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ABSTRACT
We implement a linear model for mitigating the effect of observing conditions and
other sources of contamination in galaxy clustering analyses. Our treatment improves
upon the fiducial systematics treatment of the Dark Energy Survey (DES) Year 1
(Y1) cosmology analysis in four crucial ways. Specifically, our treatment 1) does not
require decisions as to which observable systematics are significant and which are not,
allowing for the possibility of multiple maps adding coherently to give rise to signif-
icant bias even if no single map leads to a significant bias by itself; 2) characterizes
both the statistical and systematic uncertainty in our mitigation procedure, allowing
us to propagate said uncertainties into the reported cosmological constraints; 3) ex-
plicitly exploits the full spatial structure of the galaxy density field to differentiate
between cosmology-sourced and systematics-sourced fluctuations within the galaxy
density field; 4) is fully automated, and can therefore be trivially applied to any data
set. The updated correlation function for the DES Y1 redMaGiC catalog minimally
impacts the cosmological posteriors from that analysis. Encouragingly, our analysis
does improve the goodness of fit statistic of the DES Y1 3×2pt data set (∆χ2 = −6.5
with no additional parameters). This improvement is due in nearly equal parts to both
the change in the correlation function and the added statistical and systematic uncer-
tainties associated with our method. We expect the difference in mitigation techniques
to become more important in future work as the size of cosmological data sets grows.

Key words: methods: data analysis – cosmology: observations – galaxies: photometry
– dark energy – methods: statistical

1 INTRODUCTION1

Galaxies are an important tool for studying the distribution2

of matter in the Universe and testing cosmological mod-3

els. The correlation between the shapes of galaxies can be4

used to measure the weak gravitational lensing field, which5

is a direct measure of the total mass along lines of sight6

(see, e.g., Brainerd et al. 1996; Mellier 1999; Refregier 2003;7

Yoo & Seljak 2012; Weinberg et al. 2013). Because galaxies8

are a biased tracer of the mass, their clustering also carries9

? E-mail: wagoner47@email.arizona.edu (ELW)

within it cosmological information (e.g., Beutler et al. 2011;10

Alam et al. 2017; Bautista et al. 2018; Abbott et al. 2019;11

Nishimichi et al. 2020; Icaza-Lizaola et al. 2020; Colas et al.12

2020). In addition, the tangential distortion of background13

galaxies around the position of foreground galaxies—usually14

referred to as galaxy–galaxy lensing—can be used to study15

the correlation between the foreground galaxies and the mat-16

ter around them (e.g., Brainerd et al. 1996; Fischer et al.17

2000; Sheldon et al. 2004; Mandelbaum et al. 2006; Yoo &18

Seljak 2012; Weinberg et al. 2013). The combination of all19

three measurements, sometimes referred to as “3×2pt” for20

the use of three 2-point functions, can break the degener-21
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acy between the galaxy bias and the clustering amplitude of22

