct, then by correcting for
perture bias, the error on the metallicity measurement of each 
paxel is reduced. By comparing the height of these semi v ariograms
ear zero separation, the amount of variation reduction when this 
ormulation is used could be estimated, potentially allowing the 
ffects of aperture bias to be quantified for a range of commonly used
etallicity diagnostics. We postpone such an analysis for a future 

tudy. 
Ov erall, inte grating spax els into H II regions yields a metallicity
ap with fewer data points, coarser resolution, and more accurate 
etallicity measurements. In Table 2 , we show what effect this
ntegration step has on the best-fitting values of Z c , ∇Z , φ, and σ 2 

eco v ered for this galaxy. We find that most of these parameters agree
ithin their 68 per cent credible interv als. The v ariance is found to
e significantly lower for H II regions, which is an understandable
onsequence of the coarser resolution of the binned H II region data
ompared to the unbinned H II spaxel data (see Appendix C ). A 3.6 σ
ifference is seen between the best-fitting values of Z char for binned
egions and individual spaxels, possibly pointing to a systematic 
rror in metallicity measurements when this diagnostic is used on 
egions smaller than an individual H II region. Ho we ver, the actual
ifference is very small, with the median values computed for regions
nd spaxels differing by only 0.02 dex. This implies that the effect
f such a systematic bias, if it exists, is small enough to be ignored,
articularly given the larger (0.7 dex) uncertainties associated with 
trong emission line ratio based metallicity diagnostics (K e wley &
llison 2008 ). 
For the other two parameters, there are some slight differences 

ithin the bounds of uncertainty. For the H II region data, ∇Z =
3.7 ± 2.7 × 10 −3 dex kpc −1 . This is slightly more ne gativ e than

he gradient found using native resolution H II spaxel data, but flatter
han the gradients reco v ered for binned data, indicating that this
ata may be close to the limit of resolution at which the preferred
odels become those with no (or very weak) metallicity gradients, 

nd variations within the galaxy is preferentially described through 
mall-scale trends. Interestingly, the value of φ found for the H II

egion based data is lower than the value reco v ered when H II spaxels
re used – but the size of this effect is not strong enough to be
ignificant. 
MNRAS 529, 104–128 (2024) 
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Figure 14. Best-fitting values, with uncertainty, of the metallicity correlation 
scale φ, the characteristic metallicity Z char , and the metallicity gradient ∇Z 
for NGC 6744 as a function of the spatial resolution of metallicity maps. The 
gre y-shaded re gion in the top panel represents the region where φ is less than 
or equal to the spaxel size. 
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Based on this analysis, we conclude that binning H II spaxels into
 II regions does reduce the uncertainty of the metallicity estimated

t each data point, and does not significantly impact the results of a
eostatistical model fit. As long as the data remains at a resolution
ner than the expected size of small-scale variations within a galaxy,
nd the number of data points remains high ( � 100), we advise
inning H II spaxels into H II regions before fitting a geostatistical
odel. Ho we ver, if this is not possible, there is no cause for concern,

s a model fit using unbinned H II spaxels will likely yield similar
esults. 

A similar conclusion was reached by Vogt et al. ( 2017 ). They
nalysed the 2D abundance distribution of HCG 91c captured by
USE in two ways: (i) spaxel-by spaxel, and (ii) binning the data

nto H II regions using the open-source Python fitting code contained
n BRUTUS . 4 They found that the metallicity gradient extracted was
onsistent when either spaxels or H II regions were used. Addition-
lly, Vogt et al. ( 2017 ) noticed coherent, spatially localized variations
n metallicity on sub-kpc scales when both methods were used,
epresenting an amplitude fluctuation of 0.2 dex when computed from
 spaxel-based analysis, and 0.15 dex when the data was binned into
 II regions. Such fluctuations agree with what we find in our analysis,
ith the spatially correlated variation remaining after spaxels were
inned, albeit with a slightly lower variance. 
This result also shows that the fluctuations that we reveal with a

emi v ariogram analysis are not caused by the varying ionization con-
itions within H II re gions. Rather, the y capture intrinsic variations
n the metallicity of the ISM between H II regions. 

 RESU LTS  F O R  N G C  6 7 4 4  A N D  N G C  7 7 9 3  

n Section 4.2 , we find that, based on the galaxy NGC 5236 and the
S 32 diagnostic, the limiting resolution at which our geostatistical
ipeline can accurately reco v er the statistical properties of small-
cale metallicity fluctuations is ∼350 pc. This value is comparable
o the best-fit value of φ, the scale of these fluctuations. Because of
his, it is unclear as to whether this resolution limit depends on the
ize of the intrinsic fluctuations in NGC 5236, or is constant o v er a
ider galaxy sample. 
We aim to make a qualitative assessment of the robustness of this

esolution limit. For this, we expand our analysis to two other galaxies
NGC 6744, an intermediate spiral galaxy at a distance of 11.6 Mpc,
nd NGC 7793, a flocculent spiral galaxy 3.6 Mpc away. Each of
hese galaxies was binned to increasingly coarser resolutions, using
alues of f = 1, 2, 4, 6, 8, 10, and 12. This corresponds to physical
esolutions ranging from 93 to 1113 pc (0.012 − 0.14 R e ) for NGC
744, and 28 to 346 pc (0.016 − 0.19 R e ) for NGC 7793. For NGC
793, a binning with f = 24 (corresponding to a physical resolution
f 691 pc) was also attempted, but only 31 spaxels satisfied our data
uts at this resolution, preventing a meaningful geostatistical model
rom being fit (c.f. Section 4.1 ). 

At each resolution, a geostatistical model was fit to each galaxy
sing EMCEE . We show the median, 16th and 84th percentiles from
ur posterior distributions of φ, Z char , and ∇Z for NGC 6744 at
ach resolution in Fig. 14 , and for NGC 7793 in Fig. 15 , using
S 32 as our metallicity diagnostic. We also show the predictive
ccuracy of our geostatistical models using ten-fold cross-validation
or NGC 6744 in Fig. 16 and for NGC 7793 in Fig. 17 . We compare
he metallicities predicted for each spaxel via universal kriging to
he measured metallicities of each spaxel, comparing it against the
NRAS 529, 104–128 (2024) 

 https://fpa v ogt.github.io/brutus/

Figure 15. As in 14 , but for NGC 7793. 

https://fpavogt.github.io/brutus/
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Figure 16. Normalized prediction error (median absolute deviation per 
standard deviation) of the predictions for metallicity computed using the 
cross-validation method for NGC 6744 using a simple linear gradient (blue 
line) and a geostatistical model (red line). When the small-scale structure 
can be resolved accurately, predictions from a geostatistical model are more 
accurate. Ho we ver, at resolutions coarser than ∼750 pc ( ∼0.1 R e ), kriging 
predictions are no more accurate than predictions from a linear model with 
no small-scale component. 

