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Previous studies based on Bayesian methods have shown that the constraints on cosmological
parameters from the Baryonic Oscillation Spectroscopic Survey (BOSS) full-shape data using the effective
field theory of large-scale structures (EFTofLSS) depend on the choice of prior on the EFT nuisance
parameters. In this work, we explore this prior dependence by adopting a frequentist approach based on the
profile likelihood method, which is inherently independent of priors, considering data from BOSS, eBOSS
and Planck. We find that the priors on the EFT parameters in the Bayesian inference are informative and
that prior volume effects are important. This is reflected in shifts of the posterior mean compared to the
maximum likelihood estimate by up to 1.00 (1.60) and in a widening of intervals informed from frequentist
compared to Bayesian intervals by factors of up to 1.9 (1.6) for BOSS (eBOSS) in the baseline
configuration, while the constraints from Planck are unchanged. Our frequentist confidence intervals give
no indication of a tension between BOSS/eBOSS and Planck. However, we find that the profile likelihood
prefers extreme values of the EFT parameters, highlighting the importance of combining Bayesian and
frequentist approaches for a fully nuanced cosmological inference. We show that the improved statistical
power of future data will reconcile the constraints from frequentist and Bayesian inference using the

EFTofLSS.
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I. INTRODUCTION

In the last decades, the increasing precision of measure-
ments of the cosmic microwave background (CMB)
temperature fluctuations has reduced the experimental
uncertainties to such an extent, that they are now dominated
by cosmic variance [1]. This places an unavoidable limit on
the amount of information extractable from the CMB and,
therefore, additional cosmological probes are emerging,
predominantly from large-scale structure (LSS) measure-
ments. The Baryon Oscillation Spectroscopic survey
(BOSS) of the Sloan Digital Sky survey [2] is an example
of a modern LSS probe, which will soon be joined by
ambitious missions such as the Dark Energy Spectroscopic
Instrument (DESI, [3]), the Vera Rubin Observatory [4] and
the Euclid space telescope [5], providing exciting new
information about the LSS of the Universe.

As the accuracy of the surveys increases, so does the
demand for accurate theoretical model predictions. In
particular, efficient computations of the statistics of
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inhomogeneities at small scales are crucial for drawing
robust conclusions based on the upcoming data. N-body
calculations, while giving accurate predictions, suffer from
high demand for computational resources which usually
make them unfeasible for full cosmological parameter
inferences (although recent approaches based on machine
learning may remedy this [6—8]). Instead, by compromising
accuracy at the smallest scales, semianalytic approaches
based on perturbation theory (see e.g. [9,10], and references
therein) may provide a computationally efficient alternative
to N-body simulations. The recently developed effective
field theory of large-scale structures (EFTofLSS) employs
an effective field theory approach to predict the biased
power spectrum up to mildly nonlinear scales [11-15]. The
one-loop prediction of the EFTofLLSS has allowed the
determination of the ACDM parameters from the full-
shape analysis of BOSS and eBOSS data at a precision
higher than that from conventional baryon acoustic oscil-
lation (BAO) and redshift-space distortion (RSD) analyses,
and for some parameters even comparable to that of CMB
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experiments (see e.g., Refs. [16-27]). Furthermore, the
EFTofL.SS may provide competitive and interesting con-
straints on models beyond ACDM (see e.g., Refs. [28-37]).

The EFTofLLSS formalism is based on the most general
parametrization of the evolution of the mildly nonlinear
scales admitted by symmetry. The coefficients of this
parametrization, henceforth the EFT parameters, although
in theory obtainable from simulations are taken as free
nuisance parameters in the statistical analyses. It was noted
in Refs. [25,34] that this parameter structure may impact
the results of Bayesian analyses through prior effects,
especially when the data has weak constraining power.
As a consequence, Ref. [25] showed that different—yet
theoretically equivalent—choices of the EFT parametriza-
tion result in discrepant Bayesian credible intervals and in
point-estimate shifts sometimes on the order of 1o, par-
ticularly affecting the amplitude of matter fluctuations, oyg.
Additionally, Ref. [34] found the priors on the EFT
parameters to be informative and motivate a more com-
prehensive study of the effects of the parameter structure of
the EFT sector. Reference [38] argues that prior effects
lead to a shift in fog in BOSS full-shape analyses based on
an EFT implementation using the VELOCILEPTORS code
[20,39,40], partially explaining the difference with template
fitting methods. Reference [41] finds that confidence
intervals based on the profile likelihood method on a
modified gravity scenario are inflated with respect to the
Bayesian posterior and that volume effects shift the like-
lihood peaks. Moreover, Refs. [42,43] show that the use of
a Jeftreys prior on the EFT parameters can mitigate biases
in the standard EFT analysis.

Motivated by these previous results, in this paper we
complement the results of the standard Bayesian analysis
with a profile likelihood analysis. The profile likelihood is a
frequentist method based only on the maximum likelihood
estimate (MLE) and, therefore, inherently reparametriza-
tion invariant and prior independent. Our goal is to under-
stand the impact of priors on the EFT parameters on the
inferred cosmological parameters and how this will change
with more constraining data. In particular, we wish to
answer the question: Does the seemingly low og value
reconstructed from a Bayesian analysis of BOSS data
under the EFTofLSS come from prior effects inherent to the
Bayesian framework, rather than the true data likelihood?
Ultimately, our analysis demonstrates the importance of
combining Bayesian and frequentist approaches for a fully
nuanced inference from current and future LSS data.

This paper is structured as follows. In Sec. II, we
describe the respective analysis methods employed in the
Bayesian and frequentist approaches and introduce the data
sets used. In Sec. III, we outline the EFTofLSS approach
and give a detailed description of the two predominantly
employed EFT parametrizations to be scrutinized. In
Sec. IV A, we compare the two EFT parametrizations using
the profile likelihood and contrast them to the Markov

Chain Monte Carlo (MCMC) results. In Sec. IV B, we
study the influence of prior effects and discuss the issue
that the EFT parameters take on extreme values in the
frequentist setting. In Sec. IV C, we show that discrepan-
cies between frequentist and Bayesian approaches subside
with increasingly constraining data. Finally, we provide a
profile likelihood analysis of the ACDM concordance
model for the parameters og, h, Q,,, n, and In (10'°A;)
with data from the BOSS and eBOSS surveys using
the EFTofLSS formalism in Sec. V and conclude in
Sec. VL.

II. ANALYSIS METHODS

The structure of the EFT parameters and their priors may
impact the constraints on cosmological parameters derived
from Bayesian inference. In particular, given a fixed choice
of parametrization, we may classify the prior impact in
terms of two separate effects, as was previously done
in Ref. [25]:

(1) The prior weight effect: Since the Bayesian posterior
is proportional to the product of the prior and
likelihood, nonflat priors will affect the posterior
in a direct way when they do not align with the
likelihood. This can manifest in, for example, a shift
of the posterior peak or a scaling of its width.

(i) The prior volume effect: Bayesian marginalization of
the full-dimensional posterior involves integrating
out the nuisance dimensions. Since in addition to the
value of the posterior, an integral is sensitive to the
volume in these directions, large parameter regions
(of possibly nonmaximal posterior values) are em-
phasized compared to smaller regions (of possibly
larger posterior values).

Importantly, the volume effect can occur even with flat
priors and is, therefore, an inescapable feature of the
Bayesian method. Therefore, it becomes relevant to study
the extent to which one’s results are affected by volume
effects. Since the profile likelihood is directly inferred from
the likelihood, it is inherently independent of priors [44]
and is, therefore, an ideal tool for this. In Sec. II A, we
briefly review the use of profile likelihoods for inference,
and in Sec. I B we describe our analysis pipeline.

A. Profile likelihood and Markov
Chain Monte Carlo

The profile likelihood is a method in frequentist sta-
tistics, maximizes the likelihood over nuisance parameters
(as opposed to marginalization, which is the commonly
used method in Bayesian statistics). By splitting the
full parameter space @ into two categories, @ of N
parameters and v of M (nuisance) parameters, the profile
likelihood of @ is obtained by maximization over all
parameters in the complementary set of (nuisance) para-
meters v for fixed 6 [44],
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L) :mlfle(B,V), (1)
where L(0,v) represents the full likelihood function. Since
the above is a MLE in the reduced parameter space 0, the
profile likelihood is invariant under reparametrizations of
the reduced parameter space 6 [44]. The reparametrization
invariance of the profile likelihood will be particularly
useful when comparing the different EFT parametrizations
in Sec. IVA, which is more challenging with Bayesian
methods since these can depend on the particular para-
metrization of the model and prior choices. In addition, the
profile likelihood is inherently prior independent, thus
automatically avoids prior volume effects.

Frequentist methods like the profile likelihood method
are commonly used in particle physics but rarely used
for cosmological inference. They recently gained more
interest in the context of models beyond ACDM, which
often contain many model parameters that are not well-
constrained by the data [45-52], and in the context of
efficient marginalization [53].

To obtain parameter constraints in €, we employ the
Neyman construction, valid in the limit of a Gaussian
likelihood of the data (also called the “graphical construc-
tion”) [54]; from the profile likelihood L (@), a confidence
regions are given by the solution to Ay*(@) < F~'(a, N),
where F~! is the inverse of the y> cumulative distribution
function with N degrees of freedom. For example, in the
one-dimensional case 6 =6, the 68% (95%) confid-
ence intervals correspond to the values of 8 for which
Ay*(0) < 0.99(3.84). These confidence levels are exact
when the likelihood is Gaussian, or, in the asymptotic limit
of a large dataset [55]. In this limit, the quantity Ay?(0) =
—210g(L(0)/Lma) follows a y? distribution with N degrees
of freedom [44] and the graphical method corresponds to the
exact Neyman construction. Since for the BOSS and eBOSS
data sets Gaussian likelihoods are employed, the graphical
construction is exact, whereas parts of the Planck likelihood
are non-Gaussian [56] and we acknowledge that the
graphical confidence intervals may be approximate. If the
profile likelihood has a substantial overlap across a physical
boundary of the parameter, an alternative Neyman con-
struction needs to be used, also known as the Feldman-
Cousins prescription [57]. However, since the parameters
studied in this work are well away from their physical
boundaries, the Neyman construction is sufficient.

Computing the profile likelihood amounts to optimiza-
tions in the reduced parameter space v. Since evaluating the
likelihood function L(@,v) involves running the Einstein-
Boltzmann solver, numerical gradients are noisy and
inefficient [58]. For the optimization, we therefore use
simulated annealing [59], a gradient-free stochastic opti-
mization algorithm (see [60] for efficient computation of
profile likelihoods using an emulator and see [61] for
earlier approaches). The simulated annealing algorithm is
based on chains with iteratively decreasing temperatures

and step sizes, where the temperature 7 > 0 modulates the
likelihood function as L(0,v) — L(0,v)"/T. Large temper-
atures smoothen the likelihood landscape, whereas small
temperatures enhance peak structures. Thus, the chains are
able to escape local optima while eventually being localized
in a likelihood peak at low temperatures. Simulated
annealing performs well against the noisy cosmological
likelihood landscapes with many local optima [62], but
may depend moderately on the particular temperature
schedule employed. In practice, we inform the simulated
annealing process with proposal covariance matrices and
best-fits obtained from the corresponding MCMC analyses.
Since the minimizations for each point in the profile are
started from the global best-fit obtained from the MCMC,
poor convergence would likely lead to an underestimation
of the width of the confidence interval, which would not
have a strong impact on the conclusions in this paper as we
find very large confidence intervals with the profile like-
lihood. We ensure convergence and combat local optima by
running each optimization several times. Due to the limited
accuracy of the global best-fits caused by the finite
sampling of the profile, we present the best-fit points in
this paper as the optimum of the parabola fitted to the point
of highest likelihood and its two neighboring points. Our
implementation of the simulated annealing algorithm'
interfaces the MontePython [63,64] inference code with
the Einstein-Boltzmann solver CLASS [65],2 which models
the CMB coefficients and linear matter power spectra, and
with pyBird [19], which models the full-shape of the
galaxy power spectra from the EFTofLSS. It is identical to
the implementation used in Refs. [51,52].

