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ABSTRACT

We present cosmic shear constraints from the completed Kilo-Degree Survey (KiDS), where the cosmological parameter S 8 ≡ σ8
√
Ωm/0.3 =

0.815+0.016
−0.021 is found to be in agreement (0.73σ) with results from the Planck Legacy cosmic microwave background experiment. The final KiDS

footprint spans 1347 square degrees of deep nine-band imaging across the optical and near-infrared (NIR), along with an extra 23-square degrees
of KiDS-like calibration observations of deep spectroscopic surveys. Improvements in our redshift distribution estimation methodology, combined
with our enhanced calibration data and multi-band image simulations, allowed us to extend our lensed sample out to a photometric redshift of
zB ≤ 2.0. Compared to previous KiDS analyses, the increased survey area and redshift depth results in a ∼ 32% improvement in constraining
power in terms of Σ8 ≡ σ8 (Ωm/0.3)α = 0.821+0.014

−0.016, where α = 0.58 has been optimised to match the revised degeneracy direction of σ8 and Ωm
for our current survey at higher redshift. We adopted a new physically motivated intrinsic alignment (IA) model that jointly depends on the galaxy
sample’s halo mass and spectral type distributions, and which is informed by previous direct alignment measurements. We also marginalised over
our uncertainty on the impact of baryon feedback on the non-linear matter power spectrum. Compared to previous KiDS analyses, we conclude
that the increase seen in S 8 primarily results from our improved redshift distribution estimation and calibration, as well as a new survey area and
improved image reduction. Our companion paper presents a full suite of internal and external consistency tests (including joint constraints with
other datasets), finding the KiDS-Legacy dataset to be the most internally robust sample produced by KiDS to date.
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1. Introduction

Our current understanding of the large-scale structure (LSS) of
the Universe, obtained over the last three decades thanks to in-
creasingly sophisticated astronomical observations, can be re-
garded as one of the great successes of modern scientific inquiry.
Detailed observations of the LSS probe fundamental physics,
since the structures we observe were formed by an interplay of
physical effects. These primarily include the self-gravity of mat-
ter, cosmic expansion, astrophysical feedback processes, and the
repulsive effect of the cosmological constant or dark energy.

When it comes to understanding the growth and evolution of
LSS, the cosmological stage is set by observations of the cos-
mic microwave background (CMB) that reveal the structure of
dark and baryonic matter at early times. Together with other
probes, including big-bang nucleosynthesis (BBN) and baryon-
acoustic oscillations (BAOs), the CMB has been used to estab-
lish and tightly constrain the so-called standard model of cos-
mology, ΛCDM. It is a strikingly simple model based on only
a handful of numerical parameters (Planck Collaboration et al.
2020; Qu et al. 2024; Ge et al. 2025) and characterised, in par-
ticular, by two components that are at the origin of its name:
a cosmological constant (Λ, which dominates the energy land-
scape at late times) and a cold dark matter (CDM) component
that is dominant over baryonic matter by a factor of roughly five.

Observations of the CMB constrain the parameters of this model
at high redshift (z ∼ 1100), when the Universe was approxi-
mately 370 thousand years old. However, the model can be sub-
sequently used to predict the properties of the LSS at late times
(z ≲ 2; an extrapolation over more than 10 billion years), which
can then be tested with low-redshift probes of cosmic structures.

Of the low-redshift probes, the relative prevalence of CDM
poses a problem for those that rely on luminous tracers, such
as galaxy clustering measurements. Modelling and constrain-
ing the relationship between luminous and dark matter (DM),
also known as galaxy bias, constitutes one of the major system-
atic challenges of such measurements. In contrast, observations
of the weak gravitational lensing effect of the LSS are intrinsi-
cally sensitive to all matter (dark or otherwise), eliminating the
systematic uncertainty of galaxy bias. This unique feature has
turned such ‘cosmic shear’ experiments into a major cosmolog-
ical probe that is just entering its golden age. Indeed, it is the
combination of cosmic shear with galaxy clustering – and their
cross-correlation called galaxy-galaxy lensing (GGL) – that will
potentially yield the most precise test of the standard model.

Over the past decade, the comparison between observations
of low-z LSS and their CMB-based predictions has revealed
a tension in the S 8 ≡ σ8

√
Ωm/0.3 parameter. Therefore,

it has been the focus of extensive study. All contempo-
rary cosmic shear measurements to date, except one, have
yielded values of S 8 that are lower than CMB predictions,
indicating a universe with less structure and/or matter. The
significance of these measurements varies, but there is a
clear tendency towards lower values in the cosmic shear
results of the past decade. Only the Deep Lens Survey (DLS;
Jee et al. 2016) has reported a value that is higher than that of
Planck, and even then only slightly. In contrast, lower values
have been reported by the Canada-France-Hawaii Telescope
Lensing Survey (CFHTLenS; Heymans et al. 2013), as well
as from previous results from the ongoing ‘stage-III’ sur-
veys by the Kilo-Degree Survey (KiDS; Asgari et al. 2021;
Li et al. 2023a), the Dark Energy Survey (DES; Amon et al.
2022; Secco et al. 2022), the Hyper-Suprime Camera survey
(HSC; Li et al. 2023c; Dalal et al. 2023), and a joint analysis by
Dark Energy Survey and Kilo-Degree Survey Collaboration et al.
(2023). Other low-z LSS probes typically also share this trend
but again with a varying level of significance (see Abdalla et al.
2022, for an overview).

Cosmic shear probes relatively low redshifts, and relatively
small scales compared to other probes of LSS (see e.g. Fig-
ure 1 of Broxterman & Kuijken 2024, for a graphical summary).
This makes cosmic shear somewhat more sensitive than other
low-z probes to non-linear structure formation and astrophysi-
cal effects: the latter mainly involve feedback processes driven
by supernovae and active galactic nuclei, collectively referred
to below as baryonic feedback. It has therefore been suggested
that inaccuracies in the modelling of non-linear scales might
be the reason for the tension in S 8, rather than a more funda-
mental cosmological cause (Yoon et al. 2019; Yoon & Jee 2021;
Amon & Efstathiou 2022; Preston et al. 2023).

A definitive answer to the reality of the S 8 tension is within
reach. Currently, three stage-III surveys have finished their ob-
servations and are preparing their final analyses; one of which
we present here. The next generation of surveys, called stage-
IV, are just beginning, represented by the ESA Euclid mission
(Euclid Collaboration et al. 2025), the Legacy Survey of Space
and Time (LSST) conducted with the Vera C. Rubin Obser-
vatory (Ivezić et al. 2019), the NASA Roman Space Telescope
(Spergel et al. 2015), and the Chinese Space Station Optical Sur-
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vey (Gong et al. 2019). We note that Euclid is expected to yield
first cosmologically relevant results in 2026. These stage-IV sur-
veys will soon provide datasets capable of measuring the growth
of structure at low z with unprecedented precision.

New facilities and new instruments invariably bring along
new challenges owing to, for instance, the novelty of their
hardware. Comparatively, the final (usually called ‘legacy’) re-
leases of a survey typically represent the culmination of years
or decades of analysis, understanding, and refinement regarding
their survey and the associated data. As such, the final releases
of stage-III surveys will provide a crucial insight and reference
for subsequent lensing studies of LSS with stage-IV surveys.