Figure 17. Normalized prediction error (median absolute deviation per 
standard deviation) of the predictions for metallicity computed using the 
cross-validation method for NGC 7793 using a simple linear gradient (blue 
line) and a geostatistical model (red line). When the small-scale structure 
can be resolved accurately, predictions from a geostatistical model are more 
accurate. Ho we ver, at resolutions coarser than ∼200 pc ( ∼0.1 R e ), kriging 
predictions are no more accurate than predictions from a linear model with 
no small scale component. 
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redictiv e accurac y a simple linear gradient model fitted via the
eighted least squares (WLS) method. 
For NGC 6744, at native resolution, the most likely value of φ

s 1 . 30 + 0 . 15 
−0 . 12 kpc – much larger than the value of φ found for NGC

236, even when NGC 5236 was binned to a resolution coarser 
han NGC 6744’s resolution. This indicates that correlations between 

etallicities exist on much larger scales in this galaxy than in NGC
236. Here, we see that the correlation scale φ is fairly stable to
ncreasing values of f until a resolution of 742 pc per pixel is
eached, comparable to half the value of φ found at native resolution. 
fter this point, the best-fitting values of φ become significantly 
igher, and the size of their error bars increases dramatically. This
n turn affects the predictive accuracy of this model, which we plot
n Fig. 16 . After the point where the fit to φ stops being accurate,
he geostatistical model becomes markedly worse, yet its predictive 
erformance remains similar to a metallicity gradient model with no 
mall-scale component. 
For NGC 6744, the best-fitting values of the metallicity gradient 
nd characteristic metallicity are stable for all resolutions tested, with 
ll results consistent with each other within 1 σ error bars. 

For NGC 7793, at native resolution, the most likely value of φ is
54 + 24 

−21 pc. Best-fitting values of φ are seen to deviate significantly 
rom this value with large error bars when data with a resolution
f � 170 pc were used. This implies again that the result was
table to increases in resolution until a pixel becomes larger than

1 
2 φ. 
We sho w ho w the predicti v e accurac y of our model is affected by

esolution for NGC 7793 in Fig. 17 . At the two sharpest resolutions
ested, the geostatistical model is able to predict metallicities at 
ocations within the galaxy at a much greater accuracy than is
ossible with a simple linear gradient. At these resolutions, individual 
egions of enhanced star formation are well-resolved, and modelling 
mall-scale deviations in metallicity captures much of the details 
f metallicity variability within this galaxy. At resolutions between 
00 and 200 pc per spaxel, small-scale structure within this galaxy
an still be marginally resolved and identified by our geostatistical 
ipeline, leading to models that, while not as successful at identifying
ocal deviations from a large-scale metallicity trend, still exhibit a 
ignificant impro v ement in predictiv e power compared to a linear gra-
ient model. When this galaxy is observed with resolutions coarser 
han ∼200 pc per spaxel, the size of a pixel becomes comparable
o the typical size of a small-scale metallicity fluctuation, and any
ignificant benefit in predictive power from fitting a geostatistical 
odel is lost. 
Overall, this analysis shows that the resolution requirements for 

 geostatistical analysis to be valuable does indeed depend on the
patial extent ( φ) of the small-scale variations within a galaxy. This
akes coming up with general guidelines for the resolution require- 
ents needed in order to study the internal metallicity distribution 

f galaxies using these geostatistical techniques difficult, especially 
hen the typical size of small-scale fluctuations is not known in

dv ance. Ho we v er, we hav e noticed that the resolution at which
eostatistical models begin to perform poorly often coincides with 
he resolution at which small-scale structure within a galaxy stops 
eing apparent on a visual inspection. 
This leads us to suggest the following ‘Golden Rule’ for when

 geostatistical analysis is appropriate for IFS datacubes: when 
mall-scale deviations from a linear metallicity gradient appear to 
xist on visual inspection , the size (in terms of both φ and σ 2 )
f these small-scale fluctuations can be captured accurately, and 
sed to train predictive geostatistical models which can improve our 
nderstanding of small-scale metal mixing processes within galaxies. 
ur early results indicate that this is often achieved when the size of
 resolution element is � 0.1 R e . Ho we ver, we caution the reader that
his guideline is only based on observations of three large local star-
orming spiral galaxies, and it is not yet known if this relation will
old true for dwarf galaxies, or galaxies with other morphologies. 
t resolutions where small-scale fluctuations appear to exist but are 
ot well-resolved (where φ is comparable to but smaller than the 
ize of a pixel), geostatistical models offer some impro v ement in
redicti ve po wer over a simple linear gradient model. Still, the best
stimates of any parameters of the fit should be taken with some
ealthy scepticism, as poor resolution has been shown to bias φ to
arger values, and lower σ 2 (see Appendix C ). Finally, when the
ata is so coarse that no structure aside from a radial trend can
e seen, there will not be enough data to fit a geostatistical model
hat is more informative than a metallicity gradient would be on its
wn. 
MNRAS 529, 104–128 (2024) 
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 DISCUSSION  

rom the results presented in Sections 4.2 and 5 , we find that a
esolution finer than ∼ 1 

2 φ is required to accurately reco v er the
tatistical properties of small-scale metallicity variations. From
he literature (e.g. Kreckel et al. 2019 , M21, M22), small-scale
uctuations in ISM metallicity are seldom seen on scales larger than
kpc (ho we ver , see W illiams et al. 2022 ) 
For this reason, we do not consider it valuable to use this

eostatistical methodology to analyse data products of ∼1 kpc IFS
urv e ys, such as SAMI (Croom et al. 2012 ), MaNGA (Bundy et al.
015 ), or CALIFA (S ́anchez et al. 2012 ). This is unfortunate, as
hese surv e ys contain a large number of galaxies spanning multiple
rders of magnitude in mass and star formation rate, which would
llow investigations into how the properties of small-scale metallicity
ariations are set by a galaxy’s global properties. However, there
till exists a number of IFS surv e ys containing dozens of galaxies
ith spatial resolutions finer than ∼250 pc. The combined catalogue
MUSING ++ (L ́opez-Cob ́a et al. 2020 ) contains IFS observations
f 635 galaxies observed with spaxel sizes of 0 . ′′ 2 and a typical seeing
f 1 . ′′ 0. Approximately 40 per cent of galaxies in this sample are close
nough to be resolved with a seeing finer than ∼300 pc, making this a
tatistically significant le gac y data set of IFS observations for which
hese geostatistical techniques could be applied. This data set also
ontains galaxies of different morphologies. Analysing such a diverse
opulation of galaxies using a geostatistical pipeline could provide
nsights into how the different drivers of turbulence affect gas mixing
n a galaxy throughout its lifetime. 