matter (see, e.g., Bernstein & Jain 2004; Hu & Jain 2004;23

Bernstein 2009; Weinberg et al. 2013; Krause & Eifler 2017,24

and references therein). These 3×2pt analyses are the focus25

of ongoing surveys such as the Kilo Degree Survey (KiDS;26

Hildebrandt et al. 2017), the Dark Energy Survey (DES; The27

Dark Energy Survey Collaboration 2005; Dark Energy Sur-28

vey Collaboration 2016), and the Hyper Suprime-Camera29

Survey (HSC; Aihara et al. 2018). Many other analyses have30

also applied a similar combined-probes approach to a vari-31

ety of data sets (see, e.g., Mandelbaum et al. 2013; More32

et al. 2015; van Uitert et al. 2018; Joudaki et al. 2018; Ab-33

bott et al. 2018). These types of combined analyses can also34

help to mitigate systematics that impact only one of the35

three 2-point measurements. The clustering of galaxies can36

also be used without weak lensing to observe the signature37

of Baryon Acoustic Oscillations (BAO), which can be used38

to measure the cosmic expansion history (e.g., Alam et al.39

2017; Bautista et al. 2018; Abbott et al. 2019; Icaza-Lizaola40

et al. 2020).41

Wide field stage II dark energy experiments (such as the42

Sloan Digital Sky Survey [SDSS; York et al. 2000], the Wig-43

gleZ Dark Energy Survey (Drinkwater et al. 2010) and the44

Canada-France-Hawaii Telescope Legacy Survey [CFHTLS;45

Cuillandre et al. 2012]) and stage III dark energy experi-46

ments (e.g., KiDS, DES, HSC, and eBOSS) have provided47

imaging and spectra for hundreds of millions of galaxies, and48

stage IV experiments such as the Dark Energy Spectroscopic49

Instrument (DESI; Levi et al. 2013), the Rubin Observa-50

tory’s Legacy Survey of Space and Time (LSST; Ivezić et al.51

2019), the Nancy Grace Roman Space Telescope (Spergel52

et al. 2015), and Euclid (Laureijs et al. 2011) are expected53

to increase that number substantially. As the number of ob-54

served galaxies increases, the statistical uncertainty on mea-55

surements made with them decreases (Suchyta et al. 2016).56

Consequently, our understanding and treatment of the sys-57

tematic effects that impact galaxy clustering measurements58

must be improved if the uncertainties on the inferred cosmo-59

logical parameters from such galaxy surveys are to remain60

statistics-dominated. In Peebles (1973), the author points61

out that the variable effects of “galaxy obscuration and con-62

fusion” almost always cause the apparent density of galaxies63

to vary across the sky, and that coherent patterns of large64

angular scales “must be treated with caution unless one can65

make a reliable correction for it”.66

There are a large number of potential contaminants that67

can result in this type of coherent fluctuations, e.g. star-68

galaxy separation, stellar occultation, extinction, and varia-69

tions in observing conditions like airmass or sky brightness.70

Differentiating between the true cosmologically-sourced fluc-71

tuations and those caused by such survey properties has72

been the subject of many studies over the years (see, e.g.,73

Rybicki & Press 1992; Tegmark 1997; Tegmark et al. 1998;74

Vogeley 1998; Hivon et al. 2002; Slosar et al. 2004; Ho et al.75

2008; Ross et al. 2011, 2012; Ho et al. 2012; Bergé et al. 2013;76

Pullen & Hirata 2013; Leistedt et al. 2013; Leistedt & Peiris77

2014; Suchyta et al. 2016; Prakash et al. 2016; Ross et al.78

2017; Delubac et al. 2017; Laurent et al. 2017; Elsner et al.79

2017; Raichoor et al. 2017; Elvin-Poole et al. 2018; Bautista80

et al. 2018; Alonso et al. 2019; Nicola et al. 2020; Rezaie81

et al. 2020; Weaverdyck & Huterer 2020). Rezaie et al.82

(2020) identify three broad categories of mitigation tech-83

niques: (a) Monte Carlo simulation of fake objects; (b) mode84

projection; and (c) regression.85

The first of these methods, involving injecting artificial86

sources into real images, is extremely promising. It results87

in forward-modeling the survey selection mask imposed by88

real imaging properties. Examples of this method include89

Bergé et al. (2013) and Suchyta et al. (2016). However, this90

technique is computationally expensive, and therefore less91

utilized than the other methods.92

Techniques utilizing mode projection typically involve93

down-weighting the spatial modes that are strongly corre-94

lated with survey properties by assigning a large variance95

to them. This technique is explained and utilized in, e.g.,96

Rybicki & Press (1992); Tegmark (1997); Tegmark et al.97

(1998); Hivon et al. (2002); Slosar et al. (2004); Ho et al.98

(2008); Pullen & Hirata (2013); Leistedt et al. (2013); Leist-99

edt & Peiris (2014); Elsner et al. (2017); Alonso et al. (2019);100

Nicola et al. (2020). The variance of the estimated cluster-101

ing increases as more survey properties are considered unless102

a threshold is used to limit the number of survey property103

maps. However, using such a threshold has been shown to104

introduce a bias in the resulting two-point function (Elsner105

et al. 2016).106

Regression-based techniques attempt to model the im-107

pact of the survey properties on the galaxy density, fitting108

the parameters of the model by cross-correlating the galax-109

ies and systematic fluctuations or by using a least-squares110

estimate (see, e.g., Ross et al. 2011, 2012; Ho et al. 2012;111

Prakash et al. 2016; Ross et al. 2017; Delubac et al. 2017;112

Laurent et al. 2017; Raichoor et al. 2017; Elvin-Poole et al.113

2018; Bautista et al. 2018). For instance, Ross et al. (2011);114

Howlett et al. (2012) fit for the impact of observing condi-115

tions in the correlation function and power spectrum, respec-116

tively. The disadvantage with this method is that any spuri-117

ous correlation between the 2-point function of the galaxies118

and the survey properties will result in a correction, even if119

the fluctuations are not spatially related. This makes it easy120

to over-correct for systematic fluctuations, which may bias121

the resulting correlation function estimate.122

As part of the analysis of the DES Y1 “Gold” data re-123

lease, Elvin-Poole et al. (2018; hereafter Paper I) also fit for124

the impact of survey properties, but using one of the alter-125

native suggestions from Ross et al. (2011) of applying the126

corrections one at a time in order to account for potential127

correlations between different sources of systematic fluctua-128

tions. Briefly, the method of Paper I is as follows: the average129

number of galaxies per pixel Ngal is measured for all pixels130

with a survey property value s within a bin s ∈ [smin, smax]131

for one of the survey property maps, relative to the average132

number of galaxies per pixel in all pixels 〈Ngal〉. A model is133

fit across all bins of the survey property values, and the ∆χ2
134

for this model compared to a null test where Ngal/〈Ngal〉 = 1135

is calculated. The significance of the survey property map136

is defined by comparing this ∆χ2 to the sixty-eighth per-137

centile of the equivalent quantity measured in 1000 contam-138

inated Gaussian mock catalogs. This procedure is repeated139

for each survey property map and the maps are ranked by140

significance. A correction is applied for the most significant141

map to the measurements of Ngal/〈Ngal〉, and the significance142

of each map is re-calculated. To avoid over-correction, this143

iterative process continues until none of the survey prop-144

erty maps have a significance above some target threshold.145
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However, it is not necessarily the case that the effects of the146

various survey properties can be separated in this manner.147

For instance, this method precludes the possibility that sig-148

nificant systematic fluctuations can arise from the coherent149

contribution of multiple sources of systematics despite each150

individual survey property map being negligible by itself.151

Also, the analysis in Paper I included the spatial structure152

of the galaxy distribution only through the covariance in153

the galaxy densities binned by survey property. The analy-154

sis method introduced in this paper explicitly incorporates155

the density and spatial separations of neighboring pixels for156

determining the coefficients of the fluctuations sourced by157

survey properties: it is a much finer-grained look at that158

spatial structure.159

Several other recent studies have attempted to use the160

regression-based technique directly with the galaxy density161

field while incorporating the spatial structure of the galaxy162

density field (see, e.g., Prakash et al. 2016; Delubac et al.163

2017). However, as discussed in Rezaie et al. (2020), these164

models are also often vulnerable to over-correction. The re-165

gression method used by Rezaie et al. (2020) differs from166

previous regression-based techniques in that it does not as-167

sume a functional form for the impact of the survey prop-168

erties on the observed galaxy density. Instead, Rezaie et al.169

(2020) rely on a neural network approach and feature se-170

lection to achieve accurate systematic corrections without171

over-correction. However, this method fails to propagate the172

statistical and systematic uncertainties due to the correction173

into the error budget of the galaxy clustering signal.174

In this paper, we implement an improved version of the175

linear model described in Prakash et al. (2016). Relative to176

that work, we reduce the number of free parameters by one177

by enforcing the condition that in the absence of systematic178

fluctuations, the observed galaxy density field will be equal179

to the true galaxy density field with a mean of zero (i.e., we180

do not include the constant term in equations 13 and 14 of181

that paper as a free parameter in our model). Our analy-182

sis explicitly incorporates the spatial clustering signal of the183

galaxy density field in an iterative approach, and mock cata-184

logs are used to calibrate and correct for the residual bias due185

to over-correction. The combination of using a Markov chain186

Monte Carlo (MCMC) to fit our model and utilizing mock187

catalogs to correct for the bias allows us to estimate both188

the statistical and systematic uncertainty of our systematics-189

corrected galaxy correlation function. Our procedure there-190

fore correctly inflates the error budget associated with the191

measurement of the galaxy correlation function, enabling us192

to trivially propagate these uncertainties into cosmological193

constraints downstream. We apply our model to the DES Y1194

Gold redMaGiC catalog, and compare our results to those195

from Paper I and Abbott et al. (2018).196

The paper is organised as follows: in section 2, we de-197

scribe the redMaGiC catalog and the survey properties we198

use. We describe our method in section 3. The generation199

of our mock catalogs and the results of the validation in the200

mocks is discussed in section 4. We determine the impact201

of our systematics correction on the uncertainty in the cor-202

relation function in section 5. Our results are presented in203

section 6, and we summarize our findings in section 7.204

z range Y1 Ngal Y1 ngal Ngal ngal
(arcmin−2) (arcmin−2)

0.15 < z < 0.3 63719 0.0134 61621 0.0134
0.3 < z < 0.45 163446 0.0344 157800 0.0344

0.45 < z < 0.6 240727 0.0506 231649 0.0505

0.6 < z < 0.75 143524 0.0302 138450 0.0302
0.75 < z < 0.9 42275 0.0089 40812 0.0089

Table 1. The redshift binning with information about the num-

ber of galaxies and number density both from the DES Y1 anal-

ysis and the current analysis. The second and fourth columns are
the total number of galaxies in each of the redshift bins, while

the third and fifth give the galaxy density per square arcminute.