Here, we present the cosmic shear analysis of the completed
Kilo-Degree Survey (KiDS) based on the fifth and final data
release (KiDS-dr5; Wright et al. 2024), dubbed KiDS-Legacy.
With extensive wavelength coverage enabled by its unique pair-
ing with its near-infrared (NIR) sister survey VIKING (VISTA
Kilo-Degree Infrared Galaxy Survey) and with its superb im-
age quality in the r-band, KiDS is the stage-III survey that is
arguably most suited to simultaneously leverage high-redshift
galaxies and accurately calibrate their redshift distributions.
Over the past decade, KiDS has been pushing to increasingly
high redshifts, while continuously improving the redshift cal-
ibration, shear measurements, shear calibration through image
simulations, and methodology to accurately extract cosmologi-
cal constraints from the imaging data.

This paper represents the culmination of these efforts, pro-
viding the most robust and precise analysis of KiDS to date. Our
dataset is the largest analysed by KiDS thus far (Sect. 3.1), util-
ising the most extensive spectroscopic redshift compilation pre-
pared for any cosmic shear analysis (Sect. 3.2), and has been
calibrated using the most sophisticated simulations produced for
this purpose (Sect. 3.4). Improvements in methodology (Sect. 2)
have allowed us to access the highest redshifts (with the most to-
mographic bins) studied for cosmic shear to date (Sect. 3.4). An
efficient workflow for this study was enabled by the new Cos-
moPipe analysis framework, which we have also made publicly
available. We present null tests of our dataset in Sect. 4. The cos-
mological results are presented in Sect. 5, discussed in Sect. 6,
and summarised in Sect. 7. Additionally, we include supplemen-
tary information regarding our power spectrum emulation (Ap-
pendix A), on the definition of parameters for our fiducial intrin-
sic alignment model (Appendix B), construction of band power
spectra (Appendix C), covariance validation (Appendix D), Bn-
mode exploration (Appendix E), correlation function cosmo-
logical analyses (Appendix F), detailed posterior analyses (Ap-
pendix G), tables of cosmological constraints (Appendix H), and
details of changes made to the analysis and manuscript post-
unblinding (Appendix I). Finally, this paper has been released
alongside two companion papers: the work of Stölzner et al.
(2025) presents an extensive analysis of internal and external
consistency tests of the KiDS-Legacy dataset (including joint
constraints with other datasets) and the work of Wright et al.
(2025) describes the various redshift distribution and bias esti-
mation developments made for KiDS-Legacy.

2. Modelling and theoretical framework

The main cosmic shear observable is the ellipticity correla-
tion between pairs of galaxies. The signal depends on the two-
point statistics of the shear and galaxy intrinsic alignment fields,
which both trace the matter distribution and therefore depend
on cosmological information. For our predictions and sampling,
we used Cosmosis, a modular cosmology pipeline described in

Zuntz et al. (2015). We included a number of new and/or mod-
ified modules in our analysis, including a CosmoPower emula-
tor for non-linear power spectra (Appendix A) and new intrin-
sic alignment models (Sect. 2.4). In this section, we start with
the derivation of cosmic shear power spectra from matter power
spectra and then detail our choices of intrinsic alignment models.
Next, we introduce our observable two-point statistics, briefly
discussing their measurement and prediction methodology. We
end this section with a brief review of our analytical covariance
modelling.

2.1. Shear power spectrum

Our two-point statistic predictions are calculated from shear
(cross-)power spectra of galaxy samples i and j, C(i j)

GG(ℓ),
where G stands for ‘gravitational’, which distinguishes these
power spectra from intrinsic alignment contributions to the
two-point signal. Shear power spectra are given by Limber-
approximated projections (Kaiser 1992; LoVerde & Afshordi
2008; Kilbinger et al. 2017) taking the form

C(i j)
GG(ℓ) =

∫ χhor

0
dχ

W (i)
G (χ) W ( j)

G (χ)

f 2
K(χ)

Pm,nl

(
ℓ + 1/2

fK(χ)
, z(χ)

)
, (1)

where Pm,nl is the non-linear matter power spectrum and fK(χ) is
the comoving angular diameter distance. Although the integral
in Eq. (1) technically runs over the entire line of sight to the
horizon, χhor, in practice, the weak lensing kernel, W (i)

G (χ), limits
the integral to the comoving distance of the furthest galaxy in
our sample, expressed as

W (i)
G (χ) =

3H2
0Ωm

2 c2

fK(χ)
a(χ)

∫ χhor

χ

dχ′ n(i)
S (χ′)

fK(χ′ − χ)
fK(χ′)

, (2)

where n(i)
S (χ) is the distribution of comoving distances of galax-

ies in source sample, i; in practice, we express this in terms of
redshift, namely, N(z) dz = nS(χ) dχ. Here, Ωm is the total mat-
ter density parameter today, H0 is the Hubble constant, c is the
speed of light, and a(χ) is the scale factor normalised to unity
today.

2.2. Matter power spectrum

In our cosmic shear analysis, we remained mostly sensitive to
Fourier scales 0.1 h/Mpc ≲ k ≲ 1 h/Mpc, with a weighting
of scales that depends on the two-point statistic (see Sect. 2.5).
These scales are well within the (quasi-) non-linear regime and
therefore require an accurate non-linear power spectrum model
for their predictions. Currently, there are multiple approaches
that can produce non-linear matter power spectra, with vary-
ing levels of accuracy, for this range of scales. Here, we fol-
lowed the most popular approach for cosmic shear analyses, us-
ing a method inspired by the halo model and calibrated against
simulations. Specifically, we used the Boltzmann solver camb
(Lewis et al. 2000; Howlett et al. 2012) to estimate the linear
matter power spectrum and the augmented halo model ‘HM-
Code2020’ (Mead et al. 2021) to derive its non-linear evolution.

HMCode2020 has a similar level of accuracy as popular
emulators trained directly on N-body simulations (2.5%;
see e.g. Knabenhans et al. 2023; Aricò et al. 2021) and is
twice as accurate as Halofit from Takahashi et al. (2012),
which has been used in a number of previous cosmic shear
analyses (see e.g. Amon et al. 2022; Hikage et al. 2019).
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Dark Energy Survey and Kilo-Degree Survey Collaboration et al.
(2023) presented a comparison of HMCode2020 and Halofit
with EuclidEmulatorv2, showing that HMCode2020 produces
unbiased results when analysing mock data created with
EuclidEmulatorv2; meanwhile Halofit tends to overestimate
power for lower values of S 8, resulting in an underestimated S 8
value. Similarly, an earlier version of HMCode, HMCode2015
(Mead 2015), which was used in previous KiDS analyses, is
∼ 30% less accurate than HMCode2020. This can subsequently
produce small differences between cosmological constraints es-
timated using the two codes: Tröster et al. (2021) demonstrated
that the most important difference between these versions of
HMCode is in their treatment of baryon feedback, which results
in a slightly higher S 8 using HMCode2020. Lastly, we note that
the parameter values at which HMCode was fitted to simulations
are somewhat more constrained than our chosen priors for h2Ωm
(see Mead et al. 2021, and Table 3). However, given that the
fitting functions of HMCode are based on physically motivated
parameters, we did not anticipate any significant issues just
beyond this range. Furthermore, we note that our analysis
remained unaffected by this choice.

2.3. Baryonic feedback

The primary features of the matter power spectrum can be de-
termined by assuming all matter is in the form of (pressureless)
CDM, with modifications due to processes involving baryonic
matter. At large scales (0.05 h/Mpc ≲ k ≲ 0.5 h/Mpc), BAOs
produce oscillations in the power spectrum. Over a wide range
of intermediate scales (0.1 h/Mpc ≲ k ≲ 10 h/Mpc), power
is suppressed through feedback processes from active galac-
tic nuclei (AGN), reaching a maximum suppression at around
k ∼ 5 h/Mpc. At even smaller scales (k ≳ 10 h/Mpc), star
formation processes lead to a sharp increase in power (see e.g.
Semboloni et al. 2011).

