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ABSTRACT
We investigate the nature of the scaling relations between the surface density of star formation rate (ΣSFR), stellar mass (Σ∗),
and molecular gas mass (ΣH2 ), aiming at distinguishing between the relations that are primary, i.e. more fundamental, and those
which are instead an indirect by-product of the other relations. We use the ALMaQUEST survey and analyse the data by using
both partial correlations and Random Forest regression techniques.We unambiguously find that the strongest intrinsic correlation
is between ΣSFR and ΣH2 (i.e. the resolved Schmidt-Kennicutt relation), followed by the correlation between ΣH2 and Σ∗ (resolved
Molecular Gas Main Sequence, rMGMS). Once these two correlations are taken into account, we find that there is no evidence
for any intrinsic correlation between ΣSFR and Σ∗, implying that SFR is entirely driven by the amount of molecular gas, while
its dependence on stellar mass (i.e. the resolved Star Forming Main Sequence, rSFMS) simply emerges as a consequence of the
relationship between molecular gas and stellar mass.
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1 INTRODUCTION

Star formation rate is observed to correlate strongly with both stellar
mass (Brinchmann et al. 2004; Whitaker et al. 2012; Renzini & Peng
2015) and molecular gas mass (Schmidt 1959; Kennicutt 1998b),
both for the integrated quantities and also on spatially resolved scales.
It is important to understand which of these correlations are the
strongest and most important, and which of them are secondary
relations possibly resulting from the others.
The resolved Schmidt-Kennicutt (rSK) (Schmidt 1959; Kennicutt

1998b) relation connects molecular gas mass surface density, ΣH2 ,
and the star formation rate surface density, ΣSFR (Bigiel et al. 2008;
Leroy et al. 2013; Utomo et al. 2017). In particular, it quantifies how
an increase in resolved molecular gas mass results in an increase in
star formation rate. The Schmidt-Kennicutt relation is well under-
stood, to a first order, in terms of molecular gas providing the fuel
for star formation (Kennicutt 1998b).
The Star Forming Main Sequence (SFMS) is an empirically de-

rived relation which connects stellar mass and star formation rate,
both globally (Brinchmann et al. 2004), between M∗ and SFR, and
locally (Sánchez et al. 2013; Cano-Díaz et al. 2016; Hsieh et al. 2017;
Enia et al. 2020), between Σ∗ and ΣSFR. This correlation is typically
found to be close to linear, or slightly sub-linear.
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A relationwhich has been highlightedmore recently is the resolved
Molecular Gas Main Sequence (rMGMS), as found in Lin et al.
(2019) and Ellison et al. (2021a) (for star forming regions), and then
extended in Ellison et al. (2021b) and Lin (2021) to passive regions
and green valley galaxies. Evidence for the existence of the rMGMS
was also found in Morselli et al. (2020); Pessa et al. (2021); Barrera-
Ballesteros et al. (2020). The rMGMS connects the molecular gas
mass surface density and stellar mass surface density.
Clearly, the three relations discussed above, between ΣSFR, Σ∗ and

ΣH2 , are interconnected with each other. This leads to the question:
are all three of these relations equally important and associated with
physical processes, or are some of them a by-product of the oth-
ers? Lin et al. (2019) investigated this question on spatially resolved
scales by analysing star forming regions in 14main sequence galaxies
selected from the ALMA-MaNGA QUEnching and STar formation
(ALMaQUEST) survey (Lin et al. 2020). They measured the Pearson
correlation coefficients between each two of the three quantities and
their scatter. They found that, in terms of correlation strength and
scatter, the rSK relation was the strongest. After the rSK relation,
the next most important scaling relation was found by them to be the
rMGMS, whilst the least important relationship was found to be the
rSFMS.
They suggest that the form of the relations among the resolved

quantities (ΣSFR, Σ∗ and ΣH2 ) are all essentially the same, and that
the three parameters (ΣSFR, Σ∗ and ΣH2 ) can be characterised by a
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line (or cylinder) in 3D log-log space, with the individual relations
(rSK, rSFMS, and rMGMS) being simply 2D projections of this 3D
relation. This result is also confirmed by the findings of (Sánchez
et al. 2021).
Lin et al. (2019) suggested a scenario to explain the rMGMS in