For all MCMCs performed in this study, we use the
Metropolis-Hastings algorithm from MontePython, and
we assume our MCMC chains to be converged with the
Gelman-Rubin criterion R — 1 < 0.05.

In the following, we quote frequentist confidence inter-
vals as the MLE =+ 1o obtained via the graphical Neyman
method and we quote Bayesian credible intervals as the
posterior mean £1¢ obtained from the MCMC posterior.
We will employ the following metric as a measure of the
discrepancy between two approximately Gaussian poste-
riors or likelihoods,

10; — 0,

7’
[ 2 2
0yt 0y

where 6; is the ith point estimate of the parameter € and oy ;
the corresponding standard deviation. The point estimates
and standard deviations may be derived either from a
posterior or from a profile likelihood. In the case that the
two intervals are derived from the same model and the same

o-distance =

(2)

'Publicly available at https:/github.com/AarhusCosmology/
montepython_public/tree/2211.01935.

2Publicly available at http://class-code.net.

*Publicly available at https:/github.com/pierrexyz/pybird.
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statistical method (Bayesian or frequentist), but different
datasets, the o distance coincides with the Gaussian tension
metric employed, for example, in Ref. [66]. When the point
estimates are from different statistical paradigms, we
instead normalize only by the Bayesian uncertainty,

0 -0
o-distance = M, (3)

09 Bayes

which can be interpreted as the significance of the bias
between mean and MLE in units of the Bayesian error bars
induced by the prior effects.

B. Datasets and analysis choices

In this paper we perform various MCMC and profile

likelihood analyses using different datasets:

(i) BOSS DRI2 LRG: In our main analysis, we consider
the BOSS luminous red galaxies data (LRG) [67]
(see Ref. [68] for a description of the catalogs), with
covariances built from the patchy mocks described
in Ref. [69]. The BOSS data are divided into four
sky cuts, corresponding to two galactic skies,
denoted NGC and SGC, cut into to two redshift
bins; LOWZ, which corresponds to the redshift
range 0.2 < z < 0.43(z. = 0.32), and CMASS,
which corresponds to the redshift range 0.43 < z <
0.7(zest = 0.57). For LOWZ we analyze the galaxy
power spectrum up to ky,, = 0.20h7 Mpc™!, while
for CMASS we analyze it up to ky =
0.23h Mpc~!. In this study, we use the EFT like-
lihood of the full shape of the BOSS LRG power
spectrum prereconstructed multipoles, including the
monopole and the quadrupole, measured and de-
scribed in Ref. [21] and referred to as “BOSS”.
We also consider “BOSS + BAO”, which addition-
ally includes the cross-correlation of the pre-
reconstructed measurements with postreconstruction
BAO compressed parameters obtained in Ref. [19]
on the postreconstructed power spectrum measure-
ments of Ref. [70].

(i) eBOSS DRI6 QSO: We also consider the quasars
(QSO) data from the extended Baryon Oscillation
Spectroscopic Survey (eBOSS) [71] (see Ref. [72]
for a description of the catalogs), with covariances
built from the EZmocks described in Ref. [73]. The
eBOSS data are divided into two sky cuts, corre-
sponding to two galactic skies, denoted NGC
and SGC, in the redshift range 0.8 <z <
2.2(ze¢ = 1.52). We analyse the eBOSS QSO gal-
axy power spectrum up to k., = 0.24h Mpc~!.
In this study, we use the EFT likelihood of the
full shape of the eBOSS QSO power spectrum
prereconstructed multipoles from Ref. [24] and
the measurements of Ref. [74], including the
monopole and the quadrupole, which is referred
to as “eBOSS”.

(iili) BBN likelihood: As in Ref. [25], unless specified
otherwise, we impose a Gaussian likelihood on
wy, ~ N (0.02268,0.00038), where N(X,0,) de-
notes a Gaussian centered on X with standard
deviation o, coming from big bang nucleosynthesis
(BBN) experiments [75]. This likelihood is based on
the theoretical prediction of [76], the experimental
helium fraction of [77] and the experimental deu-
terium fraction of [78].

(iv) Planck: Finally, we compare the BOSS and eBOSS
results with the low-l CMB TT, EE, and the high-/
TT, TE, EE data, as well as the gravitational-lensing
potential reconstruction from Planck 2018 [1],
referred to as “Planck”.

For the BOSS and eBOSS analyses, we vary five

cosmological parameters:

{@cgm» wp, b, In(101°A,), n, }, (4)

corresponding to the physical cold dark matter and baryon
energy density, the reduced Hubble constant, the log-
amplitude of the primordial fluctuations and the scalar
spectral index, respectively.* For the MCMC, we assume
large flat priors, and for the profile likelihood, we scan a
parameter range that covers at least the 95% confidence
interval. For the LSS data, unless specified otherwise, we
always include the BBN likelihood mentioned above. To
facilitate comparison with previous studies, we present our
cosmological results on {og, 7, Q,,, n,,In (10'°A)}, corre-
sponding respectively to the clustering amplitude, the
reduced Hubble constant, the fractional matter abundance
as well as the scalar spectral index and amplitude of
primordial fluctuations from (4). Finally, for all analyses
performed we use the Planck convention for the neutrinos,
namely we take two massless and one massive species with
m, = 0.06 eV [1].

III. THE EFFECTIVE FIELD THEORY OF
LARGE-SCALE STRUCTURE FORMALISM

To model the full shape of the BOSS and eBOSS power
spectra, we use the EFTofLLSS theoretical prediction at one-
loop order. In the literature, several prescriptions have been
proposed for the EFT parameters. In line with
Refs. [25,79], we consider the two most commonly used
parametrizations, namely the “West coast” (WC) para-
metrization, the one used in the pyBird [19] likelihood, and
the “East coast” (EC) parametrization, the one used in the
CLASS-PT [23,80] likelihood.” In this section, we
describe these two EFT parametrizations and the associated
priors.

*For runs that include Planck data, we also vary T, the
reionization optical depth, within a large flat prior.

>Let us note that there exists another EFT likelihood imple-
mented in the public code VELOCILEPTORS [20,39,40], with
different prior choices on the EFT parameters.
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A. Power spectrum at one-loop order

In this study, we use the monopoles Py(z,k) and
quadrupoles P,(z,k) of the BOSS LRG and eBOSS
QSO power spectra given by

20+ 1

Poe k) =5 [ dut opy ek, (5)

2

k k2 k2
P,k ) = Z(4)2P 1y (K) + 22, () Pry (K) (— L )

ki

3
+2/(62176)1322(q,k —q.1)*Pyi([k —q|)Pyi(q) +6Z1(/4)P11<k)/

)

2

ka 3

ng

where f is the growth factor, and P, (k) is the linear matter
power spectrum (calculated with the CLASS code). In the
following, we give a description of the different terms of
Eq. (6):

(1) The first term corresponds to the linear galaxy power
spectrum in redshift space, also known as the Kaiser
formula [95]. This term depends on b;(z), which is
the linear galaxy bias parameter [see Eq. (7)].

(ii) The second term proportional to k*Z;(u)Py; (k)
corresponds to the contribution of the one loop-
order counterterms. ¢ is a linear combination of
the dark matter sound speed [11,12] and a higher-
derivative bias [14], while ¢, ; and c, , represent the
redshift-space counterterms [15]. Let us note that in
this analysis, we do not consider ¢, , (which belongs
to a u* term), since we do not include the hexadeca-
pole. Without the latter, this term is degenerate
with ¢, ;.

(iii) The second line corresponds to the one-loop per-
turbation contribution, which depends on four
galaxy bias parameters appearing in Eqgs. (7)—(9):
b;, with i = [1,4].

(iv) Finally, the last line, inversely proportional to the
mean galaxy number density 7, corresponds to the
stochastic contribution, which depends on three
stochastic terms: ¢, o, c™ and ¢3"**. The first term
describes a constant shot noise, while the other two
terms correspond to the scale-dependant stochastic
contributions of the monopole and the quadrupole.

In the contributions of the one loop-order counterterms

and the stochastic terms there are two scales that govern the
EFT expansions: ky', corresponding to the spatial exten-
sion of the observed objects [14], and kg !, corresponding to
the “dispersion” scale [15]. While the former controls the
spatial derivative expansion, the latter is the scale that
renormalizes the velocity products appearing in the red-
shift-space expansion.

1 k ANS
+— <Cg’0 + " — + 3 <H2 - —> 2
M

where L, corresponds to the Legendre polynomial of order
Cyandp = Z - k is the angle between the line-of-sight z and
the wave vector of the Fourier mode k. P,(z.k, u)
corresponds to the EFTofLLSS power spectrum of biased
tracers in redshift space at one-loop order,” which reads,
within the WC parametrization [93]:

i 4
d3q

W%(q’ —q.k,1)P1(q)

(6)

In Eq. (6), Z,, Z,, and Z3, corresponding to the redshift-
space galaxy density kernels of order n, are given by [93]

Z(q;) = K\(q;) + fuiGi(a;) = by + ful, (7)
Z,(q). 9. 1) = K (1. 42) + f13,Ga(q1. q2)
1 JZ
#3000 (2261 (@2 (@) +pem ). 8)
Z3(Q1,Q2,Q3,ﬂ)
= K;3(q1.92.93) + f133G3(q1. 92. q3)

1 Iz
+§fﬂq (q—le(‘h)Zz((h’%,MB)
H2:
+°2Gy (4. 43)Z (q)) + Cy0>, (9)
q23
where
Kl - bla (10)

q - @4+ 43)
24143

2 2

: 1

K q2(‘2]12 q2)>+b4’ (10
29143

K>(q1.9;) = b, + b, (Fz((h, qQ)

SThe first formulation of the EFTofLSS was carried out in
Eulerian space in Refs. [11,12] and in Lagrangian space in [81].
Once this theoretical framework was established, many efforts
were made to improve this theory and make it predictive, such as
the understanding of renormalization [82,83], the IR-resummation
of the long displacement fields [13,15,84-87], and the compu-
tation of the two-loop matter power spectrum [88,89]. Then, this
theory was developed in the framework of biased tracers (such as
galaxies and quasars) in Refs. [14,90-94].
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b
K;(q.—q.k) :5047];3613

<—38k5q + 48Kk3¢3 — 18kg® + 9(K? —

)

by -
+-——= 56k F <2kq(k2 + q*)(3k* — 14K>q* + 3¢*) + 3(k* — ¢*)* log {—q])

by
36k3 3

with u=q-2/q, A=drt- and  p;, g, =
q; .., /q” L, 4., —4; +eee +qim' In Eqs (7)_(9)’
G, represents the velocity kernels of the standard perturba-
tion theory, and K; represents the galaxy density kernels,
defined as in Egs. (10)—(12) [14,91,92], where F, is the
symmetrized second-order density kernel from the standard
perturbation theory [10].

We note that Refs. [24,25] found the goodness of the
ACDM fit to BOSS and eBOSS to be good, with p-values
ranging from ~5-15% depending on the particular dataset
and configuration used.

B. Different parametrizations

1. WC parametrization

In the previous section, we expressed the power spec-
trum in the framework of the WC parametrization using 10
EFT terms: four bias parameters (b;, with i = [1,4]), three
counterterms (cg, ¢, and c,,), and three stochastic terms

(Cegr € and ¢3™). In this study, we set to zero [16] the
parameters ¢, (degenerated with ¢, ;, as we do not include
the hexadecapole), implying that we end up with nine EFT
parameters for each sky cut of the BOSS LRG and eBOSS
QSO data. In the pyBird likelihood, instead of using b, and
by, we use linear combinations of these parameters: ¢, =
(by 4 by)/V/2 and ¢4 = (b, — by)/+/2. Given that b, and
b, are almost completely anticorrelated (at ~99% accord-
ing to Ref. [16]), the standard procedure is to set ¢, = 0. In
addition, ¢ is also set to O in the pyBird baseline
analysis since the functions that are multiplied by this
parameter were found to be small compared to the signal-
to-noise ratio associated with the BOSS volume [16,96]. In
this study, we include ¢4 and ¢[™" as free parameters in our
analysis when comparing the WC parametrization with the
EC parametrization in Sec. IVA, which ensures math-
ematical equivalence between the EC and WC parametri-
zations. On the other hand, for our cosmological results
(where we only use the WC parametrization) we adopt the
standard pyBird convention and set c; = ¢°" =0 to
facilitate easier comparison with previous works. In
Sec. IVA, we find that fixing or freeing ¢4 and cI°"
changes the frequentist confidence intervals for oy, indicat-
ing that the effect of these two EFT parameters is not
negligible.