Note that there is a change in the mask in going from the Y1
counts and number density of columns two and three to our own

in columns four and five, which reduces the area by ∼3.5 %.

2 DATA205

We will estimate and correct for systematic-sourced fluctu-206

ations in the density of the DES Year 1 redMaGiC galaxy207

sample (Paper I). We use the same redshift binning as the208

Y1 analysis, shown here in table 1, along with the num-209

ber count and galaxy density in each bin. As described in210

section 3, our analysis leads us to remove survey regions211

with large systematic-sourced fluctuations. This cut removes212

∼3.5 % of the fiducial Y1 redMaGiC footprint, for a final area213

of ≈1274 square degrees. The counts and galaxy density after214

our systematic cut is shown in the fourth and fifth columns215

of table 1. Fig. 1 compares the redshift distributions in each216

bin before and after the systematics cuts. The gray lines are217

the distributions for the full redMaGiC sample, while the218

colored lines of the same style are the distributions in the219

same bin after cutting based on systematics. The distribu-220

tions are not normalized, so differences in height are caused221

by the difference in the number of galaxies before and after222

the cut.223

We estimate the galaxy correlation function using the224

Landy & Szalay (1993) estimator,225

ŵ(θ) = DD − 2DR + RR
RR

, (1)226

where DD, DR, and RR are the number of pairs of galaxies227

with angular separation θ given a galaxy sample D and a228

random catalog R. We measure the number of pairs using229

TreeCorr1 (Jarvis et al. 2004), and our random catalog is230

the same one used by Paper I, except for the fact that we231

remove the random points in the survey regions excluded by232

our analysis.233

We consider a total of 18 potential sources of system-234

atics for the observed galaxy correlation function. Each of235

these is represented as a map which is pixelated on the sky236

using the HEALPix2 (Górski et al. 2005) pixelization scheme.237

The majority of the maps we consider are imaging properties238

from the DES Y1 ‘GOLD’ catalog release (Drlica-Wagner239

et al. 2018). In each of the four bands (griz), we have maps240

of241

(i) total exposure time;242

(ii) mean PSF FWHM;243

1 http://ascl.net/1508.007
2 https://healpix.sourceforge.net
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Figure 1. The redshift distribution for each redshift bin, found

by stacking Gaussian distributions with mean and standard de-
viation equal to the redMaGiC redshift and error. The colored

lines are the distributions with our new mask, and the gray dash-
dotted lines are the corresponding distributions from Paper I. The

curves are not normalized, so differences in height are from the

number of galaxies in the bin.

(iii) mean sky brightness, due to e.g. the moon; and244

(iv) mean airmass,245

For all mean quantities, the value on a pixel in a given band246

is computed as the weighted mean over all exposures in that247

band which contribute to the pixel. The exposure time is in-248

stead the sum of the exposure times for each exposure con-249

tributing to the pixel. Unlike Paper I, we do not include any250

depth maps, as these depend on the other imaging properties251

in a complicated way, and therefore are not linearly indepen-252

dent from the other imaging properties—including the depth253

maps would be double counting the other imaging proper-254

ties and would likely increase any over-correction biases that255

might exist. We therefore have 16 imaging property maps.256

We also consider contamination due to foreground stars, for257

which we use the stellar density map described in section 5258

of Paper I. Galactic extinction is included using the dust259

opacity map from the Planck Collaboration (Planck Col-260

laboration 2014). Both stellar density and extinction were261

considered in Paper I, but were found to have no correlation262

with the galaxy density and thus were ultimately excluded263

from that correction. We include both here because we do264

not want to preclude the possibility that they could still add265

coherently with other potential sources of contamination and266

thus impact the observed galaxy density. Collectively, we re-267

fer to the set of 18 imaging property, stellar density, and268

Galactic extinction maps as “survey property maps”. Where269

necessary, we use the routines of healpy (Zonca et al. 2019)270

for manipulating both survey property and density maps.271

3 METHOD272

We determine the impact of observing conditions in the clus-273

tering of galaxies by relying on the spatial structure of the274

survey properties. Specifically, we estimate the extent to275

which the galaxy density maps are contaminated by sys-276

tematic fluctuations by measuring the extent to which the277

galaxy density map traces the various survey property maps.278

We begin by constructing a low-resolution (Nside = 128)279

map of the galaxy density field. This choice limits the num-280

ber of empty pixels to a small percentage (≤10 %) of the281

total pixels. Working at this resolution, the average number282

of galaxies per pixel is ≥10 at all redshifts.283

We degrade the resolution of our survey property maps284

to match the resolution of our galaxy density map, properly285

accounting for the masked portions of every pixel. Specifi-286

cally, the degraded survey property map S′ is related to the287

original survey property map S via288

S′ j =
∑
i∈ j Si f i∑
i∈ j f i

, (2)289

where f i ∈ [0, 1] is the fraction of pixel i (at the original map290

resolution) that is detected in the footprint. The sums are291

over all high resolution pixels i that fall within low resolution292

pixel j. We also degrade the pixel fraction map f i , such that293

the fraction f ′j of low resolution pixel j in the footprint is294

related to the high resolution fraction by295

f ′j =
1
Ñ

∑
i∈ j

f i, (3)296

where Ñ is the number of high resolution pixels within a low297

resolution pixel.298

The degraded survey property maps are used to com-299

pute standardized fluctuation maps as follows. Let S′i
β

be300

the value of survey property map β on low resolution pixel301

j. We define the mean Sβ and fluctuation scale σ̂β of S′j
β

302

via303

Sβ ≡
Npix∑
j=1

f ′jS′j
β

/Npix∑
j=1

f ′j (4)304

305

and306

σ̂β ≡ 1.4826 MAD
(
S′j
β

)
, (5)307

308

The median absolute deviation in Eqn. (5) is309

MAD
(
S′j
β

)
≡

Npix∑
j=1

���S′jβ −med
(
S′j
β

)���/Nmask ,310

where Nmask is the number of pixels not removed by the311

mask. The “fluctuation scale” σ̂β defined above is an estima-312

tor of the standard deviation for Gaussian fluctuations, but313

its value is more robust to outliers than estimates based on314

the sample variance. The standardized fluctuation map for315

survey property β is defined as316

S j
β
≡
S j
β
− Sβ
σ̂β

. (6)317

Rather than working with the fluctuation maps them-318

selves, we construct an orthogonal map eigenbasis as fol-319

lows. We assume the survey properties on each pixel are an320

independent random realization from an Nmaps-dimensional321

distribution. We find the covariance matrix C of the stan-322

dardized maps at the fit resolution, where323

Cαβ = 〈(Sα − 〈Sα〉)
(
Sβ − 〈Sβ〉

)
〉,324

MNRAS 000, 1–15 (2020)
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and 〈·〉 is the spatial average over all observed pixels. We325