To model baryonic feedback processes, HMCode2020 per-
forms a modification to the concentration-mass relation of the
halo profiles as a function of their gas fraction; this, in turn,
depends on the strength of the AGN feedback (parametrised
by log (TAGN) ∈ [7.1, 8.3]). This feedback model is then cali-
brated against a suite of hydrodynamical simulations from BA-
HAMAS (McCarthy et al. 2017), which had been generated us-
ing a wide range of effective feedback amplitudes and cosmolog-
ical models. Recently, Schaye et al. (2023, FLAMINGO) pre-
sented a new suite of hydrodynamical simulations, including
emulators for generating power spectra (Schaller et al. 2025),
as a mechanism for modelling baryonic effects. Moving be-
yond hydrodynamical simulations, Salcido et al. (2023, SP(k))
presented alternative phenomenological models for the same
purpose, while Schneider & Teyssier (2015); Aricò et al. (2020)
presented perturbative models that act directly on the outputs of
dark-matter only simulations and can be empirically calibrated
(Grandis et al. 2024; Schneider et al. 2022). We did not utilise
these models for our cosmological analyses here, as these mod-
els were published over the course of the analysis of KiDS-
Legacyor were not (at time of writing) implemented within our
Cosmosis sampling framework. However, we note that a reanaly-
sis of our data with these models is a natural and straightforward
project that will be undertaken in a future publication.

2.4. Intrinsic alignments

The intrinsic alignment (IA) of galaxies is correlated with the
observed ellipticities of galaxy images, making them indistin-
guishable from the cosmic shear effect we wish to probe for cos-
mological parameter estimation. In the limit of small shears and
IA, the two-point statistics of galaxy ellipticities are given by

C(i j)
εε (ℓ) = C(i j)

GG(ℓ) +C(i j)
GI (ℓ) +C(i j)

IG (ℓ) +C(i j)
II (ℓ) , (3)

where C(i j)
GG is the cosmic shear signal given by Eq. (1). Anal-

ogous Limber equations can be derived for IA contributions,
which are typically grouped into two categories. First, intrinsic-
intrinsic (II) correlations represent the correlated alignment of
galaxies that are tidally aligned by the same ambient LSS:

C(i j)
II (ℓ) =

∫ χhor

0
dχ

n(i)
S (χ) n( j)

S (χ)

f 2
K(χ)

P(i j)
II,X

(
ℓ + 1/2

fK(χ)
, z(χ)

)
. (4)

Second, shear-intrinsic (GI) correlations are driven by the mu-
tual gravitational effects of LSS on (i) galaxies within the struc-
tures, and (ii) the lensed images of background sources that these
structures produce (Hirata & Seljak 2004):

C(i j)
GI (ℓ) =

∫ χhor

0
dχ

W (i)
G (χ) n( j)

S (χ)

f 2
K(χ)

P( j)
δI,X

(
ℓ + 1/2

fK(χ)
, z(χ)

)
, (5)

with C(i j)
IG = C( ji)

GI . In Eqs. (4) and (5) the power spectra PII,X
and PδI,X are given by the chosen IA model. We note that the
IA contributions feature a more compact kernel along the line of
sight than the lensing kernel in Eq. (1), and hence the Limber
approximation is poorer for these signals. However, this effect is
not significant for our analysis, as the overall IA contributions to
the total signal is small, making up only around 10 percent of the
signal in our analysis. Additionally, we are only probing scales
ℓ ≳ 50, where the Limber approximation is sufficient even for
more compact kernels (Leonard et al. 2023).

Since IA are caused by the local matter environment, they
have a different redshift scaling than lensing, which however is
insufficient to isolate the cosmological signal without substan-
tial information loss (Joachimi et al. 2008). Therefore, cosmic
shear analyses opt for physically motivated IA models that are
inferred jointly with the cosmology (see Lamman et al. 2024,
for a review of the field). Guided by this, we implement four
IA models in KiDS-Legacy: a widely used baseline with a sin-
gle overall amplitude parameter (NLA, Sect. 2.4.1), two minimal
extensions of NLA with either an additional redshift (NLA-z,
Sect. 2.4.2) or scale dependence (via our restricted TATT model,
NLA-k; Sect. 2.4.3), and a version of NLA that explicitly incor-
porates the well-established trends of IA with galaxy type and
host halo mass (NLA-M, Sect. 2.4.4). The latter model is the
fiducial model chosen for our cosmological analyses.

2.4.1. The non-linear linear alignment (NLA) model

The so-called NLA model (Bridle & King 2007) assumes that
the intrinsic ellipticity of a galaxy depends linearly on its sur-
rounding tidal quadrupole (Catelan et al. 2001). Moreover, it is
commonly assumed that it is the tidal field at some early time
during the formation of the galaxy that sets the amplitude of
alignment (Hirata & Seljak 2004). This leads to the following
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expressions for the IA power spectra,

PδI,NLA(k, z) = −AIA
C1ρcrΩm

D(z)
Pm,nl(k, z) , (6)

PII,NLA(k, z) = A2
IA

(
C1ρcrΩm

D(z)

)2

Pm,nl(k, z) ,

where C1ρcr ≈ 0.0134 is a constant and D(z) is the linear growth
factor normalised to unity at z = 0. The model is empirically
extended to non-linear scales by employing the full, non-linear
matter power spectrum Pm,nl, encapsulating a mixture of non-
linear gravitational effects as well as alignment processes on
the scales of dark matter halos (cf. Schneider & Bridle 2010).
The model has a single free parameter, namely, the global,
dimensionless amplitude AIA, which necessitates the assumption
that there are no coherent trends in how galaxy ellipticities
respond to their local tidal field within the survey’s galaxy
population. Since AIA is well-constrained by tomographic
cosmic shear data, we chose a wide top-hat prior for AIA to
ensure its posterior is data-driven. All previous KiDS cosmic
shear analyses have used the NLA model as their default and,
to date, there has been no evidence that this simple prescription
is insufficient in representing current-generation datasets (e.g.
Dark Energy Survey and Kilo-Degree Survey Collaboration et al.
2023).

2.4.2. Additional redshift dependence (NLA-z)

There is currently no observational evidence of redshift evolu-
tion in the amplitude of IA (Joachimi et al. 2011; Fortuna et al.
2021b), but the statistical uncertainties on measurements under-
pinning this statement are still large, especially when extrapo-
lated to the redshift range of cosmic shear samples. Moreover,
AIA could also acquire an effective redshift scaling; for example,
due to a combination of a luminosity dependence and Malmquist
bias. Hence, we tested whether the data prefer AIA to evolve over
the tomographic bins. Since individual IA amplitudes per tomo-
graphic bin are poorly constrained (see the detailed analysis in
Samuroff et al. 2019), we chose an extended model that is linear
in terms of the scale factor,

P(i)
δI,zdep(k, z) = −

(
AIA + BIA

[
⟨a⟩(i)

apiv
− 1

])
C1ρcrΩm

D(z)
Pm,nl(k, z) ,

(7)

P(i j)
II,zdep(k, z) =

(
AIA + BIA

[
⟨a⟩(i)

apiv
− 1

])
×

(
AIA + BIA

[
⟨a⟩( j)

apiv
− 1

]) (
C1ρcrΩm

D(z)

)2

Pm,nl(k, z) ,

where ⟨a⟩(i) is the average scale factor in tomographic bin i, eval-
uated using the estimated N(z). The parameter AIA thus is the IA
amplitude at apiv ≈ 0.769, which corresponds to the commonly
chosen pivot of z = 0.3 for IA studies (Joachimi et al. 2011). We
set the prior range of the second parameter, BIA, by fitting our
linear amplitude dependence to the compilation of KiDS and
SDSS measurements studied in Fortuna et al. (2021b, see their
Figure 10). Increasing the resulting constraint by 50 %, to ac-
count for the limited coverage of these calibration samples and
for potential additional implicit redshift dependencies, we obtain
a Gaussian prior on BIA with mean −3.7 and standard deviation
4.3. For direct comparisons between amplitudes estimated be-

tween this model and others, we define

ANLAz,(i)
IA,total = ÂIA + B̂IA

(
⟨a⟩(i)

apiv
− 1

)
, (8)

where ·̂ denotes the best-fitted (i.e. maximum a posteriori) value
of each parameter.