<6k5q+ 16k3¢3 — 6kg> + 3(k* —

q°)’ log L’:ZD (12)

Note that we treat these nuisance parameters as inde-
pendent across each of the four sky cuts as done in, e.g.,
Refs. [16,35], giving a total of 28 EFT nuisance parameters
in our standard BOSS analysis (and 14 for the eBOSS
analysis) when fixing ¢4, = " = 0.

Within the WC parametrization, we set kv =0.7h Mpc ,
kg = 0.35h Mpc™' and 7, =4 x 107* (Mpc/h)* for the
BOSS LRG data [97], and ky = 0.7h Mpc™!, kg =
0.25h Mpc™" and 7, =2x 107 (Mpc/h)? for the
eBOSS QSO data [24] in Eq. (6).

2. EC parametrization

We now turn to the EC parametrization which is used by
the CLASS - PT likelihood [80]. In the following, we list the
differences between the two parametrizations, and com-
ment on how to switch from one to the other:

(i) Bias parameters: the EC parametrization uses the

{by.by.bg,. br,} basis [90], which is related to
the previous basis {b;,b,,b3,b,} in the following

way [98]:
by = by,
b, = b, +%bg2,
by = by + 15bg, + 6br,.
b4:%l~)2—;bg2. (13)

These two bases are equivalent and describe the one-
loop contribution.

(ii) Counterterms: in the EC parametrization, the defi-
nition of the counterterms {c(,c,,c4} changes
slightly with respect to the WC parametrization
{ce,cr1. €0}t ky and kg are now absorbed in
the counterterm coefficients, such that ¢y « ¢, /k,
¢y« ¢,1/k% and ¢4 « c,,/ky. Note that in the EC
parametrization, these counterterms are not unitless.
In this analysis, we fix ¢, = 0 as we do not include
the hexadecapole.

(iii) Stochastic terms: we use the same definition for
the stochastic parameters as for the WC parametri-
zation. Further, the EC parametrization uses ky; =
0.45h Mpc™! and 71 ~3 x 10~* (Mpc/h)>.
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Note that the EC baseline parametrization includes a
next-to-next leading order parameter, ¢, in front of a term in
~k*P;, (k). In order to be consistent with the WC para-
metrization, we do not include this term in this analysis,
which implies that we end up with nine EFT parameters
that are equivalent to the WC ones.

In this paper, in line with Ref. [25], the results of the EC
parametrization are obtained with pyBird, which supports
both the EC and WC parametrizations. This facilitates
exploration of the differences in the inferred cosmological
parameters introduced by the priors and parametrizations of
the EFT parameters without the need to take into account
differences in data and codes, namely the different imple-
mentations in CLASS-PT and PyBird (we invite the
interested reader to refer to Ref. [25] for such a
comparison).

C. Priors

In the left half of Table I, we summarize the MCMC
standard priors used for the nine parameters in the pyBird
code. In general, given the perturbative nature of the theory,
the one-loop contribution should be smaller than the tree-
level contribution. The latter is given by the Kaiser formula,
which depends on the linear bias b, implying that the other
EFT parameters should be in ~O(b,). In the standard WC
analysis, i.e., ¢4 = c" =0, the parameters b; and c,
vary within flat priors, while the other EFT parameters, i.e.,
those which enter linearly into Eq. (6), are analytically
marginalized with Gaussian priors following the procedure
of Appendix C of Ref. [19].

In the right half of Table I, we summarize the MCMC
standard priors used for the nine parameters in the CLASS -
PT likelihood. The main difference to the WC priors is that
the EC priors are mainly based on simulations [99]. In the
standard EC analysis, b, varies within a flat prior, and b,
and bg, vary within Gaussian priors, while the other EFT
parameters are analytically marginalized within Gaussian
priors.

For the profile likelihood analysis, in theory, we do not
need to include priors. However, for practical reasons
related to the implementation of the EFT likelihood, we
mimic the case without priors by multiplying the bounds of
the flat priors and the standard deviation of the Gaussian
priors in Table I by 100. In Appendix A we check that this
leads to an effectively flat prior. Lastly, we refrain from
applying the analytical marginalization from Appendix C
of Ref. [16], commonly used in the standard analysis.
Instead, we use the analytical approximation (without
marginalization) from the same reference to estimate, at
each point in the optimizations, the best-fitting values of the
EFT parameters that have Gaussian priors in the standard

"Note that alternative renormalization approaches can help to
inform well-motivated priors from theory, see e.g. [100].

TABLE I. Standard priors on the EFT parameters in the WC
and EC parametrizations used for MCMC analyses in this paper.
In the WC parametrization, b; and ¢, vary within flat priors,
whereas in the EC parametrization, El varies within a flat prior,
b, and bg, vary within Gaussian priors, while Gaussian priors are
imposed on the other parameters before analytically marginal-
izing them. In the profile likelihood analyses, we mimic the case
without priors by multiplying all priors by a factor 100. The two
parameters with () are set to 0 for our cosmological results, but
we include them for the comparison with the EC parametrization
in Sec. IVA to ensure perfect equivalence between the two
parametrizations. N (%, ¢,) corresponds to a Gaussian prior on
the parameter x with a mean value of X and a standard deviation of
o,. We emphasize that we treat these parameters as an indepen-
dent set in each sky cut.

WC Priors EC Priors
Parameter MCMC MCMC
type Parameter  prior Parameter prior
Bias b, flat [0, 4] b, flat [0, 4]
1) flat [—4, 4] b, N(0,1)
cy(x)  flat [—4,4] bg, N(0,1)
by N(O, ) br,  N@GE(@®-1).1)
Counterterms ¢, N(0,2) c¢o/[Mpc/h)>  N(0,30)
Cri N(0.2) ¢,/[Mpc/h)>  N(30,30)
Stochastic Ceo N(0,2) Cep N(0,2)
e (x)  N(0.2) cen N(0.2)
Cguad _/\/'(0 2) guad (07 2)

configuration, having checked explicitly that this approxi-
mation works to good precision even with flat priors.

IV. CONSISTENCY OF EFTOFLSS FROM
PROFILE LIKELIHOOD ANALYSES

In this section, we compare the two EFTofLSS para-
metrizations introduced in Sec. III B, contrast them to the
standard MCMC results, explore the impact of the
Bayesian priors, and illustrate explicitly the effect of more
constraining data. We take the example of the amplitude of
matter clusten'ng,8 og, which was found to be particularly
affected by prior effects [25,34].

A. EC vs WC parametrizations and
comparison to MCMC

In Fig. 1, we compare the one-dimensional marginalized
MCMC posteriors P(og) to the profile likelihoods L(oy),
which are normalized by their individual MLEs. We use
BOSS full-shape data combined with reconstructed BAO

¥*Note that the definition of o5, which is in units of Mpc/h,
depends also on the background cosmology and, therefore,
alternative measures of the amplitude of matter fluctuations have
been proposed [101-104].
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— = MCMC, EC
== MCMC, WC

profile, EC
= profile, WC

= profile, WC (c4 = ¢

mono __ 0)

L(og) resp. P(o3)

FIG. 1. Marginalized MCMC posteriors (dashed) and profile
likelihoods (solid) of og within the WC (blue) and EC para-
metrizations (orange), for BOSS + BAO data. The two statistical
approaches and two parametrizations yield different intervals for
og. If ¢4 and ¢"°™ are allowed to vary in the WC parametrization,
the MCMC posteriors do not agree (dashed lines), while the WC-
profile likelihood (blue dotted) agrees with the EC-profile like-
lihood (orange solid), confirming that the two mathematically
equivalent parametrizations lead to the same likelihood. In the
remainder of the paper, we adopt the WC-standard convention
(cy = " =0, blue solid).

data based on the WC (blue) and EC (orange) parametri-
zations, respectively. We find that the Bayesian MCMC
posteriors differ from the frequentist profile likelihoods in
both WC and EC parametrizations, respectively, indicating
that priors and/or marginalization have an impact on the
constraints on oy in the Bayesian analysis, as was already
pointed out in Ref. [25].

In the WC parametrization, the standard configuration
includes setting ¢4 = " = 0. Mathematically, the WC
parametrization is only equivalent to the EC parametriza-
tion if ¢4 and " are taken as free parameters (see
Sec. Il B). However, even if ¢, and ¢’°" are free to vary,
the MCMC posteriors in the two parametrizations (dashed
lines), using the recommended standard priors in Table I,
do not yield the same credible interval:

oy = 0.7487008  (MCMC, WCQ),
o5 = 0.700 £ 0.044 (MCMC, EC). (14)

Reference [25] showed that this difference, which corre-
sponds to a o-distance of 0.7¢ [as defined in Eq. (2)], can be
attributed to the different prior configurations in the WC
and EC parametrizations (and not to differences in the
implementation of the codes).

The profile likelihoods, on the other hand, do not depend
on priors, since they are constructed solely from the MLE,
and are reparametrization invariant. Therefore, two profile
likelihoods from the same dataset will agree if the under-
lying models are equivalent, i.e., if the range of their
possible predictions coincide. We explicitly confirm that if
¢4 and c°™ are free to vary, the profile likelihood in the
WC parametrization (blue dotted) agrees with the profile

likelihood in the EC parametrization (orange solid) up to
numerical accuracy:

og = 0.850 £0.119
og = 0.850 £0.117

(profile, WC),
(profile, EC). (15)

Note that in Fig. 1, we show the individually normalized
profiles, but we checked that the absolute values of the
likelihood at each point are also approximately equal with
maximum differences of A){z < 0.2, which can be attri-
buted to uncertainties in the optimization. This consistency
check at the example of og confirms the mathematical
equivalence of the WC and EC parametrizations.

Since the recommended standard configuration in the
WC parametrization includes setting ¢, = cf°™ = 0, we
use this as the baseline setting for both Bayesian and
frequentist analyses in the remainder of the paper to
facilitate comparison with previous work. The profile
likelihood in the baseline configuration (blue solid line
in Fig. 1, ¢4 = ¢ = 0) yields,

oy = 0.7699 £ 0.0851 (profile, WC-base), (16)
which differs from the profile likelihood with free ¢4, c*°"
in the WC parametrization (blue dotted) by 0.66. Fixing c,4
and ¢ also leads to a reduction of the width of the
frequentist confidence interval by 30%. This indicates that
¢4 and ¢ have an impact on the inference for o5, which
cannot be neglected for the profile likelihood analysis.
Explicitly checking the best-fit values of these two EFT
parameters close to the global MLE, i.e., the minimum of
the profile likelihood, reveals that these parameters take on
nonzero values as large as ¢, &~ 57 and ¢""° ~ 38 (depend-
ing on the particular sky cut), pointing to an important role
played by these two parameters and motivating closer
inspection of the impact of analysis choices regarding the
EFT parameters, which we present in the next section.

B. Role of EFT “priors”
in the frequentist setting

It is instructive to look at the values attained by the EFT
parameters in the frequentist framework, which requires
varying all parameters in very large flat ranges. Let us recall
that the EFT parameters in the WC parametrization should
be of order unity in order to conserve the perturbative
nature of the EFTofLSS [97]. Yet, we find that they take on
extreme values at most points in the profile. For example,
Fig. 7 in Appendix A shows the values of the EFT
parameters at each point in the og profile with the baseline
configuration (WC, ¢4 = ¢™" = 0), which finds values
like b3 = 26 and c =~ 23. Similarly large values appear in
the og profile using the EC configuration, where we find as
large values as b, ~ 53 and bg, ~ 38. This indicates that the
profile likelihood includes parts of the EFT parameter
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space in the analysis in which the EFT prediction is no
longer valid. In the Bayesian analysis this issue is addressed
by imposing narrow Gaussian priors on the EFT parameters
(see Table I). However, as we will now show, imposing a
specific (subjective) prior has a direct impact on the
inferred uncertainty in og.