whichmolecular gas is accreted (or retained) preferentially in regions
of deeper gravitational potential. These regions may be dominated by
the stellar mass, or both the stellar mass and molecular gas could be
tracing deeper gravitational potential regions associated with dark
matter. Lin et al. (2019) also proposed that the rSFMS is a by-
product of the rSK and rMGMS relations, as suggested by the fact
that the rSFMShas the largest scatter and smallest Pearson correlation
coefficient. Ellison et al. (2021a) subsequently confirmed the small
scatters and stronger correlations of the rSK and rMGMS on a larger
sample, a result also supported by independent datasets (Morselli
et al. 2020). The resolved scaling relations have also been observed
at higher spatial resolutions, such as in Pessa et al. (2021), where
they explored scales as small as 100pc. They found that the scaling
relations were recovered at these scales.
In Ellison et al. (2021b) the investigation of the rMGMS is ex-

tended to the passive, retired spaxels and comparison is made be-
tween the star forming and non star forming spaxels. They found
that there was a resolved Molecular Gas Main Sequence for the re-
tired spaxels which was offset from that of the star forming spaxels.
Specifically, for a given Σ∗ the corresponding ΣH2 is lower for the
retired spaxels than for the star forming spaxels. They explained this
via a reduction of gas content leading to lower star formation rates,
through the rSK relation, for the retired spaxels.
Ellison et al. (2020) explored the scaling relations using corre-

lation coefficients and an artificial neural network, finding that, in
agreement with Lin et al. (2019), the most important parameter for
determining ΣSFR was ΣH2 . They also found that the scatter in (i.e.,
the variation above and below) the SFMS was driven primarily by
changes in the star formation efficiency (ΔSFE), with the gas fraction
having a secondary effect. This suggested that it is the star formation
rate relative to the amount of gas that is important rather than simply
the amount of gas.
In this paper we further investigate the nature of, and the connec-

tion between, these scaling relations, and in particular the claims of
Lin et al. (2019) and Ellison et al. (2020), by using two statistically
strong, independent-methods utilising the homogeneous, spatially
resolved information of the full ALMaQUEST sample of 46 local
galaxies. We select star forming regions regardless of the parent
galaxy classification. We determine the strength of the correlations
using Partial Correlation Coefficients. These enable us to avoid the
difficulties involved inmeasuring intrinsic correlations between three
interconnected quantities. We also use the machine learning based
Random Forest method, which enables us to simultaneously inves-
tigate the importance of different galactic properties in determining
a target quantity, specifically ΣSFR, without any assumption on the
linearity or monotonicity of the relations. This also enables us to as-
sess the relative performance of each parameter in determining ΣSFR
considering a wide variety of alternative parameters simultaneously.
We are aware that our new statistical analysis confirms the conclu-

sions in Lin et al. (2019) and Ellison et al. (2020), but we place these
on a more robust statistical footing. More explicitly, we unambigu-
ously rule out the possibility for measurement errors or non-linearity
of the relations impacting the key insight, i.e. that the rSFMS is an
emergent relation arising purely out of logical necessity from two
more fundamental scaling laws - the rSK and rMGMS relations.
Throughout the paper we assume 𝐻0 = 70km s−1 Mpc−1, Ω𝑚 =

0.3 and ΩΛ = 0.7.

2 DATA & METHODS

2.1 MaNGA

We use the publicly released (DR15), resolved, optical spectroscopic
data obtained by the MaNGA (Mapping Nearby Galaxies at Apache
Point Observatory) survey (Bundy et al. 2015) 1 analysed through
the PIPE3D pipeline (Sánchez et al. 2016). The MaNGA survey
was part of the fourth-generation of the Sloan Digital Sky Survey
(SDSS) (Blanton et al. 2017) and usedmultiple fibre bundles to obtain
spatially resolved spectra of approximately 10,000 local (𝑧 ∼ 0.03)
galaxies with a spectral resolution R∼2000 across the spectral range
_3600–10300Å. The sample was designed to be representative of
the local galaxy population, by including both star forming main
sequence and quiescent galaxies and selected to have a flat stellar
mass distribution between 109M⊙ and 1011M⊙ . Two samples were
identified, one covering galaxies out to 1.5 effective radii (1.5𝑅𝑒) and
a second one covering galaxies out to 2.5 effective radii (2.5𝑅𝑒). No
selection was done on galaxy morphology (further details about the
survey are given in Bundy et al. 2015; Wake et al. 2017; Yan et al.
2016; Law et al. 2016).
From the data products we primarily use the spectral emission

line fluxes, stellar mass per spaxel (derived from spectral fitting with
SSP), and H𝛼 equivalent widths. From the PIPE3D Value Added
Catalogue we use the total stellar mass per galaxy. The NASA-Sloan
Atlas provides us with the galaxy’s redshifts, inclination, and the
galactocentric distance of each spaxel (as measured from the centre
of their respective galaxy).

