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A B S T R A C T 

The metallicity of diffuse ionized gas (DIG) cannot be determined using strong emission line diagnostics, which are calibrated 

to calculate the metallicity of H II regions. Because of this, resolved metallicity maps from integral field spectroscopy (IFS) data 
remain largely incomplete. In this paper (the second of a series), we introduce the geostatistical technique of universal kriging, 
which allows the complete 2D metallicity distribution of a galaxy to be reconstructed from metallicities measured at H II regions, 
accounting for spatial correlations between nearby data points. We apply this method to construct high-fidelity metallicity 

maps of the local spiral galaxy NGC 5236 using data from the TYPHOON/PrISM surv e y. We find significant correlation in 

the metallicity of H II regions separated by up to 0.4–1.2 kpc. Predictions constructed using this method were tested using 

cross-validation in H II regions, and we show that they outperform significantly interpolation based on metallicity gradients. 
Furthermore, we apply kriging to predict the metallicities in regions dominated by DIG emission, considering seven additional 
spiral galaxies with high resolution ( � 100 pc) metallicity maps. We compare kriging maps to DIG metallicities computed with 

no v el ionization corrections, and find that such corrections introduce a systematic offset of up to ±0.1 dex for any individual 
galaxy, with a scatter of 0.02–0.07 dex for the sample. Overall we recommend universal kriging, together with a calibrated 

geostatistical model, as the superior method for inferring the metallicities of DIG-dominated regions in local spiral galaxies, 
demonstrating further the potential of applying geostatistical methods to spatially resolved galaxy observations. 
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 I N T RO D U C T I O N  

ecent advances in integral field spectroscopy (IFS) have produced 
atacubes containing an unprecedented amount of information about 
earby galaxies, revealing how stellar masses, ages, metallicities, and 
uminosities, gas metallicities and kinematics, and dust extinction 
ary spatially. These maps offer increasingly high resolution, but are 
lso potentially affected by missing data and/or regions where the 
ignal to noise ratio is degraded. In such big and complex data
rameworks, traditional astronomical analysis techniques are not 
ecessarily suited to fully extract the wealth of information that 
hese data products contain. 

One particularly information-rich data-product that can be ex- 
racted from IFS surv e ys is the distribution of metals (elements
eavier than helium) throughout the interstellar medium (ISM) of 
 galaxy. How the metallicity varies spatially throughout a galaxy is
 product of many competing factors, including (i) continuous metal 
nrichment throughout the star formation history of a galaxy (e.g. 
dmunds & Greenhow 1995 ; Freeman & Bland-Hawthorn 2002 ), 
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n
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ii) turbulent mixing driven by thermal or gravitational instabilities 
de Avillez & Mac Low 2002 ; Scalo & Elmegreen 2004 ; Pan &
cannapieco 2010 ; Krumholz & Ting 2018 ) or large structures such
s spiral arms or bars (Di Matteo et al. 2013 ; Grand et al. 2016 ;
o et al. 2017 ), (iii) galactic outflows caused by supernovae or
alactic winds (Heckman, Armus & Miley 1990 ; Hopkins et al.
014 ; Christensen et al. 2018 ), and (iv) inflows of pristine gas
S ́anchez Almeida et al. 2014 ) or previously ejected materials
galactic fountains, Kim et al. 2020 ). Understanding the relative 
trengths, spatial scales, and time-scales of these processes is a major
hallenge in modelling galaxy formation and evolution (Naab & 

striker 2017 ). 
Geostatistics is a subfield of spatial statistics that focuses on 

nderstanding stochastic processes that occur o v er a continuous 
patial domain. As both star formation and the turbulent processes 
hat mix the products of star formation into the surrounding ISM are
tochastic processes, and galaxies in the local Universe are viewed 
s continuous extended objects, this branch of mathematics can be 
aturally applied to the field of extragalactic astronomy, offering a 
o v el perspectiv e on galaxy evolution. 
Already, these techniques have been successfully applied to 

mpro v e traditional data analysis recipes and extract interesting 
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h permits unrestricted reuse, distribution, and reproduction in any medium, 
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nformation from IFS data. Gonz ́alez-Gait ́an et al. ( 2019 ) showed
hat geostatistical methods hold the potential to offer impro v ements
 v er binning techniques (such as the popular Voronoi tessellation,
sed by e.g. Cappellari & Copin 2003 ) for accurately predicting
he age and metallicity of stellar populations in IFS data without
acrificing spatial resolution. In order to capture non-symmetric
eviations around a mean metallicity gradient, Clark et al. ( 2019 ) fit a
eostatistical model using Gaussian process regressions to accurately
ap the dust mass-to-light ratio throughout two nearby galaxies.
idely used in machine learning algorithms (Rasmussen & Williams

006 ), these Gaussian process regressions attempt to reconstruct a
andom field by creating a model of the covariance between nearby
ata points, allowing for complex structures to be captured with
nly a few parameters. These techniques were further employed
y Williams et al. ( 2022 ), who found that 12 out of 19 galaxies
bserved as a part of the PHANGS-MUSE surv e y showed significant
D metallicity variations that could not be captured by a simple
etallicity gradient model. Metha, Trenti & Chu ( 2021 ) (hereafter
21 ) used a semi v ariogram 

1 analysis to distinguish these small-
cale metallicity fluctuations from measurement error, allowing
he predictions of an analytical metal-mixing model to be directly
ompared to IFS data. 

Kriging refers to a family of statistically optimal, unbiased
lgorithms that can be used to fit a model of a Gaussian process
o data while minimizing prediction variance (Cressie 1990 ). Since
heir inception in the late 1960s (Huijbregts & Matheron 1971 ), these

ethods have formed a cornerstone of the geostatistical paradigm,
eeing applications in a variety of fields, from environmental science
nd meteorology to economics and population statistics (Wikle,
ammit-Mangion & Cressie 2019 ). 
In this study (the second in a series), we continue the exploration

n how geostatistical techniques may be used to impro v e the analysis
f high-resolution IFS data, which started in M21 . First, we construct
 geostatistical hierarchical model of the multiscale metallicity
tructure of the warm ISM for NGC 5236, using mock-IFS data from
he TYPHOON/PrISM surv e y. Then, using the method of univ ersal
riging, we derive robust predictions, with uncertainty, about the
etallicity in regions dominated by diffuse ionized gas (DIG), where

he metallicity cannot be measured directly . Finally , we compare
hese DIG metallicity predictions to metallicities determined using
he empirical correction factors of Kumari et al. ( 2019 ), in order to
ffer an independent test of these new diagnostics. 
This paper is organized as follows. In Section 2 , we review the
ain challenges in estimating DIG metallicity, before describing

he TYPHOON surv e y in Section 3 . In Section 4 , we introduce
ierarchical geostatistical models and our model fitting methods
efore presenting the algorithm used for universal kriging. In
ection 5.1 , we discuss in detail the results of our geostatistical
odel fitting procedure for the local spiral galaxy NGC 5236 (also

nown as M83), and confirm using 10-fold cross validation that our
niversal kriging method gives robust predictions for the metallicity
f H II regions in Section 5.2 . After validating our methodology, we
xtend this analysis to DIG-dominated regions in Section 6 , providing
n independent test of the DIG-corrected metallicity diagnostics of
umari et al. ( 2019 ). Strengths, weaknesses, and future applications
f the universal kriging approach are discussed in Section 7 , and our
ain results are summarized in Section 8 . 
NRAS 514, 4465–4488 (2022) 

 A semivariogram is a geostatistical function that shows how the variance 
etween data points in a sample depends on their spatial separation. 
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 DIFFUSE  I ONI ZED  G A S  METALLI CI TY  

ETERMI NATI ON  

here are several methods to measure metallicities within a galaxy’s
SM (see e.g. K e wley, Nicholls & Sutherland 2019 ; Maiolino &

annucci 2019 for comprehensi ve re vie ws). The abundance of an
lement can be measured directly from emission-line spectroscopy, if
he temperature and density of the gas it resides inside is known (Aller
984 ). Ho we ver, the auroral lines required for accurate temperature
easurements are often too faint to be seen in many systems of

nterest, as well as in IFS data (e.g. Andrews & Martini 2013 ). In
hese cases, strong emission-line calibrations from photoionization
odels (e.g. K e wley & Dopita 2002 ; Dopita et al. 2016 ), or empirical

iagnostics (e.g. Pilyugin & Thuan 2005 ; Pilyugin & Grebel 2016 )
ay also be used. 
One limitation of all of these methods is that they are only valid

or determining metallicities within H II regions, where the ISM has
een completely ionized by local young, bright O/B stars. Narrow-
and imaging of local galaxies targeting the H α line shows that
pproximately half of the H α flux emitted from the ISM originates
rom a thick disc of low density plasma that e xtends be yond the
alactic mid-plane known as diffuse ionized gas (DIG; Zurita,
ozas & Beckman 2000 ; Oey et al. 2007 ). Emission-line spectra
f the DIG are comple x, rev ealing that it is ∼2000 K hotter than H II

egions, ionized by a harder spectrum (Hoopes & Walterbos 2003 ;
affner et al. 2009 ), and contains enhanced forbidden line ratios for

O II ]/H α and [N II ]/H α. Many different sources for the ionization of
he DIG have been proposed, including radiation escaping from H II

egions in the discs of galaxies (Zurita et al. 2000 , 2002 ), radiation
rom e volved, lo w-mass stars (Stasi ́nska et al. 2008 ), supernov a-
riven shocks (Dopita & Sutherland 1995 ), excitation within mixing
ayers between regions of hot and cool gas (Binette et al. 2009 ),
r any combination of these phenomena (S ́anchez 2020 ; Mannucci
t al. 2021 ). 

Despite the limited understanding of the ionization sources within
he DIG, it may still be possible to determine the metallicity within
his gas using empirical means. Using data from the MUSE Atlas of
isks (MAD) surv e y (Erroz-Ferrer et al. 2019 ), K umari et al. ( 2019 )
easured the difference in strong emission line ratios between H II

egions and nearby DIG-dominated spaxels. Under the assumption
hat the ISM is homogeneous on spatial scales smaller than 0.5 kpc,
umari et al. ( 2019 ) searched for systematic offsets in the emission

ine ratios from pairs of H II and DIG-dominated spaxels and found
hat these offsets were correlated with the [O III ]/H β line ratio. Using
his observation, two corrections to popular emission-line diagnostics
f Curti et al. ( 2017 ) were constructed which may be used to more
ccurately infer the metallicity of DIG-dominated regions. 

While the results of this approach are promising, there are two
otential caveats that should be taken into account. First, a recent
eostatistical analysis revealed that the ISM of local spiral galaxies
ontain significant metallicity fluctuations on scales smaller than
1 kpc ( M21 ), inconsistent with the assumption that the ISM is

omogeneous on spatial scales smaller than 0.5 kpc (although
ee Kreckel et al. 2020 and Williams et al. 2022 for different
onclusions on the characteristic mixing scale). Secondly, each of
he aforementioned sources that ionize the DIG have their own
pectral properties, and the relative contribution of these sources
s not expected to be the same in different galaxies. For this reason, it
s unlikely that a single emission-line based correction factor exists
hat will be able to correct the DIG contamination stemming from
ll of these different components in all galaxies. 

To o v ercome these issues we present here an alternate opportunity.
he approach to estimating the metallicity of DIG-dominated regions
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Table 1. Astrometric and morphological properties of the eight g alaxies investig ated in this study. Ra, Dec. are taken 
from the NASA/IPAC Extragalactic Database. Morphological classification, position angles, and inclination data are 
taken from HyperLEDA. Ef fecti ve radii are taken to be the half-light radii in the B band as determined by the Carnegie- 
Irvine Galaxy Surv e y (Ho et al. 2011 ). References for distances: (a) Tully et al. ( 2008 ); (b) Tully, Courtois & Sorce 
( 2016 ); (c) Tully et al. ( 2013 ); (d) Tully & Fisher ( 1988 ). 