2.4.3. Restricted TATT model (NLA-k)

By design, the angular scale dependence of the NLA model is
identical to that of the matter power spectrum projected over
the redshift distribution of the sample. A natural way to ex-
tend this is to consider next-to-linear alignment effects, specif-
ically: (i) a density weighting (Hirata & Seljak 2004), account-
ing for the fact that alignments are only measured at local over-
densities of the matter distribution where galaxies reside; and
(ii) quadratic alignments as expected for tidal torquing effects
(Crittenden et al. 2001; Catelan et al. 2001).

These contributions are subsumed into the tidal alignment,
tidal torquing (TATT) model (Blazek et al. 2019), each with a
free amplitude parameter. As can be seen from Figure 1 of
Blazek et al. (2019), the density-weighting and quadratic terms
have very similar dependence on physical scale. Owing to the
scale-mixing of angular statistics, cosmic shear measurements
poorly distinguish small and localised scale differences, which
leads to pronounced degeneracies among the four TATT param-
eters (e.g. Samuroff et al. 2019). To avoid these, we implement
the full TATT model within the analysis pipeline, but fix all but
one of the free parameters that govern the non-linear terms. We
treat this model as a more general modification to NLA, to cap-
ture potential deviations in scale from the model. We chose to
keep the density weighting amplitude term free, thereby adding
a single additional free parameter, but note that this choice is
fairly inconsequential: given the aforementioned similarity be-
tween the scale dependence of the terms, implementing only the
density weighting or only the quadratic term would produce a
similar end product. The NLA-k model is then expressed as

PδI,scaledep(k, z) = PδI,NLA(k, z)

+ AIA bsrc
C1ρcrΩm

D(z)
[
A0|0E(k, z) +C0|0E(k, z)

]
,

PII,scaledep(k, z) = PII,NLA(k, z)

+ A2
IAb2

src

(
C1ρcrΩm

D(z)

)2

A0E|0E(k, z)

+ 2 A2
IAbsrc

(
C1ρcrΩm

D(z)

)2 [
A0|0E(k, z) +C0|0E(k, z)

]
,

(9)

where the expressions for A0|0E, C0|0E, and A0E|0E are given in
Blazek et al. (2019). We consider these terms in the Limber ap-
proximation where only transverse modes contribute, and as-
sume that their redshift evolution is inherited from the linear
matter power spectrum. In the original density-weighting term,
the free parameter bsrc can be interpreted as an effective galaxy
bias of the weak lensing source sample, albeit on fairly non-
linear scales. For our model, we chose a top-hat prior in the range
[−0.5, 1.5] to ensure it encompasses NLA (bsrc = 0) and rea-
sonable values expected for the (unknown) source galaxy bias
(bsrc ∼ 1). For comparisons between the alignment amplitude
estimated with this model and others, we report the alignment
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amplitude of the NLA component of the model from Eq. (9),
namely,

Ascaledep
IA,total = ÂIA . (10)

2.4.4. Galaxy-type and mass-dependent model (NLA-M)

Two trends in IA strength are firmly established ob-
servationally: (i) a dichotomy between late- and early-
type galaxies where only the latter have yielded signifi-
cant detections on cosmological scales (Samuroff et al. 2023;
Johnston et al. 2019; Heymans et al. 2013; Georgiou et al.
2025; see also Mandelbaum et al. 2011; Tonegawa et al. 2025;
McCullough et al. 2024 for additional examples of null or
marginal detections of late-type alignments); and (ii) a scal-
ing of early-type alignment amplitude with host halo mass
that is well described by a power-law (Joachimi et al. 2011;
Fortuna et al. 2025). Both have solid theoretical underpinning.
First, rotationally supported late-type galaxies are expected to
align through tidal torquing, which depends quadratically on the
tidal quadrupole, whereas spheroid shapes should respond lin-
early and thus be well described by NLA-like models. Second,
Piras et al. (2018) motivated the halo mass dependence through
an analytical argument and also reproduced it for simulated dark
matter haloes.

We incorporated these IA trends explicitly into the amplitude
of the NLA model. We assumed that, in each tomographic bin,
only the fraction fr of ‘red’ (i.e. early-type) galaxies intrinsically
align, whereas the remaining galaxies have zero alignment. The
latter assumption is consistent with observations, but within a
large statistical uncertainty and involving a substantial extrapola-
tion in sample properties, primarily due to the imperfect relation
between galaxy colour and rotational/pressure support (which is
the property most-likely to cleanly stratify intrinsic alignment
amplitudes). Moreover, we assumed that the red galaxy popula-
tion IA amplitude has a power-law dependence on the average
halo mass ⟨Mh⟩ within a tomographic bin. This leads to

P(i)
δI,massdep(k, z) = −AIA f (i)

r

(
⟨Mh⟩

(i)

Mh,piv

)β C1ρcrΩm

D(z)
Pm,nl(k, z) ,

(11)

P(i j)
II,massdep(k, z) = A2

IA f (i)
r f ( j)

r

(
⟨Mh⟩

(i)

Mh,piv

)β (
⟨Mh⟩

( j)

Mh,piv

)β
×

(
C1ρcrΩm

D(z)

)2

Pm,nl(k, z) ,

where we adopt the pivot halo mass Mh,piv = 1013.5 h−1M⊙ from
Fortuna et al. (2025). The same authors also fit the power-law
dependence to a compilation of early-type IA measurements (see
their Figure 4), and we adopt their joint posterior on AIA and β
as our prior for cosmic shear inference. Their posterior is well
approximated by a bivariate Gaussian with AIA = 5.74 ± 0.29,
β = 0.44 ± 0.03, and a correlation coefficient of −0.59. Details
on how we determine fr and halo masses for our sample of cos-
mic shear sources, and how we treat their associated uncertain-
ties, are provided in Appendix B. For comparisons between the
alignment amplitude estimated with this model and others, we
define

Amassdep,(i)
IA,total = ÂIA f (i)

r

(
⟨Mh⟩

(i)

Mh,piv

)β̂
. (12)

2.5. Cosmic shear summary statistics

In cosmic shear analyses, it is most convenient to measure the
signal using shear two-point correlation functions (2PCFs) while
the modelling is done through shear power spectra (see Eq. 1).
Alternatively, one could take the Fourier transform of the shear
field and work in harmonic space, which brings the measure-
ments closer to the theoretical predictions. We chose to use
2PCFs for the measurement, as they shield us from a particu-
lar form of E-/B-mode mixing that occurs in harmonic space in
the presence of the (unavoidable) image masks. In addition, the
shot-noise term does not impact 2PCFs (present only in their co-
variance), as it is only relevant at zero lag. In harmonic space,
both shot noise and masking must be modelled and corrected,
prior to beginning cosmological analyses. For more details see
e.g. Alonso et al. (2019).

Our cosmological analysis here leverages two-point statis-
tics: the complete orthogonal sets of E/B-integrals (COSEBIs,
Sect. 2.5.2) and band power spectra (Sect. 2.5.3), constructed
using linear combinations of finely-binned 2PCFs (Sect. 2.5.1).