Similarly, geostatistical analysis could be applied to very high
esolution cosmological simulations of galaxy formation. Specif-
cally, applications would be ideal for zoom simulations such as
IRE (Wetzel et al. 2023 ) and AURIGA (Grand et al. 2017 ), which
imulate metallicity variations within galaxies on spatial scales as
ne as ∼2 pc. Such simulated data sets could readily be analysed
ith our geostatistical pipeline, in order to test the sub-grid physical
rescriptions adopted in these simulations against observations,
nd thus both validate/falsify current choices and inform future
heoretical models. 

Extending a geostatistical analysis to the population of galaxies at
osmic noon and beyond will be possible with the next generation
f extremely large thirty meter class ground-based telescopes. The
uropean Extremely Large Telescope (E-ELT; Gilmozzi & Spy-

omilio 2007 ) and the Thirty Meter Telescope (TMT; Skidmore,
MT International Science Development Teams & Science Advisory
ommittee 2015 ) both include IFS instruments with resolutions of 4
illiarcseconds (HARMONI and IRIS, respectively) as part of their
rst generation suite of instruments. Under the 
 CDM cosmology of
lanck Collaboration VI ( 2020b ), this angular resolution corresponds

o datacubes with a physical resolution finer than 35 parsec per pixel
t all redshifts . Similarly, the IFS instrument GMTIFS planned for
he Giant Magellan Telescope (GMT; Sharp et al. 2018 ) will have
n angular resolution of 6 milliarcseconds, which corresponds to a
hysical resolution of 52 parsec per pixel or finer at all redshifts.
ased on the resolution analysis presented here, any one of these

nstruments will produce data set suited for geostatistical analysis that
ill characterize the 2D chemical structure of galaxies at high redshift

o a high level of detail. Comparing such galaxies to local ones, it
hould be possible to determine whether the process of metal mixing
s the same in these chaotic starbursting systems as they are in the
niverse today. In turn, this will contribute to understanding whether

he processes that go v ern stellar feedback are constant throughout
osmic time. With existing high redshift metallicity diagnostics (e.g
NRAS 529, 104–128 (2024) 

t  
akajima et al. 2022 ; Laseter et al. 2023 ; Sanders et al. 2023 ), based
n the wav elength co v erage of these instruments, such analysis will
e possible for galaxies up to z ≈ 4. Progressing beyond this redshift
imit is possible if new rest-frame UV metallicity diagnostics for
igh redshift galaxies are developed. 
Overall, our analysis highlighted the applicability and benefits

f a geostatistical analysis. As with any novel diagnostic, the
esults obtained presents interesting aspects for further research.
n particular, at the finest resolutions ( � 50 pc per pixel), the best-
tting geostatistical models generally tended to fit weaker metallicity
radients than was seen for data at coarser resolutions. This behaviour
s not intuitive, as other studies have shown that binning data to
oarser resolutions leads to flatter reco v ered gradients for galaxies
Yuan, K e wley & Rich 2013 ; Mast et al. 2014 ; Acharyya et al.
020 ). Ho we ver, these studies have focused on simulating galaxy
bservations with resolutions far coarser than the range in which this
ffect was seen to be important. 

One interpretation of this effect is that mean metallicity gradients
f galaxies are an emergent property that comes about from averaging
 v er small-scale fluctuations. This would imply that the global
etallicity properties of galaxies are set by their small-scale gas

hysics; ho we ver, Baker et al. ( 2023 ) argue that kpc-scale features
lone cannot be responsible for completely determining a galaxy’s
etallicity. Another interpretation is that the metallicity gradient of a

alaxy is not an intrinsic property of the galaxy itself, and that higher
esolution data reveals significant departures from a linear trend that
equire a different model to produce a good fit. 

We find that a flexible geostatistical model accounting for small-
cale metallicity fluctuations within the data produces very good
redictions for the metallicity of unknown regions within a galaxy,
specially with high resolution data. Obtaining accurate metallicity
redictions at specific points of a galaxy is important not only for
tudies of galaxy evolution and ISM physics, but also for cosmology.
ccurate estimates of the metallicity at the site of many standard

andles is required in order to calibrate their period–luminosity
elations (e.g. Ripepi et al. 2020 ; Bhardwaj et al. 2023 ). Therefore,
he predictiv e accurac y of metallicity models is directly linked to the
recision of local Universe measurements of the Hubble constant
Riess et al. 2022 ). 

The circularly symmetric metallicity gradient model has been
hown to be a good descriptor of the internal metallicity structure
f local disc galaxies on the kpc-scale (e.g. S ́anchez et al. 2014 ;
resolin & Kennicutt 2015 ). For these galaxies, such a model is
ell-moti v ated by theories of inside-out galaxy e volution. Ho we ver,

ts applicability to merging systems, dwarf galaxies, and galaxies
hat display large asymmetries in their surface brightness profile
s less well moti v ated. At high-redshift, galaxies are known to be

ore clumpy and irregular than local galaxies (Conselice 2014 ),
uggesting that models with more flexibility than a linear gradient
odel may be important for understanding the baryon cycle at

osmic noon and earlier epochs. Understanding the data quality
nd resolution required to make a meaningful fit to a galaxy’s
etallicity map using a geostatistical model is an important first step

o determining whether these models will be useful tools to analyse
ata from future IFS surv e ys of irre gular systems and galaxies at
igh redshift. 
In this work, the physical resolution of the data was defined to be

he angular size of spaxels in psuedo-IFS data, times the distance to
he galaxy. Distances to galaxies in the local universe can be highly
ncertain. F or e xample, we follow Leroy et al. ( 2019 ) in quoting the
istance to NGC 6744 as 11.6 Mpc, but other references have found
he distance to this galaxy to be as close as 7.6 ± 1.7 Mpc (Sorce
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t al. 2014 ). Such large discrepancies in the distances to these galaxies 
ake the values of φ much more uncertain than the values that we

eport – for example, adopting the distance from Sorce et al. ( 2014 )
ould decrease the value of φ measured for NGC 6744 from 1.3 kpc

o 852 pc. Ho we v er, all results we hav e found on the relationship
etween the size of small-scale fluctuations and the resolution of the 
ata would remain valid, as these two quantities scale with distance 
n a perfectly correlated way. 