Name Type RA Dec. PA i D (Mpc) R e (arcmin) 

NGC 1068 Sb 02:42:40.71 −00:00:47.8 72.7 34.7 12.3 a 0.61 
NGC 1365 Sb 03:33:36.37 −36:08:25.5 23.4 62.6 16.98 b 3.05 
NGC 1566 SABb 04:20:00.42 −54:56:16.1 44.2 49.1 6.61 c 1.30 
NGC 2835 Sc 09:17:52.91 −22:21:16.8 1.3 56.2 8.75 b 1.51 
NGC 2997 SABc 09:45:38.79 −31:11:27.9 98.9 53.7 11.3 a 1.68 
NGC 5068 Sc 13:18:54.81 −21:02:20.8 152 27.3 6.70 d 1.75 
NGC 5236 Sc 13:39:55.96 −29:51:55.5 54.0 15.3 4.66 c 2.93 
NGC 7793 Scd 23:57:49.83 −32:35:27.7 94.4 63.5 3.60 c 2.21 

p
s  

D
U  

g  

s
o  

t

3

I  

i
g
e

 

C
o  

M
o
f  

l
S
u
(
r  

g
a
p

V  

s  

a
(
i

k  

a  

s  

o
a
B  

G
 

w
f

m  

o  

o  

a  

s  

s
t

t  

c  

q  

t  

w  

u  

d
d  

r
p  

f  

N  

e  

p

4

I
i  

f  

a  

b
H

m
x  

Z

Z

p  

s  

C
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sensitive. Imposing an S/N cut of 3 for this line was found to exclude 
practically all of the data. 
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resented in this study makes no assumptions about the ionization 
ources of the DIG, depending instead on the spatial locations of the
IG/H II spaxels, and a model of metal mixing throughout galaxies. 
nder the assumption that the processes that go v ern turbulence and
as-mixing are constant throughout all parts of the ISM that are in the
ame phase, the predictions made by a geostatistical model trained 
n H II region data will be able to produce accurate predictions about
he metallicity of all components of the warm interstellar medium. 

 DATA  

n this paper, we use data from the TYPHOON surv e y (Seibert et al.,
n preparation). Below we briefly summarize the process used to 
enerate these data products – for further details, see Poetrodjojo 
t al. ( 2019 ). 

Based on observations with the 2.5 m du Pont Telescope at Las
ampanas Observatory, datacubes were constructed for a sample 
f large, nearby spiral galaxies with the Progressiv e Inte gral Step
ethod (PrISM). The process builds a 3D datacube (two spatial and 

ne spectral dimensions) through a series of long slit observations 
or each galaxy in a scanning mode, i.e. shifting each time the
ong-slit orthogonally to its extension by a constant angular offset. 
pecifically, a long slit of size 18 arcmin × 1.65 arcsec was 
sed, with native angular resolution along the slit of 0.484 arcsec 
rebinned to 1.65 arcsec to construct the datacubes), and spectral 
esolution R ≈ 800 o v er the wavelength range 3650–8150 Å. For each
alaxy considered in this paper, 200 long-slit observations have been 
cquired, creating a datacube co v ering approximately 650 × 200 
ixels. 
Targets were chosen from parent sample of 11HUGS and Local 

olume Le gac y Surv e y galaxies (Dale et al. 2009 ). Galaxies were
elected based on their declination ( ≤+ 10 ◦), angular diameter ( < 18
rcmin, chosen to correspond to the length of the slit), inclination 
f ace-on), and surf ace brightness (brighter than 21.1 AB mag/arcsec 2 

n the B band). 
This work focuses on the local bright galaxy NGC 5236, also 

nown as M83. Lying at a distance of 4.66 Mpc (Tully et al. 2013 )
nd with a stellar mass of 10 10.55 M � (Bresolin et al. 2016 ) and a
tar formation rate of 4.2 M � yr −1 (Leroy et al. 2019 ), it is one
f the closest face-on grand-design spiral galaxies, and is therefore 
 popular subject for studies on internal metallicity structure (e.g. 
resolin & Kennicutt 2002 ; Bresolin et al. 2009 , 2016 ; Boettcher,
allagher & Zweibel 2017 ; Poetrodjojo et al. 2019 ). 
To ensure our results are valid for a variety of local spiral galaxies,

e supplement our study with a sample of seven other galaxies 
rom the TYPHOON/PrISM surv e y for which the emission line 
aps have been constructed at time of writing, and the number
f identifiable, resolvable H II regions is > 300. Summary properties
f these galaxies are listed in Table 1 , and results for these galaxies
re described briefly in Appendix A . The median resolution of each
paxel in this supplementary sample is 68.4 pc, which is more than
ufficient for the analysis of small-scale metallicity fluctuations using 
he geostatistical framework introduced in M21 . 

For NGC 5236 (and the other seven supplementary galaxies), 
he strengths of eight different emission lines and their errors were
omputed for each spaxel using LZIFU . We imposed several data
uality cuts to ensure that the signal-to-noise ratio, S/N, is greater
han 3 for all rele v ant lines, except [O II ] λλ3627, 29, for which
e only imposed that S/N > 1. 2 Dust extinction was corrected
sing the model of Cardelli, Clayton & Mathis ( 1989 ), before DIG-
ominated regions were separated from H II regions using three 
ifferent diagnostics detailed in B2 , yielding three maps of H II

egions and DIG-dominated regions with high-quality spectral data 
er galaxy. For each of these maps, the metallicity was determined
or each spaxel using four diagnostics: N 2 S 2 H α (Dopita et al. 2016 ),
 2 O 2 (Dopita et al. 2013 ), O 3 N 2 (Curti et al. 2017 ), and RS 32 (Curti

t al. 2020a ). Details on the strengths, weaknesses, and calibration
rocess behind each of these diagnostics are given in Appendix B1 . 

 GEOSTATI STI CAL  M E T H O D S  

n M21 , a framework for geostatistical hierarchical modelling was 
ntroduced. Furthermore, the semi v ariogram was discussed as a tool
or geostatistical analysis. In this paper, we extend on these ideas,
nd introduce the concept of universal kriging as a technique that can
e used to interpolate metallicities in DIG-dominated spaxels from 

 II region metallicity maps. 
We briefly re vie w the M21 hierarchical geostatistical metallicity 
odel here. The observed metallicity Z obs measured at each location 

�  is taken to be a combination of the true metallicity at that location,
( � x ), plus some measurement error ε( � x ): 

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

The measurement error is modelled as a stationary Gaussian 
rocess with zero mean: E ( ε( � x ) ) = 0. It can be completely de-
cribed by the covariance between any two pairs of data points,
ov ( ε( � x ) , ε( � y ) ) , which in turn depends on the uncertainty of each 
MNRAS 514, 4465–4488 (2022) 
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etallicity measurement, and how spatially correlated measurement
rrors are expected to be. The measurement error of each emission
ine for each spaxel is computed for the TYPHOON/PrISM survey
sing the idl package LZIFU . 3 

For CCD data, the dominant sources of noise come from dark
urrent, read noise, and shot noise arising from Poisson processes
ssociated with the generation of the detected photons. All these
ources will generate white noise that is not spatially correlated
etween CCD pix els. Furthermore, giv en the atmospheric conditions
t Las Campanas Observatory, the median seeing is 0.6 arcsec
Persson, Carr & Jacobs 1990 ), which is several times smaller than
he size of each spaxel (1.65 arcsec). Therefore, the signal itself is
lso uncorrelated between spaxels. Because of this, we are justified
n modelling all errors in TYPHOON data as being uncorrelated
etween spaxels. 

The true metallicity distribution Z( � x ) is modelled as a non-random
rocess mean μ( � x ), and a spatially varying random component η( � x )
ith zero mean: 

( � x ) = μ( � x ) + η( � x ) . (2) 

In this paper, as in M21 , μ( � x ) is treated as a basic metallicity
radient – that is, 

( � x ) = Z c + 〈 ∇Z 〉 · r( � x ) , (3) 

here r( � x ) is the distance between a galaxy’s centre and a given
ocation � x . 

The purpose of the function η( � x ) is to capture the idea that (i) the
rue metallicities of spaxels are not expected to lie exactly on the
ean radial metallicity trend, and (ii) nearby spaxels should have
etallicity values that positively correlate with each other. In M21 ,
( � x ) was assumed to take a form such that its covariance matrix
atched the five-parameter model developed by Krumholz & Ting

 2018 ). In this paper, we use a simpler, more general model for
( � x ). We model the covariance of the metallicity between two data
oints separated by a distance of h = | � x − � y | using an exponential
unction: 

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

(
− h 

φ

)
. (4) 

This equation has two free parameters: σ 2 , which describes the
ntrinsic variance within the data caused by random fluctuations
round a mean trend (not to be confused with measurement error);
nd φ, which sets the range o v er which local variations in metallicity
emain correlated. Such a model was chosen for two reasons:
rst, it is simple, with only two parameters, both of which have
hysical interpretations in the context of gas-phase physics; yet it
emains general enough to capture the o v erall behaviour of the local
etallicity fluctuations. Second, this function is well-studied in the

eostatistical literature. It is a special case of the M ́atern family
Mat ́ern 1960 ), and is known to be positive definite, which is a
ecessary condition to ensure the covariance matrix between any set
f observed data points has no negative entries. We encourage other
NRAS 514, 4465–4488 (2022) 

 LZIFU is an IFS data fitting tool that uses a penalized pixel-fitting method 
pPXF; Cappellari & Emsellem 2004 ; Cappellari 2017 ) to model stellar 
ontinuum and Gaussian components using the Levenberg–Marquardt least- 
quares method to fit emission lines. The stellar continuum is modelled using 
he MIUSCAT simple stellar population models (Vazdekis et al. 2012 ) with 
3 ages and 3 metallicities. For further details, see Ho et al. ( 2016 ). 
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4
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esearchers familiar with this field to construct their own covariance
unctions using models of ISM turbulence. 4 

The semi v ariogram, among other applications, can be applied to
istinguish the small-scale metallicity fluctuations, η, from measure-
ent error, ε, as discussed in M21 . Formally, the semi v ariogram γ ( h )

s defined to be half the variance between data points separated by
 distance of h . When the covariance function depends only on the
istance between data points (that is, there exists a C ( r ) such that if
 � x − � y ‖ = r then Cov ( Z ( � x ) , Z ( � y )) = C( r)), the semi v ariogram can
e calculated using the formula γ ( h ) = C (0) − C ( h ). Because of this,
quation ( 4 ) induces the following form for the semivariogram: 

( h ) = σ 2 ( 1 − exp ( −h/φ) ) . (5) 

For spatially correlated data for which there is no spatially
orrelated measurement error, γ (0) = 0. As h increases, γ ( h )
ncreases, until the data are so separated that they can be considered
ncorrelated, at which point γ ( h ) approaches the intrinsic variance
f the correlated data. For this model, σ 2 sets the height of the
emi v ariogram, and φ determines the physical scale h at which it
attens out. Additional uncorrelated noise (e.g. from measurement
rror) adds a constant factor to the measured semi v ariogram at all
eparations, and can thus be identified by computing γ (0). Further
etails on the semi v ariogram and its role in geostatistical data
nalysis can be found in Wikle et al. ( 2019 ). 

.1 Fitting parameters for a geostatistical hierarchical model 

verall, our model for the 2D internal metallicity structure of the
SM of local galaxies has four parameters; two of which describe
he global trend of metallicity with radius ( Z c , 〈∇Z 〉 ), and two of
hich describe the small-scale metallicity fluctuations associated
ith stochastic star formation and diffusion of metals through the

SM ( σ 2 , φ). 
In M21 , Z c and 〈∇Z 〉 were fit using a weighted least-squares

pproach, taking into account only the measurement error ε( � x )
f each spaxel, and not accounting for the small-scale deviations
f the metallicity around the median value, η( � x ). In hindsight,
 semi v ariogram analysis sho wed that these local spiral galaxies
re far from well-mixed, and the magnitude of these small-scale
uctuations was of the same order as the size of the measurement
rrors. Therefore, in order to properly model the metallicity gradient
f these galaxies, the size and structure of small-scale metallicity
uctuations must be accounted for. 
Such an approach is conceptually similar to the framework

mployed by Clark et al. ( 2019 ) and Williams et al. ( 2022 ) (described
n e.g. Hogg, Bovy & Lang 2010 ) to fit the mean radial trend of
heir geostatistical models. This approach employs an additional
arameter to describe the intrinsic scatter around the linear trend,
nd fits this parameter together with the linear fit using a maximum-
ikelihood method. Ho we ver, this method only accounts for the
dditional variance caused by small-scale fluctuations around the
ean trend, without accounting for correlations between nearby data

oints. 
In this paper, we demonstrate an impro v ed, statistically robust ap-

roach, wherein all four parameters required to build a geostatistical
odel for a galaxy are fit simultaneously using maximum-likelihood

stimation (ML), following the procedure described in Diggle &
iberio ( 2007 ). By fitting all of these parameters at the same time, the
 For a list of kno wn positi ve-definite functions that can be applied in order 
o model spatial covariance, see e.g. Gneiting ( 1997 ). 
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ncertainty in their estimated values is reduced (Mardia & Marshall 
984 ). We detail this method below. 
Let Z obs be a vector of N observed metallicity values over a 

patial domain, and let C ε be the N × N covariance matrix that 
ompletely describes the structure of correlated measurement errors 
etween data points. For the case of TYPHOON galaxies, all 
easurement errors are modelled as uncorrelated and so C ε is a 

iagonal matrix, with elements in the diagonal equal to the variance 
n each metallicity measurement. These metallicity measurement 
ncertainties are computed from the uncertainty in emission line 
ux using linear error propagation [described in Section B1 ; see 
quation ( B1 )], and are fixed for each galaxy. 