define the rotation matrix R from the eigenvectors of C such326

that327

C = RDR>,328

where D is a diagonal matrix with the eigenvalues of C along329

the diagonal. The rotated and standardized survey property330

value for map α on pixel j is331

s jα ≡ R>αβS j
β
. (7)332

Each s jα is, therefore, a linear combination of the fluctuations333

in the original SP maps {S′ j
β
} on a given pixel. For the rest334

of the paper, unless otherwise noted, the term “SP” refers to335

the eigenmap s jα of Eqn. (7) rather than the original survey336

property map Si
β
.337

Since fluctuations in the density field can’t be sensi-338

tive to a constant non-zero SP value—any non-zero constant339

would simply shift the mean value of the galaxy density340

field—, the observed galaxy density must only depend upon341

the fluctuations of the SPs. Thus, we write δ
j
obs ≡ δobs

(
{s jα}

)
,342

where {s jα} is a vector containing the value of pixel j across343

all SP maps α. Expanding around {s jα} = ®0 to first order, we344

have345

δ
j
obs

(
{s jα}

)
≈ δ jtrue +

∑
α

aαs jα, (8)346

where the coefficient aα is the derivative of δobs with respect347

to sα at {s jα} = ®0. Note that any impact on the monopole348

of the galaxy density field by the survey properties gets ab-349

sorbed into the mean observed galaxy density, and therefore350

has no impact on the galaxy fluctuations. Since our expan-351

sion is at first order, we can ignore the monopole as any352

impact with couplings to the linear perturbations would be353

second order. In the expansion, we have used the fact that354

δ
j
obs

(
{s jα} = ®0

)
= δ

j
true, where δ

j
true is the true galaxy overden-355

sity on pixel j. We have also assumed that the impact of SP356

on the galaxy density field is local: the SP in pixel j only357

impact the galaxy density at pixel j.358

Our task is to find the set of coefficients {aα} in Eqn. (8).359

We do this by fitting the likelihood P
(
®δobs

���®δsys
)

of the ob-360

served overdensity map given the systematics map ®δsys ≡361 ∑
α aα®sα, where the vector symbol denotes the full map.362

As discussed below, our procedure allows for covariance be-363

tween pixels, so that this likelihood distribution does not in364

general reduce to a product over all pixels. We assume a365

Gaussian likelihood for ®δobs. This explains why it is impor-366

tant for the mean number of galaxies in the galaxy density367

map to be large. We test our sensitivity to using a Gaussian368

distribution in section 4.2. The ensemble average over real-369

izations of the observed density field at fixed systematics is370

simply371 〈
®δobs

〉
= ®δsys. (9)372

We can thus write our Gaussian likelihood for ®δobs as373

ln P
(
®δobs

���®δsys
)
= − 1

2
log

���Σobs
���374

− 1
2

(
®δobs − ®δsys

)> (
Σobs

)−1 (
®δobs − ®δsys

)
,

(10)

375

376

where we have dropped all constant terms, and again

®δsys =
∑
α

aαs jα . (11)

The model parameters characterizing ®δsys are the coefficients377

aα for each survey property, which we aim to recover from378

the data.379

The covariance matrix for our likelihood can be written380

as the sum of two terms,381

Σobs = ΣPN + ΣSV . (12)382

The first term contains the Poisson noise in the density field,383

and takes the form384

ΣPN
jk = σ2

gδjk,385

where σg is a constant for which we can fit and δjk is the386

Kronecker delta. It will become clear shortly why we allow387

σg to be an unknown constant, rather than fixing it to the388

Poisson expectation. The second term in Eqn. (12) accounts389

for the sample variance.390

We fit for our SP coefficients in two iterations. During391

the first iteration, we assume there is no sample variance, so392

that Σobs is diagonal. In this case, we can analytically solve393

for the variance σ2
g and coefficients {aα} that minimize the394

likelihood in Eqn. (10) by solving the simultaneous set of395

equations obtained when setting all of the partial deriva-396

tives with respect to the survey parameter coefficients and397

σ2
g to zero. We are also able to find the 19 × 19-dimensional398

parameter covariance matrix analytically as the inverse of399

the Hessian matrix evaluated at the minimum—we use this400

parameter covariance matrix (excluding the row and column401

corresponding to σ2
g) in the second iteration to select ran-402

dom starting locations within the 18-dimensional parameter403

space.404

Once we complete our first iteration, we use our results405

to estimate ®̂δtrue. We then define ΣSV via406

ΣSVjk = (1 − δjk ) ŵtrue
(
θ jk

)
,407

where ŵtrue is the correlation function of our estimated true408

overdensity field ®̂δtrue and θ jk is the angular separation be-409

tween pixels j and k. We artificially set the diagonal elements410

of ΣSV to zero because we cannot differentiate between the411

sample variance and Poisson noise within a single pixel. This412

also explains why we treated σg as an unknown constant: σg413

is really the sum of the Poisson and zero-offset sample vari-414

ance terms. We therefore continue to use the σg obtained415

from the minimization in the first iteration as the only term416

on the diagonal of Σobs in the second iteration.417

We use the resulting “Poisson” and sample variance418

noise estimates to refit for the coefficients of each of the419

SP parameters. In the second iteration, we use a Markov420

Chain Monte Carlo (MCMC) algorithm (specifically emcee;421

Foreman-Mackey et al. 2013) to sample our parameter space422

and estimate the posterior distribution. Our best fit coeffi-423

cients after the second iteration are the mean parameter val-424

ues from the chain3. To check for convergence, we look at the425

3 We run our chain with 36 walkers for 1000 steps each. We do
not use a burn-in when fitting to the real data as we generate the

initial positions by drawing from a multivariate Gaussian with a
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shift in the coefficients between the first and second halves426

