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ABSTRACT

We present a cosmic shear consistency analysis of the final data release from the Kilo-Degree Survey (KiDS-Legacy). By adopting three tiers of
consistency metrics, we compared cosmological constraints between subsets of the KiDS-Legacy dataset split by redshift, angular scale, galaxy
colour, and spatial region. We also reviewed a range of two-point cosmic shear statistics. As all the data passed our set of consistency metric tests,
we demonstrate that KiDS-Legacy is the most internally consistent KiDS catalogue to date. In a joint cosmological analysis of KiDS-Legacy and
DES Y3 cosmic shear, combined with data from the Pantheon+ Type Ia supernovae compilation and baryon acoustic oscillations from DESI Y1,
we report constraints that are consistent with Planck measurements of the cosmic microwave background, with S 8 ≡ σ8

√
Ωm/0.3 = 0.814+0.011

−0.012
and σ8 = 0.802+0.022

−0.018.
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1. Introduction

In the current era of precision cosmology, weak lensing surveys
have probed the standard Λ-cold dark matter (ΛCDM) cosmologi-
cal model to an unprecedented level of precision. The weak grav-
itational lensing effect causes distortions in the shape of galaxy
images, known as cosmic shear. This allows us to map the dis-
tribution of gravitating matter along the line of sight, which is
sensitive to the shape and amplitude of the matter power spec-
trum. Since its first detection (Kaiser et al. 2000; Wittman et al.
2000; Van Waerbeke et al. 2000; Bacon et al. 2000), cosmic shear
has become a primary cosmological probe for imaging galaxy
surveys. Recent analyses from the three current stage-III weak
lensing surveys, namely the ESO Kilo-Degree Survey (KiDS;
Kuijken et al. 2015), the Dark Energy Survey (DES; Dark Energy
Survey and Kilo-Degree Survey Collaboration 2016), and the
Subaru Hyper Suprime Cam Subaru Strategic Program (HSC;
Aihara et al. 2018), have showcased the potential of cosmic shear
measurements as a probe of the cosmological model, making it a
main science driver for upcoming galaxy surveys conducted with
the Vera C. Rubin Observatory (Ivezić et al. 2019), the Euclid
satellite (Euclid Collaboration: Mellier et al. 2025), the Nancy
Grace Roman Space Telescope (Spergel et al. 2015), and the Chi-
nese Space Station Telescope (Gong et al. 2019).

Weak lensing studies mainly constrain the structure growth
parameter S 8 = σ8

√
Ωm/0.3, which combines the matter den-

? Corresponding author: stoelzner@astro.rub.de

sity parameter, Ωm, and the standard deviation of matter density
perturbations in spheres of 8 h−1 Mpc radius, denoted as σ8. Cur-
rent cosmic shear measurements have yielded S 8 values that are
lower (Asgari et al. 2021; Heymans et al. 2021; Abdalla et al.
2022; Amon et al. 2022; Secco et al. 2022; Dalal et al. 2023;
Li et al. 2023b; Dark Energy Survey Collaboration 2023) than
values derived from observations of the cosmic microwave back-
ground (CMB; Planck Collaboration VI 2020) at a ∼2σ level.
However, there is no consensus about whether this feature, which
is commonly referred to as the ‘S 8 tension’, is a result of sys-
tematics in the data analysis or theoretical modelling, statistical
fluctuations, or effects beyond the standard flat ΛCDM model.

Given the unclear nature of the apparent S 8 tension,
recent works have studied probes of the late Universe, report-
ing a consistency between independent cosmic shear surveys
(Amon & Efstathiou 2022; Amon et al. 2023; Longley et al.
2023; Dark Energy Survey Collaboration 2023). In addition to
tests of the consistency between independent datasets, additional
tests of the internal consistency of a given dataset are of partic-
ular importance to rule out systematic effects within one dataset
as the source of the inconsistency between different datasets
(Efstathiou & Lemos 2018; Köhlinger et al. 2019; Raveri et al.
2020; Li et al. 2021).

This work is part of a series of KiDS-Legacy papers. The
production process of all data products in the fifth KiDS data
release (DR5), including shape measurements and the KiDS-
Legacy sample selection, is presented in Wright et al. (2024). The
calibration of the photometric redshift distribution is described in
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Wright et al. (2025a) and multi-band image simulations enabling
a joint shear and redshift calibration are presented in Li et al.
(2023a). The modelling of the covariance for the three main
summary statistics is summarised in Reischke et al. (2025) and
the angular clustering of KiDS-Legacy galaxies is analysed in
Yan et al. (2025). The fiducial cosmic shear analysis was con-
ducted in Wright et al. (2025b, hereafter W25). In this work, we
performed several internal consistency tests of the KiDS-Legacy
data, focussing on their impact on cosmological constraints
inferred in the cosmic shear analysis. In particular, we split the
KiDS-Legacy dataset into various subsets based on redshift, spa-
tial region, angular scale, and colour. We then performed a split
cosmological analysis by modelling the observed data in each
subset with a separate set of cosmological parameters. By eval-
uating several consistency metrics, we quantified the level of
agreement between the data subsets. As established in the previ-
ous KiDS-1000 analysis (Asgari et al. 2021), constraints on cos-
mology were inferred from three different two-point statistics
(COSEBIs, band powers, and two-point correlation functions).
Here, we quantified the internal consistency between summary
statistics.

While current cosmic shear surveys cannot constrain both
Ωm and σ8 separately, the addition of external data allows for
a breaking of the degeneracy. For this purpose, we employed
data from recent measurements of baryon acoustic oscillations
(BAOs), redshift space distortions (RSDs), and Type Ia super-
novae (SN Ia), which place tight constraints on the matter
density. We performed a consistency test and a joint cosmo-
logical analysis of KiDS-Legacy data combined with data from
the recent DESI Y1 BAO analysis (Adame et al. 2025), the ear-
lier eBOSS (Alam et al. 2021) BAO and RSD analysis, and the
Pantheon+ SN Ia compilation (Scolnic et al. 2022; Brout et al.
2022). Additionally, we conducted a joint analysis with DES
Y3 cosmic shear data (Amon et al. 2022; Secco et al. 2022) and
quantified the consistency between KiDS-Legacy and Planck
CMB constraints (Planck Collaboration VI 2020).

This paper is structured as follows. In Sect. 2, we provide
a brief summary of the KiDS-Legacy data and external data
employed in this work. In Sect. 3, we review the theoretical
model for weak lensing observables and discuss the metrics
quantifying the internal consistency of the data. In Sect. 4, we
present the results of the internal consistency tests. We pro-
vide the results of our joint cosmological constraints with exter-
nal data in Sect. 5 and present our conclusions in Sect. 6.
Appendix A summarises the data properties of the KiDS-Legacy
catalogue divided into sub-samples. In Appendix B, we provide
details on our estimations of the effective number of constrained
parameters in our analysis. Appendix C presents a sensitivity
analysis of our consistency metrics.

2. Data

2.1. KiDS-Legacy

The Kilo-Degree Survey (Kuijken et al. 2015; de Jong et al.
2015, 2017; Kuijken et al. 2019; Wright et al. 2024) is a pub-
lic survey conducted by the European Southern Observatory
with the VLT Survey Telescope (VST). KiDS and the comple-
mentary VISTA Kilo-Degree Infrared Galaxy Survey (VIKING;
Edge et al. 2013) combine optical and near-infrared imaging in
nine photometric bands. In this work, we analyse weak lensing
data from the fifth and final data release (DR5). Here, we provide
a brief summary of the survey and refer to Wright et al. (2024)
for details.

The KiDS-DR5 dataset consists of imaging data covering an
area of 1347 deg2 on-sky, divided into two distinct stripes across
the celestial equator in the North Galactic Cap and across the
South Galactic Pole, respectively. All sources were observed
in four optical bands (u, g, r, and i) with the VST as well as
in five near-infrared bands (Z,Y, J,H, and Ks) from VIKING.
In comparison to the previous data release, KiDS-DR5 fea-
tures a second pass of i-band observations and an increase of
34% in survey area. The lensing sample was obtained via a
masking process, selecting sources with high-quality data in all
photometric bands and applying a sequence of cuts on magni-
tude, colour, and lensing-related quantities. This sample, dubbed
KiDS-Legacy, contains approximately 43 million sources on
967 deg2 of sky, corresponding to an effective number density
of neff = 8.79 arcmin−2.

Photometric redshift estimates of KiDS-Legacy sources were
computed via the Bayesian Photo-z code (bpz; Benítez 2000).
The deeper i-band depth and a significantly larger spectroscopic
calibration dataset allow for a higher photometric redshift limit
of zB = 2 compared to previous KiDS analyses, enabling
the addition of another redshift bin. The sources in the KiDS-
Legacy lensing sample were divided into six approximately
equi-populated bins via their photometric redshift estimates. The
redshift distributions of the resulting bins were inferred via a
direct calibration with deep spectroscopic surveys using self-
organising maps (SOMs; Lima et al. 2008; Masters et al. 2015;
Wright et al. 2020a). While this calibration method was utilised
in earlier KiDS analyses (Wright et al. 2020b; Hildebrandt et al.
2021), the KiDS-Legacy redshift calibration features several
improvements such as the use of one SOM per tomographic
bin instead of one overall SOM and a selection of sources via
SOM-derived gold weights, while also accounting for prior vol-
ume effects. Furthermore, the SOM redshift distributions were
calibrated with the multi-colour SKiLLS simulations (Li et al.
2023a). For a detailed discussion of the improved calibra-
tion method, we refer to the KiDS-Legacy redshift calibration
manuscript (Wright et al. 2025a).

Shape measurements in KiDS-Legacy were performed with
an updated version of the lensfit algorithm (Miller et al. 2013;
Fenech Conti et al. 2017) and calibrated with the SKiLLS image
simulations as established in Li et al. (2023a). The shape mea-
surements were validated with a series of systematics tests as
outlined in W25.

2.2. External data

We employed several external datasets featuring measurements
of BAOs, RSDs, and SN Ia to quantify the consistency of the
KiDS results and infer joint constraints with the KiDS-Legacy
cosmic shear data. In this section, we briefly describe the exter-
nal datasets. In this work, we use publicly available likelihoods,
which are implemented in the CosmoSIS standard library1.

We made use of BAO measurements from the first data
release of the Dark Energy Spectroscopic Instrument (DESI;
DESI Collaboration 2016, 2022) survey. In particular, DESI
targets four different classes of extragalactic objects: a bright
galaxy sample (Hahn et al. 2023), luminous red galaxies (LRGs;
Zhou et al. 2023), emission line galaxies (ELGs; Raichoor et al.
2023), and quasi-stellar objects (QSOs; Chaussidon et al. 2023).
Cosmological results from DESI BAO measurements were pre-
sented in Adame et al. (2025). The DESI likelihood provides

1 https://github.com/joezuntz/
cosmosis-standard-library/tree/v4.0/likelihood
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BAO measurements from the four DESI sub-samples, covering a
wide range of redshifts. In particular, we employ measurements
from the bright galaxy sample (0.1 < z < 0.4), two LRG sam-
ples (0.4 < z < 0.6 and 0.6 < z < 0.8, respectively), an ELG
sample (1.1 < z < 1.6), a combined LRG and ELG sample
(0.8 < z < 1.1), a QSO sample (0.8 < z < 2.1), and a Lyman-α
forest sample (1.77 < z < 4.16).