An alternative definition of the spatial resolution of an IFS dat- 
cube is based on the FWHM of the PSF for that data. For TYPHOON
ata, the PSF is several times smaller than the angular size of a spaxel.
ecause it is negligible at native resolution, we do not simulate the
ffects of having a large PSF that extends over many pixels at any
oarser resolutions, for consistency. When the PSF is much larger 
han the size of a spaxel in an IFS observation, metallicity gradients
ppear flatter (Acharyya et al. 2020 ), and small-scale features may 
e blurred or lost. Techniques such as forward modelling can be 
sed to model the effects of poor seeing on large-scale galaxy 
roperties and correct for them (Metha et al. in preparation), and help
istinguish between physical small-scale features and small-scale 
eatures caused by a known PSF profile. Additionally, correlations 
xpected between nearby spaxels caused by instrumental effects 
ould be directly incorporated into a geostatistical model by changing 
he form of ε( � x ) to capture this correlated structure. 

Another important effect that was not directly controlled for in the 
eries of resolution experiments presented in this work is the effect of
ltering the S/N of the data. Metallicity maps with coarser resolution 
ill have a greater S/N than those at finer resolution due to binning.
resumably, this would affect the performance of a model-fitting 
rocedure. We note that for all resolutions tested, the same cut of
/N > 3 on all lines used for metallicity diagnostics was enforced,
nsuring that even at our finest resolution, no poor quality emission
ine fits are used to determine metallicities. We further note that 
eostatistical methods are suitable for distinguishing uncorrelated 
ources of noise, such as Poisson noise in a detector, from correlated
ignals of small-scale metallicity fluctuations. Thus, a geostatistical 
ata analysis may be less impacted by having low S/N data than
ome other traditional statistical analysis techniques would be (see 

21 for further details). 
Finally, the inclination of a galaxy, i , is expected to make

dentification and classification of galaxy small-scale features more 
if ficult, by ef fecti vely decreasing the resolution along one axis
f a galaxy’s plane. Understanding how the geostatistical models 
resented in this work are affected by inclination is important to 
etermine which systems these techniques are best applied to, and 
or choosing targets for future high-resolution IFS surv e ys. Because 
 galaxy can only be seen from one inclination angle, and small-scale
roperties of the ISM are not uniform between galaxies, mock-IFS 

bservations of simulated galaxies are required to investigate this 
ffect. We leave investigations on this subject for future work. 

 SU M M A RY  A N D  C O N C L U S I O N S  

n this series of papers, we introduce a no v el framework for inter-
retation and modelling of astronomical datacubes based on spatial 
tatistics techniques. In M21, geostatistics was introduced as a useful 
ool for extracting additional data from high-resolution metallicity 

aps, allo wing local de viations from large-scale metallicity profiles 
o be detected, classified, and compared to theoretical models of 
etal mixing in a galaxy’s ISM. In M22, we extended on this

heme, sho wing ho w geostatistical models can be used to make
ccurate predictive maps of the metallicity structure of a galaxy 
n 2-dimensions, including within regions where DIG contamination 
revents the metallicity from being directly measurable. Here, we 
nvestigate how the capability of geostatistical methods to observe, 
odel, and predict small-scale features in the metallicity maps of 

alaxies are affected by data quality, to increase the sample size
f (real and simulated) galaxies o v er which these methods can be
pplied, and aid the design of future surv e ys that seek to provide
etailed descriptions of the ISM of a wide variety of galaxies. In
articular, we focus on how the best-fitting physical parameters 
nd predicti ve po wer of a geostatistical model are affected by
he resolution and completeness of an IFS-like observation. We 
ummarize our main results below: 

(i) We found that ∼100 data points with known metallicity are 
equired to train a geostatistical model of metallicity variations 
ithin a galaxy’s ISM. Below this value, noise due to small-number

tatistics makes computing a semi v ariogram very difficult, making 
t difficult to infer the presence of small-scale features. Furthermore, 
redictions from a geostatistical model perform no better than a 
inear gradient model. Increasing the number of data points available 
or a geostatistical analysis abo v e this value increases the accuracy
f kriging predictions, and decreases the uncertainty on the model’s 
arameters. 
(ii) The resolution required to fit a geostatistical model that accu- 

ately captures small-scale features in the metallicity distributions of 
alaxies was found to depend on the size of those features. These
eatures are typically of the order of 200–300 pc across, but vary from
 alaxy to g alaxy. As a general rule, we find that the geostatistical data
ipeline presented in this work is able to capture any small-scale
eatures that are apparent on visual inspection; and from the galaxies
xplored in this work, we find that this tends to be achieved when
he resolution is better than ∼0.1 R e . 

(iii) For coarsely resolved data, the best-fitting value of φ, the 
ypical spatial extent of metallicity fluctuations, was found to depend 
n the resolution of the data. Therefore, best-fitting values of φ should
e trusted if and only if the size of a pixel is less than φ/2. In these
ases, predictions from a geostatistical model vastly outperformed a 
etallicity gradient model. 
(iv) Even when the resolution of the data was not sufficient to

ccurately constrain φ to its true value, kriging predictions were 
till found to be much more accurate than predictions from a linear
radient alone for data sets with � 100 data points, and pixel sizes
φ where small-scale structure is marginally resolvable by eye. 
hen fewer data points are available, or the resolution is coarser,

redictions from kriging offered only a mild impro v ement o v er
redictions from a linear metallicity gradient. 
(v) A tradeoff exists between using integrated H II regions and 

ndividual H II -dominated spaxels for a spatially resolved metallicity 
nalysis. Inte grating spax els into H II re gions decreases the number
f data points available and the resolution of the data, but also reduces
he uncertainty of the metallicity of each data point. Ultimately, we
ound that both methods yielded consistent results. Therefore, we 
ecommend binning data points into H II regions before a spatial
nalysis only when the average sizes of H II regions stays below
φ/2, and the number of data points stays abo v e ∼100. 

Based on these results, there already exists a large legacy data set
f local universe galaxy observations that have sufficient resolution 
nd a sufficient number of data points for geostatistical models 
o be applied (L ́opez-Cob ́a et al. 2020 ). Key questions to answer
nclude understanding how the metal mixing scale of galaxies varies 
ith their size, morphology, star formation rate, and environment, 

o illuminate the interplay between small-scale g as ph ysics and
MNRAS 529, 104–128 (2024) 
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alaxy evolution. Comparisons to zoom-in galaxy simulations will
llow detailed models of ISM mixing to be directly compared to
bservational data. Future observations with high-resolution IFS
nstruments, such as the first generation IFS instruments planned
or E-ELT, GMT, and TMT, will allow geostatistical methods to be
pplied to galaxies at redshifts up to z ∼ 4, re vealing ho w turbulent
ixing processes within galaxies have changed over cosmic time. 