2.2 ALMaQUEST

We use data from the ALMaQUEST2 survey (Lin et al. 2020), which
is a survey performed with the Atacama Large Millimetre Array
(ALMA), designed to obtain CO(1-0) 115GHz measurements from
46 local galaxies that are included in theMaNGA survey (Bundy et al.
2015). The galaxies were chosen to span a broad range, in terms
of specific star formation rate (sSFR), across the main sequence,
including green valley and starburst galaxies. The angular resolution
of the ALMA measurements is around 2.5”, matching that of the
MaNGA observations, and the sensitivity of the CO line flux ranges
from about 0.02 to 0.1 Jy km s−1 beam−1. A detailed description
of the ALMaQUEST survey and of its observational parameters is
given in Lin et al. (2020).

2.3 Derivation of the physical quantities

We choose spaxels with S/N>2 in all emission lines, H𝛼, H𝛽,
[OIII]_5007, [NII]_6584, [SII]_6717,31 and CO(1-0). This enables
us to maximise the number of spaxels available for analysis. We test
the stability of the results by applying higher signal to noise cuts,
and find no significant differences. We also only select spaxels with
a H𝛼 equivalent width greater than 6 Angstroms (EW(H𝛼)>6Å) to
minimise possible contamination from diffuse ionised gas. We note
that this selection tends to avoid spaxels with low sSFR, relative to
the resolved Star FormingMain Sequence, however this is acceptable
in this analysis as our focus is to investigate the scaling relations on
the Main Sequences, and in particular the origin of the rSFMS.
As we are investigating the scaling relations for star forming re-

gions we need to separate them from the other regions of the galaxies.

1 https://www.sdss.org/dr15/manga/manga-data/
2 For more information see https://arc.phys.uvic.ca/ almaquest/
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In addition to theEWconstraint discussed above, star forming regions
are selected using the [NII]–BPT diagram (Baldwin et al. 1981), with
the Kauffmann et al. (2003) dividing line for star forming regions.
The specific BPT requirement is also needed to determine the metal-
licity (as metallicity diagnostics are well calibrated only for star
forming regions), which will be required when using the metallicity-
dependent CO conversion factor. Note that these criteria select HII
regions, i.e. star forming spaxels, regardless of the classification of
the parent galaxy they belonged to, e.g. we are also selecting SF
spaxels in Green Valley galaxies (as well as in starburst galaxies).
The flux of nebular emission lines are corrected for dust extinction

by using the Cardelli et al. (1989) extinction curve, with 𝑅𝑉 = 3.1,
and the Balmer decrement 𝐹𝐻𝛼/𝐹𝐻𝛽 to estimate the dust reddening
(assuming an intrinsic ratio of 2.86, corresponding to case B re-
combination, and a temperature of 104 K). The extinction-corrected
H𝛼 flux is then used to determine the star formation rate using the
relationship from Kennicutt (1998a) (assuming a Salpeter IMF)

SFR[M⊙yr−1] = 7.9 × 10−42𝐿H𝛼 [erg s−1] . (1)

Metallicities of the spaxels are calculated using the empirical
strong line calibrations given in Curti et al. (2017) and specifically
using the following diagnostic ratios, R3 = log( [OIII]5007/H𝛽),
N2 = log( [NII]6584/H𝛼), and S2 = log( [SII]6717, 31/H𝛼).
To determine the molecular gas mass we convert the CO flux into

a CO luminosity following the process detailed in Solomon et al.
(1997). We are then able to calculate the molecular gas mass by
applying a constant Milky-Way-like CO conversion factor as in Lin
et al. (2020), defined as (Bolatto et al. 2013)

𝛼CO = 4.35M⊙ (K km/s pc2)−1. (2)