As an alternative to recent BAO measurements from DESI,
we employ data from the Sloan Digital Sky Survey’s (SDSS)
Baryon Oscillation Spectroscopic Survey (BOSS) and Extended
Baryon Oscillation Spectroscopic Survey (eBOSS). This dataset
provides BAO measurements as well as measurements of RSDs.
The likelihoods provide constraints from the SDSS DR7 main
galaxy sample (Ross et al. 2015; Howlett et al. 2015), BOSS
DR12 (Alam et al. 2017), eBOSS DR16 ELGs (Tamone et al.
2020; Raichoor et al. 2021; de Mattia et al. 2021), eBOSS DR16
LRGs (Bautista et al. 2021; Gil-Marín et al. 2020), eBOSS
DR16 QSOs (Neveux et al. 2020; Hou et al. 2021), and the
eBOSS DR16 Lyman-α forest (du Mas das Bourboux et al.
2020).

Additionally, we employed measurements of SN Ia from the
Pantheon+ compilation (Scolnic et al. 2022). This dataset con-
sists of 1701 light curves of 1550 spectroscopically confirmed
SN Ia with redshifts z ∈ (0.001, 2.26). Cosmological constraints
from this dataset were presented in Brout et al. (2022).

We employed cosmic shear measurements from DES (The
Dark Energy Survey Collaboration 2005; Dark Energy Survey
and Kilo-Degree Survey Collaboration 2016; Flaugher et al.
2015). In particular, we make use of the ‘KiDS-excised’
DES data vector presented in Dark Energy Survey Collaboration
(2023, hereafter DES+KiDS), which is based on the analysis
of the DES Y3 cosmic shear measurements (Amon et al. 2022;
Secco et al. 2022) and excludes 8% of DES data in the over-
lap region between KiDS and DES. Following the methodol-
ogy of this study, we neglected the cross-covariance between the
two surveys, which was shown to be sufficiently small. Further-
more, we adopted the ‘ΛCDM-optimised’ angular scale cuts of
Amon et al. (2022) and Secco et al. (2022).

Finally, we adopted CMB measurements from
Planck Collaboration VI (2020). Here, we make use of the
compressed Planck likelihood of Prince & Dunkley (2019),
which approximates the ` < 30 temperature likelihood by
two Gaussian data points and employs the Planck plik-lite
TTTEEE likelihood for ` > 30. Following the methodology
outlined in this work, we impose a Gaussian prior on the optical
depth to re-ionisation, τ, which is derived from base ΛCDM
parameter constraints from Planck.

3. Methodology

3.1. Cosmic shear model

Our cosmic shear analysis pipeline is based on W25 and is
implemented in the public CosmoPipe2 infrastructure. In this
section, we summarise the theoretical modelling of the cos-
mic shear signal. We employed three summary statistics as
established in the previous KiDS-1000 analysis (Asgari et al.
2021). In addition to real space shear two-point correlation
functions (2PCFs), which are commonly used in cosmic shear
studies, we made use of two additional summary statistics
which are derived from 2PCF measurements. First, we com-
puted complete orthogonal sets of E/B-integrals (COSEBIs;
2 https://github.com/AngusWright/CosmoPipe/tree/
KiDSLegacy_CosmicShear

Schneider et al. 2010; Asgari et al. 2012), which provide a clean
separation of E and B modes. This is of particular advantage
since, for current surveys, we expect only the E modes to
carry the cosmic shear signal to first order, allowing for the
B modes to be used as a null test for residual systematics.
Second, we employed band power spectra inferred from cor-
relation functions (Schneider et al. 2002; Becker & Rozo 2016;
van Uitert et al. 2018). This statistic enables an approximate sep-
aration of E and B modes and follows the underlying angular
power spectra. In this work, we used COSEBIs as our fiducial
statistic when reporting analysis results, following the choice
made in W25.

In general, we model the signal for each summary statistic S
via a linear transformation of the cosmic shear power spectrum,
C(i j)
εε :

S (i j) =

∫ ∞

0
d`C(i j)

εε (`)WS (`) , (1)

where WS (`) is a weight function depending on the angular scale
and the summary statistic itself. The cosmic shear power spec-
trum is given by the sum of the gravitational lensing power spec-
trum (GG), the intrinsic alignment of galaxies (II), and the cor-
responding cross term (GI):

C(i j)
εε (`) = C(i j)

GG(`) + C(i j)
II (`) + C(i j)

GI (`) + C(i j)
IG (`) . (2)

Under the assumption of the extended Limber approximation
(Kaiser 1992; LoVerde & Afshordi 2008; Kilbinger et al. 2017),
the gravitational lensing power spectrum can be written as

C(i j)
GG(`) =

∫ χH

0
dχ

W (i)
G (χ)W ( j)

G (χ)

f 2
K(χ)

Pm,nl

(
` + 1/2

fK(χ)
, z(χ)

)
, (3)

where Pm,nl denotes the non-linear matter power spectrum and
fK, χ, and χH are the comoving angular diameter distance, the
comoving radial distance, and the comoving horizon distance,
respectively. The weak lensing kernel W (i)

G (χ) is given, for exam-
ple, in Eq. (2) in W25. Furthermore, the underlying galaxy sam-
ple is divided into tomographic bins using estimates of the pho-
tometric redshift, allowing for an increase in constraining power
(Hu 1999). Therefore, Eq. (3) refers to the cross cosmic shear
signal between combinations of tomographic bins i and j, where
the probability distribution of comoving distances of galaxies per
bin enters the window function, W (i)

G (χ).
In W25, we explored a range of models of the intrinsic align-

ment (IA) of galaxies, finding no significant impact of the IA
model on the S 8 constraints. In the present work, we therefore
employed the fiducial mass-dependent IA model, dubbed NLA-
M. This model extends the non-linear linear alignment (NLA)
model (Bridle & King 2007), incorporating an alignment of red,
early-type galaxies, while assuming zero alignment of blue, late-
type galaxies. The fraction of early-type galaxies is inferred
by selecting galaxies with spectral type TB < 1.9. The spec-
tral type is inferred with bpz, which uses a set of six model
templates of the spectral energy distribution ordered approxi-
mately based on the star formation activity and determines the
best-fitting spectral energy distribution by interpolating between
templates. The cut on TB selects galaxies with contributions of
an elliptical galaxy spectrum. We modelled the IA power spec-
trum of red galaxies as a power law dependent on the average
halo mass within a tomographic bin (see Eq. (11) in W25). In
this model, we employed two nuisance parameters, AIA and β,
which parameterise the IA amplitude and the slope of the IA
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Table 1. Model parameters and their priors.

Type Parameter Prior Duplicated Description

C
os

m
ol

og
ic

al ωcdm U(0.051, 0.255) Yes Reduced cold dark matter density
ωb U(0.019, 0.026) Yes Reduced baryon density
h U(0.64, 0.82) Yes Reduced Hubble parameter
ns U(0.84, 1.1) Yes Spectral index of the primordial power spectrum
S 8 U(0.5, 1.0) Yes Structure growth parameter

N
ui

sa
nc

e

log10 TAGN U(7.3, 8.3) Yes Baryon feedback parameter
AIA N(5.74,CAIA ,β) No + red-blue split only Amplitude of intrinsic galaxy alignments for red galaxies
β N(0.44,CAIA ,β) No Slope of the mass scaling of intrinsic galaxy alignments
log10 Mi N(µ,CM) No Mean halo mass of early-type galaxies per tomographic bin i
δz,i N(µ,Cz) No + red-blue split only Shift of the mean of the redshift distribution per tomographic bin i

Notes. The first two columns provide parameter names and types of the sampling parameters. The third column lists the adopted prior with
uniform priors denoted by U and Gaussian priors denoted by N . The fourth column indicates whether or not the parameter is duplicated in
the split cosmological analysis. The fifth column provides a brief parameter description. The priors on AIA and β are centred at the mean of the
posterior reported by Fortuna et al. (2025) including a correlated prior with correlation coefficient r = −0.59. The prior on Mi is inferred from halo
mass measurements as discussed in appendix B in W25. The δz priors are centred at the mean of the shift of the redshift distribution and correlated
through a covariance matrix estimated following the methodology of Wright et al. (2025a).

mass scaling, respectively. We adopted the joint posterior on
AIA and β from Fortuna et al. (2025) as a prior in our analy-
sis, which we approximated by a bivariate Gaussian distribu-
tion. Additionally, we employed a multivariate Gaussian prior
on the halo mass per tomographic bin. For a detailed descrip-
tion of the IA model, we refer to Section 2.3.4 and Appendix B
in W25.

3.2. Consistency metrics

To assess the internal consistency of the KiDS-Legacy dataset,
we followed the methodology of Köhlinger et al. (2019) and
subdivided the data in many ways before analysing the sub-
sets jointly. In particular, we applied splits at the data vec-
tor level by redshift and angular scale and at the catalogue
level by spatial region and colour. Additionally, we constructed
a joint data vector of different summary statistics. For each
split, we analysed the cosmic shear data with two modelling
setups:
1. Fiducial cosmological model: one set of parameters models

the full dataset;
2. Split cosmological model: two sets of parameters model two

mutually exclusive (but generally correlated) subsets of the
data.

For splits at the data vector-level, the first setup is equivalent
to the fiducial cosmic shear analysis setup of W25. For splits
at the catalogue level and splits by summary statistic, we con-
structed a different data vector, whose information content may
differ from the fiducial data vector; for example, the red-blue
split excludes shape correlations between red and blue galax-
ies. The second modelling setup features two independent sets
of cosmological parameters, which allow us to assess whether
or not different subsets of the data prefer different cosmolo-
gies. A list of cosmological and nuisance parameters is given
in Table 1. The cosmic shear analysis features a number of nui-
sance parameters which are marginalised over, assuming Gaus-
sian or top-hat priors. Since the posterior distribution of the
nuisance parameters is entirely driven by the prior (see W25)
we did not duplicate these parameters in the split cosmologi-
cal analysis; instead, we kept them shared between both data
subsets. An exception is the colour-based split, as discussed
in Sect. 4.2.2.

In practice, we conducted a likelihood analysis for each data
split employing both the fiducial model and the split cosmolog-
ical model. We then evaluated various consistency metrics, test-
ing whether the split cosmological model is preferred over the
fiducial model. There are a variety of statistical tools available
that allow for a model comparison and an estimation of the sig-
nificance of the preference of a specific model. These can be
grouped into techniques that compress the full likelihood or pos-
terior into a single summary statistic, parameter-space methods
that focus on differences in single or multiple model parameters,
as well as methods that quantify differences in data vector space.
In this work, we performed three tiers of consistency tests, fol-
lowing the nomenclature of Köhlinger et al. (2019). We note that
only the tier 1 test requires a cosmological analysis with the fidu-
cial model since it performs a model comparison. The remaining
tiers focus on the analysis with the split cosmological model to
quantify the consistency between data subsets.

3.2.1. Tier 1: Evidence-based metric

The first tier of consistency tests includes tests compressing the
full likelihood or posterior into a single summary statistic. A
widely used example of such a metric is the Bayes ratio, which
in logarithmic form is given by the difference between Bayesian
evidence,

log10 R = log10Zfiducial − log10Zsplit , (4)

where Zfiducial/split denotes the Bayesian evidence of the two
models, which can generally be computed by integrating the
product of the likelihood, L, and the prior, π,

Z =

∫
dθL(θ)π(θ) , (5)

over the parameters represented by θ. We note that for two inde-
pendent datasets, A and B, the evidence for the split model sim-
plifies to Zsplit = ZAZB. However, this equality does not hold
for correlated datasets, namely, for most data splits considered
in this work. Therefore, the evidence needs to be computed from
the joint posterior distribution of the two subsets, modelled with
two sets of parameters, and taking the cross-correlation between
subsets into account.
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In general, values of log10 R > 0 correspond to preference
for the fiducial model while log10 R < 0 indicates preference for
the split model. The Bayes ratio is usually interpreted using Jef-
freys’ scale (Jeffreys 1939), which provides limits for the degree
of preference for a specific model. This scale associates values
of | log10 R| > [ 1

2 , 1, 2] with ‘substantial’, ‘strong’, and ‘decisive’
preference for the specific model, respectively, but this lacks a
clear motivation and there is no consensus on when to report ten-
sion between models. Additionally, the Bayes ratio suffers from
a prior dependence which is suboptimal when using wide, unin-
formative priors. This makes the Bayes ratio particularly subop-
timal for the analysis presented in this work, since it involves a
duplication of the parameter space and the corresponding prior
volume.