Indeed, the intervals from the profile likelihoods in Fig. 1
are broader than the intervals from the MCMC posteriors
by factors of 2.6 to 2.7 (for ¢4, ¢ free). To explore
whether this significant loss in constraining power can be
explained by the information content of the priors in the
Bayesian analysis, we construct a profile likelihood subject
to the same “priors” as the Bayesian analysis; if the nonflat
Bayesian priors were well-founded, they could in principle
be promoted to likelihoods, be interpreted as genuine data,
and thus used in the profile likelihood construction.

In Fig. 2, we show the impact of including Gaussian
likelihoods on the EFT parameters, which correspond to the
standard priors in the WC (top, black solid line, with free c,,
c) and EC parametrization (bottom, red solid line), as
quoted in Table I. Including the Gaussian data likelihoods
gives the following frequentist confidence intervals:

oy = 0.817 £ 0.049
o5 = 0.783 £ 0.060

(profile, WC “priors”),
(profile, EC “priors”). (17)

We observe a strong increase in constraining power, reduc-
ing the width of the frequentist intervals almost to the level of
the Bayesian intervals, indicating that the priors on the EFT
parameters are informative. We also observe a slight shift in
the global MLE toward the mean of the posterior as a result
of including the Gaussian likelihoods on the EFT param-
eters. However, the shift thus introduced is not enough to
reconcile the frequentist and Bayesian results; we observe a
o distance of about 1o for both the WC and EC para-
metrizations. This is an indication that there is not only a
prior weight effect, which is a direct result of the multipli-
cation of the prior, but also a prior volume effect, which is a
result of the marginalization (see Sec. II) of some of the
model parameters. This is in agreement with Ref. [38],
which finds similar results for fog using a profile likelihood
analysis based on VELOCILEPTORS [20,39,40] (see e.g. their
Fig. 3). Moreover, Ref. [42] find that the posteriors of several
EFT parameters, e.g. ¢4, c2°"°, b3, ¢, among others, are
dominated by the prior information (see their Fig. 8),
reinforcing our conclusions that the priors on the EFT
parameters are informative. In Appendix A, we go one step
further and illustrate the impact of changing the prior width
on the profile likelihood of oy.

We conclude this section with the observation that both
statistical approaches come with disadvantages in the
context of BOSS + BAO data. While the results of the
Bayesian analysis depend on informative (subjective)
priors and are influenced by volume effects, the frequentist
analysis takes into account parts of the EFT parameter

== MCMC, WC
= profile, WC

= profile, WC-“prior”
. profile, WC (cq, ¢*°"° free)

L(og) resp. P(og)

~

== MCMC, EC
profile, EC

profile, EC-“prior”

L(og) resp. P(os)

FIG. 2. Same as Fig. 1 but including profile likelihoods with
Gaussian data likelihoods on the EFT parameters, which corre-
spond to the standard WC (top, black line) and EC priors (bottom,
red line). The Gaussian likelihoods lead to a reduction of the
width of the profiles almost to the level of the MCMC posterior
and to small shifts of the MLE. However, the posterior and profile
do still not overlap, which can be explained by prior volume
effects in the Bayesian inference.

@ —— profile
S
2 === MCMC
& —— profile/16
I -==- MCMC/16
S
3 I
~~
0.7 0.8 0.9
s

FIG. 3. Profile likelihoods (solid) and marginalized MCMC
posteriors (dashed) of og in the WC parametrization under
BOSS + BAO data (blue) and the same data but with a data
covariance divided by 16 (red). This illustrates how more
constraining power reduces the difference between the Bayesian
and frequentist approaches.

space in which the theory is no longer valid, which reflects
a significant loss of constraining power. As a way forward,
we explore the impact of using more constraining data than
the BOSS 4+ BAO data in the next section.

C. Effect of more constraining data

In the asymptotic limit of infinite data, the likelihood will
dominate the Bayesian prior, and prior effects will vanish

123514-9



EMIL BRINCH HOLM et al.

PHYS. REV. D 108, 123514 (2023)

accordingly [44]. Consequently, Bayesian and frequentist
constraints will converge to the same answer as the model is
better constrained by data.

To illustrate this point, we rescaled the BOSS covariance
matrix by a factor 16, simulating a prospective situation
with less uncertainties or, equivalently, a larger data
volume, roughly corresponding to that of future galaxy
surveys such as DESI [105] or Euclid [106]. In Fig. 3, we
compare the constraints on og from the rescaled data
covariance to those obtained from the unscaled data
covariance using both MCMC and profile likelihoods,
normalized to their MLE. Note that from now on, we
show only results in the WC parametrization, using the
default configuration ¢, = ¢*"° = 0. The constraints on
oy as well as the ¢ distances, as defined in Eq. (3), are given
in Table II.

With the reduced data covariance, the profile and
posterior are narrower and roughly centered around the
same value of o5. When reducing the data covariance, the
posterior mean value obtained from the MCMC moves
closer to the MLE (i.e., the maximum of the profile
likelihood), while the MLE is unchanged since the case
with reduced data covariance is based on the same power-
spectra data. Table II shows that the consistency improves
from 0.49¢ to 0.336 when we reduce the data covariance.

This improved consistency between the best-fit and the
posterior mean of the MCMC shows that the prior influence

TABLE II. Constraints on og from the marginalized MCMC
posteriors and profile likelihoods of Fig. 3. The last row gives the
o distances between the MCMC/profile constraints.

BOSS + BAO BOSS/16+BAO
MCMC (mean £1o) 0.748 £ 0.045 0.765 £ 0.015
Profile (bf. +10) 0.770 £+ 0.085 0.770 £ 0.018
o distance 0.49¢ 0.330

decreases as the data volume increases, as already pointed
out in Ref. [25]. Thus, discrepancies between Bayesian and
frequentist methods can be seen as due to a lack of data,
which will improve as more data is obtained in the future.
Furthermore, one may hope that more data will aid in
constraining the EFT parameters helping to avoid extreme
values at which the EFT is no longer valid, though this is
not guaranteed. Hence, we can look to future galaxy
surveys to improve the situation for EFTofLSS analyses
using either statistical method.

V. PROFILE LIKELIHOOD RESULTS ON
COSMOLOGICAL PARAMETERS

In this section, we present profile likelihood results from
the EFTofL.SS applied to BOSS, eBOSS and Planck data
for five selected ACDM parameters, oy, h, Q,,, n,, and Ay,

= ¢BOSS
— BOSS
= BOSS+BAO
=== Planck
0.70
<= 0.67
0.64
0.32
Q§ 0.28
0.24
1.1
s 1.0
0.9
3.6
<
S 3.2
S
o
— 2.8
0.7 0.8 0.9 0.64 0.67 0.70 0.24 0.28 0.32 09 10 1.1 2.8 3.2 3.6
o h Qn Ng In10*0A4,

FIG. 4. MCMC posteriors for five selected ACDM parameters using four different datasets, described in Sec. II B.
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TABLE III.

68% C.L. constraints obtained in this paper. Profile likelihood (PL) constraints represent the best-fit and confidence

interval from the Neyman construction described in Sec. Il A; the quantity in =+ is the average of the absolute difference between the
lower and upper bounds and the best-fit (noting that the profiles are largely Gaussian). The MCMC constraints represent the mean of the
marginalized one-dimensional posterior and its associated 68% credible interval.

oy h Q,, ng In 10'0A;
BOSS PL 0.8025 £0.0925  0.6816 +0.0209  0.3197 £0.0291  0.9499 +0.1349  3.0304 + 0.3167
MCMC  0.7443 £0.0433  0.6889 £0.0136  0.3137 £0.0174  0.9050 £0.0576  2.8610 £ 0.1543
BOSS + BAO rec PL 0.7699 £0.0851  0.7013 £0.0183  0.3293 £0.0281  0.8795 £0.1078  2.8222 £0.2918
" MCMC  0.7476 £0.0450  0.6957 £0.0123  0.3126 £0.0170  0.8997 £0.0602  2.8455 £0.1612
BOSS PL 1.0267 £ 0.1179  0.6645 +0.0233  0.2872 +0.0490  1.1454 +0.1326  3.5852 4+ 0.3065
¢ MCMC  0.8903 £0.0856  0.6668 £0.0291  0.2804 £0.0416  1.0880 £ 0.0853  3.3940 £ 0.2266
Planck PL 0.8122 £0.0063  0.6742 £0.0054  0.3151 £0.0074  0.9663 £0.0044  3.0453 £0.0139
anc MCMC  0.8112£0.0058  0.6737 £0.0054  0.3153 £0.0074  0.9651 £0.0042  3.0446 £ 0.0142

TABLE IV. o distances, as defined in Eq. (2), for five selected parameters between different datasets.

o h Q, n, In 10104,
BOSS+BAOws Planck  bve Yyr e gl Tie
BOSS vs Planck MOMC 09 0 ovse tae L
BOSS+BAOvseBOSS  \lvRlm o B0 e e

and compare to the credible intervals from the Bayesian
MCMC. While lacking more constraining data, comparison
of frequentist and Bayesian methods can help to gain a more
nuanced view of the data. For both frequentist and Bayesian
setups we use the standard WC parametrization (setting
¢y = " = 0) of the pyBird likelihood and for the MCMC
the default prior configuration from Ref. [16] as above.

A. Bayesian results

Firstly, Fig. 4 shows the one-dimensional marginalized
posterior distributions and the 68% and 95% two-
dimensional marginalized posteriors obtained from our
MCMC analyses for the BOSS, BOSS + BAO, eBOSS,
and Planck data (see Sec. II B for details). The general
picture, which corroborates previous results using the WC
parametrization of the EFTofLSS [16,25], is that the
parameter constraints from BOSS and eBOSS show overall
agreement with Planck data up to 1.60. All ¢ distances, as
defined in Eq. (2), are summarized in Table IV. We confirm
that BOSS 4 BAO data prefers slightly lower values of og
than Planck data at a significance of 1.40. Note that this
difference is larger in the EC parametrization correspond-
ing to a o distance of 2.5¢ (see Sec. IVA). Moreover, we
find that BOSS + BAO data prefers slightly larger values
of h than Planck at a significance of 1.66 and eBOSS prefer
slightly larger values of n, and A, than Planck at a

significance of 1.40 to 1.50, while having a weaker
constraining power compared to BOSS data. The inclusion
of the reconstructed BAO data does not alter the constraints
from BOSS significantly, the most significant being a 0.4¢
shift on h.’

B. Frequentist results

Figure 5 shows the profile likelihood results for the
cosmological parameters og, &, ,,, n,, and A;. For each of
the parameters, the top panels show the profile likelihoods
in terms of the Ay?, such that according to the Neyman
construction for a Gaussian likelihood the intersections
with Ay? = 1(3.84), shown as the dashed (dotted) hori-
zontal line, gives the 68% (95%) confidence interval. The
bottom panels show such constructed confidence intervals,
along with the corresponding credible intervals obtained
from the MCMC analyses. Note that the confidence
intervals for Planck have been constructed from fitting
the Ay? to a parabola, which is the fit shown in the figure.
This is appropriate since the ACDM profiles are Gaussian
under Planck data [58]. For a visual comparison, individual

9Compared to previous analyses, especially Ref. [24], we do
not set ny to the Planck value, which explains why our LSS
constraints are somewhat weaker and why we have a stronger
inconsistency between eBOSS and BOSS.
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FIG. 5. Profile likelihoods for five selected ACDM parameters using the three main datasets described in Sec. II B. For each of the
parameters, the top subplots show the profile likelihoods in terms of the quantity Ay?(0) = —210g(L(0)/L pax )» Where Ly, is the MLE.
The bottom subplots show the 68% and 95% confidence intervals derived from the profiles (solid) as well as the 68% and 95% credible

intervals obtained from the Bayesian analysis (dashed) of Fig. 4.