Let D be the N × 2 matrix with every element in the first
olumn equal to 1 and the second column given by the deprojected
istance from each observation point to the galaxy centre. Let 
= [ Z c , 〈 ∇Z 〉 ] T – where T is the transpose operator – so that

D β = μ, the metallicity of each spaxel predicted by the linear 
etallicity gradient model. 5 Let C Z ( σ 2 , φ) be the covariance matrix 

ssociated with local metallicity fluctuations η( � x ). Because the 
eprojected distance between each pair of spaxels is known, the value 
f each entry in this matrix can be calculated using equation ( 4 ). 
Using our geostatistical framework, we model the vector Z obs 

s being drawn from a N -dimensional Gaussian distribution, with 
ean given by μ = D β, and total covariance matrix given by 
 ε + C Z ( σ 2 , φ). The natural logarithm of the likelihood of drawing

Z obs from this distribution is then an analytical function of our four
arameters: 

 ( β, σ 2 , φ) = −1 

2 

[ 
N log (2 π) + log 

(∣∣C ε + C Z ( σ
2 , φ) 

∣∣)

+ ( Z obs − D β) T 
(

C ε + C Z ( σ
2 , φ) 

)−1 

× ( Z obs − D β) 
] 
. (6) 

This function can be maximize using many numerical methods. 
o simplify the problem and speed up computation, we use a profile

og-likelihood approach. For any specified values of σ 2 and φ, the 
ost likely values for β are given by the following linear equation: 

ˆ ( σ 2 , φ) = 

(
D 

T V ( σ 2 , φ) −1 D 

)−1 
D 

T V ( σ 2 , φ) −1 Z obs , (7) 

here V ( σ 2 , φ) = C ε + C Z ( σ 2 , φ). This equation can be substituted
ack into equation ( 6 ), in order to give a function of σ 2 and φ that,
hen maximize, gives their maximum likelihood estimates. This 

pproach ef fecti v ely reduces the comple xity of this task from a 4D
ptimization problem into a 2D one. 
The uncertainty in the best-fitting parameters for a kriging model 

an be estimated in many ways, including using robust empirical 
ethods such as bootstrapping, or by taking a Bayesian approach 

nd analysing the posterior distribution of the parameters. We 
stimate the uncertainty of σ 2 and φ by computing the inverse of 
he Hessian matrix, which for exponentially correlated data provides 
 good approximation of the covariance matrix for these parameters 
Mardia & Marshall 1984 ). To find the uncertainty in Z C and 〈∇Z 〉 ,
e use the formula for the covariance matrix for a generalized 
 More generally, D may be a matrix containing the values of any number of 
ovariates for each data point. Each covariate is a variable that is expected to 
nfluence a galaxy’s local metallicity, such as the local star formation rate of 
ach spaxel, or whether or not each spaxel is contained within a spiral arm. In 
his general case, β would be a vector containing the parameters describing 
he global trend, such that D β is still the predicted mean metallicity for all 
ata points, μ. 

w
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d  

S
 

μ  

m

east-squares fit, using the maximum likelihood estimates of σ 2 

nd φ: 

ov 
(

ˆ β
)

= 

(
D 

T V ( σ 2 , φ) −1 D 

)−1 
. (8) 

.2 Uni v ersal Kriging 

hen the structure of spatial correlations is known for a process,
easured data points can be used to predict nearby unknown values.
niversal kriging is a method by which the true metallicity can
e estimated at any point within a galaxy, accounting for large-
cale trends using a Gaussian additive model fit via a generalized 
east-squares regression (GLS), and modelling small-scale variation 
sing a known covariance function (Matheron 1969 ; Huijbregts & 

atheron 1971 ). 
To define universal kriging, we follow Wikle et al. ( 2019 ). Using

he same notation as in Section 4.1 , our observations Z obs , their
rrors C ε , and the best-fitting geostatistical model may be used to
stimate Z at any unknown data point, � x 0 . Let c 0 be the vector with i th
lement given by Cov ( Z ( � x 0 ) , Z ( � x i )) – that is, c 0 gives the modelled
ovariance between this vector and each observed data point. Finally, 
et d 0 be the valuation of each covariate function at this point – for
he simple metallicity gradient model, d 0 = [1 , r( � x 0 )] T . Then we
ay estimate the value of Z at this point and the uncertainty of this

stimate using the following pair of equations: 

ˆ 
 ( � x 0 ) = d 0 β + c T 0 V ( σ 2 , φ) −1 ( Z − D β) , (9) 

σ 2 
Z,uk = σ 2 − c T 0 V ( σ 2 , φ) −1 c 0 + k. (10) 

Here, c T 0 V ( σ 2 , φ) −1 c 0 represents a factor by which the variance
ssociated with this data point is reduced after taking into account
ts correlation with known (but uncertain) data points, and k is the
dditional uncertainty that comes about from estimating β values 
sing the GLS method: 

 ≡ (
d 0 − D 

T V ( σ 2 , φ) −1 c 0 
)T (

D 

T V ( σ 2 , φ) −1 D 

)−1 

× (
d 0 − D 

T V ( σ 2 , φ) −1 c 0 
)
. (11) 

Because this mathematics is powered by linear algebra, it is simple
o extend these definitions to work for multiple points at a time (see
.g. Cressie 1993 ). This allows metallicity estimates to be computed
apidly for a grid of data points, leading to highly detailed maps of
he predicted internal metallicity structure of galaxies, or for a list of
ata points where the metallicity cannot be measured directly, such 
s DIG-dominated spaxels. In this paper, we will show examples of
oth of these constructions. 

 RESULTS  

.1 The geostatistical model for H II regions 

n this section, we present the results of geostatistical model fitting
or NGC 5236. Using the [S II ]/H α diagnostic of Kaplan et al. ( 2016 )
escribed in Section B2.1 , 3664 H II spaxels and 19607 spaxels
ith significant DIG contamination were identified. The number 
f spaxels with metallicities determined after imposing S/N cuts for 
he emission lines used in each diagnostic are listed in Table 2 . Using
he H II regions, the four free parameters of the geostatistical model
escribed in Section 4 were fit, using the ML method outlined in
ection 4.1 . 
In Fig. 1 , we show the most likely large-scale metallicity trend,

( � x ), according to this model, for NGC 5236. All H II spaxels with
etallicities determined for each diagnostic are shown, with error 
MNRAS 514, 4465–4488 (2022) 
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Table 2. Number of H II spaxels and spaxels with significant DIG contami- 
nation in NGC 5236 for which metallicities have been determined with each 
diagnostic. Here, DIG-dominated regions are separated from H II regions 
using the methodology of Kaplan et al. ( 2016 ) described in Appendix B2.1 . 
Further details on the metallicity diagnostics presented here are provided in 
Appendix B1 . 

Diagnostic # of H II regions # of DIG regions 

N 2 S 2 H α 3664 19 602 
(Dopita et al. 2016 ) 
N 2 O 2 623 629 
(Dopita et al. 2013 ) 
O 3 N 2 2459 6625 
(Curti et al. 2020a ) 
RS 32 2482 6628 
(Curti et al. 2020a ) 
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ars reflecting the uncertainty in the metallicity obtained by linear
rror propagation. For O 3 N 2 , RS 32 , and N 2 S 2 H α, the error associated
ith each spaxel is small, with median values of 0 . 014 , 0 . 013 ,

nd 0.025 de x, respectiv ely. Conv ersely, for N 2 O 2 the median error
ssociated with each spaxel is 0.058 dex. This large uncertainty stems
rom the lack of sensitivity of the Wide Field CCD instrument on the
NRAS 514, 4465–4488 (2022) 

igure 1. Radial metallicity profiles of H II regions in the galaxy NGC 5236, comp
ncertainties in the metallicity of each H II spaxel are computed using linear error p
etallicity gradient model computed using an ML method accounting for small-s
ith the best-fitting metallicity gradients computing using the WLS method, shown
u Pont telescope at the wavelength of the [O II ] λλ3726, 29 emission
ine, and our subsequent decision to use a less stringent S/N cut for
his line. 

The dearth in metallicities computed with the N 2 S 2 H α diagnostic
etween log (O/H) + 12 = 9.05 and 9.1 stems from the fact that this
iagnostic contains a correction term, for metallicities greater than
.05. This introduces a discontinuity into the metallicity diagnostic
hat can be seen in Fig. 1 . The uncertainties due to this correction
actor are completely accounted for in this analysis, as described in
ppendix B1 . 
In M21 , local star-forming galaxies were found to have significant

ariations in metallicity on small scales due to inefficient mixing.
he geostatistical method we present in this work accounts for

hese small-scale metallicity fluctuations when fitting the global
rend in a self-consistent way, by simultaneously modelling the
ocal covariance structure and using maximum-likelihood estimation.
n Fig. 1 , we compare the metallicity gradient models obtained
sing this method to the metallicity gradients one would obtain
sing a simple weighted least-squares (WLS) approach. The WLS
ethod assumes (i) that there is no correlated variance between local

ata points beyond what is described by the metallicity gradient,
ii) that all data points should, in reality, lie exactly on the line-
f-best-fit found by this method, and (iii) that any deviations in
uted using the four different metallicity diagnostics described in Section B1 . 
ropagation, and are shown as error bars. For each diagnostic, the best-fitting 

cale correlations is shown with an orange dashed line. These are consistent 
 as the golden dashed–dotted line. 
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Table 3. Results of ML model fitting for the geostatistical model, compared to a WLS approach to compute the metallicity gradient using each 
metallicity diagnostic for NGC 5236. 

Diagnostic Fitting method Z c 〈∇Z 〉 (dex kpc −1 ) 〈∇Z 〉 (dex R 

−1 
e ) σ 2 φ (kpc) 

N 2 S 2 H α ML model 8.88 ± 0.012 0.0019 ± 0.012 0.0076 ± 0.012 0.0100 ± 0.0013 0.1329 ± 0.015 
WLS 8.92 ± 0.004 − 0.0048 ± 0.001 − 0.0192 ± 0.005 – –

N 2 O 2 ML model 9.16 ± 0.009 − 0.0265 ± 0.009 − 0.1053 ± 0.010 0.0013 ± 0.0002 0.1331 ± 0.091 
WLS 9.16 ± 0.005 − 0.0279 ± 0.002 − 0.1110 ± 0.006 – –

O 3 N 2 ML model 8.85 ± 0.009 − 0.0168 ± 0.009 − 0.0665 ± 0.008 0.0022 ± 0.0024 0.2872 ± 0.386 
WLS 8.87 ± 0.002 − 0.0196 ± 0.007 − 0.0780 ± 0.003 – –

RS 32 ML model 8.86 ± 0.011 − 0.0179 ± 0.011 − 0.0712 ± 0.009 0.0021 ± 0.0003 0.3980 ± 0.053 
WLS 8.91 ± 0.002 − 0.0106 ± 0.006 − 0.0420 ± 0.002 – –
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6 The uncertainties in the estimate of the measured semi v ariance at each 
separation (purple line) is very small, and is not shown. This is because the 
uncertainty in the estimate of the variance at each separation is proportional 
to the number of pairs of data points separated by that distance, and this 
number is very large ( > 990 for N 2 O 2 and > 9700 for all other diagnostics) at 
all separations shown. 
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he metallicity of individual spaxels about this line is caused by 
easurement error (Hogg et al. 2010 ). For this galaxy, the radial
etallicity profiles determined using this methodology agree with 

he popular WLS method for all diagnostics except N 2 S 2 H α, where
he geostatistical ML method fa v ours a slightly positive metallicity 
radient, as compared to the slightly ne gativ e metallicity gradient that
s determined with WLS. Ho we ver, in this case both models agree
hat the metallicity gradient is very close to 0, and are consistent
ithin one standard deviation. 
The metallicity gradients returned by each of these methods for 

his galaxy under each diagnostic are listed in Table 3 . We note
hat the uncertainties in the values of Z c and 〈∇Z 〉 computed using
he ML method are larger than those determined using the WLS 

ethod, which seemingly implies that the WLS method produces 
ore precise metallicity gradient estimates. We stress that this is not 

he case. The smaller uncertainty in the WLS fitted parameters come 
rom the erroneous assumption that there is no scatter about the radial
etallicity trend besides measurement error, which would imply that 

he data points are very reliable tracers of the metallicity gradient, and 
nly a small number of data points are needed in order to reco v er this
lobal trend. On the other hand, under the geostatistical model, data 
re not expected to perfectly trace the average radial trend, leading 
o more realistic uncertainties in the reco v ered metallicity gradient 
arameters. 
In Fig. 2 , the small-scale structure of the metallicity fluctuations 

etermined under each diagnostic are illustrated with semi v ariograms 
see M21 for a thorough explanation of semi v ariograms and their role
n extragalactic astronomy). Solid purple lines show the empirical 
emi v ariograms, computed using bins of width 0.1 kpc, up to a
eparation of 5 kpc. With all diagnostics, significant structure is 
een in these semi v ariograms, re vealing correlations between spaxels 
eparated by up to 1–2 kpc. Similar behaviour has also been seen for
 population of local star-forming galaxies observed by the PHANGS 

ollaboration (Kreckel et al. 2020 , M21 ). For N 2 S 2 H α, O 3 N 2 , and
S 32 , the true variance about the mean metallicity at each radius
 σ 2 in our model) is ∼1 order of magnitude larger than the median
ariance in metallicity caused by error measurements. For O 3 N 2 , 
 2 O 2 , and RS 32 , the height of these semi v ariograms is broadly

onsistent with the height of the semi v ariograms computed using
HANGS data in M21 . For N 2 S 2 H α, the height of the semi v ariogram

s much larger. This can be understood by examining Fig. 1 : under
his diagnostic, there is a much larger scatter around the mean 
etallicity at any radius than there is when any other diagnostic 

s used. 
Dashed orange lines show the semi v ariograms associated with 

he most likely exponential model of η( � x ) for each diagnostic, with
aximum likelihood parameters listed in Table 3 . For all diagnostics, 
his model adequately captures the most important features of the 
mall-scale metallicity structure; namely, the spatial extent of these 
ocal metallicity fluctuations ( φ), and the total amount of correlated
 ariance ( σ 2 ). Ho we v er, impro v ements could be made in modelling
he general shape of this correlation function, as correlations between 
earby datapoints seem to decrease with distance less rapidly than is
redicted by an exponential covariance function. To properly model 
his behaviour, a physically moti v ated positi v e-definite co variance
unction may need to be constructed, using theoretical ideas about 
urbulence in the ISMs of local galaxies (in the style of e.g.
rumholz & Ting 2018 ). In this respect, semi v ariograms such as

hose constructed for this galaxy may be used as a tool to assist
heoretical astronomers in the development of testable models of 
ocal ISM enrichment and metal transport. 