of each chain relative to the error from the chain. We find427

a median shift (over all 18 parameters) of 0.19, 0.29, 0.18,428

0.26, and 0.14 for redshift bins 1 through 5 respectively, and429

the worst convergence in any single parameter for each red-430

shift bin is 0.60, 0.72, 0.55, 0.53, and 0.34. We have verified431

that using the coefficients from the second iteration to up-432

date ΣSV and performing a second MCMC (i.e. getting a433

third iteration of the coefficients) does not have a significant434

impact on our results.435

Once we have our coefficients, we correct for the effect436

of systematic fluctuations on the correlation function. We437

do so by defining weights for each galaxy based on the sys-438

tematics map value on the pixel containing the galaxy. For439

calculating galaxy weights, we use the systematics map at a440

resolution of Nside = 4096. While we must fit at low resolu-441

tion to ensure that our likelihood is roughly Gaussian, the442

fundamental assumption of our method is that survey prop-443

erties only produce local modulations of the galaxy density444

field. Since our model is linear, all the local modulations445

add together when smoothing to go to lower resolution, so446

the relation between the survey properties and the galaxy447

density must be the same at low and high resolution. We448

standardize and rotate the high resolution maps as we did449

with the low resolution maps, but we use the mean, fluc-450

tuation scale, and rotation matrix determined from the low451

resolution maps for the purposes of defining the high reso-452

lution eigen-maps. This is critical, as the definition of the453

maps must match that employed in our fits. The weight for454

a galaxy on high-resolution pixel i is455

wi =
1

1 +
∑
α aαsiα

. (13)456

We refer to the correlation function measured using these457

weights as wcorr0. As previously mentioned, when calculat-458

ing the systematics-corrected correlation function, we also459

exclude any galaxies on pixels with δisys > 0.2. This should460

restrict us to only areas of the sky where our first order461

approximation is valid. The resulting footprint is ∼3.5 %462

smaller than the original Y1 footprint, and a total of 23 359463

galaxies are removed across all redshift bins.464

The above procedure tends to over-correct the data465

for the impact of SPs. We calibrate the amount of over-466

correction in the correlation function from our method using467

mock galaxy catalogs, and use these to de-bias our proce-468

dure, which will result in an updated systematics-corrected469

correlation function estimate wcorr1. The details of this de-470

biasing are presented in the next section. We describe how471

we incorporate statistical and systematic uncertainties due472

to our correction in the error budget of the observed corre-473

lation function in section 5.474

4 METHODOLOGY VALIDATION WITH475

MOCK CATALOGS476

There are three potential sources of systematic bias in our477

analysis. These are, in no particular order, (i) the first order478

mean and covariance matrix given by the coefficients and param-
eter covariance from the first iteration. We use a burn-in of 300
steps per walker when fitting to mock catalogs.

approximation from Eqn. (8) is not accurate, (ii) the Gaus-479

sian likelihood is not correct, and (iii) the estimates of the480

SP coefficients are noisy and too much correlation is removed481

from the data, an effect usually referred to as over-correc-482

tion. As mentioned in section 2, we restrict our final data483

set to pixels where the linear prediction of the SP-sourced484

galaxy density fluctuations are ≤0.2. This serves to minimize485

potential biases from non-linear responses in the systemat-486

ics correction. We test the robustness of our methodology487

to non-Gaussian fields and noise by testing it on log-normal488

mock galaxy catalogs. We further use these catalogs to cal-489

ibrate the bias in our method due to over-correction.490

4.1 Mock Catalog Generation491

To create our log-normal mock catalogs, we use the fidu-492

cial cosmological parameters from Paper I: Ωm = 0.295,493

As = 2.260574 × 10−9, Ωb = 0.0468, h = 0.6881, and ns =494

0.9676. We run CAMB (Lewis et al. 2000; Howlett et al. 2012)495

and Halofit_Takahashi (Smith et al. 2003; Takahashi et al.496

2012) using CosmoSIS (Zuntz et al. 2015) to compute the497

angular galaxy clustering power spectrum. We then use this498

power spectrum to generate a log-normal random field for499

the true galaxy over-density, δtrue, in each of our five redshift500

bins via the code psydocl4. This galaxy density field is gen-501

erated at high resolution (Nside = 4096). When appropriate502

(i.e. depending on the test being pursued, see below), we503

add systematic fluctuations to the galaxy density field using504

our linear model. We then calculate the expected number505

of galaxies in each pixel, taking into account the masked506

fraction in each pixel. Finally, we randomly place N galaxies507

within each pixel, where N is a Poisson realization of the508

expected number of galaxies.509

We generate 100 independent realizations of δtrue for510

each redshift bin. Each realization is then used to create511

two mock catalogs, one with no SP contamination and an-512

other with SP applied using the best fit coefficients from our513

analysis of the DES Y1 data set. We refer to these as uncon-514

taminated and contaminated mocks, respectively. Note that515

while both the uncontaminated and contaminated mocks516

share the same underlying over-density fields, they have dif-517

ferent Poisson realizations.518

We use our methodology from section 3 to estimate the519

impact of SPs in our mock galaxy catalogs, and compare520

the resulting corrected correlation function to the underly-521

ing true mock galaxy correlation function. To increase com-522

putational efficiency, we restrict our mock catalogs to the523

final mask employed in our analysis of the DES Y1 galax-524

ies. That is, we do not re-apply the δisys ≤ 0.2 cut in every525

mock. Doing so would have forced us to recompute random526

pairs for every mock due to slight differences in the final527

footprint. Because systematic fluctuations are linear in the528

mock catalog by construction, this additional restriction has529

no bearing on the conclusions drawn from our simulations.530

Unfortunately, this also means our mock catalogs do not531

allow us to test how sensitive our method is to non-linear532

contamination.533

We test whether our contaminated mock galaxy cata-534

logs have comparable levels of SP contamination to the data535

4 https://bitbucket.org/niallm1/psydocl/src/master/
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as follows. For the data and both sets of mock galaxy cata-536