The profile constraints differ from the MCMC constraints for

BOSS + BAO and eBOSS data, while the Planck constraints are roughly unchanged. We find no indication for a tension between any of

the considered datasets.

profiles and posteriors for each parameter and data combi-
nation can be found in Fig. 8 of Appendix B. Our
constraints are summarized in Table III, and the global
best-fitting parameters in the BOSS 4+ BAO and eBOSS
datasets are given in Appendix C. In Table IV, we indicate
the o-distances between several combinations of experi-
ments for either the MCMC or the profiles, while in
Table V, we display the o distances between posterior
mean and MLE for each dataset. In the following, we will
discuss the profile results and compare them to the MCMC
results for each dataset individually.

C. BOSS and the “og discrepancy”

Our profile likelihood confidence intervals for the
BOSS + BAO data are in good agreement with the con-
fidence intervals from Planck data for all five cosmological
parameters at less than 1.4¢ and we find no indication for a
tension. Removing the reconstructed BAO data leads only
to sub-o shifts, the largest being in /4, which is 0.7¢ larger
when including the reconstructed BAO data (as is the case
for the MCMC analysis). When comparing to the credible
intervals from the MCMC, the most striking feature is that
the confidence intervals from the profile are much wider,

123514-12



BAYESIAN AND FREQUENTIST INVESTIGATION OF PRIOR ...

PHYS. REV. D 108, 123514 (2023)

TABLE V. Distance between posterior mean and best-fit in units
of the standard deviation, o, of the posterior, as defined in Eq. (3).

oy h Q, ng In 10104,
BOSS + BAO 0.506 0466 098¢ 0.34c 0.140
eBOSS 1.59¢ 0.086 0.1660 0.67¢ 0.84¢
Planck 0.166 0.086 0.036 0.290 0.05¢

e.g., the 68% profile confidence intervals are wider by a
factor of 1.4 to 1.9 than the MCMC credible intervals. As
already discussed in Sec. IV B, this cannot fully be
attributed to prior volume effects, and is consequently an
indication that the priors on the EFT parameters in the
Bayesian approach are informative and lead to tighter
constraints on the cosmological parameters. The point
estimates of profile and MCMC differ only slightly; we
find o distances between posterior mean and MLE, as
defined in Eq. (3), up to 1o, namely ~0.5¢ on /4 and g, and
~lo on Q,, (see Table V). As discussed in Sec. IV B, note
that in our BOSS and BOSS + BAO results, we observe
that the EFT parameters take on extreme values, which
reflects in considerably larger uncertainties and questions
the validity of the EFTofLSS in our profile likelihood
analysis.

Our results corroborate previous findings [24,25,42]
that there is no indication for a “og discrepancy” between
BOSS and Planck data. While in the Bayesian analysis the
o distance between oy posteriors of BOSS + BAO data
based on the WC (EC) parametrization and Planck is
1.46 (2.50), this is reduced to 0.49¢ (0.330) for the profile.
This reduction of the o distance is mainly due to the
increase of the errorbar by a factor of 1.9 (2.7) along with a
shift of the MLE compared to the posterior mean to slightly
larger values of og. These results suggest treating the
somewhat curious 2.5¢ discrepancy in og obtained in the
MCMC analysis using the EC parametrization cautiously
since it depends on the EC convention of the EFT
parameter priors and on prior-volume effects inherent to
the Bayesian framework.

D. eBOSS

The profile likelihood confidence intervals from eBOSS
data show mild discrepancies with Planck and BOSS +
BAO data for some parameters, e.g., og is 1.82¢ (1.770)
higher than for Planck (BOSS + BAO) and In10'A; is
1.826 (1.720) higher than for Planck (BOSS + BAO),
which is similar to the MCMC analyses (see Table IV).
Otherwise, the parameter constraints of eBOSS are within
around <1.50¢ of the constraints from Planck and
BOSS + BAO. When comparing to the MCMC con-
straints, we find that the width of the 68% confidence
intervals of the profile is a factor 1.2 to 1.6 wider than the
credible intervals of the MCMC. The best-fit obtained from

the profile is within 1o of the posterior mean obtained from
the MCMC except for the parameter og, where the bestfit is
at a 1.59¢ higher value than the posterior mean. However,
as with BOSS data, we also find extreme values of the EFT
parameters under eBOSS data.

E. Planck

For comparison, we also constructed profile likelihoods
for Planck data. We find very good agreement between the
constraints from profile likelihoods and MCMC for Planck
data. The width of the confidence and credible intervals
agree within less than 8% and the shifts between best-fit
and posterior mean are less than 0.3¢. This corroborates the
results in Ref. [58], which used Planck 2013 intermediate
results and also found very good agreement between both
methods. The good agreement between the profile like-
lihood and MCMC are expected due to the high con-
straining power of Planck data, which dominates over
any prior information. We note that for all cosmological
parameters, the Planck constraints are in-between the
BOSS and eBOSS ones, indicating no tension between
the CMB and the galaxy clustering data.

VI. CONCLUSIONS

Motivated by previous Bayesian studies that found a prior
dependence of the inferred cosmological parameters from
BOSS full-shape data using the EFTofLLSS [25,34,41,42], in
this work, we present frequentist profile likelihood con-
straints to view this matter from a different statistical point of
view. In particular, two of the commonly used parametriza-
tions of the EFTofLSS, the WC [19] and EC parametriza-
tions [80], give different constraints on the cosmological
parameters of up to ~1o in a Bayesian analysis [25].

Using the profile likelihood, we find that the WC and
EC parametrizations yield the same confidence interval for
oy, confirming that the two parametrizations are mathe-
matically equivalent, i.e., they describe the same space of
model predictions for the galaxy power spectrum multi-
poles (see Fig. 1 in Sec. IV A)."” However, we find that the
profile likelihood gives constraints on oy that are factors of
> 2 wider than the constraints based on the MCMC
posterior. Moreover, we observed that several of the
EFT parameters take on extreme values during the profile
likelihood analysis, indicating that the frequentist analysis
takes into account parts of the EFT parameter space
beyond the intended use of the theory, in which the
perturbative nature might be broken. This issue is
addressed in the Bayesian case by imposing narrow
Gaussian priors on the EFT parameters. If these priors

"This equivalence requires the free variation of two EFT
parameters in the WC parametrization (¢4 and ¢°", see Sec. I1I),
which are typically fixed to zero in the standard WC convention.
Instead, we find a strong correlation between these parameters
and og, motivating further study.
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were well-founded, e.g., motivated from theory, simula-
tions, or other observations, the priors could in principle be
promoted to data likelihoods in the frequentist analysis.
Although the priors on the EFT parameters are not
rigorously motivated, we explore the effect of including
Gaussian data likelihoods in the frequentist analysis,
which correspond to the priors in the Bayesian analysis.
We find that the inclusion of the Gaussian likelihoods on
the EFT parameters reduces the width of the constraints
almost to the level of the ones inferred from the MCMC
posterior and keeps the EFT parameters in the intended
range (see Fig. 2 in Sec. IV B). However, it also leads to a
shift of the confidence interval of og. This demonstrates
that the priors on the EFT parameters in the Bayesian
analysis are informative and influence the inferred cos-
mological parameters.

As a way forward, we explore the impact that data from
future surveys like DESI [3] will have by considering
BOSS + BAO data with a data covariance matrix rescaled
by 16 (see Fig. 3 in Sec. IV C). We find that the constraints
from Bayesian and frequentist approaches converge to the
same interval for og as the likelihood dominates over the
prior information, suggesting that the issues discussed
above will subside with more data.

Finally, we construct frequentist confidence intervals for
five selected ACDM parameters, og, h, Q,,, 1, In 10104,
and compare the constraints from different datasets, includ-
ing BOSS, eBOSS and Planck (see Sec. V). With the
profile likelihood, we find that the constraints from BOSS
and Planck for all five parameters are within 1.40, finding
no indication of a tension. In particular, while the MCMC
posterior prefers intervals for og, which are 1.4¢6 (2.50)
lower than the Planck value for the WC (EC) EFT para-
metrization, the intervals from the profile likelihood are
only 0.5¢ (0.30) lower than the Planck constraint. The
reduction of the o distances can be mainly attributed to
the wide confidence intervals from the profile likelihood,
but in the case of oy, also to shifts of the MLE closer to the
Planck value than the posterior mean. In line with previous
studies [24,25], we find that the parameter og is most
subject to prior effects. This indicates that the slight “og
discrepancy” seen in the Bayesian results using the EC
parametrization is due to the particular choice of priors. On
the other hand, although our main profile likelihood
analysis makes use of the WC baseline parametrization
of the EFTofLL.SS without priors, we do not expect major
changes in our conclusions regarding the state of the oy
tension from resorting to the use of “priors” or a different
parametrization.

Our results clearly show the advantages and disadvan-
tages of frequentist and Bayesian parameter inference.
Since the frequentist inference does not include priors that
confine the EFT parameters to the regime intended by the
theory, we observe that the data prefers several EFT
parameters to take on extreme values, possibly breaking

the perturbativeness of the theory. The lack of prior further
leads to significantly wider confidence intervals. This loss
of constraining power reflects the purely data driven
frequentist approach, which is completely agnostic about
which model parameters are deemed more likely a priori.
On the other hand, the priors in the Bayesian inference are
informative and have an impact on the inferred cosmo-
logical parameters. This is important since it is not
straightforward to define well motivated priors on the
EFT parameters, which is reflected in the fact that the
WC and EC parametrizations use different standard con-
figurations for the EFT priors.

Looking towards the future, which will bring more
constraining datasets, we can expect these points of
discussion to subside as the data will dominate over any
subjective preference introduced by the analysis setup.
While waiting for better data, our results indicate that the
use of frequentist along with Bayesian methods are
valuable in order to obtain a fully nuanced view of the data.
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APPENDIX A: IMPACT OF PRIORS
ON EFT PARAMETERS

The naturalness of the EFTofLSS framework predicts the
EFT nuisance parameters to be of order unity, and too large
values of these parameters would break the perturbative-
ness of the theory [97]. Thus, the standard WC para-
metrization described in Sec. III B assigns Gaussian priors
on a subset of the nuisance parameters in order to prohibit
the nonperturbative regime from influencing the inference.

In principle, such priors could be informed by N-body
simulations and thereby promoted to likelihoods and
interpreted as additional data in the frequentist approach.
However, since this is not the case for the above priors, it is
statistically not justified to include them in a profile
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FIG. 6. Profile likelihood of 63 under BOSS + BAO data using
Gaussian data likelihoods on the EFT parameters, which corre-
spond to the standard WC priors multiplied by different factors
indicated by the legend. There is a clear shift in o3 as the prior is
widened. In particular, the profiles with widths multiplied by
factors of 40, 100, and 400 coincide, indicating that the Gaussian
priors reach the limiting case of a flat prior with these large
widths. Thus, in our analysis, we model the flat priors on all EFT
parameters as the usual priors, but with the widths of the Gaussian
priors multiplied by 100.

likelihood analysis. In the main text, we have illustrated the
impact induced by including the priors as likelihoods in the
analysis. Here, we repeat this analysis varying the width of
the priors.

Flat priors can be modelled as Gaussian priors in the
limit that the standard deviations, or widths, of the Gaussian
priors tend to infinity. Thus, by gradually increasing the
width of the standard Gaussian priors, one uncovers the
effects of the priors. Figure 6 shows oy profiles with
BOSS +BAO data with the Gaussian priors widths
increased by the factor specified in the legend. The red

line corresponds to the standard prior configuration of the
pyBird likelihood (with ¢; = ¢f°" = 0). We observe that
the profiles converge to the same shape at large factors,
indicating that the Gaussian priors are flat, for all practical
purposes, when their widths are increased by factors above
~40. Accordingly, for convenience purposes in the pyBird
code, we model the flat priors on the EFT parameters which
have Gaussian priors in the standard configuration by their
usual Gaussian priors but with widths multiplied by 100.

The 68% confidence intervals obtained from the 1x and
100x widths in the figure are

og = 0.802 +0.045 (with prior)
o3 = 0.771 £0.075 (no prior),

amounting to a 0.35¢ shift. A similar shift in o3 was found
in Ref. [25] from an MCMC analysis when increasing the
Gaussian priors widths by a factor of 2. We conclude that
the likelihoods imposed on the EFT parameters may
influence the constraints when using BOSS data (note,
however, that the influence will increase for less con-
straining datasets and vice versa).