Shaded regions in Fig. 2 show the 1 σ uncertainty on the theoretical
emi v ariogram produced by the fitted parameters, computed using 
quation ( 8 ). 6 For the model based on the O 3 N 2 diagnostic, the
ncertainties in the best-fitting values of φ and σ 2 reported in Table 3
re very high. While the maximum likelihood geostatistical model for 
he metallicity distribution under this diagnostic is broadly consistent 
ith the models obtained using other diagnostics, the size of the
ncertainty in the fit implies that this data is also consistent with no
dditional uncertainty. We can understand the size of these parameter 
ncertainties by looking at the semi v ariogram associated with this
ata, shown in Fig. 2 . Clearly, the data do exhibit spatial correlation.
o we ver, it is difficult to determine both the range over which data
ecome uncorrelated and the limiting value of the semivariance as the
eparation tends towards infinity. This indicates that the exponential 
orrelation model, chosen for its simplicity, may not be sophisticated 
nough to capture the small-scale metallicity trends associated with 
his diagnostic. A similarly high uncertainty is present in the ML
stimate for φ when the N 2 O 2 diagnostic is used, which further hints
hat the simple exponential model with a single correlation scale for η
ay not be sufficient for capturing all of the details of the metallicity

tructure of the ISM. 
Using the geostatistical models calibrated to H II region data, 

redictions of the metallicity can be made at unmeasured locations 
sing the technique of universal kriging, described in Section 4.2 .
e illustrate this process using the RS 32 diagnostic for NGC 5236
MNRAS 514, 4465–4488 (2022) 
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Figure 2. Semi v ariograms sho wing the small-scale metallicity structure of NGC 5236, using a suite of metallicity diagnostics. Purple solid lines show the 
empirical semi v ariogram. Orange dashed lines sho w the semi v ariogram predicted from the model of best fit. Orange shaded regions show the 1 σ error in the 
fitted curve (errors on the semi v ariance estimation from the data at each separation shown are negligible). In all cases, the behaviour of the model shows good 
agreement with the data, although for the O 3 N 2 diagnostic, the uncertainties on the parameters for the most likely model for small-scale structure are very large. 

Figure 3. Left: Measured metallicity values, in units of log ([O/H]) + 12, for H II regions in NGC 5236, determined using the RS 32 diagnostic. Centre: An 
interpolated metallicity map, computed using the technique of universal kriging, modelling small-scale metallicity fluctuations with a Gaussian model with an 
exponential correlation function. Right: Uncertainties (standard deviation) of the kriging predictions at each location. At distances greater than 3 φ from any H II 

spaxel (red contour), the uncertainty of the metallicity estimated for any point is approximately the uncertainty given by a metallicity gradient model. 
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n Fig. 3 . This diagnostic was chosen for visualization because it
ontains both a significant metallicity gradient, and substantial small-
cale metallicity fluctuations. Using the World Coordinate System
WCS) data of the PrISM datacube for this galaxy, a grid of 128 × 128
ky locations was constructed, spanning the FOV of the constructed
NRAS 514, 4465–4488 (2022) 
etallicity map. At each of these locations, the metallicity was
redicted using equation ( 9 ), with uncertainty given by equation ( 10 ).
In the left-hand panel of Fig. 3 , we show the metallicity measure-
ents for all H II spaxels. Together with our geostatistical model,

hese metallicities and their uncertainties are used to predict the

art/stac1484_f2.eps
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igure 4. Scatter plots comparing the metallicities predicted for H II regions usin
eft: Comparing metallicities predicted with universal kriging to the measured meta
iagnostics. 3 σ outliers are shown with error bars. Right: The same, but using pred
east-squares, without accounting for small-scale metallicity fluctuations. As this
rediction, outliers are not explicitly shown. 
MNRAS 514, 4465–4488 (2022) 

g 10-fold cross validation to the true measured metallicities of these points. 
llicity of each spaxel, computed using the N 2 S 2 H α (top) and N 2 O 2 (bottom) 
ictions from a simple metallicity gradient model computed using weighted 
 method does not return the uncertainty associated with each metallicity 
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etallicity at each location in NGC 5236. In the middle panel,
e show the predicted metallicity map. Within this predicted map,
etallicity decreases as distance from the galactic centre decreases
but not smoothly or uniformly. Instead, small-scale stochastic
etallicity fluctuations can be seen, with a characteristic scale of
� 400 pc, revealing locations with local chemical enrichment and

epletion. Interestingly, there appears to be some enrichment along
he main spiral arms of NGC 5236 in the predicted 2D metallicity
istribution in concordance with the chemical carousel model of Ho
t al. ( 2017 ), even though such enrichment along spiral arms was not
odelled e xplicitly. A quantitativ e e xploration of this effect with a
ider sample of galaxies, using geostatistical methods to impro v e

ompleteness of data in the interarm regions of spiral galaxies, is an
venue for future research. 

In the right-hand panel of Fig. 3 , the uncertainty associated with
ach metallicity prediction is plotted. When predictions are made
lose to an observation point, the metallicity is expected to be highly
orrelated with the metallicity measured at the H II region, and so
he uncertainty of the prediction is reduced to ∼0.01 dex, similar
o the uncertainty in metallicity measurements at that data point. As
he distance from a H II region increases, the uncertainty likewise
ncreases, in a manner that is consistent with the semi v ariogram
or this diagnostic shown in Fig. 2 . When the distance from any
bserved data point is larger than ∼1.2 kpc ( ∼3 φ, shown by the red
ontour in the Fig. 3 ), the error in the predicted metallicity is equal to
he true scatter around the metallicity gradient, plus the uncertainty
ssociated with the metallicity gradient computed (see equation 10 ).

.2 Validation 

o verify the accuracy of this model, we predict the metallicity of
ach H II region using a model trained on a subset of the data. We
hen compare metallicities predicted by the geostatistical model to
hose measured directly using strong emission line diagnostics. 

Formally, this was done by performing a 10-fold cross-validation
James et al. 2013 ). Each data point was randomly assigned to one
f 10 groups. For each of these groups, a geostatistical model of the
orm described in Section 4 was fit using the ML method detailed in
ection 4.1 , calibrated using only the H II spaxels in the other 9 groups
the training set ). Then, the value of the metallicity at each spaxel
n the selected group (the testing set ) was estimated using universal
riging, combining knowledge of the large-scale metallicity trend,
( � x ) with correlations to nearby H II regions in the training set under
ur model of local metallicity fluctuations η( � x ). 
Fig. 4 shows the results of this analysis. In the left-hand panels,

D histograms show the distribution of metallicities predicted using
his method of universal kriging, as compared to the observed
etallicities of each spaxel. All 3 σ outliers are shown with error bars

n the predicted and measured metallicity. In the right-hand panels,
e repeat this cross-validation analysis, but instead predicting the
etallicity of each H II region using a simple metallicity gradient
odel computed using WLS, without accounting for any correlations

n the metallicities of nearby H II regions. Because this method does
ot produce uncertainties in the predicted metallicities of each data
oint, we do not show outliers explicitly. 
Universal kriging shows the greatest impro v ement o v er the WLS
ethod for NGC 5236 when the N 2 S 2 H α diagnostic is used. Using

his diagnostic, the metallicity gradient of this galaxy is very close
o zero, and so metallicity prediction methods that rely solely on
he metallicity gradient will predict the metallicity of all data points
o be approximately equal. Clearly, this is not the case. N 2 S 2 H α
NRAS 514, 4465–4488 (2022) 
etallicities of H II spaxels in this galaxy have been measured to span
 range of log ([O/H]) + 12 = 8.6–9.2. This large variance in metal-
icity can, ho we ver, be modelled using local metallicity fluctuations.

hen universal kriging is used, a large majority (76 . 20 per cent ) of
redicted metallicities lie within 1 standard deviation of the measured
etallicity value, and 95 . 63 per cent agree to 2 σ . Furthermore, for

ll diagnostics tested, less than 5 per cent of predicted metallicities
iffer from the true metallicities by more than 2 σ , and the proportion
f 3 σ outliers is less than 1 per cent . These proportions are in line
ith the theoretical numbers of predictors within 1 σ , 2 σ , and 3 σ

xpected from the 68–95–99.7 per cent heuristic, under the Gaussian
ssumption of the kriging predictor. 

For all other diagnostics, the impro v ement in predictions gained
rom the use of universal kriging is more mild, but still significant. In
articular, when a simple Z -gradient model is used, the metallicities
f the most metal-rich spaxels is underpredicted, and the metallicities
f the most metal-poor spaxels are o v erpredicted. This demonstrates
hat universal kriging is a powerful tool for capturing the detailed
ehaviour of all spaxels in the galaxy, including departures from a
inear gradient trend. 

To make the impro v ement in the accurac y of predictions gained
y creating a geostatistical model clear, in Fig. 5 we plot histograms
howing the difference between the metallicities predicted by this
odel ( Z pred , measured in units of log ([O/H]) + 12) and the
etallicities measured ( Z meas , reported in the same units) for each

f the 4 studied metallicity diagnostics. Two features are clearly
isible from this graph. First, for all diagnostics, the distribution of
 meas − Z pred is narrower for predictions obtained using universal
riging than those obtained using a metallicity gradient (although
his impro v ement is only marginal for N 2 O 2 ), reflecting the increased
ccuracy of the geostatistical model. Secondly, for N 2 S 2 H α, O 3 N 2 

nd RS 32 , Z meas − Z pred is slightly biased for the WLS model,
ith peak values of Z meas − Z pred of −0.08, + 0.02, and + 0.02
e x, respectiv ely. Conv ersely, the distributions gained from universal
riging are unbiased. This is because universal kriging is the optimal
nbiased linear estimator for Gaussian processes where the global
rend is a priori unknown, and correlation between nearby data points
annot be assumed to be negligible (Wikle et al. 2019 ), whereas the

LS method is only unbiased under the assumption that the only
eviation of data points from a linear trend line is due to uncorrelated
aussian error (Hogg et al. 2010 ), which is not a valid assumption

or this kind of data. 

 PREDI CTI NG  META LLI CI TI ES  IN  

I G-DOMI NATED  R E G I O N S  

n Section 5.2 , we showed that the geostatistical models constructed
ia the methods described in Section 4.1 may be used to produce
ccurate predictions of the metallicities of H II regions. We now
se the method of universal kriging to predict the metallicities
f DIG-dominated regions, and compare these predictions to the
etallicities that are measured using the H II region calibrated
etallicity diagnostics listed in Section B1 . In Fig. 6 , the metallicities

redicted by this model ( Z pred ) are compared to the metallicities
easured by applying the strong emission-line calibrations to the

pectra of the DIG-dominated regions ( Z meas ). In short, we find that
enerally they do not agree. For all diagnostics, values of Z pred are
lmost al w ays greater than Z meas . This implies that either (i) the
etallicity of the DIG is intrinsically lower than that of H II regions,

ii) our geostatistical model is not accurate, or (iii) that traditional
trong emission line diagnostics underpredict the metallicity of the
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Figure 5. Histograms of the difference between the metallicities measured for each H II spaxel Z meas , and the predicted metallicities using 10-fold cross 
validation Z pred , using universal kriging (dark blue lines) and a simple metallicity gradient approach (gold lines). For all diagnostics, the metallicities predicted 
via universal kriging show less bias and are less scattered than predictions that do not account for local spatial trends. 
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IG by a factor of ∼0.2 dex. We believe that this final option is the
ost likely explanation, although we cannot rule out the first option. 
epending on the efficiency of metal mixing throughout the ISM, 
 II regions may be more likely to be metal-rich than DIG-dominated

egions, due to star formation being more likely to trigger in higher
etallicity regions (e.g. Wolfire et al. 2003 ), and the recent release

f metals from the deaths of massive stars creating local enrichment 
round the sites of the stars’ birth (Vogt et al. 2017 ). 