2.5.1. 2PCFs (ξ±)

The shear two-point correlation functions (ξ±, Kaiser 1992)
are functions of the tangential and cross components of shear
(γt and γ×, respectively) defined with respect to the line con-
necting pairs of galaxies with angular separation θ (see e.g.
Bartelmann & Schneider 2001),

ξ±(θ) = ⟨γtγt⟩(θ) ± ⟨γ×γ×⟩(θ) . (13)

The measured 2PCFs are binned in θ to reduce measurement
noise and compress the data. In practice, we measure ξ±(θ)
for 1000 logarithmically spaced θ-bins between θmin = 2′ and
θmax = 300′ using Treecorr1 (Jarvis et al. 2004). The inputs to
Treecorr are galaxy catalogues, which include galaxy elliptic-
ities (ε1 and ε2), galaxy positions (right ascension and declina-
tion), and galaxy weights (w). The weights used by Treecorr are
equal to the recalibrated shape weights (Sect. 3.5) multiplied by
the redshift distribution gold-weights (Sect. 3.4). Our ξ±(θ) are
then estimated using

ξ̂
(i j)
± (θ̄) =

∑
ab wawb

[
εobs

t,a ε
obs
t,b ± ε

obs
×,a ε

obs
×,b

]
∆

(i j)
ab (θ̄)∑

ab wawb(1 + ma)(1 + mb)∆(i j)
ab (θ̄)

, (14)

where ∆(i j)
ab (θ̄) is the bin selection function (which limits the sums

to galaxy pairs of separation within the angular bin labelled by θ̄
and the tomographic bins i and j), and εobs

t and εobs
× are the pro-

jected tangential and radial components of observed ellipticities
between pairs of galaxies. The estimator includes the galaxies’
multiplicative shear measurement biases ma estimated via image
simulations (Sect. 3.4).

Using the flat-sky approximation, we can relate the 2PCFs to
the angular (shear) power spectra by Hankel transformations:

ξ
(i j)
± (θ) =

∫ ∞

0

ℓdℓ
2π

[
C(i j)
εε,E(ℓ) ±C(i j)

εε,B(ℓ)
]

J0/4(ℓθ) , (15)

where C(i j)
εε,E/B(ℓ) are the E/B-mode angular power spectra for

redshift bins i and j, and J0/4(x) are the zeroth- and fourth-order
Bessel functions of the first kind. We expect cosmic shear to
produce only E-mode signals up to first order (Schneider et al.

1 We use Treecorr version 4.2.3, with binslop= 1.5.
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1998; Hilbert et al. 2009), while data systematic errors can in
principle create both E and B modes. As a result, B-modes have
long been used as a diagnostic tool in cosmic shear analyses (see
e.g. Pen et al. 2002; Hoekstra et al. 2002; Heymans et al. 2005;
Kilbinger et al. 2013).

As ξ± mix E and B modes, they are not ideal for cosmic
shear analysis. In addition, they variably weight a large range
of physical scales in each angular bin, increasing sensitivity to
scale-dependent effects such as baryonic feedback (which must
be marginalised over using imperfect models). Figure 1 shows
the range of ℓ probed by the ξ± over a range of angular sep-
arations. The J0 filter in Eq. (15) means that ξ+ mixes a very
wide range of scales (1 ≲ ℓ ≲ 104) and J4 makes ξ− particularly
sensitive to smaller scales (10 ≲ ℓ ≲ 105). This breadth can cre-
ate a problem when using ξ± for inference, as the power spectra
and intrinsic alignment models become increasingly uncertain at
smaller scales. Consequently, we expect the cosmological con-
straints to be possibly affected by a range of systematic effects
that may introduce biases and, as such, we do not include ξ±
in our primary cosmological analyses. Nevertheless, results for
ξ± are provided for completeness and comparison with previous
work, in Appendix F.

2.5.2. COSEBIs (En/Bn)

The COSEBIs (Schneider et al. 2010) were originally designed
to cleanly separate E- and B-modes over a finite θ-range. This
was achieved through the use of filter functions T±n(θ), which
form complete bases, creating well-defined COSEBIs E- and B-
modes (En/Bn). COSEBIs can be calculated or measured via a
linear transformation of ξ±,

Ên =
1
2

∫ θmax

θmin

dθ θ [T+n(θ) ξ+(θ) + T−n(θ) ξ−(θ)] ,

B̂n =
1
2

∫ θmax

θmin

dθ θ [T+n(θ) ξ+(θ) − T−n(θ) ξ−(θ)] .
(16)

The COSEBIs modes n start from 1 and go to infinity. How-
ever, the first few COSEBIs are sufficient to capture essentially
all the cosmological information in each pair of tomographic
bins (Asgari et al. 2012). This means that COSEBIs naturally
compress the data into well-defined modes, once θmin and θmax
are defined, without any need for subsequent data compression.
In previous KiDS analyses (e.g. Asgari et al. 2021), the first five
COSEBIs modes were used for cosmological analyses. In this
work, however, we add the sixth mode, as we found that (with
our increased constraining power, and larger redshift baseline)
the sixth mode contains relevant cosmological information and
thus improves our constraining power on S 8. Conversely, the ad-
dition of modes 7 − 20 did not result in any improvement of
constraining power, returning constraints identical to those mea-
sured in the 6 mode case.

We use the relation between COSEBIs and shear power spec-
tra to make our predictions,

En =

∫ ∞

0

dℓ ℓ
2π

CEE(ℓ) Wn(ℓ) ,

Bn =

∫ ∞

0

dℓ ℓ
2π

CBB(ℓ) Wn(ℓ) ,
(17)

Fig. 1. Integrands of the transformation between the angular power
spectrum and En/Bn (Eq. 17, panel ‘a’), CE,B (Eq. C.5, panel ‘b’), and
ξ± (Eq. 15, panels ‘c’ and ‘d’). All solid integrands are normalised by
their maximum absolute value. For both COSEBIs and 2PCFs, we show
the limiting ranges of the statistics (n ∈ {1, 6} for En and θ ∈ {2.0, 300.0}
arcmin for ξ±). For CE,B we show all eight bins used in KiDS-Legacy,
defined between ℓ = 100 and ℓ = 1500. Note that, unlike previous KiDS
analyses, our new treatment of T (θ) means that the CE,B initially go to
zero within their desired ℓ ranges.

where the weight functions Wn(ℓ) are

Wn(ℓ) =
∫ θmax

θmin

dθ θ T+n(θ)J0(ℓθ)

=

∫ θmax

θmin

dθ θ T−n(θ)J4(ℓθ) .
(18)

Figure 1 shows two example integrands from Eq. (17). Wn(ℓ)
are highly oscillatory weight functions with a limited range of
support over ℓ. This allows us to truncate our integrals in Eq. (17)
to a finite range in ℓ, as the En integrand in Eq. (17) is practically
zero outside 10 ≲ ℓ ≲ 103.