To circumvent these issues, Handley & Lemos (2019b) pro-
posed the so-called suspiciousness parameter, S , expressed as

ln S = ln R − ln I . (6)

Here, the information ratio ln I = Dsplit − Dfiducial is defined
through the Kullback-Leibler divergenceD (Kullback & Leibler
1951), which quantifies the information gain between the prior
and the posterior. The suspiciousness is designed to remove the
effect of the prior volume from the Bayes ratio. As discussed
in Handley & Lemos (2019b), it is insensitive to the choice of
prior as long as the prior does not affect the shape of the poste-
rior distribution. Under the assumption of Gaussian posteriors, a
tension probability can be identified via the quantity d − 2 ln S .
Here, d denotes the difference between the effective number of
constrained parameters by the two models

d = Nsplit
Θ
− Nfiducial

Θ , (7)

with the effective number of free parameters constrained by the
posterior distribution, NΘ. We note that the suspiciousness can be
rephrased in terms of the expectation value of the log-likelihood
(see Appendix G.3 in Heymans et al. 2021) and therefore does
not strictly require the computation of the evidence.

In a prior-informed analysis with correlated sampling param-
eters, such as the cosmic shear analysis in this work, this quantity
is smaller than the number of free parameters and is non-trivial to
determine. There exist several estimators, such as the Bayesian
model complexity Spiegelhalter et al. (2002) and the Bayesian
model dimensionality (BMD; Handley & Lemos 2019a). How-
ever, Joachimi et al. (2021) reported that commonly used dimen-
sionality measures in general are biased estimators of the effec-
tive number of parameters. As an alternative, they proposed an
estimation via χ2 minimisation of a set of mock data vectors,
which was generally found to reproduce an unbiased estimate of
the true value of NΘ. Therefore, we adopted this strategy as the
fiducial method in the analysis. For comparison, we additionally
computed the BMD via

NΘ/2 = 〈lnL2〉P − 〈lnL〉2P , (8)

where 〈〉P denotes the average over the posterior. This quan-
tity can be directly obtained as a byproduct of common poste-
rior sampling algorithms, such as Markov chain Monte Carlo or
nested sampling; therefore, it is available at no additional com-
putational cost. For Gaussian posteriors, the tension probability
inferred from the suspiciousness statistic is then determined by

pt =

∞∫
d−2 ln S

dx χ2
d(x) , (9)

where χ2
d(x) denotes the probability density function of a

d-dimensional χ2-distribution. The corresponding number of
sigma can then be inferred from the tension probability via

Nσ,S =
√

2 erf−1 (1 − pt) . (10)

3.2.2. Tier 2: Multi-dimensional parameter metric

The second tier consists of an analysis of the posterior distri-
bution of parameter duplicates in the split cosmological model.
Given that the posterior distribution for several sampling param-
eters is prior-dominated, we restricted the tier 2 test to a subset
of parameters, θ, that are constrained by the data while marginal-
ising over the remaining parameters θmarg. We calculated the dif-
ference via

∆θ = θ1 − θ2 (11)

for each data point in the chain, where θ1/2 denotes the two
parameter instances in the subspace of parameters of interest.
We then analysed the posterior P(∆θ) in the subspace of param-
eters of interest. The posterior of parameter differences is given
by

P(∆θ) =

∫
dθ1 Pmarg(θ1, θ1 − ∆θ), (12)

where Pmarg(θ1, θ2) denotes the posterior distribution
marginalised over the remaining (unconstrained) parame-
ters. In the absence of internal tension in the data, we expect
P(∆θ) to be centred on the origin, while internal inconsistencies
may shift the posterior away from the origin. To quantify the
deviation of the posterior from zero, we followed the approach
of Köhlinger et al. (2019) and modelled the posterior with a
kernel density estimator. We evaluated the kernel density esti-
mator at the origin and determined the volume of the posterior
where the probability of a shift is higher than the probability of
no shift. Mathematically, this is equivalent to

V =

∫
P(∆θ)<P(0)

d∆θP(∆θ). (13)

We note that in practice, we compute the fraction of (weighted)
samples with a posterior value lower than P(0). The significance
of the shift mσ is computed by identifying V with the probability
mass of a one-dimensional Gaussian distribution outside of the
interval [−mσ,mσ]. Thus, the tension in levels of sigma is given
by

m =
√

2 erf−1(1 − V) . (14)

We note that this approach is mathematically equivalent
to the Monte Carlo exact parameter shift method adopted
in Raveri et al. (2020) and Dark Energy Survey Collaboration
(2023).

3.2.3. Tier 3: Posterior predictive distribution metric

The third tier of consistency tests compares the observed data
with predictions generated from the posterior distribution of
model parameters. This is usually probed via the posterior pre-
dictive distribution (PPD), which describes the distribution of
data realisations given the observed data and assuming a partic-
ular model. Given a set of observed data, d, and a model,M, the
distribution of data realisations, d̂, is given by

P(d̂|d,M) =

∫
dθ P(d̂|θ,M)P(θ|d,M) . (15)
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By testing whether the observed data is compatible with being
drawn from the PPD, the data can be probed for internal incon-
sistencies. This is typically achieved by drawing data realisations
from the PPD and evaluating a test statistic for both the synthetic
and the observed data. This allows us to calculate p-values rep-
resenting the probability of getting a higher test statistic for syn-
thetic data realisations than for the observed data, which serves
as a measure of consistency in the data (Doux et al. 2021).

As an alternative to a test of the PPD, Köhlinger et al. (2019)
introduced the so-called translated posterior distribution (TPD)
as a special case of the PPD, which can be obtained by translat-
ing posterior samples back into model predictions. Therefore, it
describes the distribution of model predictions given the uncer-
tainty of model parameters. Since the TPD can directly be gener-
ated as a byproduct of the sampling process, we adopt the TPD
in our consistency test in data space and employ the χ2 values
as test statistic for the internal consistency between subsets of
the data. Prior to the consistency analysis, we conducted sen-
sitivity tests on internally inconsistent mock data, which con-
firmed that our TPD-based consistency metric yields estimates
of the significance of the internally inconsistency that is compat-
ible with the estimates inferred with the tier 1 and tier 2 metrics
(see Appendix C).

Considering the split cosmological model, we infer the TPD
for each set of cosmological parameters, θA and θB consisting of
theory predictions for the full data vector, t(θA) and t(θB). We
then quantify to what extent the observed data in one subset dA
is compatible with the TPD inferred from the other subset and
vice versa. To do so, we draw a realisation of dA conditioned
on the TPD of subset B for each sample, denoted by dsim

A . Since
the conditional distribution of one set of variables conditioned
on the other is Gaussian if both sets are jointly Gaussian, the
simulated data points are given by a multivariate Gaussian dis-
tribution N(µsim

A ,Csim
A ) with (see e.g. Bishop 2006)

µsim
A = tA(θB) + CABC−1

BB [dB − tB(θB)] , (16)

Csim
A = CAA − CABC−1

BBCBA , (17)

where CAB denotes the cross-covariance between the two data
subsets. For each simulated data vector we then compute the χ2-
statistic given by

χ2 [d, t(θ)] = [d − t(θ)]T C−1 [d − t(θ)] . (18)

We quantified the consistency between data regions in terms of
the p-value, p(A|B), which is given by the fraction of posterior
samples with

χ2
[
dsim

A , tA(θB)
]
> χ2 [dA, tA(θB)] . (19)

The p-value quantifies the probability of the data in data sub-
set A being a realisation of the TPD of subset B. Thus, low p-
values indicate an internal inconsistency of the data. We note that
Doux et al. (2021) show that this method of quantifying consis-
tencies can result in p-values that are biased low if the two poste-
riors prefer vastly dissimilar regions in parameter space. This can
be circumvented by calibrating the p-value with simulated data.
In this work, we interpret the TPD-based p-value as a conserva-
tive metric for the internal consistency since it can exaggerate a
potential tension in the dataset and reserve a further calibration
of the p-value for cases for which it fails to pass our adopted
threshold for internal consistency.

4. Results of internal consistency tests

In this section, we present the results of our internal consis-
tency analysis. We adopted the fiducial CosmoPipe pipeline and
sample the parameter space via the Nautilus3 sampler (Lange
2023), interfaced with the cosmological parameter estimation
code Cosmosis (Zuntz et al. 2015). A list of model parameters
is provided in Table 1. As is standard practice in stage-III cosmic
shear analyses, we adopted a multivariate Gaussian likelihood.
In the split cosmological analysis, we duplicated parameters with
uniform priors, while parameters with informative Gaussian pri-
ors were not duplicated. An exception is the colour-based split of
the catalogue, for which we calibrated separate redshift nuisance
parameters and allowed for different intrinsic galaxy alignments
between the subsets. We modelled the theoretical prediction for
the observed signal in each subset with the two independent sets
of cosmological parameters. When comparing theory and data,
both subsets were linked through the data covariance matrix,
which was computed analytically using the OneCovariance4
code (Reischke et al. 2025). We note that our covariance model
adopts the NLA model of intrinsic alignments, as opposed to the
fiducial NLA-M model. As was shown by Reischke et al. (2025),
however, the contribution of intrinsic alignments has a negligible
impact on the covariance of KiDS-Legacy data. In W25, we con-
sidered p-values of p > 0.01, corresponding to a 2.36σ offset,
to be consistent with the null hypothesis for systematics tests.
Therefore, we adopted the same threshold for the internal con-
sistency tests conducted in this work.

Before the unblinding of the KiDS-Legacy catalogue, we
conducted the full consistency analysis on one blind for all
three summary statistics. The blinding process, adopted from
Kuijken et al. (2015), involves the generation of two additional
catalogues with systematic differences in the measured galaxy
shapes, which result in up to ±2σ shifts in the inferred S 8. As the
consistency tests are not sensitive to the overall S 8 value, we did
not expect the blinding to have an impact on the internal consis-
tency of the KiDS-Legacy dataset. With the exception of the split
by angular scales with 2PCFs reported in Sect. 4.1.3, we found
no differences between consistency tests for the three statistics.
We therefore limited our analysis to COSEBIs, except for the
split of the data vector by scale, for which we employed all three
summary statistics. When evaluating the consistency in parame-
ter space, we focussed on Ωm and S 8, which are the two parame-
ters that are mostly constrained by cosmic shear data. Prior to the
cosmological analysis, we determined the number of constrained
parameters NΘ that is required for the suspiciousness test, as dis-
cussed in Sect. 3.2.1. The results of this analysis are presented
in Appendix B. In Appendix C, we present a sensitivity analysis
with mock realisations of the fiducial data vector, showing that
in the absence of internal tension each metric yields a level of
consistency that is compatible with typical noise fluctuations in
the data.

4.1. Splits at the data vector level

In the case of data vector-level splits, we employed the fidu-
cial KiDS-Legacy cosmic shear data vector, covariance matrix,
and the prior on the shift in the mean of the redshift distribu-
tion per tomographic bin of W25 when conducting the likelihood
analysis.