The offset between Z meas and Z pred is revealed more clearly in 
ig. 7 . Dark blue lines show the same histograms presented in
ig. 5 for the geostatistical model. Maroon lines show the offset
etween Z meas and Z pred for DIG-dominated re gions. F or all of
hese diagnostics, the distribution of Z meas − Z pred for DIG regions 
s (i) wider than for the H II counterpart, (ii) ne gativ ely biased,
ith modes ranging from −0.02 (N 2 O 2 ) to −0.14 (N 2 S 2 H α), and

iii) skewed ne gativ ely, with longer tails in the ne gativ e direction.
his is likely due to the varying amounts of DIG contamination in
ach spaxel. By our selection methods described in Appendix B2 , all
paxels with less than 90 per cent of their H α emission originating 
rom H II regions are classified as being ‘DIG-dominated’; and 
etallicities determined for spaxels with higher fractions of DIG 

mission will show greater errors when measured with H II -calibrated 
 -diagnostics. 
s  
Of the four diagnostics tested, we find that for N 2 O 2 the values of
 pred for DIG-dominated spaxels are closest to the values of Z meas .
his agrees with the results of Zhang et al. ( 2017 ), who state that
 2 O 2 is largely insensitive to DIG contamination. 

.1 Testing DIG correction factors 

sing data from the MUSE Atlas of Disks (MAD), Kumari et al.
 2019 ) computed correction factors for the N 2 O 2 and RS 32 diag-
ostics that allow them to be applied to DIG-dominated regions 
selected using the N2-BPT and S2-BPT diagnostics discussed in 
ppendix B2.2 ). Here, we detail the methodology used by Kumari

t al. ( 2019 ) to construct these diagnostics, and test the metallicities
easured using this method against predictions from our geostatis- 

ical model, as an independent assessment of their validity with a
ifferent sample of galaxies. 
Spaxels from 24 nearby spiral galaxies observed as a part of

he MAD program were classified as either H II or DIG/LIER
egions, based on three classification schemes: the S2-BPT method, 
he N2-BPT method, and a surface brightness method based on a
hreshold flux for the H α brightness of H II regions of log � H α =
9 erg kpc −2 s −1 (not considered in this work). A Voronoi-binning
cheme was employed to ensure that all H II and DIG regions had
MNRAS 514, 4465–4488 (2022) 
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Figure 6. Scatter plots comparing the metallicities predicted for DIG-dominated regions in NGC 5236 using universal kriging, to those measured directly using 
H II region calibrated strong emission-line diagnostics. We find that the H II region calibrated diagnostics yield metallicities for the DIG-dominated spaxels that 
do not agree with our fitted models of metal mixing. 
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/N > 5 for the emission lines [O III ] λ5007, H β, H α, [N II ] λ6584,
nd [S II ] λλ6717, 31. For each Voronoi cell, metallicities were
etermined using the N 2 S 2 H α, O 3 N 2 , and RS 32 diagnostics. 7 Then,
airs of H II and DIG/LIER regions with angular separations greater
han the 1 arcsec, and physical separations less than 500 pc were
elected. The moti v ation for the first cut is that the seeing of MUSE
or these observations ranges from 0.5 to 1.2 arcsec; this ensures that
he correlations in metallicities between these nearby regions is not
ue to beam smearing. The second cut is moti v ated by the results of
erg et al. ( 2013 ), who found that H II regions separated by less than
00 pc had metallicity differences lower than 0.1 dex. 
Using this selection of H II -DIG pairs, Kumari et al. ( 2019 ) proceed

sing a classical (as opposed to geo)statistical analysis, assuming that
he true metallicity of each DIG region in a pair should be equal to
he metallicity of the H II region of that pair. This assumption is
iscussed further in Section 7.1 . Based on this assumption, � log Z ,
he difference between the metallicity measured for the H II region
NRAS 514, 4465–4488 (2022) 

 The RS 32 diagnostic used in Kumari et al. ( 2019 ) is not the same as the 
S 32 diagnostic published in Curti et al. ( 2020a ). Although it is computed 
sing the same method, Kumari et al. ( 2019 ) fit only a third-order polynomial 
o the relationship between Z and RS 32 , whereas Curti et al. ( 2020a ) fit a 
fth-order polynomial. Furthermore, in Kumari et al. ( 2019 ), the line ratio 

og ([O III ] λ5007/H β+ [S II ] λλ6717, 6731/H α) is referred to as O 3 S 2 rather 
han RS 32 . For consistency, we will refer to this diagnostic as RS 32 throughout. 
n this and only this section, we will use the third-order RS 32 calibration 
ublished in Kumari et al. ( 2019 ) and not the fifth-order calibration of Curti 
t al. ( 2020a ), such that our results may be compared directly to those of 
umari et al. ( 2019 ). 

t  

B  

m  

m
d  

a  

c  

 

5  

S  

t  

e

bruary 2023
nd the DIG-dominated region in each pair was calculated, and this
uantity was interpreted as the error term associated with using these
etallicity diagnostics to infer metallicities of DIG/LIER. Similarly

o the results of our geostatistical analysis presented in Section 6 ,
hey found that the differences between the metallicities measured
irectly for DIG regions and those inferred from the metallicities of
earby H II regions showed a large amount of scatter, and significant
ias, especially when the RS 32 and N 2 S 2 H α diagnostics were
sed. Furthermore, � log Z was found to correlate significantly with
he line ratio O3 ( = [O III ] λ5007/H β) for O 3 N 2 and RS 32 . Using
his information, Kumari et al. ( 2019 ) fit first- and second-order
olynomials to the relationship between � log Z and O3, using both
he S2-BPT and N2-BPT DIG diagnostics, to compute correction
actors for O 3 N 2 and RS 32 that can be used to produce more accurate
easurements of the metallicity of DIG. 
In this section, we use our geostatistical model, calibrated on
 II metallicities using the O 3 N 2 and RS 32 diagnostics, to predict

he metallicity of DIG regions selected using the S2-BPT and N2-
PT methods. We compare these predicted metallicities to two
easured metallicities: first, the metallicity of these DIG regions
easured directly using the H II region calibrated O 3 N 2 and RS 32 

iagnostics published in Curti et al. ( 2017 ) and Kumari et al. ( 2019 );
nd secondly, adding in the O3-dependant DIG correction terms
omputed by Kumari et al. ( 2019 ) using the method outlined abo v e.

Fig. 8 shows the results of this analysis for the galaxy NGC
236 as a scatter plot. Independently of whether the N2-BPT or
2-BPT diagnostic was used to separate H II regions from DIG,

he metallicities of DIG regions determined using the O3-corrected
mpirical metallicity diagnostics were found to be closer to Z pred 
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Figure 7. Histograms of the difference between the metallicities measured for each spaxel ( Z meas ), and the metallicities predicted using universal kriging ( Z pred ). 
Dark blue lines show the results of the ten fold cross-validation for H II regions described in Section 5.2 . Maroon lines show the errors in predicted versus 
measured metallicities for DIG regions. All diagnostics show a significant negative bias – that is, the metallicities inferred from strong emission line diagnostics 
are lower than those expected from the geostatistical model. 
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han those computed using the uncorrected diagnostic. 8 Under the 
ssumptions that our geostatistical models are accurate (which is 
easonable; see Section 5.2 ) and the spatial structure of metallicities 
hroughout the DIG should be the same as the spatial structure of

etallicities within H II regions (which is reasonable, as both are 
omponents of the warm ISM, and are mixed together by the same
orces), this implies that the correction factors of Kumari et al. ( 2019 )
re successful at computing more accurate metallicities for regions of 
alaxies for which DIG contamination is appreciable. Interestingly, 
he O3-corrections also reduce the Z meas produced, especially for 
S 32 . This may indicate that these correction terms are anticorrelated 
ith the true metallicity of the DIG regions; when added, they bring

he inferred metallicities closer to the mean. More sophisticated 
orrection factors may need to be constructed to a v oid this effect. 

We show this same data as histograms in Fig. 9 . Maroon lines
re analogous to those shown in Fig. 7 for the N2-BPT and S2-
PT diagnostics; cyan lines show the reduction in scatter and bias 
ained when the O3-corrections are added. We replicate the result 
 We note that less data points classified as DIG dominated when the S2-BPT 

iagnostic is used compared to when the N2-BPT diagnostic is used – this is 
iscussed further in Appendix B . 

c
a
o  

m
c  
f Kumari et al. ( 2019 ), in that these correction factors successfully
educe both the bias and scatter in Z meas − Z pred . Ho we ver, some bias
till remains. For NGC 5236, the mean value of Z meas − Z pred for
he O 3 N 2 diagnostic is −0.04 before correction, decreasing to −0.03
fter the O3 correction factor is added (this result does not depend
n whether the N2- or S2-BPT diagnostic is used). For RS 32 , the
mpro v ement is greater, with the mean bias in Z meas decreasing from

0.12 to −0.04 when the N2-BPT diagnostic is used (likewise, from
0.14 to −0.05 with the S2-BPT diagnostic). 
Unfortunately, this trend of decreasing total bias was not seen for

ll galaxies in our sample. In Table 4 , we document the mean values
nd scatter in of Z meas − Z pred for DIG regions in each galaxy, selected
sing both the N2- and S2-BPT diagnostics, comparing the amount 
f bias before and after the O3 corrections are applied. We find that
enerally the bias is lower when the DIG-correction factors are used.
o we ver, se veral cases can be seen where the O3-based correction

actor introduces a larger bias than the uncorrected diagnostic. 
urthermore, the scatter in Z meas − Z pred often is just as wide when the
orrected diagnostics are used as when the uncorrected diagnostics 
re used. We conclude that while the O3-based correction factors 
f Kumari et al. ( 2019 ) are successful in improving predictions of
etallicities for regions with significant DIG contamination, these 

orrection factors are not uni versal. Indeed, dif ferent galaxies may
MNRAS 514, 4465–4488 (2022) 
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Figure 8. Left: Scatter plot showing the difference between the metallicities predicted for DIG regions, using the geostatistical model calibrated on H II regions, 
and the metallicities measured for the DIG regions using the DIG-corrected empirical diagnostics of Kumari et al. ( 2019 ). Right: The same, but without applying 
the DIG corrections to the empirical metallicity diagnostics. In the top panel, H II regions are selected using the N2-BPT method, while in the bottom panel, the 
S2-BPT diagnostic is used. 
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Figure 9. Histograms showing the difference between the metallicities predicted for DIG-dominated regions in NGC 5236 using a geostatistical model and 
those measured by the empirical metallicity diagnostics published in Kumari et al. ( 2019 ) (i) without DIG correction terms (maroon) and (ii) including the DIG 

correction terms (c yan). F or this galaxy, the O3-dependant correction terms decrease both the bias and the scatter in Z meas – ho we ver, this is not al w ays the case 
(see Table 4 and discussion in text). 

Table 4. Mean offset ( μ) and scatter ( σ ) in Z meas − Z pred found for DIG regions for each galaxy, when using the corrected versus uncorrected 
O 3 N 2 and RS 32 metallicity diagnostics. 

