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ABSTRACT

We apply the marked correlation function test proposed by Armijo et al. (Paper I) to samples of luminous red galaxies (LRGs)
from the final data release of the Sloan Digital Sky Survey (SDSS) III. The test assigns a density-dependent mark to galaxies
in the estimation of the projected marked correlation function. Two gravity models are compared: general relativity (GR) and
f(R) gravity. We build mock catalogues which, by construction, reproduce the measured galaxy number density and two-point
correlation function of the LRG samples, using the halo occupation distribution model (HOD). A range of HOD models give
acceptable fits to the observational constraints, and this uncertainty is fed through to the error in the predicted marked correlation
functions. The uncertainty from the HOD modelling is comparable to the sample variance for the SDSS-IIT LRG samples. Our
analysis shows that current galaxy catalogues are too small for the test to distinguish a popular f(R) model from GR. However,
upcoming surveys with a better measured galaxy number density and smaller errors on the two-point correlation function, or a

better understanding of galaxy formation, may allow our method to distinguish between viable gravity models.

Key words: large-scale structure of Universe —cosmology: observations —cosmology: theory.

1 INTRODUCTION

After the discovery of the accelerating cosmic expansion, A cold dark
matter (ACDM) became the standard cosmological model (Riess
et al. 1998; Perlmutter et al. 1999). Nevertheless, the cosmological
constant in this model remains unappealing from a theoretical
perspective, which has motivated efforts to look at gravity models
beyond general relativity (GR) to explain the accelerated cosmic
expansion (Joyce, Lombriser & Schmidt 2016). Recently, theories
that modify the model of gravity by adding Lagrangian metric
variations of the scalar field have been studied intensively (Clifton
et al. 2012). However, some of these modified gravity (MG) models
have been ruled out by the detection of gravitational waves and
their optical counterparts with the same propagation speed (Baker
etal. 2017; Creminelli & Vernizzi 2017; Ezquiaga & Zumalacarregui
2017). Such tight constraints illustrate the way in which a range of
modified gravity models remain viable and demonstrate the need to
devise new probes of gravity (Heymans & Zhao 2018; Baker et al.
2021; Arai et al. 2023).

A model that is a simple extension of GR is the f(R) model of
gravity (De Felice & Tsujikawa 2010), in which the Ricci scalar,
R, is perturbed in the Einstein—Hilbert action by the addition of
a function f(R). This modification acts to enhance gravity, by
producing an effective ‘fifth force’ that reshapes the distribution
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of matter over certain scales. However, the f(R) model includes a
screening mechanism that hides this new physics on scales where GR
works well (Khoury & Weltman 2004), allowing this model to satisfy
Solar system constraints. This elusive fifth force has to be searched
for on cosmological scales where gravity is the dominant force
shaping the formation of large-scale structure. Currently, constraints
on the amplitude of the fifth force are obtained from observations of
the abundance of massive clusters of galaxies (Cataneo et al. 2015),
and weak lensing peak statistics (Liu et al. 2016); modelling forecasts
of these probes for next generation surveys have helped to add more
constraints on MG models (Liu et al. 2021; Harnois-Déraps et al.
2022).

This paper is the second in a series about a new test of gravity
which uses the marked correlation function. The original idea was
proposed by White (2016), who suggested using a mark based on
the local density of a galaxy to compute the marked correlation
function, with the aim of using this to distinguish between gravity
models. This idea was applied in simulations of different gravity
models by Armijo et al. (2018) and Herndndez-Aguayo, Baugh & Li
(2018). In Paper I, we introduced a pipeline to apply the marked
correlation function as a diagnostic of gravity, in which a halo
occupation distribution (HOD) model was used to populate N-body
simulations of different gravity models with galaxies. A key step
in our analysis was the construction of mock catalogues which
match the available observational constraints, namely the unweighted
clustering of galaxies and their abundance, in all of the gravity models
to be tested. This step adds an important contribution to the error

Published by Oxford University Press on behalf of Royal Astronomical Society. This is an Open Access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium,

provided the original work is properly cited.