3 https://github.com/johannesulf/nautilus/tree/v0.7.2
4 https://github.com/rreischke/OneCovariance/tree/v1.
0.0
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Fig. 1. Posterior distribution of the two instances of cosmological parameters in a split by redshift bin for COSEBIs. The yellow contours show
the posterior of parameters modelling one specific redshift bin and its cross-correlation with the other bins, while the red contours show the
posterior distribution of the parameters modelling the auto- and cross-correlation signal of the remaining redshift bins. The dashed contours show
the fiducial constraints for reference. The final panel presents the posterior distribution in a split between auto-correlations of all redshift bins and
their cross-correlations. When running the chains, both regimes are linked through the cross-covariance between redshift bins. The inner and outer
contours of the marginalised posteriors correspond to the 68% and 95% credible intervals, respectively.

4.1.1. Redshift bin split

The first split at the data vector level is designed to test the inter-
nal consistency between the six tomographic redshift bins. In
this way, we can probe the data for any errors in our redshift
calibration and redshift-dependent modelling effects, such as the
impact of baryon feedback or the effect of IA of galaxies, which
has a larger relative contribution to the total signal compared to
the lensing signal at low redshifts. For each bin, we divided the
theory vector into one subset containing the autocorrelation of
the specific bin and its cross-correlation with the remaining red-
shift bins. The second subset consisted of all auto-correlations
of the remaining redshift bins and their cross-correlation. This
split is analogous to the consistency test between KiDS-1000
redshift bins presented in Asgari et al. (2021). A complemen-
tary method of testing the consistency between redshift bins is
the entire removal of single tomographic bins from the analysis.
This test is demonstrated in W25 and is commonly applied in
weak lensing studies (see for example Amon et al. 2022; Li et al.
2023b).

The first six panels of Fig. 1 show the marginalised poste-
rior distribution of the split cosmological analysis for the split
by redshift bin. Each panel represents the constraints from a sin-
gle redshift bin and its cross-correlation with the other bins in
yellow and the constraints from the auto- and cross-correlations
between the remaining bins in red. For reference, we visual-
ize the constraints from the fiducial cosmic shear analysis with
the black dashed line. A visual inspection of the contours indi-
cates a good agreement between the split and fiducial analy-
ses. As expected, low redshift bins only yield loose constraints
on cosmological parameters, which however are in good agree-
ment with the remaining tomographic bins. The largest shift

between contours is observed in the split of the second bin.
We note that the previous consistency analysis of KiDS-1000
data (see Appendix B in Asgari et al. 2021) also showed the
largest discrepancy in the second tomographic bin. However, we
emphasise that along with the inclusion of additional survey area
and calibration data and the re-reduction of previously released
data in KiDS-DR5, the definition of tomographic bins changed
from equidistant binning in photometric redshift in KiDS-1000
to equi-populated binning in KiDS-Legacy, which Sipp et al.
(2021) recommend as a better choice for the reduction of statis-
tical errors. Therefore, any direct comparison between the con-
sistency analysis of tomographic bins in KiDS-1000 and KiDS-
Legacy should be made with caution.

The consistency levels for the redshift bin splits are listed in
Table 2. The first two columns show the results of the tier 1 test
with evidence-based metrics. The Bayes’ ratio indicates prefer-
ence for the single cosmological model, ranging from ‘barely
worth mentioning’ in bin 2 to ‘strong’ in bin 6 according to Jef-
freys’ scale. In terms of the suspiciousness, all bins are found to
be in agreement with Nσ,S < 1 except for bins 2 and 4, which
show slightly larger values at 1.16σ and 1.39σ, respectively.
The good consistency between redshift bins is further confirmed
by the tier 2 multi-parameter metric test. All redshift bins show
agreement with Nσ ≤ 1.39, which is found when considering a
shift in Ωm in the fifth bin. The final two columns list the consis-
tency level from the tier 3 PPD test in terms of the p-value for
data vector predictions for the data subset listed in the second
column, inferred from the TPD of the other subset (column 8)
and vice versa (column 9). Here, all p-values pass our threshold
of p > 0.01. Overall, we highlight that all consistency metrics
indicate a good internal consistency for the split by redshift bin.
In particular, while the previous KiDS-1000 analysis showed an
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Table 2. Consistency metrics for data vector level splits of KiDS-Legacy data.

Tier 1 Tier 2 Tier 3

Statistic Split log10 R Nσ,S Nσ(∆Ωm) Nσ(∆S 8) Nσ(∆(Ωm, S 8)) p(A|B) p(B|A)

COSEBIs

Bin 1 0.91 0.50 0.81 0.61 0.35 0.40 0.49
Bin 2 0.31 1.16 0.34 1.09 1.34 0.14 0.74
Bin 3 1.07 0.65 0.66 0.02 0.61 0.72 0.39
Bin 4 0.89 1.39 0.65 0.22 0.72 0.85 0.23
Bin 5 1.38 0.87 1.39 0.99 0.84 0.67 0.26
Bin 6 1.46 0.47 0.09 0.51 0.50 0.43 0.49
Redshift bin AC vs CC 1.88 0.18 0.07 0.06 0.00 0.23 0.48
Scale 1.48 0.63 0.07 0.69 0.62 0.37 0.38

Band powers Scale 0.40 1.49 0.16 1.04 0.84 0.51 0.88
2PCFs Scale −2.03 3.69 0.30 1.81 1.63 0.34 0.20

Notes. The first column indicates the summary statistic and the second column lists the split applied to the data vector. The third and fourth
columns report the tier 1 evidence-based metric of the Bayes ratio and the tension level inferred from the suspiciousness, respectively. The next
three columns present the results of the tier 2 multi-dimensional parameter metric test for Ωm, S 8, and their combination. The final two columns
shows the tension level arising from the tier 3 PPD metric test in terms of the p-value for data vector predictions for the data subset listed in the
second column inferred from the PPD of the other subset (column 8) and vice versa (column 9).

internal inconsistency between redshift bins of up to 3σ, we find
the KiDS-Legacy data to be in better internal agreement with
consistency levels better than 1.39σ and compatible with typical
statistical fluctuations.

4.1.2. Auto-correlation versus cross-correlation

In addition to the redshift bin split, we applied a split of the
data vector between auto- and cross-correlation signals of the
tomographic bins. This split allowed us to probe the data for
systematic effects that affect the two types of correlation sig-
nals through different processes. In particular, the individual IA
contributions to the cosmic shear signal, given in Eq. (2), can
be attributed to either the auto- or the cross-correlation signal.
The II term is generated through the alignment of physically
close galaxies due to tidal forces of the nearby large-scale struc-
ture. Therefore, it predominantly affects the autocorrelation of
tomographic bins. The GI term on the other hand is induced by
the large-scale structure causing both the intrinsic alignment of
nearby galaxies and the lensing of distant galaxies, which leads
to an anti-correlation between the shapes of galaxy pairs that are
separated in redshift. Therefore, this effect manifests itself pri-
marily in the cross-correlation signal between tomographic bins.
We divided the theory vector into one subset consisting of the
auto-correlation signal of all six tomographic bins and the sec-
ond subset containing all cross-correlations between bins.

The bottom right panel of Fig. 1 shows the posterior from
the consistency test between the autocorrelation group of all
tomographic bins in yellow and the cross-correlation group in
red. The constraints from the fiducial cosmic shear analysis are
visualised with the black dashed line. The consistency metrics,
listed in Table 2 signify an agreement between both groups in
all tests. This finding is in agreement with the almost indistin-
guishable posteriors shown in the last panel of Fig. 1. At first
glance, it may be surprising that the auto-correlation and cross-
correlation parts of the data vector have the same constraining
power as each other, and the fiducial data vector. Typically the
GI contribution to the cross-correlation signal provides the main
information to constrain the IA amplitude, and as such a cosmic
shear analysis that excludes the cross-terms decreases the over-
all constraining power. The fact that we have found the same

constraining power can be understood by recognising that the
NLA-M intrinsic alignment model parameters in our analysis
are prior dominated and also shared between the two data splits
with the cross-correlation data informing the auto-correlation IA
model. If this was not the case then we would expect to see a
degradation in constraining power when analysing the auto- and
cross-correlations separately.

4.1.3. Scales

When selecting which scales to include in a cosmic shear anal-
ysis there is a trade-off between the desire to maximise signal-
to-noise by including as much data as possible, and minimising
the impact of unaccounted systematic errors that are expected
to contaminate the smallest angular scales. Our fiducial cosmo-
logical constraints analyse data collected over the angular range
θ ∈ [2′, 300′], and in this section we assess the scale consistency
by separating small and large scale data using all three statistics,
2PCFs, band power spectra and COSEBIs.

For the 2PCFs, we split the nine logarithmically spaced
angular bins at an angle of θ ≈ 18.54′, with the first and sec-
ond set consisting of four and five angular bins, respectively,
ensuring comparable signal-to-noise in both sub-samples5. For
this comparison, we found tension at 3.69σ between small and
large scales when considering the suspiciousness test. This can
be observed in the left panel of Fig. 2, which shows a prefer-
ence for lower values of S 8 at large scales and a preference for
higher values at small scales, with a 1.81σ shift in S 8 between
the two. The PPD-based test, however, concludes that the data
vectors are consistent. We note that W25 do not include 2PCFs
in the fiducial cosmic shear analysis, only providing 2PCF con-
straints for completeness and comparison with previous works.
This is because the 2PCF is particularly sensitive to the effect of
baryon feedback which is challenging to model (see for example
Asgari et al. 2020). As we have not optimised the angular scales
for a 2PCF KiDS-Legacy analysis (see for example Krause et al.
2021) we conclude that the tension reported by the suspicious
tier 1 test is likely to be caused by an imperfect modelling of
baryonic effects for the fiducial θ ∈ [2′, 300′] angular scale

5 Following previous KiDS analyses, we limit the ξ− correlation func-
tion to θ > 4′, removing the first θ-bin from the analysis.
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Fig. 2. Posterior distribution of the two instances of cosmological parameters in a split by scale for 2PCFs (left), band powers (middle), and
COSEBIs (right) in comparison to the fiducial analysis with each summary statistic, illustrated by the black dashed lines. The inner and outer
contours of the marginalised posteriors correspond to the 68% and 95% credible intervals, respectively.

range. As such we do not expect the cosmological constraints
from 2PCFs to be as reliable as those inferred with our fiducial
COSEBIs statistic, which restrict the range of physical scales
entering the analysis (see for example Fig. 1 in W25), mak-
ing them less susceptible to scale-dependent effects. We further
note that on large angular scales, the assumption of a Gaussian
likelihood does not hold (see for example Sellentin et al. 2018;
Louca & Sellentin 2020; Joachimi et al. 2021; Oehl & Tröster
2025), which particularly affects the ξ+ correlation function,
leading to a potential bias in the inferred S 8.

With our band power spectra we can test the consistency
between small and large multipoles in Fourier space (see Fig. 1
in W25 for the band power filter functions that are compact in
`). We divide the eight logarithmically spaced bands between
` ∈ [100, 1500] at a limit of ` ≈ 387, creating two subsets con-
sisting of four bands each. The middle panel of Fig. 2 shows the
cosmological constraints from this split analysis with the second
to last row of Table 2 reporting the suite of consistency metrics.
We found an agreement between the low and high ` band power
measurements for all our tests.

It is hard to define a data split for a scale-sensitivity analysis
with COSEBIs as each En mode is sensitive to a range of `-
scales, varying only in the way those scales are combined (see
for example Fig. 1 in W25). We therefore chose to conduct a
data-split analysis of the COSEBI n = 1 mode, which carries
the majority of the constraining power, versus the other n = 2 to
n = 6 modes. The result is visualised in the right panel of Fig. 2
with the consistency metrics listed in Table 2, demonstrating an
agreement between the COSEBIs modes in all tests.