Galaxy Type N2-BPT S2-BPT 

μ-O 3 N 2 σ -O 3 N 2 μ-RS 32 σ -RS 32 μ-O 3 N 2 σ -O 3 N 2 μ-RS 32 σ -RS 32 

NGC 1068 Before correction − 0 .08 0 .05 − 0 .17 0 .08 − 0 .04 0 .04 − 0 .08 0 .04 
After correction − 0 .02 0 .02 − 0 .10 0 .04 0 .04 0 .03 0 .07 0 .05 

NGC 1365 Before correction − 0 .02 0 .05 − 0 .10 0 .07 − 0 .03 0 .05 − 0 .07 0 .04 
After correction 0 .02 0 .04 − 0 .01 0 .07 0 .03 0 .04 0 .05 0 .05 

NGC 1566 Before correction − 0 .01 0 .07 − 0 .11 0 .07 − 0 .02 0 .05 − 0 .11 0 .06 
After correction 0 .02 0 .06 − 0 .01 0 .06 0 .01 0 .05 − 0 .01 0 .06 

NGC 2835 Before correction − 0 .01 0 .08 − 0 .07 0 .05 − 0 .03 0 .06 − 0 .06 0 .04 
After correction 0 .06 0 .06 − 0 .06 0 .04 0 .01 0 .05 0 .06 0 .05 

NGC 2997 Before correction − 0 .02 0 .06 − 0 .09 0 .06 − 0 .04 0 .05 − 0 .12 0 .06 
After correction 0 .02 0 .05 0 .01 0 .06 − 0 .01 0 .04 − 0 .02 0 .07 

NGC 5068 Before correction − 0 .01 0 .06 − 0 .08 0 .05 − 0 .04 0 .06 − 0 .08 0 .04 
After correction 0 .05 0 .04 0 .06 0 .04 0 .00 0 .04 0 .03 0 .05 

NGC 5236 Before correction − 0 .04 0 .04 − 0 .12 0 .07 − 0 .04 0 .05 − 0 .14 0 .07 
After correction − 0 .03 0 .02 − 0 .04 0 .04 − 0 .03 0 .03 − 0 .05 0 .06 

NGC 7793 Before correction − 0 .01 0 .07 − 0 .07 0 .05 − 0 .04 0 .05 − 0 .08 0 .04 
After correction 0 .04 0 .06 0 .05 0 .04 − 0 .01 0 .04 0 .01 0 .05 
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Figure 10. The deviance between metallicities measured directly using strong-emission line diagnostics for DIG-dominated regions, and those predicted via 
univ ersal kriging, v ersus the line ratio O3 = [O III λ5007]/H β, for NGC 5236, selecting H II and DIG-dominated regions using the S2-based method described in 
Kaplan et al. ( 2016 ). For the two empirically calibrated diagnostics O 3 N 2 and RS 32 , a strong correlation is seen between the error in the measured metallicities 
and the O3 line, in excellent agreement with the findings of Kumari et al. ( 2019 ). For the two theoretically calibrated diagnostics, no strong correlation is 
observed. 
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ost different sources of DIG ionization, including evolved stars,
hocks, and leaking H II regions. If this were the case, then finding
 single correction factor to negate the effects of DIG contamination
ay not be possible, due to the different sources of DIG ionization

n each galaxy. We discuss this point further in Section 7 . 
Finally, we demonstrate how our method of geostatistical analysis
ay be used to construct O3-dependant correction factors, similarly

o the methodology of Kumari et al. ( 2019 ). In Fig. 10 , we plot
 meas − Z pred (using the Curti et al. 2020a calibration for RS 32 ) for
IG-dominated spaxels of NGC 5236, selected using the S2 method
f Kaplan et al. ( 2016 ), against the value of the line ratio O3 for
ur four metallicity diagnostics. We see that for the two theoretically
alibrated diagnostics, there is no significant correlation. Ho we ver,
or both the O 3 N 2 and RS 32 calibrations, the offset is significantly
orrelated with O3. The trend of Z meas − Z pred with O3 is well-
t by a linear relation for the O 3 N 2 diagnostic, and a higher order
olynomial for RS 32 , in qualitative agreement with the results of
umari et al. ( 2019 ) using other DIG diagnostics. This analysis
emonstrates how the results of universal kriging may be used to
onstruct new correction factors for empirically calibrated metallicity
iagnostics to be used on DIG-dominated regions. We postpone the
onstruction of such correction factors until the full release of data
rom the TYPHOON surv e y (Seibert et al., in preparation). 

 DISCUSSION  

hanks to the efforts of large population IFS galaxy surv e ys such
s CALIFA (S ́anchez et al. 2012a ), MaNGA (Bundy et al. 2015 ),
NRAS 514, 4465–4488 (2022) 
nd SAMI (Bryant et al. 2015 ), a clear unified picture of star-
orming galaxies in the local universe has emerged. Global rela-
ionships between galaxy properties, such as the mass–metallicity
elationship (MZR, e.g. Tremonti et al. 2004 ), the star-forming
ain sequence (Renzini & Peng 2015 ), and the Kennicutt–Schmidt

elation (Schmidt 1959 ; Kennicutt 1998 ) have been found to be large-
cale consequences of local scaling laws (e.g. Bigiel et al. 2008 ;

oran et al. 2012 ; Rosales-Ortega et al. 2012 ; S ́anchez et al. 2013 ;
uyts et al. 2013 ). Furthermore, observational evidence suggests

hat galaxies usually evolve inside-out, with inner regions showing
igher star formation rates, metallicities, gas densities, and stellar
ges (S ́anchez 2020 ). 

This picture holds o v er a large range of masses and morphologies.
o we ver, in this work, we show that the simple linear metallicity
radient is far from the whole picture. The failure of simple
zimuthally symmetric models to capture the complex structures
f the ISM of galaxies has been noted explicitly by many studies,
specially at high redshift, and when dealing with high-resolution
ata. In a study of strongly lensed galaxies at cosmic noon (1.2 <
 < 2.4), Curti et al. ( 2020b ) find that the process of fitting a
etallicity gradient can often obscure kpc-scale inhomogeneities

hat are common in starbursting systems. Similarly, Florian et al.
 2021 ) suggest that star-formation in strongly lensed galaxies at z ∼
.4 is better characterised by its ‘clumpiness’ rather than a large-scale
radient. 
Our geostatistical approach is useful for describing both the large-

cale radial trend and the small-scale clumpy structure of the ISM
n a parsimonious way, using only four parameters. Furthermore,
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his approach is based on o v er 60 yr of literature, with applications
anging from agriculture to epidemiology. 

For all of the galaxies in our extended sample of eight nearby
alaxies observed using the TYPHOON/PrISM survey, we find 
hat galaxies show stochastic variations o v er characteristic spatial 
cales of ∼1 kpc. This is seen regardless of the metallicity and DIG
iagnostics used to construct H II metallicity maps. In Section 5 , we
ho w that e v en a simple e xponential model of the stochastic small-
cale metallicity structure is able to account for a large amount of the
ariance found around the large-scale metallicity trend. Furthermore, 
n Section 5.2 , we show that by accounting for these small-scale
uctuations, the accuracy of the prediction of the metallicity at all 
egions of a galaxy can be vastly impro v ed, especially when the
etallicity gradient of the galaxy is close to zero. This makes this

echnique particularly appealing for the analysis of high-redshift 
 alaxies, where most g alaxies do not exhibit large-scale metallicity 
radients (Simons et al. 2021 ). Results of our universal kriging 
rocedure will be presented for the seven currently unpublished 
alaxies listed in Table 1 in a future paper (Metha et al., in
reparation). 
This technique has potential applications in many areas of extra- 

alactic astronomy where accurate metallicity predictions are useful. 
n particular, this technique may be valuable in determining the value 
f the Hubble constant, H 0 , using observations of the local universe.
ype Ia supernovae (SNe Ia) are the prototypical standard candles, 
ith a narrow scatter in their intrinsic luminosity (Folatelli et al. 
010 ). These bright transient events can be used as a cosmological
istance ladder when calibrated using other standard candles, such 
s RR Lyrae variables and Cepheids, which have well-defined period 
uminosity (PL) relations. Ho we ver, these PL relations are kno wn to
epend on metallicity (Nemec, Nemec & Lutz 1994 ; Groenewegen 
t al. 2004 ). To calibrate these relations, accurate predictions of the
etallicity of the interstellar gas at the locations of these stars are

eeded. Metallicity gradients alone have a large prediction variance 
t all radii, which can contribute significantly to the error budget of
he cosmological distance ladder (Beaton et al. 2016 ). In Fig. 3 , we
how that this prediction variance can be decreased when universal 
riging is used. These more accurate predictions would lead to a 
ore accurate calibration of the zero-point of the SNe Ia luminosity 

unction, leading to tighter constraints on the value of H 0 in the local
niverse. 
In order to compute high-resolution molecular hydrogen column 

ensity maps for nearby galaxies, the PHANGS-ALMA surv e y must
stimate the metallicity dependant CO-to-H 2 conversion factor, αCO . 
n Sun et al. ( 2020 ), this is done by assuming a linear gradient model,
ith Z c estimated from a galaxy’s stellar mass using the MZR, and a

onstant assumed metallicity gradient of 0.1 dex R 

−1 
e for all galaxies. 

herefore, estimates of the molecular gas density distribution could 
e impro v ed upon by using these methods, together with PHANGS-
USE data. We emphasize that our universal kriging method could 

rovide metallicities at all locations of the galaxies, even at regions 
f DIG contamination. 
As telescope instrumentation continues to impro v e, more and more 

FS surv e ys are being conducted which allow the ISM of nearby
alaxies to be resolved to scales of 100 pc or less, below the size
f an individual H II region (Mannucci et al. 2021 ). Recent and
pcoming surv e ys with resolutions similar to TYPHOON/PrISM 

nclude PHANGS (Emsellem et al. 2022 ), MAD (Erroz-Ferrer et al. 
019 ), the SDSS-V LVM surv e ys of the LMC and SMC (Kollmeier
t al. 2017 ), TIMER (Gadotti et al. 2019 ), SIGNALS (Rousseau-
epton et al. 2019 ), GASP (Poggianti et al. 2017 ), and AMUSING

Galbany et al. 2016 ). The geostatistical techniques described in 
his work are naturally applicable to this new generation of IFS
urv e ys. Comparisons between the small-scale metallicity structure 
f the ISM of these galaxies and the output of dedicated zoom-in
omparison simulations (Jeffreson et al. 2020 ; Utreras et al. 2020 )
ill allow us to constrain models of metal mixing through stellar

eedback. Furthermore, these techniques may be used in conjunction 
ith data from the TIMER surv e y to reveal the effects of spiral bars

nd nuclear structures on a galaxy’s internal metallicity distribution, 
r the GASP surv e y to better understand the mixing effects in
nteracting galaxies. 

In Fig. 10 , we show that the line ratio O3 correlates with the offset
etween Z meas and Z pred for two empirically calibrated metallicity 
iagnostics, confirming the result of Kumari et al. ( 2019 ). Current
tate-of-the-art Bayesian metallicity fitting programs such as IZI 
Blanc et al. 2015 ) are not able to correct for DIG contamination
n regions (Zhang et al. 2017 ). Our Fig. 10 implies that the O3 line
atio may be useful in correcting for DIG contamination in order to
roduce a robust metallicity fit. 

.1 Comparisons to other works 

his study is not the first that attempts to predict the metallicity
hroughout the ISM using data from H II regions. In this section, we
riefly re vie w some other key studies, and highlight ho w our analysis
iffers from the current state of the art. 
Using data from 365 galaxies from the MANGA surv e y, Zhang

t al. ( 2017 ) derive the bias occurring from DIG contamination
ssociated with different strong emission line based metallicity 
iagnostics. Assuming that the proportion of DIG contamination 
ithin a spaxel is proportional to the surface brightness of H α, a

inear relation was fit between the metallicity derived using several 
trong-line diagnostics, and the amount of DIG contamination. 
he effect of metallicity gradients was a v oided by only selecting
paxels within 0.4–0.6 R e within each galaxy. No local metallicity 
ariations or metallicity measurement errors were accounted for. In 
he language of our geostatistical model, this would be equi v alent to
etting η( � x ) = 0 and ε( � x ) = 0. Out of seven diagnostics tested, Zhang
t al. ( 2017 ) concluded that the two least sensitive to contamination
rom DIG were the N 2 S 2 H α diagnostic with the calibration of Dopita
t al. ( 2016 ), and the O 3 N 2 diagnostic with the calibration of Pettini &
agel ( 2004 ). 
This method, while statistically robust, does not account for any 

ocal variations in metallicity. For this reason, a substantial fraction 
f the data need to be discarded in order to make this technique
ork. In contrast, by using geostatistical modelling, all the data in

he galaxy could be used, leading to a larger sample of spaxels, which
ould strengthen the conclusions of such a study. 

Similarly, the approach of Kumari et al. ( 2019 ) can be casted
s a geostatistical analysis, but with a very specific form for
he correlation function. Specifically, the correlation in metallicity 

easurements at two different data points is treated as a top hat func-
ion: Corr ( Z ( � x ) , Z ( � y )) = 1 if | � x − � y | < 0 . 5 kpc, and 0 otherwise.
his correlation structure would induce a shape for the theoretical 
emi v ariogram of the following form for all galaxies: 

( h ) = 

{
0 , if h < 0 . 5 
σ 2 , otherwise 

(12) 

Our Fig. 2 shows that such a model is not a good fit for local
tar-forming galaxies. Furthermore, the method of Kumari et al. 
 2019 ) does not account for any large-scale metallicity trends, such as
etallicity gradients. Finally, such a step-based correlation function 
MNRAS 514, 4465–4488 (2022) 
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oes not lead to a positive definite covariance function. 9 Therefore,
he model of Kumari et al. ( 2019 ) for describing the small-scale
omogeneity of the ISM is not statistically valid, and its application
ay thus lead to hard to quantify biases in the inference drawn

rom it. 
Using a hierarchical model optimized with the Integrated Nested

aplace Approximations method (INLA; Rue et al. 2017 ), Gonz ́alez-
ait ́an et al. ( 2019 ) fit a model of the spatial variation of the

ge and metallicity of stellar populations in 721 galaxies from the
ALIFA and PISCO (Galban y et al. 2018 ) surv e ys. The model that

hey fit is similar to our own in many respects: in both cases,
he mean trend μ is modelled as being linearly dependant on
he radial distance from the galaxy centre; and in both cases, the
bserved metallicity at each location is assumed to be drawn from
 latent Gaussian process with some known observation error. Our
nalysis differs from theirs in tw o k ey respects: first, in that work
he covariance kernel of the small-scale metallicity variation η is
 M ́atern function, rather than an exponential function, allowing
ne extra free parameter to be fit. 10 Secondly, the fitting method
hat they use is Bayesian, whereas ours uses a maximum likelihood
pproach. Using a Bayesian method may make the results dependant
n the model priors, and be computationally costly to compute, even
hough the speed of computations is significantly increased by using
he INLA approximate Bayesian computing method. 