The disadvantage of not imposing these likelihoods is
that one loses control over whether the EFT parameters
become too large for the effective field theory description to
be appropriate. Thus, the only correct frequentist approach
is to let them vary freely and then check explicitly by
inspection that they remain of order unity at each point in
the profile likelihood. Figure 7 shows the values of the EFT
nuisance parameters found by optimization at each point in
the og profile with BOSS + BAO data, both with (red) and
without (black) the explicit likelihoods on the EFT param-
eters. For comparison, the shaded blue region indicates the
lo region of the Gaussian prior of the parameters, which
have a prior in the standard analysis. We observe that in the

—— without priors 68% C.I. (w.o0. priors) --=-- with priors 68% C.I. (w. priors) prior lo
~

ch) 0 hN WN| LN hN | N kensnanansn o
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FIG. 7. Values of the EFT parameters found from optimization at each point in the g profile with BOSS + BAO data, with (red) and

without (black) the standard WC priors of the pyBird likelihood, described in Sec. III B. The horizontal blue bands illustrate the 1o
regions of the Gaussian priors. For the parameters without such a band, a flat prior is used ([0, 4] for b, and [—4, 4] for ¢,). The labels
CM and LW denote the CMASS and LOWZ galaxy samples, respectively.
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FIG. 8. Profile likelihoods (black) and one-dimensional marginalized posteriors (red) of the parameters g, k, Q,,, n; and In(10104)
for the datasets BOSS + BAO, BOSS (without BAO postreconstruction) and eBOSS. The bottom panels show the 68% and

95% confidence intervals and credible intervals, respectively.

case without Gaussian likelihoods mimicking priors, the
EFT parameters are not of order unity as desired, which can
break the perturbative nature of the theory. This result
illustrates the conundrum of the priors: either one adopts
subjective priors (in a Bayesian framework), which are
informative and influence the inferred cosmological param-
eters, or one works without priors (in a frequentist
framework), which leads to extreme values of the nuisance
parameters.

APPENDIX B: FULL PROFILE
AND MCMC RESULTS

Figure 8 shows the profile likelihoods (black) and one-
dimensional marginalized posterior distributions (red) for
the BOSS + BAO, BOSS (without BAO postreconstruc-
tion measurements) and eBOSS datasets, derived in this
paper. The profile likelihoods are normalized to their MLE.
The bottom panels show the 68% and 95% confidence
intervals and credible intervals.

APPENDIX C: BEST-FIT PARAMETERS

For the sake of reproducibility, Table VI shows the
values of the cosmological parameters at the global best-fits

found in this work. We note that the best-fits here are
simply taken as the point in the profile likelihood with the
maximum likelihood; due to the finite sampling of the
profile, the best-fit values of these parameters may there-
fore be slightly inaccurate.

TABLE VI. Values of cosmological parameters at the global
best-fit of the ACDM model under the BOSS + BAO, BOSS,
eBOSS and Planck datasets, as specified in Sec. II B. We stress
that, excepting the ;(Izmn, the best-fit values here are only
approximate due to the finite sampling of the profile likelihoods;
a more fair comparison of the constraints is in Table III.

BOSS +BAO  BOSS  eBOSS  Planck

102w, 2.2686 22682 22674 22399
Detm 0.1391 0.1259 01034  0.1198
0.7022 0.6838  0.6646  0.6750

n 0.8728 09270 1.1468  0.9663
In 10194, 2.7925 29558  3.5889  3.0442
Q, 0.3293 03191 02869 03121
o 0.7699 0.8025  1.0267  0.8100
e 138.54 12833 4798  1387.07

123514-16



BAYESIAN AND FREQUENTIST INVESTIGATION OF PRIOR ...

PHYS. REV. D 108, 123514 (2023)

[1] N. Aghanim et al. (Planck Collaboration), Planck 2018
results. VI. Cosmological parameters, Astron. Astrophys.
641, A6 (2020).

[2] Kyle S. Dawson et al. (BOSS Collaboration), The baryon
oscillation spectroscopic survey of SDSS-III, Astron. J.
145, 10 (2013).

[3] Amir Aghamousa et al. (DESI Collaboration), The DESI
experiment Part I: Science, targeting, and survey design,
arXiv:1611.00036.

4] Zeljko Ivezi¢ et al. (LSST Collaboration), LSST: From
science drivers to reference design and anticipated data
products, Astrophys. J. 873, 111 (2019).

[5] Giuseppe D Racca et al., The Euclid mission design, Proc.
SPIE Int. Soc. Opt. Eng. 9904, (2016).

[6] M. Knabenhans et al. (Euclid Collaboration), Euclid
preparation: IX. EuclidEmulator2—power spectrum emu-
lation with massive neutrinos and self-consistent dark
energy perturbations, Mon. Not. R. Astron. Soc. 505,
2840 (2021).

[7] M. A. Fernandez, Ming-Feng Ho, and Simeon Bird, A
multifidelity emulator for the Lyman-a forest flux power
spectrum, Mon. Not. R. Astron. Soc. 517, 3200 (2022).

[8] Earl Lawrence, Katrin Heitmann, Martin White, David
Higdon, Christian Wagner, Salman Habib, and Brian
Williams, The coyote universe. III. Simulation suite and
precision emulator for the nonlinear matter power spec-
trum, Astrophys. J. 713, 1322 (2010).

[9] Mikhail M. Ivanov, Effective field theory for large scale
structure, Handbook of Quantum Gravity (Springer,
Singapore, 2023).

[10] F. Bernardeau, S. Colombi, E. Gaztanaga, and R.
Scoccimarro, Large scale structure of the universe and
cosmological perturbation theory, Phys. Rep. 367, 1
(2002).

[11] Daniel Baumann, Alberto Nicolis, Leonardo Senatore, and
Matias Zaldarriaga, Cosmological non-linearities as an
effective fluid, J. Cosmol. Astropart. Phys. 07 (2012) 051.

[12] John Joseph M. Carrasco, Mark P. Hertzberg, and
Leonardo Senatore, The effective field theory of cosmo-
logical large scale structures, J. High Energy Phys. 09
(2012) 082.

[13] Leonardo Senatore and Matias Zaldarriaga, The IR-
resummed effective field theory of large scale structures,
J. Cosmol. Astropart. Phys. 02 (2015) 013.

[14] Leonardo Senatore, Bias in the effective field theory of
large scale structures, J. Cosmol. Astropart. Phys. 11
(2015) 007.

[15] Leonardo Senatore and Matias Zaldarriaga, Redshift space
distortions in the effective field theory of large scale
structures, arXiv:1409.1225.

[16] Guido D’Amico, Jérome Gleyzes, Nickolas Kokron,
Katarina Markovic, Leonardo Senatore, Pierre Zhang,
Florian Beutler, and Héctor Gil-Marin, The cosmological
analysis of the SDSS/BOSS data from the effective field
theory of large-scale structure, J. Cosmol. Astropart. Phys.
05 (2020) 005.

[17] Mikhail M. Ivanov, Marko Simonovi¢, and Matias
Zaldarriaga, Cosmological parameters from the BOSS
galaxy power spectrum, J. Cosmol. Astropart. Phys. 05
(2020) 042.

[18] Thomas Colas, Guido D’amico, Leonardo Senatore, Pierre
Zhang, and Florian Beutler, Efficient cosmological analy-
sis of the SDSS/BOSS data from the effective field theory
of large-scale structure, J. Cosmol. Astropart. Phys. 06
(2020) 001.

[19] Guido D’Amico, Leonardo Senatore, and Pierre Zhang,
Limits on wCDM from the EFTofLSS with the pyBird
code, J. Cosmol. Astropart. Phys. 01 (2021) 006.

[20] Shi-Fan Chen, Zvonimir Vlah, and Martin White, A new
analysis of galaxy 2-point functions in the BOSS survey,
including full-shape information and post-reconstruction
BAO, J. Cosmol. Astropart. Phys. 02 (2022) 008.

[21] Pierre Zhang, Guido D’ Amico, Leonardo Senatore, Cheng
Zhao, and Yifu Cai, BOSS correlation function analysis
from the effective field theory of large-scale structure,
J. Cosmol. Astropart. Phys. 02 (2022) 036.

[22] Pierre Zhang and Yifu Cai, BOSS full-shape analysis from
the EFTofLSS with exact time dependence, J. Cosmol.
Astropart. Phys. 01 (2022) 031.

[23] Oliver H. E. Philcox and Mikhail M. Ivanov, BOSS DR12
full-shape cosmology: ACDM constraints from the large-
scale galaxy power spectrum and bispectrum monopole,
Phys. Rev. D 105, 043517 (2022).

[24] Théo Simon, Pierre Zhang, and Vivian Poulin, Cosmo-
logical inference from the EFTofLSS: The eBOSS QSO
full-shape analysis, J. Cosmol. Astropart. Phys. 07 (2023)
041.

[25] Théo Simon, Pierre Zhang, Vivian Poulin, and Tristan
L. Smith, Consistency of effective field theory analyses of
the BOSS power spectrum, Phys. Rev. D 107, 123530
(2023).

[26] Anton Chudaykin and Mikhail M. Ivanov, Cosmological
constraints from the power spectrum of eBOSS quasars,
Phys. Rev. D 107, 043518 (2023).

[27] Guido D’Amico, Matthew Lewandowski, Leonardo
Senatore, and Pierre Zhang, Limits on primordial non-
Gaussianities from BOSS galaxy-clustering data, arXiv:
2201.11518.

[28] Guido D’Amico, Yaniv Donath, Leonardo Senatore, and
Pierre Zhang, Limits on clustering and smooth quintes-
sence from the EFTofLSS, arXiv:2012.07554.

[29] Théo Simon, Guillermo Franco Abellan, Peizhi Du, Vivian
Poulin, and Yuhsin Tsai, Constraining decaying dark
matter with BOSS data and the effective field theory of
large-scale structures, Phys. Rev. D 106, 023516 (2022).

[30] Suresh Kumar, Rafael C. Nunes, and Priya Yadav, Updat-
ing non-standard neutrinos properties with Planck-CMB
data and full-shape analysis of BOSS and eBOSS galaxies,
J. Cosmol. Astropart. Phys. 09 (2022) 060.

[31] Rafael C. Nunes, Sunny Vagnozzi, Suresh Kumar,
Eleonora Di Valentino, and Olga Mena, New tests of dark
sector interactions from the full-shape galaxy power
spectrum, Phys. Rev. D 105, 123506 (2022).

[32] Florian Niedermann and Martin S. Sloth, New early dark
energy is compatible with current LSS data, Phys. Rev. D
103, 103537 (2021).

[33] Alex Lagué, J. Richard Bond, Renée Hlozek, Keir K.
Rogers, David J. E. Marsh, and Daniel Grin, Constraining
ultralight axions with galaxy surveys, J. Cosmol. Astro-
part. Phys. 01 (2022) 049.