C K N OW L E D G E M E N T S  

e w ould lik e to thank the anonymous referee, whose comments
elped to impro v e the quality of this paper. BM acknowledges
upport from an Australian Go v ernment Research Training Pro-
ram (RTP) Scholarship. This research is supported in part by
he Australian Research Council Centre of Excellence for All Sky
strophysics in 3 Dimensions (ASTRO 3D), through project number
E170100013. BM w ould lik e to thank Prof. Tommaso Treu for his
entorship and advice on using MCMC methods and for hosting a
onderful extended research visit at UCLA. The authors extend

heir thanks to Alejandra Lugo-Aranda for the advice on using
YHIIEXTRACTOR , and to Dr Kathryn Grasha for the advice on
sing HIIPHOT and other helpful conversations. This research was
onducted on Wurundjeri land. 

ATA  AVA ILA BILITY  

he TYPHOON data will be publicly released in Seibert et al. (in
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Figure A1. Medians, 16th, and 84th percentiles of the posterior distributions 
of the parameters of the geostatistical model reco v ered for NGC 5236, when 
N 2 S 2 H α is chosen to be the metallicity diagnostic. At the finest resolutions, 
a model with a metallicity gradient close to zero is preferred. A value of φ
≈ 200 pc is preferred when this diagnostic is used; and this value can be 
accurately reco v ered until the pix el size becomes comparable to this value. 
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PPEN D IX  A :  ANALYSIS  WITH  A LT E R NAT I V E  

ETA LLICITY  DIAG NOSTICS  

stimating metallicities from strong emission line diagnostics has 
l w ays been fraught with systematics. Different metallicity diag- 
ostics can give metallicity estimates that differ by as much as 0.7
ex (K e wley & Ellison 2008 ). Furthermore, metallicity gradients 
easured in galaxies using different metallicity diagnostics can be 

ifferent as well (Poetrodjojo et al. 2021 ). 
For this reason, care must be taken to ensure that the findings of this

tudy are not dependent on the specific metallicity diagnostic used. 
o ensure our results are robust, we test three additional metallicity
iagnostics, using three different emission line ratios, calibrated in a 
ariety of ways. The first of these is the N 2 S 2 H α diagnostic, together
ith the theoretical calibration of Dopita et al. ( 2016 ) devised using

he plasma modelling code MAPPINGS 5.0 (Sutherland et al. 2018 ).
his diagnostic uses three emission lines: [N II ] λ6583, H α, and

he doublet [S II ] λλ6717,6731. This diagnostic has been shown to
e largely insensitive to both dust extinction and variations in the
onization parameter. 

Secondly, we consider the S-calibration (Scal hereafter) of Pi- 
yugin & Grebel ( 2016 ). This empirical calibration was based on
13 reference H II regions with metallicities determined using the 
irect T e -based method, and uses the emission lines H β, [N II ] λ6583,
O III ] λ5007, and the doublet [S II ] λλ6717,6731. 

Finally, we examine how the results change when the O 3 N 2 

alibration of Curti et al. ( 2020 ) is used. This diagnostic was
alibrated using exactly the same methods as our fiducial diagnostic, 
S 32 . Ho we ver, unlike the other diagnostics discussed in this work,
 3 N 2 has no dependence on sulphur, instead depending only on H α,
 β, [O III ] λ5007, and [N II ] λ6853. Thus, it provides an independent

est against effects that could artificially raise or lower the relative
trength of sulphur lines, such as DIG contamination (Haffner et al.
009 ). 
We show how the fitted values of φ, Z char , and ∇Z vary with

esolution for NGC 5236 when the N 2 S 2 H α diagnostic is used in
ig. A1 . When this diagnostic is used, metallicity fluctuations are
ound to be correlated on a slightly smaller scale than was found
hen RS 32 was used, with φ = 204 ± 12 pc at native resolution.
 consistent value is found when f = 2, but for coarser resolutions
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M

Figure A2. As in Fig. 10 , but using N 2 S 2 H α as a metallicity diagnostic. We 
see that a geostatistical model fit still outperforms a linear gradient method 
at all resolutions tested. 
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Figure A3. Medians, 16th, and 84th percentiles of the posterior distributions 
of the parameters of the geostatistical model reco v ered for NGC 5236, when 
Scal is chosen to be the metallicity diagnostic. Values of φ reco v ered become 
unreliable when the pixel size approaches the size of the intrinsic fluctuations. 
At the finest resolution, the best-fitting value of ∇Z is close to zero, consistent 
with our other results. 

Figure A4. As in Fig. 10 , but using Scal as a metallicity diagnostic. 
Predictions from the geostatistical model al w ays outperform those computed 
from the linear gradient model. The impro v ement is most significant at 
resolutions finer than ∼200 pc, comparable to the value of φ measured for 
this galaxy using this diagnostic. 
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ith f = 4 and f = 6, this value increases slightly, to ∼250 pc.
t resolutions coarser than this, the reco v ered values of φ become

ncreasingly high, as the size of a pixel becomes larger that the size
f these small-scale fluctuations. We note a trend for the size of
he fluctuations reco v ered to match the size of a pix el for four of
he models fitted. This makes sense – our binning process remo v es
ll signal of correlation below the size of a single pixel, but some
mall-scale correlations are still observable in the data, so the model
ssumes that the scale of the correlation and the scale of a single
ixel are the same. 
It is unclear to us why the reco v ered size of metallicity fluctuations

re different when this diagnostic is used, as compared to RS 32 . None
he less, from this sequence of model fits, we see that to accurately
eco v er the value of φ, the size of a pixel must be smaller than ∼φ/2
the same result that is seen for the two other galaxies discussed in
ection 5 . 
We also notice the same effect seen in Section 4.1 , where the

eco v ered value of ∇Z is close to zero at our two finest resolutions.
t coarser resolutions than this, the value of ∇Z reco v ered is similar

o, yet slightly steeper than, the metallicity gradient observed when
ur fiducial RS 32 metallicity diagnostic is used. Disparities in the
etallicity gradient reco v ered when different metallicity diagnostics

re used have been seen before for this galaxy (e.g Poetrodjojo
t al. 2019 ), and the size of the difference in our study ( ∼0.005
ex kpc −1 ) is consistent with such expectations of variability across
iagnostic tools. 
In Fig. A2 , we show the comparative predictive accuracy of our

eostatistical model against a model that only contains a metallicity
radient at all resolutions tested. We see that our main results found
hen RS 32 was chosen to be our metallicity diagnostic also hold for
 2 S 2 H α: namely, (i) the geostatistical model outperforms a standard
etallicity gradient model at all resolutions; (ii) the impro v ement in

he fit is best seen for high-resolution data; and (iii) even when the
eco v ered value of ∇Z is close to zero for finely resolved data, the
redictions of the geostatistical model are still very accurate. 
Our results when the Scal diagnostic is used are very similar to the

esults found when N 2 S 2 H α is used. This is to be expected, as these
wo metallicity diagnostics have been found to be highly correlated
Gro v es et al. 2023 ). We show how the fitted values change as we
hange the resolution of our data in Fig. A3 . At native resolution, φ =
22 + 18 