Similarly, Clark et al. ( 2019 ) also use Bayesian methods to fit a
aussian process model of the metallicity variation within galaxies,
sing a M ́atern function of order 1.5 to capture deviations from
 mean radial trend. Using a cross-validation analysis (their Ap-
endix C), they found that this method produced accurate predictions
f the metallicities of H II regions, with 80 . 5 per cent (85 . 4 per cent )
f predicted H II region metallicities agreeing with their measured
etallicity values for M74 (M83) – larger than the 68 . 3 per cent

roportion expected for a Gaussian process. This result may be
aused by an o v erestimation of the uncertainty of the difference
etween the predicted metallicity and the actual metallicity: in their
quation (C1), the variance of this difference is derived under the
ssumption that the predicted metallicity and the actual metallicity
re independent of each other at each testing point. Ho we ver, since the
redicted metallicity is constructed using the metallicities observed,
nd these observed metallicity are spatially correlated with the true
etallicity at each testing point, the predicted metallicity and the

ctual metallicity are likely to be correlated. Accounting for this
ositive correlation between predictions and the true metallicity
 ould lik ely reduce or remo v e this tension. 
The methodology of Williams et al. ( 2022 ) follows Clark et al.

 2019 ) very closely, fitting the same model using the same software
 GaussianProcessRegressor from the PYTHON machine
earning package scikit-learn ), and focusing on analysing
he results of their best-fitting models in order to understand the
patial scales o v er which galaxies may be considered well-mixed.
he length-scales of best fit for their M ́atern kernels range from
.6 to 30 kpc for the 12 galaxies with significant metallicity variations
eyond a radial trend (see left-hand panel of fig. 9 in Williams
NRAS 514, 4465–4488 (2022) 

 This can be seen from Bochner’s theorem: a Fourier transformation of a 
op-hat function yields a sinc function, which is not positive for all real 
umbers. 
0 The M ́atern function is a stationary positive definite correlation function 
ontaining two parameters: the order ν, which sets the shape of the function, 
nd the range, φ. The exponential function is a special case of the M ́atern 
unction where ν = 0.5. 

m  

i  

e
 

a  

n  

p  

c  

f  
t al. 2022 ), with a median length-scale of ∼16 kpc, comparable
o the size of the galaxy. This length-scale is much larger than the

0.1–0.4 kpc mixing scales we found with our exponential kernel.
illiams et al. ( 2022 ) also computed the 50 per cent correlation

cale for these PHANGS galaxies, finding mixing lengths of 0.2–
.1 kpc (see right-hand panel of fig. 9 in their work), that are in
greement with our findings. Therefore, we conclude that it is not
he data, but the modelling methodology of Williams et al. ( 2022 )
hat leads to the observation of non-radial metallicity variations on a
ifferent physical scale to the model presented here. In our analysis,
e separate the signal Z ( x ) into a large-scale global trend ( μ( x ), e.g.
 metallicity gradient) and small-scale fluctuations ( η( x ); charac-
erised through the semi v ariogram analysis), whereas the models of

illiams et al. ( 2022 ) capture galaxy-scale trends that are none the
ess significantly different from a simple metallicity gradient-based
pproach. We emphasize that the small-scale fluctuations we unco v er
n our work cannot be consistent with measurement error, as they are
patially correlated on scales of ∼1 kpc, whereas measurement error
s expected to have no spatial correlation. 

In our work, we model the small-scale stochastic structure of
he ISM as a stationary, isotropic random field. Other models (e.g.
ale & Magorrian 2014 ; Lee & Gammie 2021 ) relax this assumption,
mploying non-stationary models that allow parameters such as the
orrelation length-scale to vary throughout a galaxy. This procedure
ntroduces additional complexity that makes inference more chal-
enging. We find that a stationary process with a constant mixing
calelength, while perhaps less realistic, is sufficient to reproduce
ccurately the metallicity substructures observed in galaxies, for the
urpose of making reliable predictions (see Section 5.2 ). 
All of these examples show how our no v el geostatistical techniques

rovide a complementary approach to existing literature approaches
o spatially resolved studies of metal distribution in galaxies, and
ffer distinct advantages. 

.2 Caveats 

o model exists without assumptions. In this section, we detail the
ssumptions that we make in constructing our geostatistical model,
nd our justifications for making them. 

Crucially, this analysis assumes that the metallicity of DIG-
ominated regions is governed by the same physical processes that
etermine the metallicity of H II regions. This assumption allows us
o use a geostatistical metallicity model trained on H II region data
o estimate the metallicities of DIG-dominated regions. If there was
 reason to believe that the metallicity of DIG regions was expected
o be intrinsically lower or higher than the metallicity of H II regions,
his bias would need to be accounted for before any metallicities
ould be predicted. Based on current evidence, we see no physical
eason as to why this would be the case. Both the DIG and H II

e gions e xist in the warm phase of the ISM. Mixing effects due to
nterstellar turb ulence, bar -driven motion, and other phenomena that
ct to redistribute metals through the ISM should not be significantly
ffected by the ionization phase of the medium. Furthermore, the
odel we fit for η, the small-scale metallicity structure of the ISM,

s so simple that it will likely not be affected by accounting for these
ffects, if they exist. 

This analysis also ignores the multiphase structure of the ISM and
ssumes each phase has a similar mixing scale. This assumption may
ot be accurate (see e.g. De Cia et al. 2021 ). Gas particles in the hot
hase of the ISM have higher velocities than warm and cold ISM
onstituents, which may lead to shorter time-scales and spatial scales
or mixing. For a first approximation, we assume that an exponential
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ernel with a single scalelength is sufficient to capture the o v erall
ehaviour of the ISM. We will explore this assumption by analysing 
he spatial distribution of other ISM components in future papers. 

Thirdly, this analysis does not account for aperture effects. Man- 
ucci et al. ( 2021 ) posit that this might be a problem. As the size
f our spaxels is often below the size of a H II region, some of our
paxels may only include the inner regions of H II regions, where
igher ionization species dominate, and lower ionization species 
re under-represented. A tradeoff exists between integrating fluxes 
etween H II spaxels to get more accurate metallicities, and losing
esolution because of binning. H II region detection software such 
s HiiPhot (Thilker, Braun & Walterbos 2000 , used by Williams 
t al. 2022 ) or HiiExplorer (S ́anchez et al. 2012b ) may be used to
onstruct integrated spectra of H II regions; ho we ver, these software
ackages rely on multiple parameters that are tuned by the user, 
nd may convolve multiple nearby poorly resolved H II regions (e.g. 
rasha et al. 2022 ). Since we are trying to understand how the
etallicity changes between H II regions that are separated by a 

mall distance, taking this step may limit the ability to measure the
hape of the semi v ariogram at lo w separation, impacting our abilities
o construct geostatistical models. While aperture effects may lead to 
naccuracies in metallicities computed from emission-line ratios, we 
o not believe these effects will be the same for all four metallicity
iagnostics tested in this work. Therefore, any conclusions that hold 
cross all diagnostics may still be trusted. Exploring how our results
hange when integrated H II region properties are used may be the
ocus of future work. 

Finally, this model assumes that the stochastic metallicity fluctua- 
ions η( � x ) are Gaussian, with an exponential correlation function. Of 
ll the assumptions that we make in this work, we regard this assumed
orrelation structure as the main area for future impro v ement. 
rom the semi v ariograms presented in Fig. 2 , we can see that this
odel does a good job of describing the small-scale metallicity 
uctuations; but it is not perfect. Below 1 kpc, semivariograms were 
een to exhibit power-law like behaviour that is not captured by a
imple exponential model, but is predicted from general models of 
urbulence. High-resolution datacubes such as the ones produced 
y the TYPHOON/PrISM surv e y allow testing and verification of
etailed models of chemical mixing in the ISM. The question of how
he small-scale structure of metals in the ISM of local star-forming
alaxies should best be modelled remains open and is an active area
f investigation. 

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

n M21 , the potential of geostatistical analysis was introduced as
 tool to (1) understand the small-scale structures of galaxies, (2)
ompare theoretical models to high-resolution IFU data, (3) constrain 
odels of stellar feedback and metal mixing, and (4) mo v e be yond

he metallicity gradient to understand the 2D metallicity distribution 
f galaxies. Here, we extend upon the initial work, introducing 
nalytical techniques for fitting a geostatistical metallicity model 
o galaxy data, and using these models to predict the metallicity at
nmeasured points using universal kriging. We summarize our key 
ndings below: 

(i) For NGC 5236, significant correlations are seen in the metal- 
icity of spaxels separated by less than 0.4–1.2 kpc, with the scale
f these correlations dependant on the metallicity diagnostic used. 
mall-scale metallicity structures are shown to cause deviations 

n the metallicities of spaxels from a radial metallicity trend with 
mplitude ∼1 order-of-magnitude larger than what is expected from 

easurement errors alone. This small-scale metallicity structure 
ppears to be fairly well-described by an exponential covariance 
tructure with a scale parameter of φ = 133–4 00 pc and a variance of
2 = 0.0013–0.01; ho we ver, we belie ve a more physically moti v ated
odel could be constructed in the future. 
(ii) Universal kriging produces better predictions for metallicities 

t unknown data points than the commonly used linear metallicity 
radient model. Small-scale metallicity trends are important for 
nderstanding the structure of the ISM of local galaxies and thus
uantifying them gives distinct advantages for testing models of 
urbulent metal mixing in galaxies, and determining the metallicities 
f specific locations within galaxies, such as the sites of transient
vents. 

(iii) The metallicity of a DIG-dominated region may be estimated 
sing the technique of universal kriging, together with the geostatis- 
ical modelling methods presented in this work. We argue that this

ethod is to be preferred o v er directly applying H II region calibrated
etallicity diagnostics. 
(iv) The N 2 S 2 H α, N 2 O 2 , O 3 N 2 , and RS 32 diagnostics have limited

ccuracy in determining the metallicities of DIG-dominated regions. 
ut of the 4 metallicity diagnostics tested, N 2 O 2 is the least sensitive

o DIG contamination, in concordance with the findings of Zhang 
t al. ( 2017 ). 

(v) For O 3 N 2 and RS 32 , the offset between the metallicities
nferred from a geostatistical model via kriging and from those 
stimated using these H II -region calibrated diagnostics is tightly 
orrelated with O3. 