123514-17


https://doi.org/10.1051/0004-6361/201833910
https://doi.org/10.1051/0004-6361/201833910
https://doi.org/10.1088/0004-6256/145/1/10
https://doi.org/10.1088/0004-6256/145/1/10
https://arXiv.org/abs/1611.00036
https://doi.org/10.3847/1538-4357/ab042c
https://doi.org/10.1117/12.2230762
https://doi.org/10.1117/12.2230762
https://doi.org/10.1093/mnras/stab1366
https://doi.org/10.1093/mnras/stab1366
https://doi.org/10.1093/mnras/stac2435
https://doi.org/10.1088/0004-637X/713/2/1322
https://doi.org/10.1016/S0370-1573(02)00135-7
https://doi.org/10.1016/S0370-1573(02)00135-7
https://doi.org/10.1088/1475-7516/2012/07/051
https://doi.org/10.1007/JHEP09(2012)082
https://doi.org/10.1007/JHEP09(2012)082
https://doi.org/10.1088/1475-7516/2015/02/013
https://doi.org/10.1088/1475-7516/2015/11/007
https://doi.org/10.1088/1475-7516/2015/11/007
https://arXiv.org/abs/1409.1225
https://doi.org/10.1088/1475-7516/2020/05/005
https://doi.org/10.1088/1475-7516/2020/05/005
https://doi.org/10.1088/1475-7516/2020/05/042
https://doi.org/10.1088/1475-7516/2020/05/042
https://doi.org/10.1088/1475-7516/2020/06/001
https://doi.org/10.1088/1475-7516/2020/06/001
https://doi.org/10.1088/1475-7516/2021/01/006
https://doi.org/10.1088/1475-7516/2022/02/008
https://doi.org/10.1088/1475-7516/2022/02/036
https://doi.org/10.1088/1475-7516/2022/01/031
https://doi.org/10.1088/1475-7516/2022/01/031
https://doi.org/10.1103/PhysRevD.105.043517
https://doi.org/10.1088/1475-7516/2023/07/041
https://doi.org/10.1088/1475-7516/2023/07/041
https://doi.org/10.1103/PhysRevD.107.123530
https://doi.org/10.1103/PhysRevD.107.123530
https://doi.org/10.1103/PhysRevD.107.043518
https://arXiv.org/abs/2201.11518
https://arXiv.org/abs/2201.11518
https://arXiv.org/abs/2012.07554
https://doi.org/10.1103/PhysRevD.106.023516
https://doi.org/10.1088/1475-7516/2022/09/060
https://doi.org/10.1103/PhysRevD.105.123506
https://doi.org/10.1103/PhysRevD.103.103537
https://doi.org/10.1103/PhysRevD.103.103537
https://doi.org/10.1088/1475-7516/2022/01/049
https://doi.org/10.1088/1475-7516/2022/01/049

EMIL BRINCH HOLM et al.

PHYS. REV. D 108, 123514 (2023)

[34] Pedro Carrilho, Chiara Moretti, and Alkistis Pourtsidou,
Cosmology with the EFTofLL.SS and BOSS: Dark energy
constraints and a note on priors, J. Cosmol. Astropart.
Phys. 01 (2023) 028.

[35] Théo Simon, Pierre Zhang, Vivian Poulin, and Tristan L.
Smith, Updated constraints from the effective field theory
analysis of the BOSS power spectrum on early dark
energy, Phys. Rev. D 107, 063505 (2023).

[36] Tristan L. Smith, Vivian Poulin, and Théo Simon, Assess-
ing the robustness of sound horizon-free determinations of
the Hubble constant, arXiv:2208.12992.

[37] Nils Schoneberg, Guillermo Franco Abelldn, Théo Simon,
Alexa Bartlett, Yashvi Patel, and Tristan L. Smith, The
weak, the strong and the ugly—A comparative analysis of
interacting stepped dark radiation, arXiv:2306.12469.

[38] Mark Maus, Shi-Fan Chen, and Martin White, A comparison
of template vs. direct model fitting for redshift-space dis-
tortions in BOSS, J. Cosmol. Astropart. Phys. 06 (2023) 005.

[39] Shi-Fan Chen, Zvonimir Vlah, and Martin White, Con-
sistent modeling of velocity statistics and redshift-space
distortions in one-loop perturbation theory, J. Cosmol.
Astropart. Phys. 07 (2020) 062.

[40] Shi-Fan Chen, Zvonimir Vlah, Emanuele Castorina, and
Martin White, Redshift-space distortions in Lagrangian
perturbation theory, J. Cosmol. Astropart. Phys. 03
(2021) 100.

[41] Chiara Moretti, Maria Tsedrik, Pedro Carrilho, and
Alkistis Pourtsidou, Modified gravity and massive neu-
trinos: Constraints from the full shape analysis of BOSS
galaxies and forecasts for Stage IV surveys, arXiv:
2306.09275.

[42] Jamie Donald-McCann, Rafaela Gsponer, Ruiyang Zhao,
Kazuya Koyama, and Florian Beutler, Analysis of unified
galaxy power spectrum multipole measurements, Mon.
Not. R. Astron. Soc. 526, 3461 (2023).

[43] Ruiyang Zhao et al., A multi-tracer analysis for the eBOSS
galaxy sample based on the effective field theory of large-
scale structure, arXiv:2308.06206.

[44] Yudi Pawitan, In All Likelihood (Oxford University Press,
New York, 2013).

[45] Laura Herold, Elisa G. M. Ferreira, and Eiichiro Komatsu,
New constraint on early dark energy from Planck and
BOSS data using the profile likelihood, Astrophys. J. Lett.
929, L16 (2022).

[46] Paolo Campeti, Ogan Ozsoy, Ippei Obata, and Maresuke
Shiraishi, New constraints on axion-gauge field dynamics
during inflation from Planck and BICEP/Keck data sets,
J. Cosmol. Astropart. Phys. 07 (2022) 039.

[47] Adria Gomez-Valent, Fast test to assess the impact of
marginalization in Monte Carlo analyses and its applica-
tion to cosmology, Phys. Rev. D 106, 063506 (2022).

[48] Paolo Campeti and Eiichiro Komatsu, New constraint on
the tensor-to-scalar ratio from the Planck and BICEP/Keck
array data using the profile likelihood, Astrophys. J. 941,
110 (2022).

[49] Alexander Reeves, Laura Herold, Sunny Vagnozzi, Blake
D. Sherwin, and Elisa G. M. Ferreira, Restoring cosmo-
logical concordance with early dark energy and massive
neutrinos?, Mon. Not. R. Astron. Soc. 520, 3688 (2023).

[50] Laura Herold and Elisa G.M. Ferreira, Resolving the
Hubble tension with early dark energy, Phys. Rev. D 108,
043513 (2023).

[51] Emil Brinch Holm, Laura Herold, Steen Hannestad,
Andreas Nygaard, and Thomas Tram, Decaying dark
matter with profile likelihoods, Phys. Rev. D 107,
L021303 (2023).

[52] Juan S. Cruz, Steen Hannestad, Emil Brinch Holm, Florian
Niedermann, Martin S. Sloth, and Thomas Tram, Profiling
cold new early dark energy, Phys. Rev. D 108, 023518
(2023).

[53] Boryana Hadzhiyska, Kevin Wolz, Susanna Azzoni, David
Alonso, Carlos Garcia-Garcia, Jaime Ruiz-Zapatero, and
AnZe Slosar, Cosmology with 6 parameters in the Stage-IV
era: Efficient marginalisation over nuisance parameters,
arXiv:2301.11895.

[54] J. Neyman, Outline of a theory of statistical estimation
based on the classical theory of probability, Phil. Trans. R.
Soc. A 236, 333 (1937).

[55] S.S. Wilks, The large-sample distribution of the likelihood
ratio for testing composite hypotheses, Ann. Math. Stat. 9,
60 (1938).

[56] N. Aghanim et al. (Planck Collaboration), Planck 2018
results. V. CMB power spectra and likelihoods, Astron.
Astrophys. 641, A5 (2020).

[57] Gary J. Feldman and Robert D. Cousins, A unified
approach to the classical statistical analysis of small
signals, Phys. Rev. D 57, 3873 (1998).

[58] P.A.R. Ade et al. (Planck Collaboration), Planck inter-
mediate results. XVI. Profile likelihoods for cosmological
parameters, Astron. Astrophys. 566, A54 (2014).

[59] S. Kirkpatrick, C.D. Gelatt, and M. P. Vecchi, Optimiza-
tion by simulated annealing, Science 220, 671 (1983).

[60] Andreas Nygaard, Emil Brinch Holm, Steen Hannestad,
and Thomas Tram, Fast and effortless computation of
profile likelihoods using CONNECT, arXiv:2308.06379.

[61] S. Henrot-Versillé, O. Perdereau, S. Plaszczynski, B.
Rouillé d’Orfeuil, M. Spinelli, and M. Tristram, Agnostic
cosmology in the CAMEL framework, arXiv:1607.02964.

[62] Steen Hannestad, Stochastic optimization methods for
extracting cosmological parameters from cosmic micro-
wave background radiation power spectra, Phys. Rev. D
61, 023002 (2000).

[63] Benjamin Audren, Julien Lesgourgues, Karim Benabed,
and Simon Prunet, Conservative constraints on early
cosmology: An illustration of the Monte Python cosmo-
logical parameter inference code, J. Cosmol. Astropart.
Phys. 02 (2013) 001.

[64] Thejs Brinckmann and Julien Lesgourgues, MontePython
3: Boosted MCMC sampler and other features, Phys. Dark
Universe 24, 100260 (2019).

[65] Diego Blas, Julien Lesgourgues, and Thomas Tram, The
cosmic linear anisotropy solving system (CLASS) II:
Approximation schemes, J. Cosmol. Astropart. Phys. 07
(2011) 034.

[66] Nils Schoneberg, Guillermo Franco Abellan, Andrea Pérez
Sanchez, Samuel J. Witte, Vivian Poulin, and Julien
Lesgourgues, The HO Olympics: A fair ranking of pro-
posed models, Phys. Rep. 984, 1 (2022).

123514-18


https://doi.org/10.1088/1475-7516/2023/01/028
https://doi.org/10.1088/1475-7516/2023/01/028
https://doi.org/10.1103/PhysRevD.107.063505
https://arXiv.org/abs/2208.12992
https://arXiv.org/abs/2306.12469
https://doi.org/10.1088/1475-7516/2023/06/005
https://doi.org/10.1088/1475-7516/2020/07/062
https://doi.org/10.1088/1475-7516/2020/07/062
https://doi.org/10.1088/1475-7516/2021/03/100
https://doi.org/10.1088/1475-7516/2021/03/100
https://arXiv.org/abs/2306.09275
https://arXiv.org/abs/2306.09275
https://doi.org/10.1093/mnras/stad2957
https://doi.org/10.1093/mnras/stad2957
https://arXiv.org/abs/2308.06206
https://doi.org/10.3847/2041-8213/ac63a3
https://doi.org/10.3847/2041-8213/ac63a3
https://doi.org/10.1088/1475-7516/2022/07/039
https://doi.org/10.1103/PhysRevD.106.063506
https://doi.org/10.3847/1538-4357/ac9ea3
https://doi.org/10.3847/1538-4357/ac9ea3
https://doi.org/10.1093/mnras/stad317
https://doi.org/10.1103/PhysRevD.108.043513
https://doi.org/10.1103/PhysRevD.108.043513
https://doi.org/10.1103/PhysRevD.107.L021303
https://doi.org/10.1103/PhysRevD.107.L021303
https://doi.org/10.1103/PhysRevD.108.023518
https://doi.org/10.1103/PhysRevD.108.023518
https://arXiv.org/abs/2301.11895
https://doi.org/10.1098/rsta.1937.0005
https://doi.org/10.1098/rsta.1937.0005
https://doi.org/10.1214/aoms/1177732360
https://doi.org/10.1214/aoms/1177732360
https://doi.org/10.1051/0004-6361/201936386
https://doi.org/10.1051/0004-6361/201936386
https://doi.org/10.1103/PhysRevD.57.3873
https://doi.org/10.1051/0004-6361/201323003
https://doi.org/10.1126/science.220.4598.671
https://arXiv.org/abs/2308.06379
https://arXiv.org/abs/1607.02964
https://doi.org/10.1103/PhysRevD.61.023002
https://doi.org/10.1103/PhysRevD.61.023002
https://doi.org/10.1088/1475-7516/2013/02/001
https://doi.org/10.1088/1475-7516/2013/02/001
https://doi.org/10.1016/j.dark.2018.100260
https://doi.org/10.1016/j.dark.2018.100260
https://doi.org/10.1088/1475-7516/2011/07/034
https://doi.org/10.1088/1475-7516/2011/07/034
https://doi.org/10.1016/j.physrep.2022.07.001

BAYESIAN AND FREQUENTIST INVESTIGATION OF PRIOR ...

PHYS. REV. D 108, 123514 (2023)

[67] Shadab Alam et al. (BOSS Collaboration), The clustering of
galaxies in the completed SDSS-III Baryon Oscillation
Spectroscopic Survey: Cosmological analysis of the DR12
galaxy sample, Mon. Not. R. Astron. Soc. 470,2617 (2017).

[68] Beth Reid er al., SDSS-III Baryon Oscillation Spectro-
scopic Survey Data Release 12: Galaxy target selection and
large scale structure catalogues, Mon. Not. R. Astron. Soc.
455, 1553 (2016).