We also test a metallicity-dependent conversion factor, as in Lin et al.
(2020), given by (Sun et al. 2020)

𝛼CO = 4.35
(
𝑍

𝑍⊙

)−1.6
M⊙ (K km/s pc2)−1, (3)

where 𝑍/𝑍⊙ is the gas metallicity relative the solar value. We find
that the metallicity-dependent conversion factor does not alter our
results significantly and we note that the general results remains the
same for either conversion factor.
A galaxy inclination cut is applied which removes any star forming

regions belonging to highly inclined galaxies; this is to avoid signif-
icant uncertainties associated with strong projection effects when
estimating the surface densities and also complex dust extinction
effects. We remove spaxels belonging to galaxies with axial ratios
𝑏
𝑎 < 0.35, replicating the criterion used in Ellison et al. (2021a).
We tested a stricter inclination cut of removing spaxels belonging to
galaxies with axial ratios 𝑏

𝑎<0.5 and found that it had no significant
effect on our results, hence reassuring us that inclination effects (at
least for galaxies with b/a>0.35) are not significantly affecting our
results.
We correct all surface density quantities for inclination, such that

log(Σ)corrected = log(Σ)observed + log
(
𝑏

𝑎

)
, (4)

which does not significantly effect any of our results.
We then apply a stellar mass surface density cut of

log(Σ∗ [M⊙/kpc2])>7 to the remaining spaxels, in order to remove
the few spaxels whose stellar continuum is so faint that their stellar
mass surface density was estimated with significant uncertainty. In
total this gives us 17,072 star forming spaxels belonging to 36 galax-
ies. In our later analysis, we remove very few outliers which have
measurements that are deviating by more than 3𝜎 from the mean (`)

for each quantity (assuming a Gaussian distribution) and which are
likely associated with observational artifacts. We also test our results
by not including the outlier cut, finding that whether the outlier cut
is included or not, does not impact our findings.

3 RESULTS

3.1 Partial Correlation Coefficient Results

Partial Correlation Coefficients allow us to disentangle the relation-
ships between three quantities that all appear correlated with each
other, in a way that other techniques, such as Pearson’s r, do not.
More specifically, Partial Correlation Coefficients allow the investi-
gation of correlations between two quantities whilst keeping constant
(controlled) the third quantity, hence enabling us to inspect the true
correlations between two quantities that are not driven by their cor-
relation with the third quantity. Quantitatively, the partial correlation
coefficient between two quantities A and B, whilst controlling for
quantity C, is given by

𝜌𝐴𝐵 |𝐶 =
𝜌𝐴𝐵 − 𝜌𝐴𝐶 𝜌𝐵𝐶√︃
1 − 𝜌2

𝐴𝐶

√︃
1 − 𝜌2

𝐵𝐶

(5)

as in Lawrance (1976), where 𝜌𝑖 𝑗 is the Spearmann rank correlation
coefficient which is calculated between the quantities 𝑖 and 𝑗 . We
note that a monotonic relation between quantities is a requirement
for the Partial Correlation Coefficients to be meaningful, and that
this is approximately true in our data.
Figure 1 shows the plot for Σ∗ vs ΣH2 with the mean ΣSFR colour-

coded on the 𝑧 axis. The contours in Figure 1 show the density of
spaxels on the diagram. This is a form of 3-dimensional plot which,
as we will discuss more in detail below, illustrates the three scaling
relations discussed in Section 1 simultaneously (i.e. rSK, rSFMS
and rMGMS). This representation already qualitatively and visually
illustrates that, at a fixed Σ∗, ΣSFR varies significantly with Σ𝐻2 .
However, at a fixed Σ𝐻2 , ΣSFR varies very little (or not at all) with
Σ∗ (i.e. the colour gradient is nearly vertical). Therefore, visually,
this illustrates that the dependence between ΣSFR and Σ𝐻2 is almost
independent of Σ∗; yet, the dependence of ΣSFR on Σ∗ is highly
dependent on (and actually nearly totally driven by) Σ𝐻2 .
For a more quantitative analysis in this plot, the Partial Correlation