(vi) Comparisons to predictions from geostatistical models cali- 
rated on H II region data reveal that the O 3 N 2 and RS 32 diagnostics
ogether with the O3-dependant DIG correction factors of Kumari 
t al. ( 2019 ) are found to generally exhibit less bias than their un-
orrected counterparts. Ho we ver, we caution that for some galaxies,
hese corrected metallicity diagnostics still introduce a greater bias 
han when no correction is used. This suggests that the dominant
ources of DIG may be different for different g alaxies, ag ain
ighlighting the benefits of taking a more rigorous geostatistical 
pproach to data analysis. 
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PPEN D IX  A :  C O M M E N T S  O N  OTH ER  

Y P H O O N  G A L A X I E S  

n this paper, we largely restrict our discussion to NGC 5236, using
he DIG-diagnostic procedure of Kaplan et al. ( 2016 ). To ensure our
esults are valid for a wider variety of galaxies, we repeat our analysis
or a selection of seven other galaxies for which high-resolution 
etallicity data has been obtained by the TYPHOON/PrISM surv e y. 
roperties of this extended sample of galaxies are listed in Table 1 . 
Broadly, conclusions found for NGC 5236 hold for the other seven
alaxies in the sample, using any of the DIG isolation methods
iscussed in Appendix B2 [except for the effect of applying O3-
ased DIG correction factors to the empirically calibrated metallicity 
iagnostics of Curti et al. ( 2020a ); see Section 6.1 ]. Semi v ariograms
onstructed for all galaxies reveal significant structures in the metal- 
icity distributions, with correlations on spatial scales of ∼1 kpc. 
or all galaxies, the size of these correlations was much larger ( ∼1
rder of magnitude) than the uncorrelated measurement error. In all 
ases, the method of universal kriging as described in the text was
erified to produce more accurate predictions of the metallicities of 
nknown regions than a simple metallicity-gradient model using 10- 
old cross-validation (Metha et al., in preparation). Fig. A1 shows the
emi v ariograms for all galaxies in our sample for the RS 32 diagnostic
o illustrate that in all cases a consistent correlation length is inferred.
ull plots analogous to those presented in Figs 2 –3 for all galaxies
ith all combinations of DIG/metallicity diagnostics and kriged 
aps showing the metallicity distribution of each galaxy will be 

eleased in a forthcoming paper (Metha et al., in preparation). 
One notable exception was found when the geostatistical model- 

tting method described in Section 4.1 was applied to N 2 O 2 based
etallicity maps for H II regions selected using either the N2-
PT or S2-BPT methods for the 7 galaxies in this sample other

han NGC 5236. When this was done, the amount of uncorrelated
 ariance re vealed by a semi v ariogram analysis was much greater
han the amount predicted by our geostatistical model. We recall 
hat our model explains all metallicity variance within a galaxy 
sing a combination of three factors: a large-scale metallicity trend 
 μ, modelled here as a radial metallicity gradient), small-scale 
etallicity fluctuations ( η), and measurement errors stemming from 

ncertainties in the emission-line fluxes ( ε, computed using equa- 
ion B1 ). Only the measurement error term, ε, is capable of changing
he semi v ariance at zero separation, implying that the failure in our
odel to match the data must lie in an underestimation of this term.
e further observe that the semi v ariograms computed using the
 2 S 2 H α and O 3 N 2 diagnostics show good agreement between the
odelled values of ε and the revealed semivariogram, implying that 

he problem must not lie in the error reporting associated with the
N II ] emission line. Therefore, we conclude that the failure of our
eostatistical model to correctly model the uncorrelated variance of 
 2 O 2 is possibly due to under-reporting of the error associated with

he [O II ] emission line. This issue will be corrected before kriged
etallicity maps for the full TYPHOON sample are released to the

ublic (Metha et al., in preparation). 
This analysis highlights the power of the semivariogram analysis 

n being able to separate small-scale metallicity variations from mea- 
urement errors. While we focus in this study, and in M21 , on using
his analysis to understand the small-scale structure of metallicity 
elds after isolating and subtracting the effects of measurement error, 

hese methods can also be used to understand errors associated with
etallicity measurement without the interfering effects of true spatial 

ariation of the data. This may be useful for validating data pipelines,
nd testing assumptions about the size and correlation structure of 
rrors between spaxels in IFS data. 
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M

Figure A1. Semi v ariograms sho wing the small-scale metallicity structure of all other galaxies investigated in this work, using the RS 32 diagnostic. Purple solid 
lines show the empirical semivariogram. Orange dashed lines show the semivariogram predicted from the model of best fit. Orange shaded regions show the 
1 − σ error in the fitted curve (errors on the semi v ariance estimation from the data at each separation shown are ne gligible). F or NGC 1365, an e xponential 
model does not fit the data (likely a simple metallicity gradient does not subtract off all of the large-scale trends), and for NGC 1566, the uncertainties in the 
best-fitting model are very large. In all other cases, we see that a simple exponential model does a fair job of fitting the data, and correlations are present between 
data points separated by ∼1 kpc. 
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PPEN D IX  B:  STRO NG  EMISSION  LINE  

IAG N OSTIC S  

any different diagnostics exist that can be used to estimate 
etallicities from ratios of strong-emission lines in H II regions 

e.g. K e wley et al. 2019 ; Maiolino & Mannucci 2019 ). Similarly,
any different diagnostics are currently being developed in order 

o distinguish regions of galaxies dominated by DIG emission from 

 II regions, such as using the surface brightness of H α emission
Reynolds et al. 1998 ; Zhang et al. 2017 ), the equi v alent width of
he H α emission line (Lacerda et al. 2018 ; Vale Asari et al. 2019 ),
PT diagrams (Baldwin, Phillips & Terlevich 1981 ; Kumari et al. 
019 ), and the [S II ]/H α line ratio (Reynolds 1985 ; Blanc et al. 2009 ;
aplan et al. 2016 ; Poetrodjojo et al. 2019 ). In this section, we will
escribe the four metallicity diagnostics and three DIG diagnostics 
sed in this work to distinguish H II regions from DIG-dominated 
egions and identify the metallicities of H II regions, and how these
iagnostics are calibrated. 

1 Metallicity diagnostics 

n this study, we consider four different metallicity diagnostics, two 
f which have been calibrated theoretically using photoionization 
odels, and two of which are empirically calibrated against metal- 

icities determined using the direct ( T e -based) method. 
The primary metallicity diagnostic we consider is the N 2 S 2 H α

iagnostic, devised by Dopita et al. ( 2016 ), theoretically calibrated 
sing the MAPPINGS 5.0 code (Sutherland et al. 2018 ). The three emis-
ion lines used in this diagnostic ([N II ] λ6583, [S II ] λλ6717,6731,
nd H α) are all very close to each other in wavelength, reducing
he sensitivity of this diagnostic to dust extinction. Furthermore, this 
iagnostic shows little dependence on the ionization parameter. 
As a secondary theoretically calibrated metallicity diagnostic, 

e use the N 2 O 2 diagnostic, based on the line ratio N 2 O 2 =
og ([N II ] λ6583/[O II ] λλ3726, 29). Zhang et al. ( 2017 ) found that

etallicities calculated using this diagnostic showed very little 
ependence on DIG contamination. To match this study, we use the 
heoretical calibration of Dopita et al. ( 2013 ), which was computed
sing the astrophysical plasma modelling code MAPPINGS IV . An 
dvantage of using this line ratio is that it is insensitive to variations
n the ionization parameter (Dopita et al. 2000 ). One disadvantage 
f this diagnostic for the specific data set we used is that the du Pont
elescope at the Las Campanas Observatory is not v ery sensitiv e at

he wavelength of [O II ]. For this reason, errors associated with this
etallicity diagnostic are much larger than those found with any of

he other metallicity diagnostics tested. 
Additionally, we consider two metallicity diagnostics with 

mpirical calibrations; one based on the O 3 N 2 line ratio 
 = log ([O III ] λ5007/H α) − log ([N II ] λ6583/H β)) (Curti et al. 2017 ),
nd a similar calibration based on RS 32 = log ([O III ] λ5007/H β +
S II ] λλ6717, 6731/H α) (Curti et al. 2020a ). These calibrations were
onstructed by fitting polynomials up to 5th order between the line 
atios and metallicities computed using the T e method for stacked 
pectra of galaxies observed by the Sloan Digital Sky Survey , and
ach relationship show scatters of the order of σ = 0.1 dex. 

One limitation of the O 3 N 2 and RS 32 diagnostics is that they have
nly been calibrated for a range of metallicities, from log ( O / H ) +
2 = 7.6 to 8.9. A negligible number of spaxels with a metallicity
arger than this value are discarded (13 out of 2472 H II spaxels
ere discarded for the O 3 N 2 diagnostic, and 36 out of 2518 for
S 32 ). This cutoff can be seen in Fig. 1 , especially for the O 3 N 2 

iagnostic. It is important to note this as a caveat; ho we ver, the
mall number of high-metallicity spaxels is unlikely to affect our 
esults, and developing a correction term to extend the range of
hese diagnostics to larger metallicities in order to handle these few
pax els is be yond the scope of this study. As an additional caveat, the
S 32 diagnostic is double-valued for metallicities below log ( O / H ) +
2 = 8. Ho we ver, the spiral galaxies considered in this study are all
arge, local spirals, with metallicities far greater than this limiting 
alue for all spaxels. Hence, this problem does not require further
onsideration. 

For each of these diagnostics, we compute the error in the deduced
etallicity of each spaxel from the uncertainty in each line flux l i 

sing linear error propagation, and assuming the error in all line
uxes l i are independent: 

2 
Z = 

∑ 

(
∂Z 

∂l i 
σl i 

)2 

. (B1) 

2 DIG diagnostics 

2.1 [S II ]/H α

ur primary diagnostic for separating DIG-dominated regions from 

tar-forming spaxels uses the [S II ]/H α line ratio, and the methodol-
gy of Kaplan et al. ( 2016 ). Madsen, Reynolds & Haffner ( 2006 )
ound that this line ratio is higher in DIG regions. Using this
nformation, Blanc et al. ( 2009 ) created an equation that relates C H II ,
he fraction of H α emission originating from H II regions, from the
S II ]/H α line ratio of each spaxel: 

[ S II ] 

H α
= C H II 

(
[ S II ] 

H α

)
H II 

+ ( 1 − C H II ) 

(
[ S II ] 

H α

)
DIG 

. (B2) 

To properly estimate C H II for each spaxel using rigorous statistical 
ethods, three things would need to be known: (i) the distribution of

he [S II ]/H α line ratio for DIG regions within each galaxy; (ii) the
istribution of the [S II ]/H α line ratio for H II regions with no DIG
ontamination; and (iii) the prior expected distribution of C H II for 
ach spaxel. In reality, none of these three distributions are known.
herefore, some assumptions must be made. 
The method of Kaplan et al. ( 2016 ) makes two main assumptions:

rst, that the intrinsic distributions of [S II ]/H α are narrow, with
ittle intrinsic scatter within each galaxy; and secondly, that the 
paxels with the brightest H α flux in each galaxy have zero DIG
ontamination ( C H II = 1), while the faintest spaxels are completely
ontaminated by DIG ( C H II = 0). Under these two assumptions,
[ S II ] 
H α

)
H II 

and 
(

[ S II ] 
H α

)
DIG 

are taken to be the median value of [ S II ] / H α

or the 100 spaxels with the brightest and faintest flux of H α,
espectively, for each galaxy. Following Poetrodjojo et al. ( 2019 ),
e take any spaxels with C H II > 0 . 9 to be H II spaxels, and classify

ll other spaxels as DIG-dominated. For NGC 5236, this leads to 3664
paxels being classified as H II spaxels, and 19607 being identified
s having non-negligible DIG contributions. 

Unlike � H α , [S II ]/H α is an intensive quantity, and does not suffer
he conceptual limitations associated with line-of-sight projections 
etailed in Lacerda et al. ( 2018 ). But it also agrees with the � H α

iagnostic, making it a reliable intrinsic proxy that is consistent with
he � H α method (Blanc et al. 2009 ; Kaplan et al. 2016 ; Poetrodjojo
t al. 2019 ). A drawback of this method is that the decision to use
00 spaxels to classify the reference ratio values for DIG/H II regions
s arbitrary. In the galaxies in our sample, this corresponds to 0 . 4 −
 . 8 per cent of spax els. We leav e analysis on how this hyperparameter
ffects the realised DIG/H II distributions to dedicated studies of DIG
lassification. 
MNRAS 514, 4465–4488 (2022) 
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2.2 BPT diagnostics 

s an additional measure, we also classify spaxels as H II /DIG-
ominated using the classical emission line ratio diagnostic dia-
rams, commonly known as BPT diagrams (Baldwin et al. 1981 ;
eilleux & Osterbrock 1987 ). This methodology is also used by
umari et al. ( 2019 ) when constructing DIG-corrected versions of

he O 3 N 2 /RS 32 metallicity diagnostics. For consistency with this
tudy, we adopt the same diagnostics to distinguish H II regions
rom DIG used by Kumari et al. ( 2019 ), using the demarcation
ine published by Kauffmann et al. ( 2003 ) on the [O III ]/H β–
N II ]/H α diagram, and the K e wley et al. ( 2001 ) demarcation line
n the [O III ]/H β-[S II ]/H α diagram. These diagnostics are some
f the oldest, most well tested and trusted ways in which ionization
rom H II regions is distinguished from other sources of ionization
nd show quantitative agreement with other diagnostics (Lacerda
t al. 2018 ). While they are traditionally used to classify galaxies
NRAS 514, 4465–4488 (2022) 
nd not regions within galaxies, these diagnostics are applicable to
ll spaxels in IFU datacubes with sufficient S/N (see e.g. Davies et al.
014a , b ; K e wley et al. 2019 ; S ́anchez 2020 ). 
We note that these different diagnostics predict a different number

f H II spaxels and DIG regions for each galaxy. For NGC 5236, using
he N2-based BPT diagnostic, 7232 spaxels are identified as H II spax-
ls, and 2008 are classified as being DIG-dominated; ho we ver, when
he S2-based BPT diagnostic is used, 8819 spaxels are identified as
 II spaxels, and only 307 are classified as DIG-dominated. For this

eason, we caution the reader that the classification of each spaxel
s being H II /DIG dominated depends on the DIG diagnostic used.
o o v ercome this dependence, analogous Figures to those presented

n this work are shown for all DIG diagnostics in the supplementary
aterial (available online). 
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