202 UdJBIN €} U0 1saNB Aq 08E.209./1£99/7/82S/2I0HE/SEIUW/WO0d"dNO"d1Wapeo.//:Sd)y WOy Papeojumoq


http://orcid.org/0000-0002-5795-7028
http://orcid.org/0000-0002-9935-9755
http://orcid.org/0000-0001-9850-9419
mailto:jarmijo.torres@gmail.com
https://creativecommons.org/licenses/by/4.0/

6632  J. Armijo et al.

budget on the predicted marked correlation function, which as we
show later can be comparable to the same variance which results
from the volume probed. In Paper II we describe the application of
our method to current large-scale galaxy catalogues, discussing the
properties of the samples studied in more detail than in Paper I.

Other studies have investigated using the marked correlation func-
tion as a probe of gravity. Satpathy et al. (2019) estimated the marked
correlation function for SDSS-III Baryon Oscillation Spectroscopic
Survey (BOSS) galaxies using the LOWZ sample. These authors
found the LOWZ measurements agreed with simulations of GR-
ACDM in redshift space on scales between 6 < s/(Mpc A~!) < 69.
Their analysis is restricted to these scales due to the challenge of
modelling redshift space distortions (though see Cuesta-Lazaro et al.
2020 and Ruan et al. 2022 for recent improvements that extend the
modelling down to smaller scales). Armijo et al. (2018) showed
that the differences between GR and f(R) gravity are stronger on
smaller scales r < 2 Mpc h~! in real space, which still needs to be
tested.

The structure of this paper is as follows: We describe the data, the
luminous red galaxy (LRG) samples from SDSS-III BOSS twelfth
data release (DR12), in Section 2. Section 3 outlines the estimation of
the marked correlation function. In Section 4 we present the measured
marked correlation function for the LOWZ and CMASS samples,
and discuss how well these results agree with the mock catalogues
made from the GR and f(R) simulations, considering the various
sources of error. In Section 5, we consider the implications of these
results and speculate on how future observations and improvements
in modelling could make the constraints on gravity models using this
test more competitive. Note that the f(R) gravity model was outlined
in section 2 of Paper I, and the simulations used here, along with the
construction of the mock catalogues were described in Section 3 of
the same paper.

2 DATA

We use the LRG samples from the BOSS (Eisenstein et al. 2011;
Dawson et al. 2013), which is part of the SDSS-III programme
DRI12 (Alam et al. 2015). The LRGs are divided into two samples
with different photometric selections that yield galaxies that are
separated in redshift: LOWZ, which contains LRGs over the redshift
range 0.10 < z < 0.43, and CMASS which predominately targets
galaxies in the redshift interval 0.43 < z < 0.70. We decided to
use only the North Galactic Cap (NGC) region of both the LOWZ
and CMASS samples, instead of using the full NGC + South
Galactic Cap (SGC) areas for practical convenience. As these patches
correspond to different areas on the sky, we need to consider
them as different surveys, with different photometric properties and
potentially different systematic errors. Furthermore, the NGC region
covers twice the solid angle of the SGC, and so dominates the
pair counts in clustering estimates. To simplify our analysis, we
decided to use two subsamples extracted from LOWZ and CMASS
which are defined in narrow redshift ranges. For LOWZ we choose
redshifts in the range 0.240 < z < 0.360 while for CMASS, we
limit the selection to redshifts between 0.474 < z < 0.528. This
allows us to perform our analysis with two samples with similar
volumes, where one of the samples has a larger number density.
Also, by restricting the redshift range in this way, the variation
in the number density of galaxies across the sample is greatly
reduced. The catalogues are fully described in Reid et al. (2016),
where further details of the galaxy selection and the use of the
resulting LRG samples for Large-Scale Structure (LSS) studies are
presented.
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Figure 1. The galaxy number density n(z) as function of redshift z for the
BOSS DR12 NGC data. LOWZ (black) and CMASS (grey) samples have
different selection functions which lead to different curves for n(z). Over the
redshift range shown the number density varies strongly for each sample. We
also plot the scaled number density of the random galaxy catalogue (red) from
Reid et al. (2016), used for clustering analyses, and the subsample redshift
selection used in this study LOWZ 0.240 < z < 0.360 (blue dashed line) and
CMASS 0.474 < z < 0.528 (light blue dashed line).