−14 pc, consistent with the value found when N 2 S 2 H α is used.
onsistent values of φ are observed until the size of a pixel becomes

arger than 200 pc. After this point, φ is consistently estimated to
e equal to the size of one pixel, until f = 24 where no small-
NRAS 529, 104–128 (2024) 
cale structure can be found, and the best-fitting value of φ is only
eco v ered with v ery large uncertainties. As is found for the other two
iagnostics tested, at the finest resolution, the geostatistical model
refers to fit a metallicity gradient that is close to zero. 
We plot the predictive accuracy of a geostatistical model for

GC 5236 when this diagnostic is used compared to a metallicity-
radient only model in Fig. A4 . We see the following results: (i)
he geostatistical model al w ays outperforms a linear fit; (ii) when
he resolution is so coarse that φ cannot be accurately reco v ered,
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Figure A5. Medians, 16th, and 84th percentiles of the posterior distributions 
of the parameters of the geostatistical model reco v ered for NGC 5236, when 
O 3 N 2 is chosen to be the metallicity diagnostic. When f = 6, small-scale 
structures stop becoming apparent in the data, as evidenced by the large value 
of φ. Around this point, the best-fitting value of ∇Z decreases and Z char 

increases. For smaller and larger resolutions, the trend of φ increasing with 
resolution is similar to what is seen in other diagnostics. 
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Figure A6. As in Fig. 10 , but using O 3 N 2 as a metallicity diagnostic. We 
find that when f = 6, a metallicity gradient alone provides an extremely good 
predictive model for the data. Even so, at all resolutions including when f = 

6, the linear gradient model is outperformed by a geostatistical model. 
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he impro v ement o v er a linear gradient fit does not impro v e as the
esolution of the data impro v es; (iii) when the data is of a fine enough
esolution for φ to be reco v ered accurately, the predictive accuracy of
he model continues to increase as the resolution is made finer, all the
ay down to native resolution; and (iv) having a reco v ered gradient

lose to zero at the finest resolution does not affect the predictive
erformance of this model. 
Finally, we show the results when the O 3 N 2 diagnostic is used.

n Fig. A5 , we plot the median, 16th, and 84th percentiles in the
osteriors of each parameter computed from a Monte Carlo fit as a
unction of the resolution of the data input. We find that at native
esolution, φ = 224 + 16 

−15 pc, and ∇Z is flatter than is found at coarser
esolutions, consistent with the other two diagnostics discussed in this 
ppendix. Results are similar when f = 2. Ho we ver, an anomalous

esult is seen when f = 6, and possibly at the two resolutions closest
o this resolution. For this particular bin factor, using this diagnostic, 
he best-fitting value of φ becomes very large, with large error bars:
= 1 . 63 + 1 . 20 

−0 . 51 kpc. This is larger than the value seen at any other
esolution, including when f = 24. Non-monotonic trends are also 
een in the reco v ered values of ∇Z and Z char versus resolution when
his diagnostic is used: at f = 6, the value of ∇Z reaches a minimum,
nd the (ne gativ ely correlated; ρ = −0.57) value of Z char reaches a
aximum. This indicates that for this particular resolution, with this 

articular diagnostic, the variance in the data can be preferentially 
escribed by a strong ne gativ e metallicity gradient, with no evidence
or sub-kpc structures. 

Further evidence for this interpretation is seen in Fig. A6 . When
 = 6, the median absolute difference between predicted metallicities 
rom a linear gradient model and observed metallicities drops to 
.4 σ – significantly smaller than the WLS model error seen when 
ny other diagnostic is used to analyse NGC 5236 at any resolution,
nd half of the value of MAD/ σ that is expected from Gaussian error.
his indicates that for this combination of resolution and metallicity 
iagnostic, a linear gradient model does an excellent job of describing 
he metallicity variations within the data. Interestingly, the best-fitting 

etallicity gradient found using a WLS method does not change 
ignificantly between f = 1 and f = 10 ( −0.012 ≤ ∇Z ≤ 0.09 dex
pc −1 ), indicating that this impro v ement in the performance of the
odel at this resolution is not caused by a more accurate reco v ery of

he parameters, but by some difference in the properties of the data
hen this particular binning is used. 
Even at f = 6, when the data is very well-described by a simple

inear trend, we find that our geostatistical model still outperforms 
he linear fit, with a lower MAD/ σ than is found even for the native
esolution O 3 N 2 metallicity map. We do not see any similar behaviour
f the O 3 N 2 diagnostic producing highly linear metallicity maps at
articular resolutions for the other two galaxies investigated in this 
ork. Because of this, we do not speculate as to what aspects of the
 3 N 2 diagnostic may be responsible for this unusual behaviour. 
Clearly, there is much work left to be done in understanding

ow strong emission line based metallicity diagnostics calibrated 
n stacked, integrated galaxy spectra may be applied to sub-kpc 
egions of the ISM. Extending on the conclusions of K e wley &
llison ( 2008 ), we caution the reader that relying on individual strong
mission line diagnostics may lead to erroneous conclusions about 
he metallicity structure of a galaxy. Following Kewley, Nicholls & 

utherland ( 2019 ), we recommend using a combination of multiple
three or more) strong emission line diagnostics using different 
ine ratios to achieve a robust understanding of a galaxy’s internal
etallicity distribution. 

PPENDI X  B:  A  PRIMER  O N  

EOSTATI STI CAL  M E T H O D S  

o capture details on the small-scale structure of the metallicity data
round a large-scale metallicity trend, this work resorts to tools and
echniques from geostatistics , the field of mathematics and statistics 
hat concerns itself with analysing stochastic processes that occur 
 v er a continuous spatial domain. This field is vast, having evolved
 v er sev eral decades since the seminal works of Matheron ( 1954 ),
MNRAS 529, 104–128 (2024) 
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nd we do not attempt to co v er a comprehensiv e re vie w here. 5 Rather,
e introduce two important concepts that have been discussed
 xtensiv ely in the previous papers in this series: the semivariogram ,
 tool for exploratory data analysis and separating correlated signals
rom uncorrelated noise, introduced for astronomical applications in

21; and universal kriging , an interpolation method that takes as
nput a set of data points and a geostatistical model, and provides as
utput predictions of the value of a random field at a set of specified
ocations (discussed e xtensiv ely in M22). Furthermore, we pro vide
 comparison between the semi v ariogram, the two-point correlation
unction and the power spectrum – two popular tools in the analysis of
patial structure in astronomical data sets (e.g. Planck Collaboration
t al. 2020a ; Li et al. 2021 ). 