2.5.3. Band powers (CE,B)

Band power spectra (hereafter ‘band-powers’) refer to binned
angular power spectra measured by integrating over ξ±(θ)
(Schneider et al. 2002; van Uitert et al. 2016; Joachimi et al.
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2021). Ideally, we want a finite number of bins, labelled as l,
where each bin is only sensitive to a narrow range of ℓ-values
between ℓlo,l and ℓup,l. We also want the E- and B-mode band-
powers to be pure, namely, no leakage from B modes into E
modes and vice versa. For this ideal case, we can express the
following:

C
(i j)
E/B,l :=

1
Nl

∫ ∞

0
dℓ ℓ S l(ℓ) C(i j)

εε,E/B(ℓ) , (19)

for redshift bins i and j, where S l(ℓ) is the response function for
bin l. Here we have normalised the integral with

Nl =

∫ ∞

0
dℓ ℓ−1 S l(ℓ) . (20)

In this work, we consider the ideal case of a top-hat response
function between ℓlo,l and ℓup,l which simplifies the normalisation
to

Nl = log(ℓup,l) − log(ℓlo,l) , (21)

and produces a band-power that traces ℓ2C(ℓ) at the logarith-
mic centre of the bin. We define eight band-powers logarithmi-
cally binned between ℓmin = 100 and ℓmax = 1500. In practice,
measuring band-powers with perfect top-hat functions is infea-
sible, as ξ±(θ) is only measured for a finite θ-range. This has the
adverse effect that our band-powers will inevitably mix E and
B modes2. The mixing increases for narrower ℓ-bins and when
the available range of θ-scales is smaller (Asgari & Schneider
2015). With this definition for band-powers, we forgo perfect E-
/B-mode separation in favour of more control over the ℓ-values
that contribute to our analyses. We present the detailed derivation
of our band-power windows CE,l in Appendix C, and show the
integrands of CE,l in Fig. 1. Note, however, that our integrands
behave differently to those in Asgari et al. (2021), due to our dif-
ferent treatment of the edges of T (θ) (Appendix C) and due to
our different scale-cuts.

2.6. Analytic covariance modelling

We presented the covariance modelling for KiDS-Legacy and the
OneCovariance code3 in Reischke et al. (2025). In general, the
methodology for the cosmic shear part still follows closely the
covariance modelling of KiDS-1000 (Joachimi et al. 2021). Ma-
jor changes to the previous analysis include: (i) the possibility of
including non-uniform source distributions in the mixed term of
the covariance from the triplet counts of the survey; (ii) including
non-binary masks for the area calculation and survey response;
and(iii) offering a more generalised framework for a consistent
treatment of all summary statistics used in KiDS-Legacy.

The cosmic shear covariance, C, generally consists of four
contributions:

C = CG + CNG + CSSC + Cmult , (22)

with the Gaussian contribution G, the non-Gaussian term NG
due to non-linear in-survey modes, the super-sample covariance
SSC from modes larger than the survey, and lastly the contribu-
tion due to the uncertainty in the multiplicative shear bias cali-
bration, Cmult. Asgari et al. (2021); Secco et al. (2022) included
2 Other binning options are also explored in the literature, which can
alleviate some of the issues with the top-hat response function at the
expense of broadening the range of ℓ-values that contribute to each bin
(see e.g. Becker et al. 2016).
3 https://github.com/rreischke/OneCovariance

the multiplicative shear bias in the theory prediction instead and
marginalised over in the sampling process. If the residual uncer-
tainties on ma are small, these two approaches are equivalent.
The Gaussian contribution can further be split into three parts:

CG = Csva + Csn + Cmix , (23)

describing the sample variance term ‘sva’ due to the finite num-
ber of available modes in the survey volume, the pure shot noise
term ‘sn’ due to the finite number of sources and their composi-
tion, and the mix term ‘mix’.

We calculated the covariances for angular power spectra and
transform those to the three summary statistics considered. The
only exception was the pure noise term, which was directly
computed from the weighted number of pairs in the catalogue.
SSC and NG terms were modelled with a halo model approach
and the survey variance was directly calculated from the sur-
vey mask. Our analytical prescription was tested against GLASS
(Tessore et al. 2023) mocks to test the impact of variable depth
and the overall agreement. These mocks are discussed in more
detail in Appendix D. In Reischke et al. (2025), we showed that
the agreement between our analytic covariance and that con-
structed from GLASS is within 10 percent at large angular sep-
arations and below 5 percent for scales below 0.5 degrees. Fur-
thermore, we found that our idealised mix term (which does not
account for non-uniformity of the source distribution) did not
affect our inference results significantly, and as a result was ne-
glected in our analyses.

3. Data and analysis

In this section, we summarise the KiDS-Legacy lensing data
and its calibration, the associated image simulations, and our
analysis blinding strategy. Our analysis was performed using
a new version of the CosmoPipe infrastructure presented in
Wright et al. (2020). Our fiducial pipeline includes all steps re-
quired for a catalogues-to-cosmology analysis, leveraging three
primary inputs: a (blinded) shear catalogue (Sect. 3.3), a spectro-
scopic compilation (Sect. 3.2), and a simulated galaxy lightcone
(Sect. 3.4). With these data products, the pipeline performs nine
primary functions: pre-processing of the wide-field catalogue,
simulated catalogue construction, redshift calibration, N(z) con-
struction, shear calibration, data vector construction, covariance
construction, cosmological inference, and post-processing. De-
tails of each processing step are provided alongside the public
code base4.

Figure 2 shows the footprint of the KiDS-Legacy sample,
split between the two survey patches of KiDS (one in each of
the northern and southern Galactic caps). The figure is coloured
by the mean effective weight (i.e. including both shape measure-
ment and redshift distribution estimation weights) of sources on
sky, which is an approximate tracer of survey properties such
as the size of the point-spread function and variable depth (see
Appendix D and Yan et al. 2025). The weight is defined as de-
scribed in Section 7 of Wright et al. (2024), and has the range
w ∈ [0, σ−2

pop], where σpop = 0.255 is an approximate intrinsic
ellipticity dispersion of all sources in KiDS (without e.g. tomo-
graphic or brightness selections) defined for Legacy in Li et al.
(2023b).

4 github.com/AngusWright/CosmoPipe
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Fig. 2. Distribution of the mean weight of the KiDS-Legacy source galaxies in on-sky bins (0.1 × 0.1 degrees). The weights here include both
shape measurement weights (Sect. 3.5) and redshift distribution gold weighting (Sect. 3.4).

Table 1. Properties of the six KiDS-Legacy tomographic bins.

Tomo. photo-z Ngold neff,gold σε,gold ⟨z⟩est δz mgold

Bin Selection [arcmin−2] [×10−2] [×10−2]
1 0.10 < zB ≤ 0.42 7 416 371 1.77 0.28 0.335 −2.6 ± 0.2 ± 1.0 −2.3 ± 0.6
2 0.42 < zB ≤ 0.58 7 359 911 1.65 0.27 0.477 1.4 ± 0.1 ± 1.0 −1.6 ± 0.6
3 0.58 < zB ≤ 0.71 6 799 681 1.50 0.29 0.587 −0.2 ± 0.2 ± 1.0 −1.1 ± 0.7
4 0.71 < zB ≤ 0.90 6 880 432 1.46 0.26 0.789 0.8 ± 0.1 ± 1.0 2.0 ± 0.7
5 0.90 < zB ≤ 1.14 6 477 538 1.35 0.28 0.940 −1.1 ± 0.2 ± 1.0 3.0 ± 0.8
6 1.14 < zB ≤ 2.00 5 960 461 1.07 0.30 1.224 −5.4 ± 0.4 ± 1.0 4.5 ± 0.9

1–6 0.10 < zB ≤ 2.00 40 894 394 8.79 0.28 0.680 – –

Notes. All values are computed for the final gold-selected sample of sources, and with the appropriate shape-measurement and gold weights
applied. Where relevant values are computed using an effective area of 967.4 deg2. Values of σϵ and neff are computed using Eqs. C.9 and C.12
of Joachimi et al. (2021), respectively. The σϵ values are the ellipticity dispersion averaged over both components. mgold is the multiplicative
shear measurement bias, averaged over both ellipticity components, estimated from our SKiLLS simulations. σϵ values include the appropriate
correction for multiplicative shear biases (i.e. the mgold column).