logs we compute the raw observed correlation function, and537

the corrected correlation function wcorr0 as described in sec-538

tion 3. We then calculate the difference between these two539

correlation functions in all three cases.540

The blue solid line in Fig. 2 shows the biased systematic541

correction of the DES Y1 redMaGiC data computed using542

the first iteration of our method, while the orange dashed543

line is the mean correction from the 100 contaminated mock544

galaxy catalogs. The green dashed-line is the mean of the545

uncontaminated galaxy catalogs. The width of the bands546

show the sample standard deviation for each of the two sets547

of mocks. It is immediately apparent that the amplitude of548

the systematic correction in our uncontaminated mocks is549

significantly smaller than that of the data in redshift bins550

3, 4, and 5. That is to say, we have robustly detected the551

presence of systematic fluctuations in the DES Y1 data set.552

More generally, the correction derived from our contami-553

nated mocks is comparable to that in the data, particularly554

for the redshift bins that exhibit strong systematic fluctua-555

tions. Thus, Fig. 2 provides evidence that the contaminated556

mock galaxy catalogs used in our analysis are a reasonable557

match to the data.558

4.2 Methodology Validation: Recovery of the SP559

Coefficients560

We fit for the SP coefficients in both sets of 100 mocks for561

each redshift bin, for a total of 1000 independent mock cat-562

alogs to be analyzed. Because we know the SP coefficients563

used to generate the mocks, we can test whether we cor-564

rectly recover the input coefficients with our analysis. To do565

so, we calculate the χ2 of the mean coefficients estimated566

from our posterior and the input for each mock. That is, for567

each mock catalog ν we compute568

χ2
ν =

(
{âα}ν − {aα}0,ν

)>
Ĉ−1
ν

(
{âα}ν − {aα}0,ν

)
, (14)569

where {aα}0,ν is the input vector of 18 coefficients used in570

generating mock catalog ν, {âα}ν is the mean vector of the571

posterior from our analysis for mock ν with length 18, and572

Ĉν is the parameter covariance matrix estimated from the573

MCMC chain for mock ν with dimensions 18 × 18. We show574

the distribution of the χ2
ν statistics for all 1000 mocks as the575

blue histogram in Fig. 3. For reference, the green line is the576

expected χ2 distribution for 18 degrees of freedom, 18 being577

the number of SPs. It is clear that the distribution of χ2
578

values is biased relative to our expectation.579

Hartlap et al. (2007) pointed out that noise in the co-580

variance matrix biases χ2 statistics. In our case, the noise581

in the covariance matrix is only partly due to a finite num-582

ber of realizations in the MCMC: noise in the data will also583

generate noise in the empirically estimated covariance ma-584

trix, which will in turn bias the recovered χ2. In the ab-585

sence of a first principles prescription for the expected bias586

in our analysis, we adopt an ad-hoc correction by demand-587

ing the average χ2 over all our simulations be equal to the588

number of degrees of freedom in the problem (18). That589

is, we de-bias every χ2 value by dividing it by the factor590

λ ≡ 22.33/18 = 1.24. The resulting distribution is shown as591

the orange histogram in Fig. 3, which is now an excellent592

match to expectations.593

As discussed in Hartlap et al. (2007), the bias due to594

noise in the covariance matrix estimate propagates into the595

parameter posteriors. Consequently, we increase the statis-596

tical uncertainty in our recovered corrections for the cor-597

relation function by a factor of
√

1.24. The fact that our598

recovered distribution of χ2 values matches expectation im-599

plies that we are successfully recovering the input systematic600

coefficients within our re-scaled noise estimate.601

4.3 Over-correction Calibration602

The orange dashed line and shaded band in Fig. 4 show603

the mean and 1σ region for the difference between the ob-604

served and true correlation functions of our 100 independent605

systematics-contaminated mock catalogs, in units of the sta-606

tistical uncertainty of the DES Y1 analysis. The 1σ region607

is computed as the error on the mean. The blue solid line608

and shaded band are the same as the orange, but for the609

systematics-corrected correlation function with no bias cor-610

rection (i.e. wcorr0). While there is a significant improvement611

when going from no correction to our systematics correction,612

it is also clear that our method somewhat over-corrects the613

data.614

We seek to calibrate the amount of over-correction for615

our method based on the results from Fig. 4. However, note616

that the level of over correction is itself sensitive to the input617

amount of contamination. This is apparent in Fig. 5, which618

shows the mean and error on the mean of the over-correction619

for both uncontaminated (orange) and contaminated (blue)620

mock galaxy catalogs.621

We use the results in Fig. 5 to reduce the impact of622

over-correction, and to characterize the remaining system-623

atic uncertainty associated with this effect. Because we see624

that the level of over-correction is sensitive to the amount625

of contamination and we do not know the actual contami-626

nation level in the data, we must account for this sensitivity627

when we de-bias. The contaminated and uncontaminated628

mocks represent the two extreme possibilities for the data,629

so we de-bias our correlation functions using the mean of630

the over-correction measured in the contaminated and un-631

contaminated mocks. That is, we define632

∆w(θ) ≡ 1
2

[
〈wcont

corr0(θ) − wtrue(θ)〉 + 〈wuncont
corr0 (θ) − wtrue(θ)〉

]
,

(15)633

where wcont
corr0(θ) is the systematics-corrected correlation func-634

tion at θ for the contaminated mock galaxy catalogs prior to635

de-biasing, and wuncont
corr0 is the equivalent quantity computed636

for the uncontaminated mock galaxy catalogs. The average637

〈·〉 above is over the simulated data sets. Given ∆w, we de-638

fine an updated systematics-corrected correlation function639

wcorr1 via640

wcorr1(θ) ≡ wcorr0(θ) − ∆w(θ) . (16)641

The green dash-dotted line and shaded band in Fig. 4 show642

the mean and 1σ region for the difference between our up-643

dated systematics-corrected correlation function estimates644

wcorr1 and the true correlation function, as estimated using645

100 contaminated mock catalogs. Recall that the y-axis is646

scaled in units of the purely statistical uncertainty of the647

DES Y1 analysis. It is clear from the figure that while a648

residual bias remains, the amplitude and uncertainty is much649

smaller than the statistical uncertainties for the DES Y1650

MNRAS 000, 1–15 (2020)
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Figure 2. Comparison of the bias between the systematics-corrected (wcorr0) and uncorrected (wcont) correlation functions for the DES

Y1 data and the uncontaminated and contaminated mocks, relative to the DES Y1 errors (see text for details). The blue solid line is
the result for the data. The mean and sample standard deviation for the contaminated mocks is shown as the orange dashed line and

orange shaded region, while the green dash-dotted line and green shaded region show the same for the uncontaminated mocks. These

error regions do not include the correction factor discussed in section 4.2. By eye, we see 1σ agreement between the contaminated mocks
and the data for three of the five redshift bins, and 2σ agreement in bins 2 and 3. The gray shaded region is once again the small scale

cut used by Paper I.