2.1 Galaxy number density

As mentioned above, we select narrower redshift range subsamples
from the LOWZ and CMASS catalogues to obtain samples for
which the number density varies little with redshift, n(z), compared
with the full samples. This allows us to treat the data sample as
having a constant number density which simplifies the clustering
analysis. Fig. 1 shows the dependence of the LRG number density,
n(z), on redshift z, after applying the photometric selection in
the original LOWZ and CMASS samples. The local variation in
n(z) is due to large-scale structure. If we did not restrict the
redshift interval studied in this way, we would be introducing
new dependencies into the properties (e.g. the weight assigned
to each galaxy) that depend on the number density when we
compute the marked correlation function. To avoid this problem,
we define the number density of the survey to be the number of
galaxies divided by the total volume ngps = Nga/Vs. By using a
more restricted volume for both samples this means that there is
less variation in number density, which in turn reduces the error
when computing the clustering and marked clustering. The dashed
lines in Fig. 1 show the redshift limits of these new subsam-
ples.

Using these additional redshift selections results in samples with
roughly uniform number densities over the redshift range being
considered. We can also compare these new samples with simulations
of roughly the same volume when we create the mock catalogues.
With these additional redshift selections and the definition of number
density given above, the galaxy number density of the LOWZ
subsample is n, = 3.097 x 10™* h3Mpc ™, whereas for CMASS
the value is 21 per cent higher, n, = 3.761 x 10~* 13 Mpc 3. This
allows us to evaluate the marked correlation function analysis for
samples with different number densities.
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2.2 Galaxy-galaxy two-point correlation function

Once we have selected the new restricted redshift range of the
subsamples, the next step is to estimate the clustering of galaxies
on different scales. The two-point correlation function can be
computed as the excess probability of finding a pair of galaxies
at a given separation compared with the number of pairs expected in
a random distribution of points. Throughout this study, we measure
the clustering using the projected correlation function wy, which is
an integral over the two-point correlation function & (r,, ), binned
in the separation r, in the projected perpendicular distance, and in
the separation parallel to the line-of-sight, 7. The integral of & (r,, )
is taken over the separation parallel to the line-of-sight direction 7.
Clustering measurements as a function of the perpendicular distance
rp can be considered as being in real space (i.e. free from redshift
space distortions) in the distant-observer approximation (Davis &
Peebles 1983). We take this approach instead of using the redshift
space two-point correlation function £(s) to avoid the influence
of small-scale redshift space distortions, which can complicate the
prediction of the marked correlation function on such scales. These
issues were highlighted by Satpathy et al. (2019), in which the
marked correlation function of LOWZ is presented in redshift space
for pair separations in the range 0.5 < s/(Mpch™!) < 69. These
authors concluded that their results are restricted to these scales by
the limited accuracy with which the clustering in redshift space can
be modelled on small scales (though for recent improvements in this
modelling see Cuesta-Lazaro et al. 2020 and Ruan et al. 2022). To
calculate the projected correlation function and obtain the clustering
signal in real space we integrate &(rp, ) in the 7 -direction:

Wp = E/oog(rp,n)dﬂ. (1
Tp v Jo

As we are not solving this integral analytically we bin &(rp, )
until 7,,,, Which is chosen so that the integral converges to a stable
value. Using the correlation function on scales larger than 7.« tends
to add noise to the estimate, depending on the details of the galaxy
sample. Considering the range of scales we are interested in, we
choose Ty = 804! Mpc, as adopted in Parejko et al. (2013) for
the LOWZ data sample. In Fig. 2, we plot the results for the projected
correlation function as a function of the separation perpendicular to
the line of sight r,, on scales between 0.5 < r,,/(h~'Mpc) < 50 for
both the LOWZ and CMASS subsamples. The correlation functions
show similar features, with a small offset due to the different number
densities that the subsamples have and because the samples probe
galaxies with different bias factors at different redshifts. We note
that the curves cross one another at r, = 7h~' Mpc, which can
be attributed to different slopes being found for the correlation
functions of the LOWZ and CMASS galaxies over the range
2 < rp/(h~'Mpc) < 10. This could be a reflection of the intrinsic
differences between LOWZ and CMASS galaxies, with CMASS
galaxies having a broader colour selection (Tojeiro et al. 2012). We
use the jackknife re-sampling method to compute the uncertainties on
the measurements of wy, (e.g. Norberg et al. 2009). These calculations
can be compared in Fig. 2 with independent estimates, such as
the measurements from Singh, Yu & Seljak (2021), in which w,
is estimated for the LOWZ and CMASS samples as part of these
authors’ study of intrinsic alignments. In Singh, Yu & Seljak (2021)
wy is calculated using the full redshift ranges of the LOWZ and
CMASS samples, with . = 100 h! Mpc (see their Fig. 4). The
different setup used in this study in comparison to that used by Singh,
Yu & Seljak (2021) can explain the small differences between our
results. The broader redshift range used by Singh et al. means a
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Figure 2. The projected two-point correlation function w as a function
of the projected perpendicular pair separation r}, for BOSS DR12 NGC.
The correlation function is measured from the selected subsamples of LOWZ
(black dots) and CMASS (grey dots). Error bars are estimated using jackknife
resampling over 100 jackknife regions. Calculations of w, for GR mock
catalogues at z = 0.3 (black line) and z = 0.5 (grey line) are also shown. We
compare our results with those from Singh, Mandelbaum & More (2015),
where wy, is also calculated for the LOWZ (light bue circles) and CMASS
(light red circles) samples over a much wider range of redshifts in each case.

higher volume of the surveyed galaxies, in particular for CMASS (a
factor of 6 in volume), which has an impact on the estimation of the
uncertainties in wy, being approximately a 40 per cent smaller for
their study.

3 MARKED CORRELATION FUNCTION

We calculate the marked correlation function of the LOWZ and
CMASS samples using marks derived from estimates of the local
density. We use the method developed in Armijo et al. (2023), in
which the marked correlation function is estimated in projection (see
section 5 of Paper I). To compute the marked correlation function we
use the TWOPCF' code to compute wp(rp) for the data and mock
catalogues; this code supports estimators that use weighted pair
counts. The code can also efficiently calculate jackknife errors in
a single loop over the galaxy pairs. To compute the marks based
on the galaxy’s local density we calculate 2D Voronoi tessellations
after dividing each sample into several redshift slices. In the case of
the LOWZ subsample defined between 0.24 < z < 0.36, we create
eight redshift slices with a mean thickness of AZ = 38.42 h~! Mpc,
whereas for CMASS, four samples are defined with a mean thickness
of AZ =30.72h~"Mpc. The projection over AZ is the only
smoothing applied to the sample, besides the Voronoi tessellation.
The slightly smaller slice thickness adopted for the CMASS slices
was chosen to preserve V, the mean volume of a Voronoi cell in each
case, the same as in the simulations, due to the higher galaxy number
density in the CMASS sample compared to LOWZ. To construct
tessellations over the irregular boundary of the survey angular mask,