3.1. KiDS and VIKING

The KiDS-Legacy lensing sample was drawn from the fifth and
final data release of the KiDS survey5, KiDS-dr5, described in
Wright et al. (2024). It includes 1347 square-degree tiles ob-
served in the u, g, r, and i filters with the VST (Capaccioli et al.
2005) and OmegaCAM (Kuijken 2011) between 2011 and 2019,
as well as the 2009–2018 VIKING survey VISTA/VIRCAM ob-
servations (Edge et al. 2013) of the same area in Z, Y, J,H, and
Ks. Additionally, the dataset contains spectroscopic calibration
fields (the ‘KiDZ’ fields, 27 square-degree tiles in total, includ-
ing four that are part of the main survey).

KiDS-dr5 significantly extends the previous (fourth) data
release (Kuijken et al. 2019), which was the basis for the
KiDS-1000 analyses (Asgari et al. 2021; Heymans et al. 2021;
Tröster et al. 2021). It represents a substantial increase in survey
area (by 34%) and in i-band depth (doubling the exposure time
with a second pass). The volume of photometric redshift calibra-
tion data has also grown, including photometry for 5 times more
spectroscopic sources than in the original KiDS-1000 analysis
(Hildebrandt et al. 2021). The deeper i-band depth and more ex-
tensive calibration data has allowed us to push the photometric
redshift limit for galaxies in the lensing sample from 1.2 to 2.
The combined effect of the increase in area and depth is an in-
crease in the survey volume of a factor of 3.5.

5 https://www.eso.org/sci/observing/phase3/news.html#
KIDS_DR5

Several aspects of the data analysis were changed between
dr4 and dr5, as detailed in Wright et al. (2024). The astrome-
try reference catalogue for the theli reduction moved from the
Sloan Digital Sky Survey (SDSS Ahumada et al. 2020) and the
2-micron All Sky Survey (2MASS Skrutskie et al. 2006) to Gaia
DR2 (Gaia Collaboration: Brown et al. 2018), and the astromet-
ric solutions and photometric zero-point determinations in the
Astro-WISE u-band reductions were made more robust. Also,
the manual and automated masking of artefacts in the images,
mostly due to ghost reflections, artificial satellite tracks, and de-
tector instabilities, was revisited and improved for the final re-
lease. Most importantly, the weak lensing shape measurement
method uses an updated version of lensfit (v321), with improve-
ments in the sampling of the ellipticity likelihood surface and
of the treatment of residual PSF leakage in the shapes and as-
sociated weights (Li et al. 2023b). Details and tests of these new
implementations are given in Wright et al. (2024), and in the sec-
tions below. A summary of the properties of the KiDS-Legacy
sample is given in Table 1, including details of tomographic bin
limits, final effective number densities of galaxies (after redshift
distribution calibration), and redshift and shape measurement
bias parameters.

Lastly, we note that a pernicious astrometric issue was identi-
fied during the investigation of our B-mode null tests (Sect. 4.3),
which resulted in additional masking of approximately 4% of the
survey sources to be used in the KiDS-Legacy analysis. More de-
tails are given in Sect. 4.3 and Appendix E. The total area after
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masking is 967.4 deg2, with neff = 8.79 per arcminute within the
photometric redshift limits of KiDS-Legacy.

3.2. KiDZ

The KiDZ data consist of VST and VISTA images that tar-
get well-studied spectroscopic survey fields, including the Cos-
mic Evolutions Survey field (COSMOS; Scoville et al. 2007),
the DEEP2 Galaxy Redshift Survey (DEEP2; Newman et al.
2013) 02h and 23h fields, the Chandra Deep Field South
(CDFS), the Visible Multi-object Spectrograph (VIMOS) Very
Large Telescope (VLT) Deep Survey (VVDS; Le Fèvre et al.
2005) 14h field, and the VIMOS Public Extragalactic Red-
shift Survey (VIPERS; Guzzo et al. 2014) W1 and W4 fields
(a full list is given in Wright et al. 2024). They were pur-
posely taken under very similar observing conditions, and with
the same observing setup, as the main KiDS/VIKING sur-
vey and serve as the calibration sample for photometric red-
shifts of the faint KiDS sources. A total of 126 085 sources
with spectroscopic redshifts have nine-band KiDZ photom-
etry. Additional photometric redshift calibration via cross-
correlations uses the overlap between KiDS and shallower,
wide-angle spectroscopic redshift surveys, principally: SDSS,
the Galaxy And Mass Assembly (Driver et al. 2022) survey, 2-
degree Field Lensing Survey (Blake et al. 2016), WiggleZ sur-
vey (Blake et al. 2008), and the Dark Energy Spectroscopic In-
strument (DESI Collaboration et al. 2024).

3.3. Blinding

We used the same blinding methodology as the one implemented
in Asgari et al. (2021), first presented in Kuijken et al. (2015).
This process involves the double-blind generation of three real-
isations of our shape measurement catalogues. One of these is
the true catalogue, while in the other two there are induced sys-
tematic differences in measured shapes that result in (up to) ±2σ
change in the inferred S 8. The true catalogue is equally likely to
be the one that yields the highest, middle, or lowest S 8. These
blinded data vectors were analysed throughout the project until
the analyses were finalised, cosmological chains were run, the
results written up in this publication, and the manuscripts had un-
dergone internal review within the KiDS collaboration. As such,
this manuscript (for example) was written containing results for
all three blinds, with only the discussion and conclusion sections
written after unblinding.

The authors note (for the reference of future surveys) that
this blinding scheme effectively hampered the diagnosis of sub-
tle systematic effects in the dataset (see Appendix E), as we were
limited in our ability to directly compare measured shapes be-
tween previously constructed catalogues and our KiDS-Legacy
catalogues. Such comparisons are extremely useful for the val-
idation of spatially localised systematic patterns in the shape
catalogue, which are obfuscated when translated into two-point
statistics. This blinding strategy, however, makes such direct
comparisons between shape catalogues problematic, as it can
also lead to unblinding.

3.4. Redshift distributions and calibration

Redshift distributions (hereafter ‘N(z)’) used in KiDS-Legacy
were estimated and calibrated leveraging both colour-based di-
rect calibration using self-organising maps (SOMs Kohonen
1982) and spatial cross-correlations (CC) between tracer spec-

troscopic samples and the KiDS-Legacy sources. For a detailed
description of the N(z) construction and validation process used
in this work, we refer to Wright et al. (2025). In brief, the N(z)
here differ in their construction (compared to previous work
from KiDS) in three main regards: a considerably larger redshift
calibration sample from KiDZ (see Sect. 3.2); a new weight-
ing scheme that replaces the binary ‘gold-class’ with a con-
tinuous ‘gold-weight’; and through the optional inclusion of
weights for spectroscopic objects, such as our so-called ‘prior-
volume weighting’. Gold-weights primarily account for noise
in the colour-based association between wide-field sources and
their calibrating spectra, and are computed by repeating the gold
classification N times (where we arbitrarily chose N = 10). Sim-
ilarly, our prior-volume weighting applies an a priori weighting
to the distribution of calibrating spectra as a function of redshift,
to reduce bias caused by colour-redshift degeneracies and the
complex redshift selection function of our spectroscopic compi-
lation.

The redshift distribution calibration for KiDS-Legacy made
use of two suites of simulations. For the calibration of the SOM
redshift distributions (and calibration of source shape measure-
ments, Sect. 3.5), we used the multi-colour SKiLLS simulation
of Li et al. (2023b). For additional SOM redshift distribution cal-
ibration and cross-correlation redshift distribution calibration,
we used the MICE2 simulated lightcone (Fosalba et al. 2015a;
Crocce et al. 2015; Fosalba et al. 2015b; Carretero et al. 2015;
Hoffmann et al. 2015) adapted to KiDS noise levels and sample
selections (van den Busch et al. 2020).