data set. Moreover, the true underlying correlation function651

is within the expected errors in the measurement.652

5 THE IMPACT OF SYSTEMATICS653

REMOVAL ON THE NOISE654

The covariance matrix used in Paper I when fitting the655

galaxy clustering signal was solely based upon theoretical656

considerations, as described in Krause & Eifler et al., (2017).657

In particular, it accounted only for Poisson noise and sam-658

ple variance in the galaxy density field, where the latter659

includes both Gaussian and connected terms, as well as the660

super-sample covariance contribution. In practice, removing661

the imprint of systematic fluctuations on the galaxy density662

field carries with it additional uncertainty that needs to be663

propagated into the covariance matrix used to analyze the664

data. We now characterize this additional noise contribution.665

We start with the statistical uncertainty in our method.666

Because we use an MCMC to fit for the coefficients describ-667

ing the impact of SPs, we can readily sample the posterior668

distribution to arrive at the statistical uncertainty in our669

corrections. Specifically, we draw Nreal random samples from670

our MCMC chain on the data, and calculate the systematics-671

corrected correlation function wcorr0 for each of these real-672

izations of the SP coefficients. We calculate the covariance673

matrix of the correlation function from these realizations,674

and re-scale it by the factor of 〈χ2〉/18 = 1.24 from the dis-675

cussion in section 4.2. This defines the statistical covariance676

matrix Cstat which characterizes statistical uncertainties in677

the systematics correction.678

The systematic uncertainty associated with our de-679

biasing procedure of section 4.3 is calculated as the sum680

in quadrature of two distinct terms. The first term sets the681

systematic uncertainty to half the amplitude of the applied682

correction, i.e. large corrections will result in large uncer-683

tainties. The second term accounts for the difference in the684

amount of over-correction inferred from the contaminated685

and uncontaminated mocks. If the inferred over-corrections686

are vastly different, the resulting mean correction should be687

assigned a large uncertainty. This uncertainty is set to half688

the difference between the over-correction inferred from the689

contaminated and uncontaminated mocks. The correspond-690

ing covariance matrix characterizing these systematic uncer-691

tainties takes the form692

C
sys
ab
≡ 1

4
[∆w(θa)∆w(θb) + δw(θa)δw(θb)] , (17)693
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Figure 3. The distribution of χ2, as defined in Eqn. (14), for all
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blue histogram is the original distribution. The orange histogram

is the result of re-scaling every χ2 by 18/〈χ2〉. The green line is the

expected χ2 distribution with 18 degrees of freedom, for reference.
Note that both histograms are normalized.

where a and b index angular bins, and where we have defined694

δw(θ) ≡ 1
2

[〈
wcont

corr0(θ) − wtrue(θ)
〉
−

〈
wuncont

corr0 (θ) − wtrue(θ)
〉]

.695

As in Eqn. (15), the average 〈·〉 above is over all simulated696

data sets.697

The final covariance matrix estimate for the data is698

CY1 + Cstat + Csys, where CY1 is the theoretical covariance699

matrix used in Paper I. The green dash-dotted line and band700

in Fig. 6 show the mean and uncertainty of the ratio between701

the diagonal elements of Csys, as defined in Eqn. (17), to the702

diagonal elements of CY1. The orange dashed line and band703

is the same ratio but for Cstat. We have checked that in-704

creasing the number of realizations used to estimate Cstat
705

does not significantly change our measured covariance. The706

combination of the systematic and statistical covariance rel-707

ative to the Y1 covariance is shown as the blue solid line708

and band. The gray shaded region in each panel shows the709

region excluded by the small scale cuts for the cosmology710

analysis in Paper I, for which our changes will not impact711

the inferred cosmological parameters. While uncertainties in712

our de-biasing procedure for over-correction are negligible,713

we see that the statistical uncertainties in our systematics714

mitigation algorithm start to become comparable to statis-715

tical uncertainties in the correlation function at large scales.716

6 RESULTS717

As a brief summary of sections 3, 4 and 5, we assume fluctu-718

ations in SPs introduce artificial galaxy fluctuations through719

a local linear response. We calibrate these response coeffi-720

cients using the observed galaxy density maps and SP maps,721

and use them to remove the impact of systematic fluctua-722

tions in the galaxy density field. Using mock galaxy cata-723

logs, we demonstrate that our method results in some small724

amount of over-correction, which we calibrate. We further725

z range χ2
stat+sys χ2

tot Angular Bins

0.15 < z < 0.3 18.02 0.4631 8
0.3 < z < 0.45 120.0 2.041 10

0.45 < z < 0.6 97.46 0.8996 11

0.6 < z < 0.75 45.65 0.9220 12
0.75 < z < 0.9 344.6 1.889 13

Table 2. The χ2 for the systematics-corrected correlation func-
tion from Paper I and this work in each redshift bin. The last

column is the number of angular bins used to calculate the χ2,
which are the bins outside the small scale cut represented by the

gray shaded regions in Fig. 7. The second column is the χ2 when

including only the uncertainty from the systematics correction,
while the third column is the χ2 relative to the full covariance

matrix. Notice that the large values in the second column indi-

cate that the correlation functions do not agree, while the ratios
of the values in the third column to those in the fourth column

being . 0.2 imply that the difference will not significantly impact

the resulting cosmological inference.

characterize the additional statistical and systematic uncer-726

tainty introduced by our systematics-mitigation algorithm.727

We now apply our full systematics-correction algorithm to728

the DES Y1 data set.729

In Fig. 7, we show the angular correlation function in730

each of the five redshift bins using our systematics weights731

and bias correction as blue circles, with errors from the com-732

bined CY1 + Cstat + Csys covariance matrix. For comparison,733

we also show the correlation function without correction and734

the systematics-corrected correlation function from Paper I.735

We note that in arriving at our updated correlation function,736

there is a small change in the mask to mitigate the impact737

of non-linear systematic fluctuations, so that the areas over738

which the correlation functions are computed are not pre-739

cisely the same. The bottom panel in each figure shows the740

difference of each of the correlation function relative to the741

systematics-corrected estimate of Paper I. We see that the742

two different methods for estimating systematic corrections743

are in excellent agreement relative to the statistical uncer-744

tainty of the DES Y1 data set. Nevertheless, some small745

differences are clearly present. It is interesting to note that746

in the second redshift bin, our correction results in slightly747

more correlation than the uncorrected correlation function,748

rather than less. This boost is due to the over-correction749

de-biasing procedure calibrated in the mocks.750

To quantify the difference in the correlation functions751

from the two different weighting methods, table 2 shows the752

χ2 statistic for the DES Y1 correlation function and our753

correlation function, namely754

χ2 = (wY1(θ) − wcorr1(θ))> C−1 (wY1(θ) − wcorr1(θ)) ,755

where the choice of covariance matrix C used requires some756

discussion (see below). In calculating χ2, we exclude any757

angular bins that are removed with the small scale cut (the758

gray regions in Fig. 7). The number of remaining angular759

bins after the small scale cut is shown in the last column of760

the table. The difference between the correlation functions761

should not be subject to Poisson noise or sample variance,762

as these are the same for both correlation functions. There-763

fore, in the second column of table 2, we show the χ2 when764

we use C = Cstat + Csys. While in principle this comparison765

should also be subject to the uncertainty due to the method766

MNRAS 000, 1–15 (2020)
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of Paper I, that paper demonstrated that the uncertainties in767