4.2. Splits at the catalogue level

In this section, we split the data on the catalogue level, analysing
the two distinct sections of the KiDS footprint, KiDS-North, and
KiDS-South, and splitting the galaxy sample by colour. When
conducting the likelihood analysis, we construct a joint data vec-
tor and covariance matrix of both subsets, doubling the dimen-
sionality of the data vector with respect to the fiducial analysis.
In Appendix A, we report the data properties of each catalogue
split with calibrated redshifts and shear measurements for each
sample along with the B-mode signal of each subset, which we
found to be consistent with the null hypothesis.

4.2.1. North-South split

As discussed in Sect. 2, the KiDS observations were taken on
two distinct patches on sky: one at the celestial equator, dubbed
KiDS-North, and one at the South Galactic Pole, dubbed KiDS-
South. The two patches, which are shown in Fig. 2 in W25,
cover a similar area on sky with approximately 496 deg2 of post-
masking data in KiDS-North and 472 deg2 in KiDS-South. As
a result, both patches contain a comparable number of sources
per tomographic bin. In the fiducial analysis pipeline, we com-
bined independent measurements of the cosmic shear 2PCF per
patch into a single measurement, from which we computed the
COSEBIs data vector. In the North-South split, we kept the 2PCF
measurements in each patch separate in order to test their consis-
tency. By doing so, we obtained one data vector per hemisphere.
Since the two patches are separated on sky, we did not expect
a cross-correlation signal between patches. Therefore, the com-
bined covariance matrix only consists of two non-zero blocks,
each containing the covariance for North and South, respectively.

In Fig. 3, we present the COSEBIs data vector per hemi-
sphere along with the corresponding theory prediction from the
best-fitting model with uncertainties inferred from the TPDs. As
the data properties of the KiDS-North and KiDS-South patches
are very similar, in terms of the redshift distributions, multiplica-
tive shear and redshift calibration, and the ellipticity dispersion
(see Appendix A), we have chosen to use a single shared set
of observational nuisance parameters in our likelihood analysis,
shown in the left panel of Fig. 4. Although the KiDS-North patch
tends to favour a shift towards lower values of Ωm compared to
our fiducial analysis, both patches are in good agreement with a
value of Nσ(∆Ωm) = 1.09 inferred in the tier 2 multi-parameter
consistency test. Considering S 8, we found both patches to be in
agreement, which is confirmed by the tier 1 evidence and tier 3
PPD tests tabulated in the first row in Table 3. We conclude that
the cosmological constraints from observations in KiDS-North
and KiDS-South are fully consistent.

4.2.2. Red-blue split

Observational evidence shows that red early-type galaxies intrin-
sically align, in contrast to blue late-type galaxies, where intrin-
sic alignments have yet to be detected (Hirata et al. 2007;
Joachimi et al. 2011; Heymans et al. 2013; Samuroff et al. 2019;
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signals are highly correlated within a tomographic bin and advise against a so-called ‘χ-by-eye’.
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Fig. 4. Posterior distribution of parameter duplicates in the Ωm−S 8 plane for catalogue-level splits for COSEBIs. Left panel: north-South split.
Middle panel: red-blue split defined via a cut on the spectral type of TB = 3.0. Right panel: red-blue split defined via a cut on the spectral type of
TB = 1.9. For reference, the black dashed contours show constraints from the analysis with a single set of parameters modelling both data subsets.
The inner and outer contours of the marginalised posteriors correspond to the 68% and 95% credible intervals, respectively.

Table 3. Consistency metrics for catalogue-level splits of KiDS-Legacy data.

Tier 1 Tier 2 Tier 3

Split log10 R Nσ,S Nσ(∆Ωm) Nσ(∆S 8) Nσ(∆(Ωm, S 8)) p(A|B) p(B|A)

North vs. South 0.83 0.71 1.09 0.36 0.60 0.36 0.39
Red vs. blue, TB = 3.0 −0.44 2.61 1.08 0.08 0.74 0.76 0.40
Red vs. blue ,TB = 1.9 −1.29 2.84 0.70 0.46 0.25 0.64 0.35

Notes. The second and third columns report the Bayes ratio and the tension level inferred from the suspiciousness, respectively. The next three
columns present the results of the tier 2 test for Ωm, S 8, and their combination. The final two columns shows the tension level arising from the tier
3 test in terms of the p-value for data vector predictions for the first subset of the catalogue inferred from the TPD of the other subset (column 7)
and vice versa (column 8).
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Fig. 5. COSEBIs E-mode measurements and their best-fitting model for a split cosmological analysis of the red-blue split catalogue, defined via a
cut on the spectral type TB = 3.0. The red and blue data points show the measurements of the red and blue sample, respectively. The best-fitting
theoretical predictions are given by the solid lines, and the 1σ interval of the TPDs are illustrated by the shaded regions. Each panel represents
auto- or cross-correlation between tomographic bins, as indicated by the label in the top right corner. For visualisation purposes, we display the
discrete n modes with an offset on the x-axis. We note that the E-mode signals are highly correlated within a tomographic bin and advise against
a so-called ‘χ-by-eye’.

Georgiou et al. 2019; Johnston et al. 2019; Fortuna et al. 2021;
Tugendhat et al. 2020; Samuroff et al. 2023; Georgiou et al.
2025). We therefore chose to split the KiDS-Legacy galaxies into
a sample of red and blue galaxies to study the impact of intrinsic
galaxy alignments on our cosmic shear signal. This also allows
us to explore a secondary effect where the more spherical shape
of red galaxies changes the populations’ ellipticity distribution,
leading to possible differences in the shear calibration correction
(Kannawadi et al. 2019).

We followed the methodology of Li et al. (2021), dividing
the KiDS-Legacy sample into two subsets based on the spectral
type TB reported by the bpz code. Li et al. (2021) defined blue
galaxies via a threshold of TB > 3.0 to provide a similar con-
straining power per data subset. This is in contrast to appendix
B in W25, where red galaxies are selected with a threshold of
TB ≤ 1.9. We present an analysis of each threshold6, where
dividing the sample at a threshold of TB = 3.0 results in the red
sample containing approximately one third of the galaxies, with
the more stringent cut of TB = 1.9 leaving ∼16% of galaxies in
the red sample. In Appendix A, we present the redshift distribu-
tions of each sample and the separate redshift nuisance parame-
ters that are marginalised over in our analysis. In contrast to the
division of galaxies by hemisphere, the red and blue galaxy sam-
ples are expected to be highly correlated and these correlations
are taken into account via the cross-covariance between cosmic
shear measurements of the red and blue samples computed with
the OneCovariance code.

Our fiducial cosmic shear analysis adopts the NLA-M IA
model, which sets any blue galaxy alignment to zero for TB >

6 We note another alternative, that we do not explore here, is to split a
catalogue by colour as proposed by McCullough et al. (2024), applying
a SOM-based selection on r − z colour in order to derive a high-purity
sample of blue galaxies.

1.9. Thus, this model is not applicable when considering a split
between red and blue galaxies at a threshold of TB = 3.0, which
requires a recalibration of the IA mass scaling. Since this is
beyond the scope of this work, we revert to the standard NLA
model in this analysis for both TB thresholds with a separate
amplitude parameter, AIA, for each galaxy sample. We note that
as discussed in W25, the cosmological constraints are highly
consistent between different IA models. Therefore, we do not
expect the choice of IA model to make an impact on the internal
consistency test in cosmological parameter space.

The measured COSEBIs E modes for the colour-based split
with a threshold TB = 3.0 and the TPDs from the best-fitting
theory model are illustrated in Fig. 5. Here, each colour repre-
sents measurements of the auto- and cross-correlation between
tomographic bins of the given sample. We chose not to include
cross-correlation measurements between the red and blue bins as
these signals mix contributions from theoretical predictions for
the red and blue signals that cannot be easily modelled with our
current pipeline. The cross-correlation between the red and blue
data points is, however, taken into account in our consistency
analysis via the joint covariance matrix.

The posterior distribution for both instances of Ωm and S 8
in the split cosmological analysis are shown in the middle and
right panels of Fig. 4. As expected, the red galaxy sample yields
weaker constraints on S 8 and Ωm than the blue sample due to
the higher number density of blue galaxies. This is particularly
true for the TB = 1.9 selected sample where the marginalised
posteriors are almost unconstrained by the red galaxy sample.
Nevertheless, the cosmological parameter posterior distributions
for both red-blue splits are in good agreement. Looking at the
consistency metrics listed in Table 3 for the TB = 3.0 (TB = 1.9)
selected samples, we found that the suspiciousness test shows a
preference for the split cosmological model at 2.61σ (2.84σ). In
contrast, the tier 2 test yields an agreement between parameters
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Fig. 6. Constraints on S 8 and AIA for colour-
based splits of the catalogue. Left panel: Red-
blue split defined via a cut on the spectral type of
TB = 3.0. Right panel: Red-blue split defined via
a cut on the spectral type of TB = 1.9. For this
threshold, the catalogue only contains very few
red galaxies with zB > 1.14. Therefore, the red
galaxy sample only encompasses the first five
tomographic bins. The inner and outer contours
of the marginalised posteriors correspond to the
68% and 95% credible intervals, respectively.

with Nσ ≤ 1.08 (Nσ ≤ 0.70) when considering S 8, Ωm, and
their combination. This is confirmed by the tier 3 tests, which
suggests a good agreement between the TPDs and the observed
data in both subsets.

The tier 1 evidence-based preference for the split cosmolog-
ical model can be explained by the additional freedom in the
modelling of intrinsic galaxy alignments. While the combined
galaxy sample analysis assumes a shared IA amplitude for both
red and blue galaxies, the split analysis models intrinsic align-
ments with two independent parameters. As shown in Fig. 6,
there is a significant difference between the IA amplitudes for the
two samples with a marginal mode and the 1D 68% highest pos-
terior density interval of Ablue

IA = −0.75+0.43
−0.62 and Ared

IA = 1.08+0.46
−0.44

for the TB = 3.0 sample split. For the TB = 1.9 split, we found
the IA amplitude of blue galaxies to be Ablue

IA = −0.32+0.33
−0.36, while

the red galaxy sample yields Ared
IA = 3.32+1.13

−0.97. This corresponds
to a difference in their posterior distribution at Nσ(∆AIA) = 2.81
for TB = 3.0 and Nσ(∆AIA) = 2.57 for TB = 1.9. These results
are compatible with the central assumption of the NLA-M model
used in our fiducial cosmic shear analysis, which assumes zero
alignment of blue galaxies. We therefore do not interpret the
tier 1 result as an indication of internal inconsistency given that
the physical mechanism behind red and blue galaxy alignment
is expected to differ. As the evidence-based tier 1 consistency
test compresses the full posterior into a single statistic, the phys-
ical difference between red and blue galaxies is reflected as a
preference for the split cosmological model. Based on the other
consistency metrics reported in Table 3, we can therefore con-
clude there is internal consistency between our samples of red
and blue galaxies.

4.3. Consistency between summary statistics

While the two primary summary statistics in the fiducial analy-
sis, COSEBIs and band powers, as well as the additional statis-
tic, binned 2PCFs, are derived from the same cosmic shear 2PCF
measurements, they differ in their sensitivity to spatial scales as
well as systematic and modelling effects. Thus, we quantified the
consistency between all combinations of two summary statistics.
Although this does not correspond to a split of the data vector or
the catalogue since each statistic originates from the same mea-
surements of the cosmic shear 2PCFs, we can nevertheless use
the same methodology to quantify whether or not the statistics
prefer different cosmologies. In practice, we construct three data
vectors that each combine measurements of two summary statis-
tics and model the theoretical prediction with one set of param-
eters per statistic. As depicted in Eq. (1), they differ only in the
corresponding weight function, which vary in their sensitivity
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Fig. 7. Correlation matrix between measurements of COSEBIs, band
powers, and 2PCFs.

to different angular scales. Therefore, we expect the statistics
to be highly correlated, since the different summary statistics
are derived from the same two-point correlation function mea-
surements. Thus, it is particularly important to derive a robust
estimate of the covariance between summary statistics, which
is enabled by the OneCovariance code. The resulting correla-
tion matrix is displayed in Fig. 7. As discussed in Reischke et al.
(2025), the full covariance matrix between all summary statistics
can be non-positive definite due to numerical noise. However,
the sub-covariance matrices between two summary statistics are
still positive definite and invertible.