1 The semi v ariogram and related methods 

o capture details on the small-scale structure of the metallicity data
round the metallicity trend, we use the semivariogram , a classic
ool for exploratory data analysis from the geostatistical literature
Matheron 1963 ). The semi v ariogram is defined as 

( h ) = 

1 

2 
Var ( Z( � x ) − Z( � y ) ) , (B1) 

here the variance is computed o v er all pairs of points � x and � y for
hich h − δh / 2 ≤ | � x − � y | ≤ h + δh / 2. Here, δh is the size of bins
sed to compute the semi v ariogram, which should be chosen to be
arge enough so that enough pairs are present at each separation of
nterest that a variance can be reliably computed, but as small as
ossible to retain high spatial resolution (e.g. Journel & Huijbregts
978 ; Cressie 1993 ). 
Intuiti vely, the semi v ariogram sho ws ho w the v ariance between

ata points increases as the separation between them increases. Three
nformative parameters can be read from a semi v ariogram: the range ,
hich is the separation between data points at which the variance

eases to increase, indicative of the sizes of the largest substructures
ithin the data; the sill , which is the height of the semi v ariogram

fter it has flattened of f, re vealing the total variance in the data;
nd the nug g et , which is the height of the semi v ariogram at zero
eparation, equi v alent to the amount of uncorrelated noise in the
ata. By comparing the height of the sill to the nugget, we can
uantify the amount of correlated versus uncorrelated variance in the
ata, allowing the amplitude, in dex, of metallicity fluctuations to be
nferred while ignoring the effects of uncorrelated instrumental and
alibration errors – see M21 for further discussion and an illustration.

The semi v ariogram is closely related to the two-point correlation
unction, ξ ( h ), defined to be the Pearson correlation coefficient
or the value of Z at two points separated by a distance of h .
nder the assumptions that the random field under investigation

s stationary and isotropic, the two diagnostic functions are related
y the following equation: 

( h ) = σ 2 ( 1 − ξ ( h ) ) , (B2) 

here σ 2 is the o v erall variance of Z throughout the field. Unlike
he two-point correlation function, the semi v ariogram is not normal-
zed; therefore, the semi v ariogram is sensiti ve to the amplitude of

etallicity fluctuations, whereas the two-point correlation function
NRAS 529, 104–128 (2024) 

s not. 

 For those interested in geostatistics who want to read further, we recommend 
ikle, Zammit-Mangion & Cressie ( 2019 ) as an introductory text, or Cressie 

 1993 ) for a comprehensive reference. 

g  

e  

n  

a  

b  
Another related metric often used in astronomy (and particularly
osmology) for determining the covariance structure of a random
eld is the power spectrum, which is calculated by taking the
ourier transform of a random field and then determining the square
f the magnitude of each frequency component. By the Wiener–
hinchin theorem, for particularly well-behaved random fields, this

unction captures the same details that the semi v ariogram captures,
ut with units of spatial frequency rather than separation. Ho we ver,
he formal requirements on the data quality to use Fourier methods
o reveal the covariance structure of the random field in this way
re prohibitively strict: the random field must have no edges and
o missing data, with periodic signals, and homoscedastic (constant
ariance) Gaussian error throughout (Feigelson & Babu 2012 ). For
nalysis of the cosmic microwave background where these methods
nd their natural home, these requirements are readily satisfied.
o we ver, metallicity maps of galaxies are al w ays finite fields; are
eteroscedastic (not homoscedastic) due to galaxies being brighter
and therefore having higher S/N) in their central regions; and
ave large portions of missing data due to DIG contamination. We
herefore recommend the semi v ariogram as a more natural approach
or determining the covariance structure of galaxy properties such as
etallicity. 

2 Uni v ersal kriging 

ne reason why geostatistical models are so powerful is that they
re predictive. After a geostatistical model has been fit to noisy
ata, it can be used to predict what the true values of the variable
n question are if the noise was not present. It can also be used to
redict the values of variables at points where no measurement exists,
r where measurements are unreliable. This can be valuable in the
eld of spatially resolved metallicity analysis, where the metallicity
ound for many data points cannot be trusted due to low S/N or
ontamination from diffuse ionized gas (M22). 

Kriging refers to a general family of inference techniques that
rovide unbiased, linear predictions for spatial data sets (Stein 1999 )
hat are optimal in the sense that they minimize the mean square
rediction error. Many classes of kriging exist, including ordinary
riging (in which the data has a constant mean), simple kriging (in
hich the mean values of the data are not constant but follow a known

rend), robust kriging (designed to be insensitive to outliers) and
ven Bayesian kriging (which provides predictions for data points
y marginalizing o v er a posterior of possible model parameters).
ore details on all of these methods can be found in Cressie ( 1993 ).

or our application, we use universal kriging , in which the mean
alues of the data at each location are known to vary in space, but
he best parameters to describe this trend are not known a priori, and

ust be learned from the data. 
The mathematics that po wers uni versal kriging is not complicated,

ut several definitions are required to properly setup the mathematical
ramework that is needed to completely define this process. We
herefore refer the reader to M22 for the necessary equations, and
nstead provide some intuition on how this kriging method works
elow. 
In universal kriging, the value at an unknown location is inferred

rom (i) the best-fitting value of the large-scale trend, and (ii) the
uncertain) values measured at all other data points. Based on the
eostatistical model fit, the value of the unknown data point is
xpected to be strongly correlated with the values of data points
earby it, and weakly correlated with data points that are further
way. In the model that we fit in this study, two data points separated
y a distance of φ are expected to be positively correlated, with
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Figure C1. Blue points show the ratio of the height of the semi v ariograms 
pictured in Fig. 7 compared to the native resolution map with f = 1. Black 
crosses show the analytical expected reduction in variance when data is 
spatially correlated with a correlation scale length of φ = 330pc, following an 
e xponential co variance structure. The orange line shows the naive reduction 
in variance expected when spatial correlations are not accounted for. 
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 correlation coefficient of ρ = 0.37 (equation 4 ). This reflects the
rinciple that things in nature that are close to each other tend to have
imilar properties (Tobler’s First Law of Geography; Tobler 1970 ). 