their systematics correction didn’t impact the cosmological768

priors and therefore those uncertainties were not character-769

ized. Consequently, our comparison does not account for the770

uncertainty in the Y1 systematics correction. It is clear that771

our weights method results in a correlation function that is772

formally inconsistent with that of the Y1 analysis assuming773

zero uncertainty from the Y1 weights method. However, the774

size of the cosmology contours is sensitive to the full covari-775

ance matrix CY1 + Cstat + Csys. The third column in table 2776

shows the χ2 when we use the full covariance matrix for C.777

Notice that in this case, the χ2/dof ≤ 0.1 for most redshift778

bins. This result explicitly demonstrates that the difference779

in the correlation function produced by the two methods is780

small relative to the statistical uncertainty.781

We use our new de-biased systematics-corrected corre-782

lation function and full CY1+Cstat+Csys covariance matrix in783

combination with the cosmic shear and galaxy-galaxy lens-784

ing data vectors and covariance matrices from the DES Y1785

cosmology analysis (Abbott et al. 2018) to re-run the DES786

3×2pt cosmology analysis. The resulting cosmology contours787

for Ωm, As, and S8 are shown in blue in Fig. 8. For our anal-788

ysis, we use an updated version of CosmoLike (Krause & Ei-789

fler 2017; Fang et al. 2020) and use emcee (Foreman-Mackey790

et al. 2013) as our sampler. The result with this pipeline and791

our updated data vector and covariance matrix are shown792

in red in Fig. 8.793

As we use a different pipeline and sampler than the794

fiducial Y1 analysis of Abbott et al. (2018), it is unclear795

how much of the difference between the red and blue con-796

tours in Fig. 8 is because of our changes to the data vector797

and covariance matrix and how much is a reflection of the798

differences in the modelling pipeline. We therefore show as799

black dashed lines in Fig. 8 the results of using the updated800

CosmoLike pipeline when run on the fiducial Y1 data vector801

and covariance matrix. The differences between the red and802

black contours are due to the difference in the estimated803

correlation function and its corresponding covariance ma-804

trix. It is clear that our weighting method does not have a805

significant impact on the cosmological inference relative to806

the Y1 analysis. This is expected given that both the dif-807

ference in the correlation functions with the two different808

weighting methods and the uncertainty in our systematic809

correction are small relative to the statistical uncertainty of810

the measurement.811

The black and red text above the histogram of S8 in812

Fig. 8 show the minimum χ2 values for the fiducial Y1 data813

vector and our updated data vector, respectively, for each814

data vector compared to the model with 444 degrees of free-815

dom (see Abbott et al. 2018). The minimum χ2 in each case816
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is −2 log Lmax at the maximum likelihood point in the MCMC817

chain. It is encouraging to see that even though our method818

does not significantly change the cosmological inference, it819

does result in a significant improvement in the goodness of820

fit (∆χ2 = −6.5 with no additional parameters). This im-821

provement in the χ2 is due to both the increased error from822

our systematics correction and the shifts in the data vector823

that occur when replacing the Y1 weighting method with824

ours. To show that this is the case, we consider the calcu-825

lation of the best fit χ2 with our updated data vector and826

covariance matrix, which we now write as827

χ2
new =

(
®dY1 + ®∆ − ®mY1

)> (
CY1 + δC

)−1 (
®dY1 + ®∆ − ®mY1

)
,828

where ®dY1 is the original data vector from the Y1 analysis,829

®mY1 is the best fit model vector from the original Y1 analysis,830

δC ≡ Cstat+Csys is the change in the covariance matrix, and831

®∆ is the change to the difference between the data vector832

and best fit model vector introduced by our weights method.833

Note that this means that ®∆ is sensitive to both the change in834

the data vector as well as changes to the best fit parameters.835

We can expand this equation around δC = 0, dropping terms836

that are beyond first order in δC as well as terms involving837

®∆>δC. Doing so, we find838

∆χ2 ≈ ®∆>
(
CY1

)−1 [
2
(
®dY1 − ®mY1

)
+ ®∆

]
839

−
[(
CY1

)−1 (
®dY1 − ®mY1

)]>
δC

[(
CY1

)−1 (
®dY1 − ®mY1

)]
.840

841

The first term in this expression gives the ∆χ2 resulting from842

changing the data vector and the difference in the resulting843

best fit model vector. The second term is the ∆χ2 caused844

by the change to the covariance matrix from our system-845

atics correction. We find ∆χ2 ≈ −3.6 for the first term and846

∆χ2 ≈ −3.2 for the second. From this, we conclude that both847

the shift in the data vector (and resulting shift in the best848

fit) and the increased uncertainty due to our systematics849

correction contribute to the improvement in the fit.850

7 CONCLUSIONS851

We have presented a method for using a linear model to mit-852

igate the effect of systematic fluctuations in galaxy cluster-853

ing analyses due to observing conditions. Our method uses854

a Gaussian likelihood to fit the linear model to the observed855

galaxy over-density and SP maps on each pixel. Our anal-856

ysis explicitly incorporates the fact that neighboring pixels857

in the sky are correlated using an iterative approach: our858
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first iteration uses a diagonal covariance matrix, while the859

second builds a non-diagonal covariance matrix from the860

systematics-corrected correlation function estimated from861

the first iteration. We further use mock catalogs to calibrate862

the remaining over-correction bias, which we then remove863

from the data correlation function.864

We apply our methodology to the DES Y1 redMaGiC865

data set. Our method has four important advantages rela-866

tive to that adopted in the DES 3×2pt analysis presented in867

Abbott et al. (2018), namely:868

• Our method does not require that decisions be made with869

regards to which survey properties matter and which don’t.870

This also allows for the possibility of multiple survey prop-871

erties “conspiring” to create an observationally significant872

signal without any single systematic reaching that thresh-873

old.874

• Our method properly increases the error budget of the875

galaxy correlation function estimate by accounting for the876

statistical and systematic uncertainty associated with sys-877

tematic mitigation. We have found doing so non-trivially878

impacts the goodness-of-fit statistic of the best fit cosmo-879

logical model.880

• Our method explicitly incorporates clustering information881

from neighboring pixels in our calibration of the impact of882

survey properties on the galaxy density field.883

• Our method is fully automated: it can be run from start884

to finish with minimal supervision, enabling for quick turn885

around for future data sets, with no extra tuning.886

While our updated systematics-corrected correlation887

function in the DES Y1 data set is formally inconsistent888

with that of Paper I, the two are in good agreement relative889

to the level of statistical uncertainty in DES Y1. Because the890

statistical uncertainty in the measurement is larger than the891

uncertainty in our correction, we observe no significant im-892

pact on the cosmological inference using a data vector with893

our systematics weights relative to the Y1 3×2pt cosmology894

analysis. Encouragingly, however, we do see an improvement895

in the goodness of fit, which is caused by both the change896

to the data vector with our new weights and the increased897

error from our systematics correction. We also expect the898

difference in the data vector and the uncertainty in the cor-899

rection to become more important in the near future as the900

large number of galaxies observed by upcoming surveys de-901
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creases the statistical uncertainty in galaxy clustering mea-902

surements.903
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