The marginalised posterior distributions for Ωm and S 8 are
displayed in Fig. 8. Here, the solid contours refer to the analy-
sis with the split cosmological model and the black dashed lines
show constraints from the analysis of the combined data vec-
tor of two summary statistics with a single set of parameters.
For the combination of COSEBIs and 2PCFs as well as band
powers and 2PCFs, we found the constraints from the combined
analysis to be in agreement with the split analyses. However,
for the combination of COSEBIs and band powers we observe
a preference for lower values of Ωm in the combined analysis.
We further investigated the origin of this feature by decompos-
ing the likelihood into the contribution from the auto-correlation
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Fig. 8. Posterior distribution of parameter duplicates in the Ωm−S 8 plane for split cosmological analyses with two summary statistics. For reference,
the black dashed contours show constraints from the analysis with a single set of parameters modelling both data subsets. The inner and outer
contours of the marginalised posteriors correspond to the 68% and 95% credible intervals, respectively.
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Fig. 9. Constraints on ns, h, and log TAGN in a split cosmological analy-
sis with COSEBIs (yellow) and band powers (pink). For reference, the
black dashed contours show constraints from the analysis with a single
set of parameters modelling both datasets. The inner and outer contours
of the marginalised posteriors correspond to the 68% and 95% credible
intervals, respectively.

of COSEBIs and band powers and the contribution from their
cross-correlation. This analysis shows that the shift towards low
Ωm is driven by the cross-covariance terms between COSEBIs
and band powers. Additionally, we inspected the posterior distri-
bution of the remaining split parameters, displayed in Fig. 9. We
found that the two instances of the baryon feedback parameter,
log TAGN, show a preference for different amounts of baryonic
feedback. While the COSEBIs posterior peaks at a low value
of log TAGN, corresponding to a dark matter only scenario, the
posterior from band powers tends towards the upper edge of the
prior. The origin of this feature most likely lies in their vary-

ing response to different scales. In the combined analysis with a
single set of parameters, in which both statistics share the same
baryonic feedback parameter, this most likely causes the shift of
the posterior towards low Ωm. As a consequence, the evidence-
based consistency metric, provided in Table 4, reports a prefer-
ence for the split cosmological model with Nσ,S = 3.78. In the
tier 2 parameter space and tier 3 data space metrics, however, we
find both statistics to be in agreement. We note that our default
consistency test in parameter space focusses on the two parame-
ters that are mostly constrained by our cosmic shear data, Ωm and
S 8. Considering the apparent discrepancy in the baryon feedback
parameter, we computed the significance of the shift in log TAGN,
which we found to be Nσ(∆ log TAGN) = 2.54. Furthermore, we
note that the posterior in the combined analysis of COSEBIs and
band powers closely resembles the posterior of an analysis with
2PCFs (see Appendix F in W25). As can be inferred from the
corresponding window functions, the combination of COSEBIs
and band powers covers approximately the same range of scales
that is probed by 2PCFs, which provides an explanation for the
similarity between their posteriors.

For the remaining combinations of summary statistics, our
consistency analysis finds an agreement in all tests. Therefore,
we conclude that for the parameters of interest, we find the three
summary statistics to be in agreement. This confirms the result of
the fiducial cosmic shear analysis (W25), which reports a good
agreement between marginalised S 8 constraints inferred individ-
ually with the three statistics. However, we note that a combined
analysis of two summary statistics proves to be challenging due
to the high degree of correlation between the statistics, as show-
cased in our combined analysis of COSEBIs and band powers.

5. Combination with external data

Weak lensing on its own only is only equipped to constrain
a nearly degenerate combination of σ8 and Ωm. This is com-
monly described in terms of the S 8 parameter, where the width
of the degeneracy is reflected in the uncertainty on S 8. Combin-
ing our KiDS-Legacy cosmic shear measurements with exter-
nal datasets allows us to break the degeneracy between the two
parameters. In particular, spectroscopic galaxy surveys provide
complementary constraints on the expansion history of the Uni-
verse through measurements of the BAO feature over a range
of redshifts. While the BAO feature resides in the quasi-linear
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Table 4. Consistency metrics for the combination of summary statistics.

Tier 1 Tier 2 Tier 3

Statistic log10 R Nσ,S Nσ(∆Ωm) Nσ(∆S 8) Nσ(∆(Ωm, S 8)) p(A|B) p(B|A)

COSEBIS vs. Bandpowers 0.09 3.78 0.87 0.06 0.85 0.24 0.85
COSEBIS vs. ξ± 2.75 0.21 0.24 0.45 0.15 0.45 0.09
Bandpowers vs. ξ± 1.46 1.31 0.82 1.09 0.57 0.87 0.08

Notes. The second and third columns report the Bayes ratio and the tension level inferred from the suspiciousness, respectively. The next three
columns present the results of the tier 2 test for Ωm, S 8, and their combination. The final two columns shows the tension level arising from the
tier 3 test in terms of the p-value for data vector predictions for the first statistic inferred from the TPD of the other statistic (column 7) and vice
versa (column 8).

clustering regime, RSD measurements probe the growth of
structure. We adopted BAO measurements from DESI DR1
(Adame et al. 2025) as well as BAO and RSD measurements
from eBOSS DR16 (Alam et al. 2021), which provide a tight
constraint on Ωm. Additionally, observations of SN Ia provide an
alternative method of constraining the expansion history of the
Universe. This method relies on measurements of the luminosity
distances as a function of redshift, which provide an independent
constraint on the matter density. Here, we employed SN Ia mea-
surements from the Pantheon+ compilation (Scolnic et al. 2022;
Brout et al. 2022).

We treated the KiDS data and the external data vectors as
independent. Therefore, we computed the joint likelihood by
multiplying the individual likelihoods of each experiment. Addi-
tionally, we assume independence between the BAO and SN Ia
measurements and conduct a joint analysis of KiDS and Pan-
theon+ data in combination with DESI Y1 BAO and eBOSS
DR16, respectively. In Table 5, we quantify the consistency
between KiDS-Legacy and the external datasets. As can be
observed in Fig. 10, BAO, RSD, and SN Ia measurements put
a tight constraint on the matter density. Additionally, BAO mea-
surements constrain the Hubble parameter by incorporating an
external calibration of the absolute BAO scale. Since the exter-
nal datasets are sensitive to parameters that are mostly uncon-
strained by cosmic shear, we found a good agreement between
KiDS-Legacy and DESI, eBOSS, and Pantheon+ in all tests. In
the joint analyses, we found the marginal mode and the highest
posterior density interval to be

KiDS + DESI + Pantheon+: S 8 = 0.818+0.015
−0.014,

σ8 = 0.803+0.024
−0.021,

Ωm = 0.311+0.011
−0.012,

KiDS + eBOSS + Pantheon+: S 8 = 0.819+0.014
−0.015,

σ8 = 0.798+0.023
−0.022,

Ωm = 0.315+0.012
−0.013 .

(20)

The breaking of the σ8−Ωm degeneracy results in a reduction
in the uncertainty on σ8 by about 72% compared to the fidu-
cial constraint of W25. In terms of S 8, this corresponds to
a 22% uncertainty reduction. We note, however, that the pre-
ferred degeneracy direction for KiDS-Legacy in the more gen-
eral Σ8 = σ8(Ωm/0.3)α parameterisation differs from the α = 0.5
assumed in the definition of S 8, as discussed in sect. 5.1 in W25.
Using the preferred α = 0.58, we find Σ8 = 0.819+0.015

−0.013 in the
combined analysis of KiDS-Legacy + DESI Y1 BAO + Pan-
theon+, which is consistent with the results of W25.

Additionally, we present a joint analysis between cosmic
shear measurements of DES and KiDS. This analysis was pre-

viously conducted in DES+KiDS, who combined cosmic shear
data from DES Y3 and KiDS-1000 data and García-García et al.
(2024), who reanalysed DES Y3, KiDS-1000, and HSC DR1
data with a common harmonic-space pipeline. Here, we adopted
the ‘KiDS-excised’ DES Y3 2PCF data vector of DES+KiDS
and update the combined analysis with our KiDS-Legacy COSE-
BIs measurements. We sampled the parameter space with our
KiDS-Legacy pipeline within our fiducial prior space and
adopted the independent Gaussian priors for incorporating the
uncertainty on the shear and redshift calibration in DES (see
Table 1 of DES+KiDS). We note that the DES Y3 measurements
excluded the overlap region between both surveys, which are
therefore considered to be independent. Following the method-
ology of DES+KiDS, we adopted independent IA parameters for
both surveys. We employed the fiducial NLA-M model for KiDS
IA in our combined analysis. Since the prior on the NLA-M
parameters is survey-dependent and an application of the NLA-
M model to DES data is beyond the scope of this work, we
modelled DES IA with the NLA-z model, which is the fiducial
IA model in the Hybrid analysis pipeline of DES+KiDS. How-
ever, as shown in W25, changes in the IA modelling only have a
minor impact on the cosmological constraints in KiDS-Legacy.
Therefore, we did not expect the choice of IA model to make
a significant impact on the consistency analysis between KiDS
and DES. The respective posteriors in the combined parame-
ter space of S 8 and Ωm for KiDS-Legacy (yellow), DES Y3
(green), and their combination (pink) are illustrated in Fig. 11
and their consistency is quantified in Table 5. Overall, we found
an agreement between both surveys up to Nσ = 0.81, which is
reported by the parameter space test in Ωm. Thus, we consid-
ered the cosmological constraints from both surveys to be con-
sistent, which is in agreement with the earlier study conducted
with KiDS-1000 data. The joint analysis of KiDS-Legacy + DES
Y3 yields

S 8 = 0.818+0.012
−0.014,

σ8 = 0.838+0.059
−0.060, (21)

Ωm = 0.277+0.042
−0.028 .

Compared to the earlier study of joint KiDS + DES data, this
corresponds to a 26% reduction in uncertainty on S 8 and a shift
towards higher S 8 by about 1σ, which can be attributed to the
preference for higher S 8 in the KiDS-Legacy dataset.

The consistency analysis between KiDS-Legacy and various
probes of the low-redshift Universe individually signifies a good
agreement. Therefore, this enables a joint analysis with our com-
pilation of external datasets. We note that we did not consider a
joint analysis with both DESI Y1 BAO and eBOSS DR16 data
given the overlapping survey footprints. Therefore, we conduct
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Table 5. Consistency metrics for the combination of KiDS-Legacy with external data.