Unlike other prediction methods, in addition to producing a 
redicted value at each location, kriging methods also provide 
ncertainties associated with each prediction. The uncertainty in the 
niversal kriging prediction is the sum of three components: (i) σ 2 , 
he variance of the data, as fit by the geostatistical model (equation 4 );
ii) a term that represents the reduction in variance from the fact that
he data point is known to be correlated to other nearby data points;
nd (iii) an additional factor that captures how the uncertainty of the
arameters describing the global model increase the uncertainty of 
ur estimate of the data value. 
In the limiting case where the location at which a prediction is

esired is very close to a measured data point, the value of the
rediction becomes the measured value of that data point, and its
ncertainty on the kriging prediction becomes the uncertainty on the 
easured value of that data point. In the other limiting case, when the

rediction is made far from any known data, the predicted value of the
ata becomes the prediction provided by the large-scale model, and 
ts uncertainty is equal to the uncertainty of the model, plus a factor
hat represents the degree to which data points are seen to be scattered
round this mean trend. Between these two limiting cases, predictions 
ome from some combination of local, uncertain measurements, 
nd large-scale trends, with the geostatistical model of best-fitting 
ontrolling to what degree each of these factors contribute to each 
rediction. 

PPEN D IX  C :  VA R I A N C E  VERSUS  PIXEL  SIZE  

n Section 4.2 , the total variance between H II spaxels was shown
o depend on the resolution of the data, with lower resolution maps
howing less intrinsic variance. Qualitatively, this result is expected. 
ower resolution maps contain larger pixels, resulting in reported 
etallicities being averaged over a larger number of H II regions in

ach pixel. This causes all metallicities reported to be closer to the
ean metallicity of the galaxy, reducing the variance of metallicity 
ithin the galaxy. 
Quantitati vely, ho we ver, this result is not so simple. How can we

xplain the ratios of the variance between the native resolution map 
nd the maps with binning factor f ? Furthermore, if we had a finer
esolution IFU observation of this galaxy, how much would we expect 
he variance in metallicity to increase? To answer these questions, we 

ust consider the correlation structure of the underlying metallicity 
andom field, Z( � x ), and the size of the pixels used to observe the
andom field (known in the geostatistical literature as the support of
he data). 

To understand how the visible features of a random field change 
s the support is changed, we follow Gelfand ( 2010 ). For each map
ith binning factor f , the true value of the metallicity at a point, Z( � x ),

s not observed. Instead, only the average metallicity over an area A f 

an be seen: 

 f ( � x 0 ) = 

1 

| A f | 
∫ 

A f 0 

Z( � s )d � s . (C1) 

Here, A f 0 is an areal patch centred on � x 0 , with area | A f | . For our
urposes, we model each area A f 0 as a square patch of sky centred
n � x 0 with side length equal to f × 39 pc, recalling that 39 pc is the
ative resolution of our observations of NGC 5236. 
The covariance of Z f ( � x ) can be calculated from the covariance

f Z( � x ). We assume that the covariance between the metallicity at
wo points depends only on their separation: that is, that there exists
 function C( � x − � y ) such that Cov( Z ( � x ) , Z ( � y )) = C( � x − � y ) for all
oints � x , � y in the galaxy. In this case, the covariance between two
bservations av eraged o v er areas A f 1 and A f 2 centred on two point

�  1 , � x 2 is given by 

ov ( Z f ( � x 1 ) , Z f ( � x 2 )) = 

1 

| A f | 2 
∫ 

A f 1 

∫ 

A f 2 

C( � s 1 − � s 2 )d � s 2 d � s 1 . (C2) 

If the metallicity of ev ery spax el was independent, we would
xpect the ratio of the variance in metallicity between the native
esolution metallicity map and each map with degraded resolution 
o decrease as 1/ N , where N = f 2 is the number of native resolution
paxels contained within each degraded resolution spaxel. Ho we ver, 
uch a model predicts a much steeper decline in variance as the
inning factor f increases than is seen in our data. Furthermore, as
he resolution of the data is increased, under this model, we would
xpect the observed variance continue to increase indefinitely. This 
ould be worrisome, as it would imply that the variance in metallicity

een within a galaxy at any finite resolution could never reflect the
rue intrinsic metallicity variability within a galaxy. 

Instead, if we assume that the correlation between nearby values 
s approximately exponential, we get the following relation: C( � x + 

�  ) ≈ 1 
σ 2 C( � x ) C( � y ). Using this, we can relate the covariance of the

veraged metallicities within each spaxel to the covariance of the 
ntrinsic metallicity distribution by changing the variable � s 2 to � s ′ = 

  2 − � x 2 + � x 1 : 

ov ( Z f ( � x 1 ) , Z f ( � x 2 )) = 

1 

| A f | 2 
∫ 

A f 1 

∫ 

A f 2 

C( � s 1 − � s 2 )d � s 2 d � s 1 

= 

1 

| A f | 2 
∫ 

A f 1 

∫ 

A f 1 

C( � s 1 − � x 2 + � x 1 − � s ′ )d � s ′ d � s 1 

= C( � x 1 − � x 2 ) 
1 

| A f | 2 σ 2 

∫ 

A f 1 

∫ 

A f 1 

C( � s 1 − � s ′ )d � s ′ d � s 1 . (C3) 

This shows that the covariance between the spatially averaged 
uantities Z f ( � x 1 ) and Z f ( � x 2 ) is, to first order, the same as the
ovariance between the intrinsic quantities Z( � x 1 ) and Z( � x 2 ), up to
 factor of K : = 

1 
| A f | 2 σ 2 

∫ 
A f 1 

∫ 
A f 1 

C ( � s 1 − � s ′ )d � s ′ d � s 1 . This means that

or a given model of the spatial correlation between data points, we
an calculate this reduction in variance, K , as a function of pixel sizes.
MNRAS 529, 104–128 (2024) 
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We show the results of this calculation in Fig. C1 for NGC 5236
ith our fiducial metallicity diagnostic, assuming an exponential

ovariance function with a correlation scale length of φ = 330 pc
the best-fitting value calculated from the native resolution data;
ection 4.2 ). We see that the reduction in variance as f is increased
een in the semi v ariograms displayed in Fig. 7 is consistent with the
nalytical predictions of this model. We also see that the reduction
n variance is far less than would be assumed in a model in which no
patial correlations are accounted for. 

Under this framework, we can also determine how much variance
s lost when our native resolution map is used. If our resolution
NRAS 529, 104–128 (2024) 
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as increased to 1 pc (for example, due to follow-up observations
rom ELT class instruments), our variance would only increase by
 factor of 1.06, far smaller than the 39-fold increase that would
e naiv ely e xpected if spatial correlations were not accounted for.
ecause of this, we can be justified in saying that the variances we

eport for the small-scale metallicity structure in this galaxy have
hysical meaning, and are not merely functions of the resolution at
hich the galaxy is viewed. 
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