[69] Francisco-Shu Kitaura et al., The clustering of galaxies in
the SDSS-III Baryon Oscillation Spectroscopic Survey:
Mock galaxy catalogues for the BOSS final data release,
Mon. Not. R. Astron. Soc. 456, 4156 (2016).

[70] Héctor Gil-Marin et al., The clustering of galaxies in the
SDSS-III Baryon Oscillation Spectroscopic Survey: BAO
measurement from the LOS-dependent power spectrum of
DR12 BOSS galaxies, Mon. Not. R. Astron. Soc. 460,
4210 (2016).

[71] Shadab Alam et al. (eBOSS Collaboration), Completed
SDSS-IV extended Baryon Oscillation Spectroscopic
Survey: Cosmological implications from two decades of
spectroscopic surveys at the Apache Point Observatory,
Phys. Rev. D 103, 083533 (2021).

[72] Ashley J. Ross et al., The completed SDSS-IV extended
Baryon Oscillation Spectroscopic survey: Large-scale
structure catalogues for cosmological analysis, Mon.
Not. R. Astron. Soc. 498, 2354 (2020).

[73] Chia-Hsun Chuang, Francisco-Shu Kitaura, Francisco
Prada, Cheng Zhao, and Gustavo Yepes, EZmocks:
Extending the Zel’dovich approximation to generate mock
galaxy catalogues with accurate clustering statistics, Mon.
Not. R. Astron. Soc. 446, 2621 (2015).

[74] Florian Beutler and Patrick McDonald, Unified galaxy
power spectrum measurements from 6dFGS, BOSS, and
eBOSS, J. Cosmol. Astropart. Phys. 11 (2021) 031.

[75] Nils Schoneberg, Julien Lesgourgues, and Deanna C.
Hooper, The BAO + BBN take on the Hubble tension,
J. Cosmol. Astropart. Phys. 10 (2019) 029.

[76] R. Consiglio, P.F. de Salas, G. Mangano, G. Miele, S.
Pastor, and O. Pisanti, PArthENoPE reloaded, Comput.
Phys. Commun. 233, 237 (2018).

[77] Erik Aver, Keith A. Olive, and Evan D. Skillman, The
effects of he i 110830 on helium abundance determina-
tions, J. Cosmol. Astropart. Phys. 07 (2015) O11.

[78] Ryan J. Cooke, Max Pettini, and Charles C. Steidel, One
percent determination of the primordial deuterium abun-
dance, Astrophys. J. 855, 102 (2018).

[79] Takahiro Nishimichi, Guido D’ Amico, Mikhail M. Ivanov,
Leonardo Senatore, Marko Simonovi¢, Masahiro Takada,
Matias Zaldarriaga, and Pierre Zhang, Blinded challenge
for precision cosmology with large-scale structure: Results
from effective field theory for the redshift-space galaxy
power spectrum, Phys. Rev. D 102, 123541 (2020).

[80] Anton Chudaykin, Mikhail M. Ivanov, Oliver H.E.
Philcox, and Marko Simonovi¢, Nonlinear perturbation
theory extension of the Boltzmann code CLASS, Phys.
Rev. D 102, 063533 (2020).

[81] Rafael A. Porto, Leonardo Senatore, and Matias Zaldarriaga,
The Lagrangian-space effective field theory of large scale
structures, J. Cosmol. Astropart. Phys. 05 (2014) 022.

[82] Enrico Pajer and Matias Zaldarriaga, On the renormaliza-
tion of the effective field theory of large scale structures,
J. Cosmol. Astropart. Phys. 08 (2013) 037.

[83] Ali Akbar Abolhasani, Mehrdad Mirbabayi, and Enrico
Pajer, Systematic renormalization of the effective theory
of large scale structure, J. Cosmol. Astropart. Phys. 05
(2016) 063.

[84] Tobias Baldauf, Mehrdad Mirbabayi, Marko Simonovic,
and Matias Zaldarriaga, Equivalence principle and the
baryon acoustic peak, Phys. Rev. D 92, 043514 (2015).

[85] Leonardo Senatore and Gabriele Trevisan, On the IR-
resummation in the EFTofLSS, J. Cosmol. Astropart. Phys.
05 (2018) 019.

[86] Matthew Lewandowski and Leonardo Senatore, An ana-
Iytic implementation of the IR-resummation for the BAO
peak, J. Cosmol. Astropart. Phys. 03 (2020) 018.

[87] Diego Blas, Mathias Garny, Mikhail M. Ivanov, and
Sergey Sibiryakov, Time-sliced perturbation theory II:
Baryon acoustic oscillations and infrared resummation,
J. Cosmol. Astropart. Phys. 07 (2016) 028.

[88] John Joseph M. Carrasco, Simon Foreman, Daniel Green,
and Leonardo Senatore, The 2-loop matter power spectrum
and the IR-safe integrand, J. Cosmol. Astropart. Phys. 07
(2014) 056.

[89] John Joseph M. Carrasco, Simon Foreman, Daniel Green,
and Leonardo Senatore, The effective field theory of large
scale structures at two loops, J. Cosmol. Astropart. Phys.
07 (2014) 057.

[90] Mehrdad Mirbabayi, Fabian Schmidt, and Matias
Zaldarriaga, Biased tracers and time evolution, J. Cosmol.
Astropart. Phys. 07 (2015) 030.

[91] Raul Angulo, Matteo Fasiello, Leonardo Senatore, and
Zvonimir Vlah, On the statistics of biased tracers in the
effective field theory of large scale structures, J. Cosmol.
Astropart. Phys. 09 (2015) 029.

[92] Tomohiro Fujita, Valentin Mauerhofer, Leonardo Senatore,
Zvonimir Vlah, and Raul Angulo, Very massive tracers and
higher derivative biases, J. Cosmol. Astropart. Phys. 01
(2020) 009.

[93] Ashley Perko, Leonardo Senatore, Elise Jennings, and Risa
H. Wechsler, Biased tracers in redshift space in the EFT of
large-scale structure, arXiv:1610.09321.

[94] Ethan O. Nadler, Ashley Perko, and Leonardo Senatore,
On the bispectra of very massive tracers in the effective
field theory of large-scale structure, J. Cosmol. Astropart.
Phys. 02 (2018) 058.

[95] N. Kaiser, Clustering in real space and in redshift space,
Mon. Not. R. Astron. Soc. 227, 1 (1987).

[96] Marcel Schmittfull, Marko Simonovi¢, Mikhail M. Ivanov,
Oliver H. E. Philcox, and Matias Zaldarriaga, Modeling
galaxies in redshift space at the field level, J. Cosmol.
Astropart. Phys. 05 (2021) 059.

[97] Guido D’Amico, Leonardo Senatore, Pierre Zhang, and
Takahiro Nishimichi, Taming redshift-space distortion
effects in the EFTOfLSS and its application to data,
arXiv:2110.00016.

[98] Tomohiro Fujita and Zvonimir Vlah, Perturbative descrip-
tion of biased tracers using consistency relations of LSS,
J. Cosmol. Astropart. Phys. 10 (2020) 059.

123514-19


https://doi.org/10.1093/mnras/stx721
https://doi.org/10.1093/mnras/stv2382
https://doi.org/10.1093/mnras/stv2382
https://doi.org/10.1093/mnras/stv2826
https://doi.org/10.1093/mnras/stw1264
https://doi.org/10.1093/mnras/stw1264
https://doi.org/10.1103/PhysRevD.103.083533
https://doi.org/10.1093/mnras/staa2416
https://doi.org/10.1093/mnras/staa2416
https://doi.org/10.1093/mnras/stu2301
https://doi.org/10.1093/mnras/stu2301
https://doi.org/10.1088/1475-7516/2021/11/031
https://doi.org/10.1088/1475-7516/2019/10/029
https://doi.org/10.1016/j.cpc.2018.06.022
https://doi.org/10.1016/j.cpc.2018.06.022
https://doi.org/10.1088/1475-7516/2015/07/011
https://doi.org/10.3847/1538-4357/aaab53
https://doi.org/10.1103/PhysRevD.102.123541
https://doi.org/10.1103/PhysRevD.102.063533
https://doi.org/10.1103/PhysRevD.102.063533
https://doi.org/10.1088/1475-7516/2014/05/022
https://doi.org/10.1088/1475-7516/2013/08/037
https://doi.org/10.1088/1475-7516/2016/05/063
https://doi.org/10.1088/1475-7516/2016/05/063
https://doi.org/10.1103/PhysRevD.92.043514
https://doi.org/10.1088/1475-7516/2018/05/019
https://doi.org/10.1088/1475-7516/2018/05/019
https://doi.org/10.1088/1475-7516/2020/03/018
https://doi.org/10.1088/1475-7516/2016/07/028
https://doi.org/10.1088/1475-7516/2014/07/056
https://doi.org/10.1088/1475-7516/2014/07/056
https://doi.org/10.1088/1475-7516/2014/07/057
https://doi.org/10.1088/1475-7516/2014/07/057
https://doi.org/10.1088/1475-7516/2015/07/030
https://doi.org/10.1088/1475-7516/2015/07/030
https://doi.org/10.1088/1475-7516/2015/09/029
https://doi.org/10.1088/1475-7516/2015/09/029
https://doi.org/10.1088/1475-7516/2020/01/009
https://doi.org/10.1088/1475-7516/2020/01/009
https://arXiv.org/abs/1610.09321
https://doi.org/10.1088/1475-7516/2018/02/058
https://doi.org/10.1088/1475-7516/2018/02/058
https://doi.org/10.1093/mnras/227.1.1
https://doi.org/10.1088/1475-7516/2021/05/059
https://doi.org/10.1088/1475-7516/2021/05/059
https://arXiv.org/abs/2110.00016
https://doi.org/10.1088/1475-7516/2020/10/059

EMIL BRINCH HOLM et al.

PHYS. REV. D 108, 123514 (2023)

[99] Mikhail M. Ivanov, Oliver H.E. Philcox, Takahiro
Nishimichi, Marko Simonovi¢, Masahiro Takada, and
Matias Zaldarriaga, Precision analysis of the redshift-space
galaxy bispectrum, Phys. Rev. D 105, 063512 (2022).

[100] Henrique Rubira and Fabian Schmidt, Galaxy bias re-
normalization group, arXiv:2307.15031.

[101] Ariel G. Sanchez, Arguments against using #~' Mpc units
in observational cosmology, Phys. Rev. D 102, 123511
(2020).

[102] Agne Semenaite et al., Cosmological implications of the
full shape of anisotropic clustering measurements in BOSS
and eBOSS, Mon. Not. R. Astron. Soc. 512, 5657 (2022).

[103] Agne Semenaite, Ariel G. Sanchez, Andrea Pezzotta,
Jiamin Hou, Alexander Eggemeier, Martin Crocce,

Cheng Zhao, Joel R. Brownstein, Graziano Rossi, and
Donald P. Schneider, Beyond—ACDM constraints from
the full shape clustering measurements from BOSS and
eBOSS, Mon. Not. R. Astron. Soc. 521, 5013 (2023).

[104] Samuel Brieden, Héctor Gil-Marin, and Licia Verde,
ShapeFit: Extracting the power spectrum shape informa-
tion in galaxy surveys beyond BAO and RSD, J. Cosmol.
Astropart. Phys. 12 (2021) 054.

[105] A. Aghamousa et al. (DESI Collaboration), The DESI
Experiment Part I: Science, targeting, and survey design,
arXiv:1611.00036.

[106] Luca Amendola et al., Cosmology and fundamental
physics with the Euclid satellite, Living Rev. Relativity
21, 2 (2018).

123514-20


https://doi.org/10.1103/PhysRevD.105.063512
https://arXiv.org/abs/2307.15031
https://doi.org/10.1103/PhysRevD.102.123511
https://doi.org/10.1103/PhysRevD.102.123511
https://doi.org/10.1093/mnras/stac829
https://doi.org/10.1093/mnras/stad849
https://doi.org/10.1088/1475-7516/2021/12/054
https://doi.org/10.1088/1475-7516/2021/12/054
https://arXiv.org/abs/1611.00036
https://doi.org/10.1007/s41114-017-0010-3
https://doi.org/10.1007/s41114-017-0010-3