Coefficients can be used to determine an arrow that points in the
direction of the largest gradient in the 𝑧 colour-coded quantity. The
equation for determining the angle in a diagram, with 𝐴, 𝐵, being the
quantities on the 𝑥 and 𝑦 axis, respectively, and 𝐶 being the quantity
on the 𝑧 axis, is given by (adapting equation from Bluck et al. 2020a;
Piotrowska et al. 2020)

tan(\) =
𝜌𝐴𝐶 |𝐵
𝜌𝐵𝐶 |𝐴

(6)

where the angle \ is measured from the positive 𝑦 axis (in a clockwise
orientation). The errors on the angle \ are computed via bootstrap
random sampling, where we take 100 random samples of the data
with replacement and compute their standard deviation (with the
sample size equal to the dataset).
Note that the colour-coding technique and partial correlation co-

efficient arrow are useful to determine the dependence of the third
(colour-coded) quantity on the other two, 𝑥 and 𝑦 quantities. However,
these techniques should not be used to determine the dependence of
either the 𝑥 or 𝑦 quantities on the third 𝑧 (colour-coded) quantity; if
used with the latter goal, results can be deceiving due to potential
strong projection effects along the z-axis.

MNRAS 000, 1–7 (2021)



4 W. M. Baker et al.

7.5 8.0 8.5 9.0 9.5

log(Σ∗[M�/kpc2])

6.5

7.0

7.5

8.0

8.5

lo
g(

Σ
H

2
[M
�

/k
p

c2 ])

Arrow Angle
θ=2.9±0.8◦

ODR
1.04±(0.01) log(Σ∗)
-1.46 ±(0.06)
σ = 0.22

−2.2

−2.0

−1.8

−1.6

−1.4

−1.2

−1.0

lo
g(

Σ
S
F
R

[M
�

/y
r/

kp
c2 ])

Figure 1. The molecular gas surface density vs the stellar mass surface
density, colour-coded by the star formation rate surface density. The partial
correlation coefficient arrow points in the direction of the steepest gradient
in the 𝑧 colour-bar quantity. The arrow angle is given by \ (defined in eq. 6).
The blue line is the best fit of the ΣH2 − Σ∗ relation calculated using ODR.
The contours give the density of spaxels, with the outer contour enclosing
90% of the spaxels sample.

As can be clearly seen from the colour gradient and from the
partial correlation coefficient arrow in Fig.1, the most important
quantity responsible for increasing the star formation rate surface
density is the molecular gas mass surface density - this reveals that
the Schmidt-Kennicutt relation is the primary relation driving ΣSFR
for star forming regions, as previously found in the ALMaQUEST
data byEllison et al. (2020).Once the dependence onΣH2 is taken into
account, Figure 1 shows that Σ∗ plays little or no role in determining
the ΣSFR.
The contours in Figure 1 also illustrate the relation between Σ∗

and ΣH2 , which has already been identified as the resolvedMolecular
Gas Main Sequence by Lin et al. (2019). We have fitted it with an
orthogonal distance regression (ODR) in log-log, shown by the blue
line, with slope ∼ 1, specifically:

log (ΣH2 ) = 1.04 (±0.01) log (Σ∗) − 1.44 (±0.06) . (7)

We also mention, for completeness, that with our ALMaQUEST
data the Schmidt-Kennicutt relation has the form:

log (ΣSFR) = 1.19 (±0.01) log (ΣH2 ) − 10.41 (±0.05) . (8)

The combination of these relations in figure 1 reveals that the
resolved Star Formation Main Sequence, i.e. the relation between
ΣSFR and Σ∗, is not an intrinsic property of galaxies, rather it stems
from the Schmidt-Kennicutt relation (dependence of ΣSFR on ΣH2 )
and from the rMGMS (dependence ofΣH2 onΣ∗), i.e. in confirmation
of Lin et al. (2019).
Figure 2 shows these results simultaneously and more quantita-

tively by giving the Partial Correlation Coefficient values for the
three quantities in pairs, whilst controlling the third quantity. The
partial correlation coefficient between ΣH2 and ΣSFR is the largest,
followed by that between Σ∗ and ΣH2 . From this it can be inferred
that the resolved Schmidt-Kennicutt relation is the strongest, closely
followed by the rMGMS. The partial correlation coefficient between
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Figure 2. Partial Correlation Coefficients between Σ∗, ΣSFR and ΣH2 with
the third quantity held constant. The colour coding shows the strength of the
partial correlation coefficients. Errors obtained by bootstrap random sampling
are of the order ∼ 0.01 or less.