Thttps://github.com/Istothert/two_pcf
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Figure 3. The marked correlation function M(rp,) as a function of the projected distance r;, for the BOSS galaxy samples and the results from the respective
HOD mock galaxy catalogues from the GR (red) and F5 (blue) simulations. Left panel: M (r,) measured from LOWZ (black dots) at 0.24 < z < 0.36 compared
with the HOD mock catalogues within the 1-o confidence interval from the MCMC fitting of the two-point clustering and number density. Right: same as left
panel, but for the CMASS subsample (grey dots) at 0.474 < z < 0.528. The shaded areas for the models come from selecting the central 68 per cent of all the
family of HOD catalogues of each model, GR, F5 at redshift z = 0.3 (dark red and dark blue) and z = 0.5 (light red and light blue). The error bars on the data
are estimated by applying jackknife resampling to 100 subvolumes of the data. In the bottom panels we show the relative residuals using the data measurements
as a reference, meaning that we display M™04/ AM9%@ — 1 where M™9 is the marked correlation function for each set of HOD parameters and M%@ is the
marked correlation function of LOWZ and CMASS in left and right panels, respectively.

we apply a random sample embedded within a rectangular region
covering the survey edges. This results in any holes left by the mask
being flagged as very low-density regions during the tessellation step.
The only requirement for this random sample wrapping around the
survey is that it should oversample the observed n(z) by a large factor.
We select this factor to be at least 10 times larger than the n(z) of the
galaxies to make sure the result of the marked correlation function
converges to stable values. The mark scheme is equivalent to the one
presented in Satpathy et al. (2019), where the marks based on the
local density definition are combined with the observational weights
when computing the correlation function. We extend the analysis of
Satpathy et al. by making measurements for the CMASS sample as
well as for LOWZ.

The goodness of fit between the predicted marked correlation
function and that measured from the observed samples is quantified
in terms of x2, defined as

X =@ —mWTEx —p), )

where the statistic in question is the marked correlation function
M, x is the realization value of this quantity drawn from the set
of parameters, and u is the observable that we are trying to model.
! is the inverse of the covariance matrix, which includes the
uncertainties in the observation of w. The reduced x? is obtained
by dividing by the number of bins used to estimate the marked
correlation function (10 in our case).

MNRAS 528, 6631-6636 (2024)

4 RESULTS

We plot the measurements of the marked correlation function, M (),
for the LOWZ and CMASS subsamples in Fig. 3. We compare
these measurements with the predictions for the marked correlation
function made using the GR and F5 mock catalogues presented in
(Armijo et al. 2023). The marked correlation function of the LOWZ
sample appears to agree with the predictions from both the GR and
F5 models over the range of scales tested. Within the uncertainties
introduced by the model, both the GR and F5 results overlap on
scales r, > 3 h~! Mpc. On smaller scales, the models show a modest
difference, but not one that is statistically significant given the
LOWZ errors. For the CMASS sample, the results are similar but
show somewhat different features: the observational measurements
at large projected separations, r, > 10 h~! Mpc are again reproduced
by both the GR and F5 models. However, in the CMASS case,
there is also a clear mismatch between models and data on scales
2 < rp/(h~'Mpc) < 10. For smaller scales, r, < 2h~! Mpc, the
data fits the GR model better than F5. Nevertheless, as the model
predictions still overlap given the errors, the difference is still
marginal.

The LOWZ data seems to be a slightly better fit to the GR model
with x2 g = 1.13 in comparison to the F5 model which has x5 =
1.48, where these reduced x2 values are calculated considering the
mean of all the valid models shown in Fig. 3. For the CMASS data,
these values are x72r = 6.21 and x; ps = 14.99, which are higher
in comparison to LOWZ due to the mismatch between the models
and data explained above. Hence, these values are not being used

202 UdJBIN €} U0 1saNB Aq 08E.209./1£99/7/82S/2I0HE/SEIUW/WO0d"dNO"d1Wapeo.//:Sd)y WOy Papeojumoq



1.2 T r
—— HOD modelling
—— Shuffling

1.1F —— JK resampling

S | —_—

~ 1.0} i

z 7———’"
0.9F E
0.8===7 0!

rp [Mpe h™1]

Figure 4. Comparison of the uncertainties estimation of the marked corre-
lation function, M, as function of the scale rp from considering the HOD
modelling (green), the jackknife resampling (red), and the effect of shuffling
(blue). We use the GR HOD mock catalogues from Armijo et al. (2023) to
calculate M(rp). We divide each of the curves by their corresponding mean
values M to show the amplitude of the error bars in more detail.

to calculate the goodness of fit for the CMASS sample and are not
included in the conclusions of this work.