Tier 1 Tier 2 Tier 3

External dataset log10 R Nσ,S Nσ(∆Ωm) Nσ(∆S 8) Nσ(∆(Ωm, S 8)) p(A|B) p(B|A)

DESI Y1 BAO 0.24 0.26 0.45 0.55 0.35 0.46 0.49
eBOSS DR16 0.28 0.29 0.22 0.41 0.19 0.47 0.59
Pantheon+ 0.40 0.44 0.29 0.23 0.13 0.47 0.80
DESI Y1 BAO + Pantheon+ 0.32 0.45 0.06 0.90 0.10 0.47 0.77
eBOSS DR16 + Pantheon+ 0.34 0.44 0.06 0.44 0.05 0.47 0.79
DES Y3 1.14 0.31 0.81 0.58 0.05 0.35 0.30
Planck 2018 0.99 0.77 0.17 0.61 0.15 0.47 0.57

Notes. The third and fourth columns report the Bayes ratio and the tension level inferred from the suspiciousness, respectively. The next three
columns present the results of the tier 2 test for Ωm, S 8, and their combination. The final two columns shows the tension level arising from the tier
3 test in terms of the p-value for data vector predictions for the external data dataset listed in the second column inferred from the KiDS-Legacy
TPD (column 8) and vice versa (column 9).
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Fig. 10. Marginalised constraints for the joint distributions of Ωm,
σ8, and S 8 from KiDS-Legacy cosmic shear data (black), its combi-
nation with Pantheon+ SN Ia data and DESI Y1 BAO data (blue),
and its combination with Pantheon+ SN Ia data and eBOSS DR16
BAO and RSD data (orange). These results can be compared to CMB
constraints (green) inferred with the compressed Planck likelihood
by Prince & Dunkley (2019). The inner and outer contours of the
marginalised posteriors correspond to the 68% and 95% credible inter-
vals, respectively.

a joint analysis of KiDS-Legacy with DES Y3, DESI Y1 BAO,
and Pantheon+ data, yielding

S 8 = 0.814+0.011
−0.012,

σ8 = 0.802+0.022
−0.018, (22)

Ωm = 0.307+0.011
−0.011.

This represents a 38% improvement in constraining power on
S 8 and a 75% improvement in σ8 compared to the fiducial con-
straints with KiDS-Legacy.

In light of the apparent S 8 tension that was reported in earlier
cosmic shear studies, we quantify the consistency between our
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Fig. 11. Marginalised cosmic shear constraints for the joint distri-
bution of Ωm and S 8 from KiDS-Legacy (yellow), DES-Y3 (green),
and their combination (pink). These results can be compared to the
CMB posterior inferred with the compressed Planck likelihood by
Prince & Dunkley (2019). The black contour shows constraints from a
joint analysis of KiDS-Legacy with DES Y3, DESI Y1 BAO, and Pan-
theon+ data. The inner and outer contours of the marginalised posteriors
correspond to the 68% and 95% credible intervals, respectively.

KiDS-Legacy cosmic shear constraints and CMB measurements
from Planck. We conducted a consistency analysis, assuming
independence between both surveys, and quantify the consis-
tency in Table 5. For modelling the CMB power spectra we
employed the CosmoPower emulator (Spurio Mancini et al.
2022), which was shown to reproduce the fiducial Planck param-
eter constraints with similar accuracy to common Boltzmann
solvers. We found no evidence for a disagreement between
KiDS-Legacy cosmic shear measurements and Planck CMB
data with Nσ = 0.77 inferred with the suspiciousness statistic.
Moreover, we found S 8 to be in agreement at 0.61σ between
both surveys. This removes the S 8 tension, which was found to
be significant at the ∼2σ level in earlier KiDS studies. Com-
bined analyses of probes of the early Universe, such as CMB
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measurements, and probes of the late Universe, such as cosmic
shear, are commonly employed in studies of extended cosmolog-
ical models beyond ΛCDM. A detailed study of extended cos-
mological models is beyond the scope of this work, and we there-
fore leave the combined analysis of KiDS-Legacy and Planck
data for a forthcoming publication.

6. Summary and conclusions

In this analysis, we have demonstrated that the KiDS-Legacy
cosmic shear data exhibits a high level of internal consistency.
We find an agreement between the cosmological constraints
from different tomographic redshift bins, the auto- and cross-
correlation measurements, the COSEBIs, band power spectra
and 2PCF statistics, the North and South regions within the
KiDS footprint, and the red and blue galaxies. Our three tiers of
consistency metrics use Bayesian evidence, measured shifts in
multi-dimensional parameter space and TPDs to quantify con-
sistency between different data splits. From our range of consis-
tency tests, it is worth highlighting two key results. In a red-blue
galaxy split analysis, we confirm the results of previous studies
that find strong intrinsic galaxy alignments between red early-
type galaxies and no significant alignment in the blue galaxy
population. This supports our decision to adopt a new colour-
dependent NLA-M model in our primary KiDS-Legacy analy-
sis. In our analysis of the cosmic shear signal measured across
the six tomographic redshift bins, we find a Nσ < 1.39 con-
sistency. This represents a marked improvement over previous
KiDS analyses where the second tomographic bin, covering a
range of 0.3 < zB ≤ 0.5, was identified as a significant outlier.
We credit this improvement to advances in redshift calibration
methodology and the enhanced spectroscopic dataset adopted for
KiDS-Legacy (see Wright et al. 2025a, for details).

In Wright et al. (2025b), we present our fiducial cosmic
shear analysis, reporting a result of S 8 = 0.815+0.016

−0.021. We
used our three-tier analysis to demonstrate external consistency
between this result and BAO constraints7 from DESI DR1 com-
bined with the Pantheon+ SN Ia compilation. We inferred a joint
constraint of S 8 = 0.818+0.015

−0.014, representing a 22% reduction
in uncertainty on this parameter over our fiducial result. KiDS-
Legacy is also shown to be consistent with cosmic shear data
from DES Y3, where a joint analysis of the two surveys finds
S 8 = 0.818+0.012

−0.014. Combining the KiDS, DES, DESI, and Pan-
theon datasets, we were able to deliver a 1.4% precision mea-
surement of S 8 = 0.814+0.011

−0.012. This result is consistent with S 8
measurements of the cosmic microwave background by Planck,
which is in 0.77σ agreement with KiDS-Legacy.

The KiDS-Legacy cosmic shear data exhibits a high level
of internal and external consistency resulting from significant
improvements in the data reduction and scientific analyses of
KiDS since its inception over a decade ago. Upcoming cosmol-
ogy experiments will be required to pass the three tiers of strin-
gent internal consistency analyses presented here and, as such,
this analysis provides a useful blueprint for future studies.
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Appendix A: Catalogue-level splits: Data properties and B-mode analysis

In this appendix, we summarise the data properties of the KiDS-Legacy catalogue split into mutually exclusive subsets, which are
analysed in Sect. 4.2. Table A.1 lists the redshift range, the fraction of sources with respect to the total number of sources, the
effective number density, the ellipticity dispersion, the shift in the mean of the redshift distribution, and the multiplicative shear
bias. We provide these data for the fiducial catalogue, a catalogue split by hemisphere, and two catalogues split into samples of red
and blue galaxies. The redshift distribution per tomographic bin for each catalogue-level split is illustrated in Fig. A.1.

For the split by hemisphere, we find the ellipticity dispersion, the shift in the mean of the redshift distribution per bin, and the
multiplicative shear bias to be in agreement at the 1σ level between both patches. Furthermore, the redshift distributions per patch
in each tomographic bin show a good agreement between hemispheres.

For the colour-based split, we defined red galaxies via a selection on the spectral type TB reported by the bpz code. We adopted
a threshold of TB ≤ 1.9 from appendix B in W25, which selects objects with contributions from an elliptical galaxy spectrum
(template E1). For this split, the red galaxy sample only encompasses the first five tomographic bins since the catalogue only
contains very few red galaxies with zB > 1.14, making it challenging to calibrate the redshift distribution of the sixth bin. However,
given the vanishingly low signal-to-noise ratio of such a sparsely populated bin, we do not expect the exclusion of this bin to make
an impact on the analysis. By contrast, Li et al. (2021) previously performed a consistency test between red and blue galaxies with
cosmic shear data from the third KiDS data release (KV450, de Jong et al. 2017; Wright et al. 2019), defining blue galaxies via a
threshold of TB ≤ 3.0. This selection additionally encompasses objects with contributions from two spiral galaxy templates (Sbc
and Sdc), while objects with contributions of irregular and starburst galaxy spectra (templates Im, SB2, and SB3) are labelled as
blue galaxies. Originally, this threshold was chosen in order to ensure a similar constraining power per data subset, although this no
longer holds in KiDS-Legacy given the addition of high redshift galaxies, which are predominantly blue.

0.0

0.1

0.2
North Red: TB 3.0 Red: TB 1.9

0.0 0.5 1.0 1.5 2.00.0

0.1

0.2
South

0.0 0.5 1.0 1.5 2.0

Blue: TB > 3.0

0.0 0.5 1.0 1.5 2.0

Blue: TB > 1.9

z

N
(z

)

Fig. A.1. Redshift distributions per tomographic bin for catalogue-level splits. Left panel: North-South split. Middle panel: Red-blue split defined
via a cut on the spectral type of TB = 3.0. Right panel: Red-blue split defined via a cut on the spectral type of TB = 1.9.

To the first order, we expect cosmic shear to only produce E-mode signals, making B-mode signals negligible for current stage-
III surveys. Therefore, B modes are a useful quantity for null-tests for residual systematics in the cosmic shear measurement. Here,
we quantified the significance of the B modes for the split catalogues, referring to appendix E in W25 for a discussion of B modes in
the fiducial catalogue. We employed COSEBIs as test statistic since it allows for a clean separation of E and B modes. To quantify
the significance of the B mode, we computed the χ2 values assuming the null hypothesis and compute the corresponding p-value.
Here, the p-value is equal to the probability of producing a B mode that is more significant than the observed signal, assuming that
the B mode is randomly drawn from a Gaussian distribution with zero mean.

For each subset of the catalogue, we computed the first six COSEBIs B modes and quantified the significance for the full data
vector consisting of all 21 combinations of the six tomographic redshift bins. Additionally, we quantified the B mode significance
individually for each tomographic bin combination. The measured B-mode signal for the three catalogue-level splits are presented
in Figs. A.2, A.3, and A.4. All p-values pass our required threshold of p > 0.01, which is the community standard for B-mode
tests (Dark Energy Survey Collaboration 2023), for both the individual tomographic bin combination and for the combination of all
tomographic bins.
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Table A.1. Data properties per tomographic bin for catalogue-level splits.

Setup Bin zB ftotal [%] neff[arcmin−2] σe δz = zest − ztrue m

Fiducial

1 0.10 < zB ≤ 0.42 18.1 1.77 0.28 −0.026 ± 0.010 −0.023 ± 0.006
2 0.42 < zB ≤ 0.58 18.0 1.65 0.27 0.013 ± 0.010 −0.016 ± 0.006
3 0.58 < zB ≤ 0.71 16.6 1.50 0.29 −0.002 ± 0.010 −0.011 ± 0.007
4 0.71 < zB ≤ 0.90 16.8 1.46 0.26 0.008 ± 0.010 0.020 ± 0.007
5 0.90 < zB ≤ 1.14 15.8 1.35 0.28 −0.011 ± 0.010 0.030 ± 0.008
6 1.14 < zB ≤ 2.00 14.6 1.07 0.30 −0.054 ± 0.011 0.045 ± 0.009

North

1 0.10 < zB ≤ 0.42 9.1 1.74 0.28 −0.025 ± 0.010 −0.024 ± 0.009
2 0.42 < zB ≤ 0.58 9.4 1.67 0.27 0.013 ± 0.010 −0.021 ± 0.009
3 0.58 < zB ≤ 0.71 8.6 1.50 0.29 −0.001 ± 0.010 −0.008 ± 0.011
4 0.71 < zB ≤ 0.90 8.3 1.40 0.26 0.009 ± 0.010 0.016 ± 0.010
5 0.90 < zB ≤ 1.14 7.7 1.27 0.28 −0.011 ± 0.010 0.021 ± 0.011
6 1.14 < zB ≤ 2.00 6.9 0.99 0.30 −0.057 ± 0.011 0.040 ± 0.013