Σ∗ and ΣSFR is nearly zero, which clearly demonstrates that the ΣSFR
- Σ∗ relation is not fundamental, but rather arises out of the other two
more fundamental scaling relations. Errors for the partial correlation
coefficients, obtained by bootstrap random sampling, are of the order
∼ 0.01 or less.
These results unambiguously confirm the result of Lin et al. (2019)

and Ellison et al. (2020), that the Star Forming Main Sequence is
a by-product of the Schmidt-Kennicutt relation combined with the
Molecular Gas Main Sequence on resolved scales, but more robustly
and with high statistical significance.

3.2 Random Forest Regression Results

We also run a Random Forest regression analysis in order to identify
the most important parameter for determining the star formation rate
surface density. As correlation does not necessarily imply causation,
random forest regression provides an important check on correlation
results, especially as the random forest can find other links that may
be missed.
Random Forest regression is a form of machine learning where

parameter importances can be predicted by using many different de-
cision trees. The decision trees work via trying to reduce the Gini
Impurity (Pedregosa et al. 2012) at each stage of the process. A target
quantity is selected and removed from the data, leaving the features
that could contribute to it. These two datasets, the target and the fea-
tures, are then split into a training sample and a validation sample.
The algorithm is applied to the training sample which sorts the data
into different nodes in several trees in order to minimise Gini Impu-
rity. This creates a model which can then be applied to the validation
sample in order to determine the parameter importances (e.g. Bluck
et al. 2020a,b) (for more details on the Random Forest technique see
Bluck et al. 2021). Random forest regression is particularly useful as
it does not require monotonicity and can uncover highly non-linear
trends. Moreover, it can simultaneously explore the dependence on
multiple inter-correlated quantities (for more details on the Random
Forest technique see Bluck et al. 2021).
We use the random forest to investigate what is the most predic-

tive quantity of ΣSFR among the following: the molecular gas mass
surface density (ΣH2 ), the stellar mass surface density (Σ∗), the total
molecular gas mass (MH2 ), the total stellar mass (M∗), the metallic-

MNRAS 000, 1–7 (2021)
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Figure 3. Bar-chart showing the relative importances of each parameter in
determining the SFR surface density (ΣSFR), from a Random Forest analysis,
for the case of bothmetallicity-independent andmetallicity-dependent molec-
ular gas conversion factor. The error-bars are obtained by bootstrap random
sampling. The mean squared errors (MSE) are shown for both the testing and
the training (validation) set. Clearly, Σ𝐻2 is the most important parameter for
predicting ΣSFR.

ity (𝑍), the galactocentric distance (𝐷), and a random variable (R)
(selected from a uniform distribution).
We check the performance of the random forest for both the training

and test samples to ensure we avoid overfitting the training data. We
do this by plotting the ΣSFR target against predicted for both the
training and testing samples and comparing theirmean squared errors
(MSE). By fine-tuning the hyper-parameters using a randomized
cross search validation method we minimise the difference between
the MSE of the train and test samples.
Figure 3 shows the parameter’s importance in determining ΣSFR

for both the metallicity independent (dark blue) and metallicity de-
pendent (light blue) CO conversion factor. Figure 3 demonstrates that
the random forest regression unambiguously identifies the molecular
gas mass surface density, ΣH2 , as the most important parameter for
determining the star formation rate surface density, in agreementwith
the partial correlation coefficients results (see Ellison et al. (2020) for
similar results using an artificial neural network). All other quantities
have far lower importance. In particular, Σ∗ is consistent with the im-
portance of a totally random variable, i.e. Σ∗ is consistent with being
intrinsically totally unimportant in determining the ΣSFR, once its
dependence on ΣH2 is taken into account. This clearly demonstrates
that the resolved star forming main sequence is not a fundamental
scaling relation.