4.1 Marked correlation function error analysis

We now compare the size of different contributions to the uncertainty
in the calculation of the marked correlation function. For the data,
we resample the catalogues to estimate the sample variance using
jackknife errors. To quantify the significance of the mark, we also
shuffle the weights for the marked correlation function calculation.
In the case of the mocks, in addition to the sources of error listed
above, an important contribution to the error estimate comes from
the uncertainty in the model used to create the galaxy catalogues,
the HOD model. In Fig. 4, we compare these sources of uncertainty
in units of the marked correlation function in each case. The first
uncertainty contribution comes from the sample or cosmic variance,
caused by measuring the clustering statistic in a random realization of
the underlying cosmology (Gil-Marin et al. 2010). We use jackknife
resampling (Shao 1986), which is a widely used method to estimate
the effect of sample variance in clustering studies (e.g. Norberg
et al. 2009). The estimation of the jackknife error bar (red line in
Fig. 4) shows a higher fractional uncertainty at small r, than at large
separations, which is expected from previous formulations of the
marked correlation function (Armijo et al. 2018). Another source of
error comes from the correct estimation of weights for individual
galaxies, which gives significance to the individual marks when the
clustering is computed. This can be estimated by doing a shuffle of
the galaxy marks, assigning a random weight to all galaxies, and
recomputing the marked correlation function. The random weights
will erase any correlation between the marks and the clustering,
which will result in M = 1 on all scales. We show the dispersion
of 100 shuffling realizations for the mock in Fig. 4 (blue line).
Finally, we also compare with the uncertainty introduced by the HOD
modelling when creating the mock data, which is explained in Armijo
et al. (2023). The uncertainty estimations in Fig. 4 is divided by the
mean of the corresponding marked correlation functions,M: this
quantity is the mean of the jackknife and shuffling realizations, using
a set of HOD parameters with values close to the mean of all the HOD
values in our sample. This contribution to the error dominates over

BOSS LRG marked correlation function — 6635
the others on small scales, which explains the difference in the size
of the error bars on the results from the data and the mocks in Fig. 3.
These are the scales on which the marked correlation function has the
largest amplitude and hence for which there is the greatest potential
to distinguish between different gravity models. Unfortunately, for
the LOWZ and CMASS samples we have considered, the error from
the range of acceptable HOD models is too large for these data sets
to be able to distinguish the F5 gravity model from GR.

5 CONCLUSIONS AND DISCUSSION

We have applied the marked correlation test of gravity introduced
in Armijo et al. (2023; Paper I) to currently available large-scale
structure samples extracted from the LOWZ and CMASS LRG
catalogues. We compared these results with predictions made from
simulations of the GR and F5 f(R) gravity models, including the
uncertainties introduced by the HOD modelling used to populate the
simulations with galaxies.

The measurements of the marked correlation function for the
LOWZ and CMASS samples show a slight tendency to agree with the
GR model better than F5. However, this conclusion is not statistically
significant once all sources of error are taken into account.

In particular, the HOD modelling used to populate N-body
simulations with galaxies introduces an error that is typically ignored
in the assessment of the forecast for a clustering measurement. This
error arises because a range of HOD models give acceptable fits to
the clustering and galaxy abundance measurements used to constrain
the HOD model parameters (see Paper I). In Armijo et al.(2023) we
argued that it is essential to fold this HOD model uncertainty through
the mock pipeline. Here, we have demonstrated that for the LOW and
CMASS samples studied, this contribution to the error budget for the
marked correlation function dominates on small scales, compared to
sample variance and the error from shuffling the marks.