South

1 0.10 < zB ≤ 0.42 9.0 1.81 0.28 −0.025 ± 0.010 −0.017 ± 0.010
2 0.42 < zB ≤ 0.58 8.6 1.62 0.27 0.013 ± 0.010 −0.010 ± 0.010
3 0.58 < zB ≤ 0.71 8.1 1.49 0.29 −0.001 ± 0.010 −0.015 ± 0.012
4 0.71 < zB ≤ 0.90 8.5 1.51 0.26 0.008 ± 0.010 0.018 ± 0.011
5 0.90 < zB ≤ 1.14 8.1 1.43 0.28 −0.012 ± 0.010 0.026 ± 0.012
6 1.14 < zB ≤ 2.00 7.6 1.16 0.30 −0.057 ± 0.011 0.047 ± 0.013

Red: TB ≤ 3.0

1 0.10 < zB ≤ 0.42 6.8 0.73 0.27 −0.008 ± 0.010 −0.031 ± 0.011
2 0.42 < zB ≤ 0.58 6.0 0.60 0.25 −0.003 ± 0.010 −0.038 ± 0.011
3 0.58 < zB ≤ 0.71 6.1 0.62 0.29 −0.016 ± 0.010 −0.043 ± 0.013
4 0.71 < zB ≤ 0.90 6.7 0.62 0.25 −0.003 ± 0.010 −0.017 ± 0.011
5 0.90 < zB ≤ 1.14 6.4 0.58 0.30 −0.014 ± 0.010 −0.043 ± 0.014
6 1.14 < zB ≤ 2.00 2.7 0.21 0.30 −0.081 ± 0.011 −0.032 ± 0.020

Blue: TB > 3.0

1 0.10 < zB ≤ 0.42 11.3 1.00 0.28 −0.025 ± 0.010 −0.016 ± 0.007
2 0.42 < zB ≤ 0.58 12.0 1.03 0.28 0.030 ± 0.010 −0.005 ± 0.007
3 0.58 < zB ≤ 0.71 10.6 0.87 0.28 0.019 ± 0.010 0.015 ± 0.009
4 0.71 < zB ≤ 0.90 10.1 0.83 0.27 0.007 ± 0.010 0.047 ± 0.009
5 0.90 < zB ≤ 1.14 9.4 0.76 0.27 −0.023 ± 0.010 0.075 ± 0.010
6 1.14 < zB ≤ 2.00 11.9 0.83 0.30 −0.060 ± 0.011 0.065 ± 0.010

Red: TB ≤ 1.9

1 0.10 < zB ≤ 0.42 2.6 0.26 0.26 −0.014 ± 0.010 −0.032 ± 0.019
2 0.42 < zB ≤ 0.58 3.5 0.34 0.24 −0.008 ± 0.010 −0.036 ± 0.017
3 0.58 < zB ≤ 0.71 2.9 0.28 0.30 −0.015 ± 0.010 −0.047 ± 0.022
4 0.71 < zB ≤ 0.90 4.0 0.36 0.25 0.001 ± 0.010 −0.016 ± 0.019
5 0.90 < zB ≤ 1.14 3.0 0.25 0.34 −0.005 ± 0.010 −0.086 ± 0.028
6 1.14 < zB ≤ 2.00 0.6 — — — —

Blue: TB > 1.9

1 0.10 < zB ≤ 0.42 15.5 1.48 0.28 −0.023 ± 0.010 −0.022 ± 0.006
2 0.42 < zB ≤ 0.58 14.5 1.29 0.28 0.024 ± 0.010 −0.010 ± 0.006
3 0.58 < zB ≤ 0.71 13.7 1.20 0.29 0.007 ± 0.010 −0.001 ± 0.008
4 0.71 < zB ≤ 0.90 12.8 1.09 0.27 0.005 ± 0.010 0.030 ± 0.008
5 0.90 < zB ≤ 1.14 12.8 1.08 0.27 −0.019 ± 0.010 0.044 ± 0.008
6 1.14 < zB ≤ 2.00 14.1 1.03 0.30 −0.062 ± 0.011 0.048 ± 0.009

Notes. We list the index of the tomographic bin, the range in photometric redshift zB, the fraction of sources with respect to the total number of
sources, the effective number density neff , the ellipticity dispersion σe, the shift in the mean of the redshift distribution δz, and the multiplicative
shear bias m.
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Fig. A.2. COSEBIs B-mode measurements for the North-South split catalogue. The green and purple data points show the measurements of the
KiDS-North and KiDS-South sample, respectively. Each panel represents auto- or cross-correlation between tomographic bins, as indicated by the
label in the top right corner. The corresponding p-value is denoted in the top left corner of each panel. The p-value of the combined data vector is
given in the top left corner of the figure. For visualisation purposes, we display the discrete n modes with an offset on the x-axis. We note that the
B-mode signals are highly correlated within a tomographic bin and advise against a so-called ‘χ-by-eye’.
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Fig. A.3. Same as Fig. A.2 but for the red-blue split catalogue defined via a cut on the spectral type TB = 3.0.
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Fig. A.4. Same as Fig. A.2 but for the red-blue split catalogue defined via a cut on the spectral type TB = 1.9. For this threshold, the catalogue
only contains very few red galaxies with zB > 1.14. Therefore, the red galaxy sample only encompasses the first five tomographic bins.
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Appendix B: Effective number of constrained parameters

For the calculation of the tension probability with the suspiciousness statistic, we require the difference between the effective number
of constrained parameters NΘ in the fiducial and split cosmological model, as defined in Eq. (7). We followed the methodology of
Joachimi et al. (2021) and infer NΘ from mock realisations of the cosmic shear data vector. Assuming a Planck Collaboration VI
(2020) cosmology and our fiducial data covariance matrix, we generated 1000 realisations of the data vector from a multivariate
Gaussian distribution. For each mock realisation, we then maximised the posterior and obtain an estimate of the best-fit χ2. As
discussed in Joachimi et al. (2021), the distribution of χ2

best is well described by a χ2-distribution with a number of degrees of
freedom kdof = Nd − NΘ,χ2 , where Nd denotes the dimensionality of the data vector. We therefore fit the distribution of χ2

best-values
from mock data vectors to a χ2-distribution to determine the effective number of degrees of freedom, denoted NΘ,χ2 .

The inferred estimates of NΘ are summarised in Table B.1 for the fiducial cosmic shear analysis setup with all summary statistics,
dubbed ‘1cosmo’, as well as for the split cosmological analysis setups with COSEBIs considered in Sect. 4. For the split between
angular scales, we employ band powers and 2PCFs, as discussed in Sect. 4.1.3. Additionally, we infer NΘ for catalogue- and
statistic-level splits in a single cosmological setup. For comparison, we provide the BMD, NΘ,BMD, computed via Eq. (8). For both
estimates, we list the resulting difference in NΘ between the fiducial cosmological model and the split cosmological model, denoted
as dχ2 and dBMD. Overall, we found the number of constrained parameters to be higher in the split cosmological model. We attribute
this to the doubling of the cosmological parameter space, where both instances of parameters sensitive to cosmic shear have been
independently constrained.

Table B.1. Effective number of constrained parameters.

Split type Setup NΘ,χ2 NΘ,BMD dχ2 dBMD

Fiducial - 1cosmo (COSEBIs) 5.60 6.00 - -
Fiducial - 1cosmo (Band powers) 5.23 4.16 - -
Fiducial - 1cosmo (2PCFs) 7.79 7.79 - -

D
at

a
ve

ct
or

Bin 1 8.05 7.60 2.45 1.60
Bin 2 8.20 5.52 2.60 -0.48
Bin 3 8.48 7.83 2.88 1.83
Bin 4 8.69 9.05 3.09 3.05
Bin 5 9.01 8.51 3.41 2.51
Bin 6 8.85 8.06 3.25 2.06
Redshift bin AC vs CC 8.53 8.81 2.93 2.81
En=1 vs En>1 7.35 7.22 1.75 1.22
Small multipoles vs large multipoles (Band powers) 7.70 5.98 2.47 1.82
Small scales vs large scales (2PCFs) 10.67 10.35 2.88 2.56

C
at

al
og

ue

North vs South 9.17 7.45 3.03 1.81
Red vs blue, TB = 3.0 9.90 7.55 3.63 0.80
Red vs blue, TB = 1.9 7.03 8.70 3.40 3.80
North vs South - 1cosmo 6.14 5.64 - -
Red vs blue - 1cosmo, TB = 3.0 6.27 6.75 - -
Red vs blue - 1cosmo, TB = 1.9 3.63 5.54 - -

St
at

is
tic

COSEBIs vs Band powers 10.22 10.69 3.26 4.59
COSEBIs vs 2PCFs 9.45 11.16 3.80 3.40
Band powers vs 2PCFs 8.57 10.01 3.59 3.03
COSEBIs vs Band powers - 1cosmo 6.96 6.10 - -
COSEBIs vs 2PCFs - 1cosmo 5.65 7.76 - -
Band powers vs 2PCFs - 1cosmo 4.98 6.98 - -

Notes. For each analysis setup we provide the effective number of constrained parameters inferred via χ2 minimisation of mock data vectors
(Joachimi et al. 2021) in the third column, and the Bayesian model dimensionality (Handley & Lemos 2019a), inferred directly from the chain, in
the fourth column. The first three rows show the results in an analysis with the fiducial setup, dubbed ‘1cosmo‘, in which we do not apply any
splits to the data. The remaining rows present results when splitting the data into subsets. Here, we report the effective number of constrained
parameters with the split cosmological model. For the splits at the catalogue level and the splits by summary statistic we additionally report the
results with a shared set of parameters. The final two columns report the difference in the number of constrained parameters between the fiducial
cosmological model and the split cosmological model. We employ COSEBIs as the summary statistic except when explicitly stated.

Appendix C: Sensitivity tests of consistency metrics

In this appendix, we test the sensitivity of the consistency metrics. In particular, we assess the impact of noise fluctuations in a
consistency analysis with internally consistent data. We generated 100 realisations of the fiducial data vector from a multivariate
Gaussian distribution assuming a reference cosmology with S 8 = 0.777 and conducted consistency analyses for a split analysis of
the fifth redshift bin. For this test, we computed the corresponding number of sigma from the tier 3 PPD-based metric via Eq. (10).
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However, as discussed in Sect. 3.2.3, we emphasise that Doux et al. (2021) show that the PPD metric can result in p-values that are
biased towards low values and therefore the level of tension can potentially be overestimated. We found that the tier 1 evidence-based
metric yields a tension below 1σ (2σ) for 70% (97%) of the mocks, while the tier 2 multi-dimensional parameter metric and the tier
3 PPD metric yield tension below 1σ (2σ) for 69% (98%), and 65% (99%) of the mocks, respectively. Thus, we conclude that in
the absence of internal tension, the inferred consistency with each metric individually is compatible with typical noise fluctuations.
The distribution of consistency metrics is shown in Fig. C.1. We found the three metrics to be correlated with ρTier1,Tier2 = 0.64,
ρTier1,Tier3 = 0.22, and ρTier2,Tier3 = 0.15. Additionally, we tested the sensitivity of the consistency metrics to internally inconsistent
data by generating noise-free mock data vectors, applying shifts in the input S 8 of the fifth bin by ∆S 8 = [0.01, 0.02, 0.03, 0.04],
respectively. For each mock, we conducted a consistency analysis and display the corresponding metrics as red crosses in Fig. C.1.
We found that all three metrics are capable of recovering the input tension in the data, with the estimate of the significance of the
internal inconsistency being consistent between each metric.
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Fig. C.1. Distribution of the tier 1 evidence-based metric, the tier 2
multi-dimensional parameter metric, and the tier 3 PPD metric for 100
mock realisations of the fiducial data vector generated from a mul-
tivariate Gaussian distribution assuming a reference cosmology with
S 8 = 0.777. The red crosses indicate the consistency metrics inferred
in analyses with noise-free data vectors with systematic shifts in the
input S 8 of the fifth bin by ∆S 8 = [0.01, 0.02, 0.03, 0.04].
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