3.3 Differential Measurement Uncertainty Test

A possible cause of error with this analysis would be that the Par-
tial Correlation Coefficients and Random Forest regression could
have been biased by certain quantities having more or less measure-
ment uncertainty than others. An example of this being if Σ∗ had

significantly more uncertainty than ΣH2 and ΣSFR, then a weaker
correlation would be found between Σ∗ and ΣSFR than that between
ΣH2 and ΣSFR, without this being a true reflection of the intrinsic
correlations. In order to investigate this possibility we performed
a differential measurement uncertainty test, which involves observ-
ing how much the noise of one of the measurements needs to be
artificially boosted, in order to invert the previously observed trend.
We artificially add Gaussian random noise to (just) ΣH2 , by in-

creasing 𝜎 until the partial correlation between Σ∗ and ΣSFR reaches
the previous level of that between ΣH2 and ΣSFR. We add Gaus-
sian noise in units of 𝜎∗, i.e. the uncertainty affecting Σ∗, which we
conservatively assume to be 0.2 dex (Mendel et al. 2014). We find
that even adding 9𝜎∗ additional noise to Σ𝐻2 the partial correlation
coefficient between Σ∗ and ΣSFR does not reach that of the previous
value between ΣH2 and ΣSFR. This is illustrated in Figure 4, which
shows the differential measurement uncertainty test results. Plotted
are the partial correlation coefficient results between Σ∗, ΣSFR, and
ΣH2 (where 𝜌𝑋𝑌 is the partial correlation coefficient between quanti-
ties 𝑋 and𝑌 , controlling for 𝑍), in the case of: no added noise (giving
obviously the same result as figure 2); 3𝜎∗ of Gaussian random noise
added to ΣH2 ; and 9𝜎∗ of Gaussian random noise added to ΣH2 . The
errors are obtained by bootstrap random sampling (100 times with
the sample size equal to the dataset). As can be seen in figure 4, it
requires at least 9𝜎∗ of Gaussian random noise to be added to ΣH2 in
order to completely invert the trend. Even so, the Partial Correlation
Coefficient between ΣSFR and Σ∗ (controlling for Σ𝐻2 ), in the case
of Σ𝐻2 having errors so enormously boosted, (rightmost pink bar)
has not yet reached the same value obtained for the Partial Correla-
tion Coefficient between ΣSFR and Σ𝐻2 (controlling for Σ∗) without
boosting of the errors (leftmost dark blue bar).
This can be interpreted as follows: in order to disrupt the strength

of the correlation between ΣSFR and ΣH2 , and make it as weak as the
(lack of) correlation between ΣSFR and Σ∗, we need to artificially
increase the uncertainty ofΣH2 by the order of 9 times the uncertainty
of Σ∗. Since it is implausible that the uncertainty on ΣH2 has been
underestimated by such a large factor, this result strongly disfavours
the possibility of uncertainty contributing to skewing the partial
correlation results.
We also performed the differential measurement test for the Ran-

dom Forest regression and again found that, in order for Σ∗ to obtain
the same importance as ΣH2 in predicting ΣSFR, we needed to add a
minimum of 9𝜎∗ of extra uncertainty to ΣH2 . This provides another
independent test of the partial correlation coefficient results.

4 DISCUSSION

Our primary goal is determining the relative importance and origin
of the resolved scaling relations for star forming regions. We found
that the strongest scaling relation is the resolved Schmidt-Kennicutt
relation between ΣH2 and ΣSFR, which follows from molecular gas
fuelling star formation: the greater the amount of molecular gas
available in a region of a galaxy, the greater the star formation in
that region. We found that the partial correlation coefficient for this
relationship is 𝜌 = 0.60 (between ΣH2 and ΣSFR whilst controlling
for Σ∗), making it the largest. We also found that the Random Forest
regression clearly identifies ΣH2 as the most important parameter, by
far, in contributing to the determination of ΣSFR, instead of Σ∗ and
several other variables of interest.. The Random Forest regression is
useful for adding further confirmation. As has been statedmany times
before, correlation does not necessarily imply causation. Including
Random Forest regression into our analysis, alongside Partial Cor-
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Figure 4. The partial correlation coefficients between the three quantities,
Σ∗, ΣSFR, and ΣH2 , where 𝜌𝑋𝑌 is the partial correlation coefficient between
quantities 𝑋 and 𝑌 , controlling for 𝑍 . The three scenarios outlined are: the
standard case, as in figure 2, and after the addition of 3𝜎∗, and 9𝜎∗, worth
of Gaussian random noise to Σ𝐻2 .