When compared to the LOWZ data (left panel in Fig. 3), the
marked correlation is in agreement with both the GR and F5
simulations within the error bars estimated from the HOD modelling.
The same analysis is more complex in the case of CMASS data (right
panel of Fig. 3), as there is a disagreement between the proposed
models and the data. This disagreement comes from a limitation
of the model to replicate the CMASS data, which is comprised
of slightly ‘bluer’ galaxies than the ones in the LOWZ sample
(Maraston et al. 2013), due to the broader range in both magnitude
and colour accepted compared with other LRG samples (Tojeiro
et al. 2012; Guo et al. 2013); this selection is to increase the number
density of galaxies at higher redshift. This selection can be harder
to capture with the simple HOD model used here, which could lead
to discrepancies between the model and the data. Furthermore, the
comparison between the error bars of the model and data in Fig. 4,
indicates that the HOD model introduces more uncertainty (around
a factor of 2) on the scales where the disagreement is found.

We find no sign of any departure from GR for the LOWZ data,
which confirms the conclusions reached by Satpathy et al. (2019),
who measured the two-point correlation function in redshift space
for separations in the range 6 < s/(Mpc h™!) < 69. Our results are
presented in the projected space, extending the calculation down to
small scales with r, ~ 0.52~! Mpc. We can calculate the goodness
of fit for the LOWZ data obtaining X&GR = 1.13 and XI%AFS = 1.64,
which indicates that LOWZ fits the GR model better. Hdwever, the
value of XiFS is not enough to rule out the F5 model with this data
alone. For CMASS we note that the higher number density of the
sample reduces the estimated error on the uncertainties including
sampling variance, which could help to constrain the models further

MNRAS 528, 6631-6636 (2024)
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(Seljak, Hamaus & Desjacques 2009). Nevertheless, systematic
effects make the data disagree with both models on scales between
2 < r,/(h~'Mpc) < 7 which limits the conclusions we can reach
from this data set. We attribute such differences to the selection
function of the CMASS sample, which retains a broader selection
of magnitude and colours than the LRG LOWZ sample. This can
also be seen in Fig. 2, where the projected correlation function of the
CMASS sample (grey squares) also behaves differently from the one
from LOWZ (black dots). In conclusion, the LOWZ data is consistent
with both the GR and F5 simulations. The same conclusion cannot
be applied to CMASS, as the marked correlation function is more
sensitive to its selection function.

This leads naturally to speculation about what would need to
improve for the test proposed by (Armijo et al. 2023) to be in a
position to distinguish between currently viable gravity models. The
dominant source of error on small scales, on which the marked
correlation function is largest, is the allowed range of HOD models.
Using a more sophisticated HOD model might improve the perfor-
mance of the mock at reproducing the clustering measured for the
CMASS sample. However, this would come at the expense of greater
freedom in a larger HOD parameter space and presumably even
greater uncertainty in the marked correlation function on small scales.
Alternatively, the HOD model could be replaced by a calculation with
less uncertainty, or equivalently, fewer parameters. For example, with
a higher resolution N-body simulation to hand, a subhalo abundance
matching approach could be used instead, assigning model LRGs to
resolved subhaloes.

The other way to reduce the uncertainty in the galaxy formation
modelling is to improve the measurement of the number density
of galaxies, for example by targeting fainter and therefore more
abundant galaxies, or by obtaining a better measurement of the two-
point correlation function. The latter improvement would be driven
by sampling a larger survey volume. This will also have the side
effect of potentially reducing the sample variance errors in the marked
correlation function, though this is hard to judge without a calculation
as the marked clustering is derived from the ratio of correlation
functions taken from the same volume. Both of these objectives will
be met by upcoming wide-field surveys, such as the Dark Energy
Spectroscopic Instrument (DESI) survey of LRGs (Zhou et al. 2020,
2021).
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