relation Coefficients, enables us to get closer to testing the causality
of this relationship (see Bluck et al. 2021, for various tests on the
extraction of causation from correlation using the RF technique.)
The resolved Molecular Gas Main Sequence was found to be the

second strongest relationship, via the Partial CorrelationCoefficients,
with a value of 𝜌 = 0.53 between ΣH2 and Σ∗. Explaining the causal-
ity in this case is more complicated. It is apparent that, if there is
causality here, it is ΣH2 that depends upon Σ∗, rather than the in-
verse. A possible explanation for this could be, as was suggested in
Lin et al. (2019), that the molecular gas is following the gravitational
potentials of the galaxy. The stellar mass surface density (Σ∗) would
either be the cause of these gravitational potentials (as in the case of
small dark matter content), or would itself follow the gravitational
potentials (possibly dominated by dark matter) alongside ΣH2 in-
ducing the correlation. It would therefore be interesting to explore
whether the dependence of ΣH2 is really upon the stellar mass (as in
the first scenario), the dynamical mass (as in the second) or a separate
quantity.
The resolved Star Forming Main Sequence is found to simply

be a by-product of the resolved Schmidt-Kennicutt relation and the
resolved Molecular Gas Main Sequence. This is supported by the
nearly null partial correlation coefficient betweenΣ∗ andΣSFR, whilst
controlling for ΣH2 , of 𝜌 = 0.03. Further evidence comes from the
Random Forest regression results, where Σ∗ is found to have no role
in determining ΣSFR (see figure 3). Therefore, we find that the star
formation rate does not causally depend on the stellar mass surface
density. This provides additional statistical evidence to support the
conclusions of Lin et al. (2019) and Ellison et al. (2020).
The differentialmeasurement uncertainty test enables us to rule out

uncertainties in the measurements as significant contributing factors
to our results. This ensures that the Partial Correlation Coefficient
results and Random Forest regression have not been skewed by noisy

data. Our analysis shows that this scenario is heavily disfavoured for
our results.
One area of uncertainty concerns the overlap of quality measure-

ments. Spaxels with strong CO flux can have poor H𝛼 flux (hence
poor SFRs), whilst spaxels with strong H𝛼 flux can have poor CO
flux. An area for further analysis would be what effect this overlap of
quality measurements has on our results. This could be investigated
by stacking spectra for the undetected regions. We do note, however,
that this should not be a major issue with our analysis, as we are
primarily selecting spaxels on the Main Sequence.
An interesting point of discussion is whether these results also

apply to the integrated, global properties (M∗, SFR, and M𝐻2 ). This
aspect is being explored by combining data from multiple surveys
and the results will be presented in a forthcoming paper.
We finally mention that Dou et al. (2021) claim that the more fun-

damental scaling relations are those that exist between the gas frac-
tion (Mgas/M∗) and specific star formation rate (sSFR = SFR/M∗),
which, as a consequence leads to relations of them both with star
formation efficiency (SFE = SFR/Mgas). These relations could then
have counterparts on resolved scales. Since these relations do not
involve directly observed quantities, rather a combination of ΣH2 ,
ΣSFR, and Σ∗, it is more difficult to test these relations with our
methodology. However, these scaling relations will be explored in a
separate paper.

5 CONCLUSIONS

We use data from the MaNGA and ALMaQUEST surveys to explore
the spatially resolved scaling relations between ΣSFR, ΣH2 and Σ∗.
We improve upon previous work by employing Partial Correlation
Coefficients and a Random Forest regression analysis. Both of these
techniques are highly effective at extracting causality from inter-
correlated data.
We summarise our results as follows:

(i) The Partial Correlation Coefficient analysis shows that ΣSFR
depends directly on just ΣH2 (resolved Schmidt-Kennicutt relation)
and has no intrinsic dependence on Σ∗ (resolved Star Forming Main
Sequence).
(ii) We confirm the existence of a resolved Molecular Gas Main

Sequence (rMGMS) between ΣH2 and Σ∗.
(iii) OurRandomForest regression analysis confirms that themost

important parameter driving ΣSFR is ΣH2 , while all other galactic
parameters have far less importance. In particular, Σ∗ does not play
a role.
(iv) Therefore, the resolved Star FormingMain Sequence is not an

intrinsic property of galaxies, it is simply an emergent by-product of
the resolved Schmidt-Kennicutt relation and the resolved Molecular
Gas Main Sequence.
(v) We rule out differential measurement uncertainty as a plausi-

ble origin of these results.
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