Figure 3 shows the fiducial redshift distributions used in this
cosmological analysis. These N(z) include the appropriate δz
shifts in each of their mean, as inferred using our simulations and
described in Wright et al. (2025). As such, the N(z) presented are
shown as-used in the generation of the theory/models during pa-
rameter inference. In Wright et al. (2025) we quantified the im-
pact of a series of different analysis choices for N(z) estimation
and calibration, demonstrating that they have no significant im-
pact on the final N(z) that we used for cosmological inference.
The figure also presents the off-diagonal elements of the corre-
lation matrices for δz, used to construct our correlated δz priors.
The lower triangle shows the correlation matrix estimated from
our SOM redshift distribution calibration, while the upper trian-
gle shows the correlation matrix for the CC estimated redshift
distributions.

3.5. Shape measurement and calibration

The measurement and calibration of source shapes in KiDS-
Legacy were performed with the latest KiDS methods, which
have already been established in the literature. We refer to
Li et al. (2023b) for an extensive description of the state-of-
the-art for shape measurement and calibration in KiDS. Top-
ics discussed therein include: the lensfit algorithm (v321; see
also Miller et al. 2007, 2013; Fenech Conti et al. 2017), used
for measuring shapes of galaxies (including modelling of the
PSF); shape calibration using SKiLLS image simulations; and
PSF leakage corrections (with minor updates to the PSF leakage
estimation as described in Wright et al. 2024). The SKiLLS im-
age simulations are multi-band image simulations, constructed
specifically to match the observational properties of KiDS-
Legacy in all available bands, and featuring realistic clustering
and correlations between galaxy properties and environment,
allowing for realistic treatment of blending effects. The sim-
ulations also feature redshift-dependent shear (MacCrann et al.
2022), although this is determined to be of negligible importance
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to the computation of multiplicative bias (Li et al. 2023b) and
redshift distribution bias (Wright et al. 2025) at the sensitivity of
KiDS-Legacy.

The multiplicative bias estimation in KiDS-Legacy was per-
formed using the same suite of multi-colour image simulations
from SKiLLSused for redshift distribution calibration. Redshift
distribution calibration utilises many realisations of the sample
to estimate uncertainties on tomographic bias parameters (see
Wright et al. 2025). Afterwards, these samples were also used to
estimate the multiplicative shear measurement bias, m, per to-
mographic bin. This means that, for the first time, we have been
able to directly estimate the covariance between our redshift dis-
tribution bias calibration and our multiplicative shear bias esti-
mation. The resulting covariance matrix (and the corresponding
correlation matrix) are functionally block-diagonal: there is no
cross covariance between m and δz estimates.

We checked for the degree of PSF leakage measured in the
lensing sample through a direct empirical calculation of the cor-
relation between PSF and galaxy ellipticities. Here, we docu-
ment the measured PSF contamination in our KiDS-Legacy sam-
ple, and the measured residual one- and two-dimensional con-
stant ellipticity terms (‘c-terms’) in the dataset. We adopted the
first-order systematics model from Heymans et al. (2006):

εobs
k = (1 + mk)(εint

k + γk) + αkε
PSF
k + ck, k ∈ {1, 2} , (24)

where k denotes the individual ellipticity components, γ is the
(true) shear, and the superscripts ‘obs’, ‘int’, and ‘PSF’ refer
to a source’s observed, intrinsic, and modelled PSF ellipticity,
respectively. In the limit of large numbers of sources averaged
over a large sky area, we can assume ⟨(1 + mk)(εint

k + γk)⟩ = 0,
and therefore model the residual PSF contamination using a
simple linear regression between observed source ellipticities
(i.e. after recalibration to remove PSF leakage Li et al. 2023b;
Wright et al. 2024) and modelled PSF ellipticities.

Figure 4 shows the αk and ck PSF leakage terms in each ellip-
ticity component of the KiDS-Legacy sample, measured in each
tomographic bin. Note that the shape recalibration process used
in KiDS-Legacy necessitates that the measured PSF leakage fac-
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Fig. 4. PSF leakage measured in the KiDS-Legacy lensing sample af-
ter recalibration of shapes, computed per tomographic bin and ellip-
ticity component k, and following the first-order systematics model in
Eq. (24).

tors be approximately zero, as the recalibration specifically ad-
dresses any residual in this parameter, in bins of source signal-
to-noise ratio (SN) and resolution (Li et al. 2023b). The residual
αk are all negligible, with the α2 having a slightly larger residual
amplitude overall (α2 ≈ 0.01, roughly three orders of magni-
tude smaller than that measured before any recalibration effort).
Furthermore, we note that the constant term shown in the figure
(ck) is not the same as the additive bias which is removed from
our galaxy sample. In practice, the additive component of our el-
lipticities was computed directly (using a weighted mean) from
the sample of galaxies per tomographic bin and hemisphere:
ĉk = ⟨εk⟩w. The ĉ-terms that were subtracted from our recali-
brated shape catalogues prior to computation of correlation func-
tions are provided in Table 2. In contrast, the figure presents the
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Table 2. Subtracted additive shear per ellipticity component, tomo-
graphic bin, and hemisphere.

Hemi Tomo ĉ1 ĉ2
Bin (×10−4) (×10−4)

North

1 3.372 ± 1.528 7.941 ± 1.442
2 8.852 ± 1.642 5.594 ± 1.531
3 4.523 ± 1.747 4.533 ± 1.777
4 4.722 ± 1.713 5.368 ± 1.665
5 6.658 ± 1.887 5.532 ± 1.890
6 4.224 ± 2.252 10.26 ± 2.400

South

1 −3.398 ± 1.626 −8.002 ± 1.572
2 −9.536 ± 1.519 −6.026 ± 1.590
3 −4.755 ± 1.835 −4.766 ± 1.731
4 −4.532 ± 1.653 −5.152 ± 1.594
5 −6.117 ± 1.910 −5.082 ± 1.834
6 −3.717 ± 2.151 −9.027 ± 2.282

constant component of our linear regression (Eq (24)) to all data
per tomographic bin after removal of the additive bias. As such it
is expected that the ck-terms are small, but not necessarily zero.

As a further quality test, we computed the non-tomographic
2D c-terms in camera coordinates per ellipticity component,
which is shown in Fig. 5. The 2D c-terms were calculated as
a weighted mean per bin (using both shape- and gold-weights),
with the resulting map smoothed with a Gaussian with one-bin
standard deviation (approximately 1′.2), and the computed c-term
scaled by the (also smoothed) measured ellipticity dispersion in
each bin. The residual c-term can be seen to have amplitudes
|ci/σεi | ≤ 1%, indicating that these 2D patterns are negligible
in the context of our cosmic shear measurements. The primary
structure that is visible in c1 was identified in Hildebrandt et al.
(2020) as being due to an electronic effect that introduces an
anomalous signal in the read-out direction of one detector on
OmegaCAM. However, as shown in Asgari et al. (2021), the am-
plitude of this signal (≲ 1% of the ellipticity dispersion) is neg-
ligible in the context of our cosmic shear measurements.

4. Null tests

In this section, we outline the various null tests that were com-
pleted prior to the unblinding of the cosmological analysis of
KiDS-Legacy; the reader interested in cosmological parameter
estimates only may wish to skip to Section 5. We performed
three primary tests: an analysis of the Paulin-Henriksson et al.
(2008) systematics model, which quantifies the impact of PSF
modelling residuals on correlation functions; an analysis of
Bacon et al. (2003) statistics, which test specifically for contam-
ination of the galaxy shape measurements by the PSF; and an
analysis of B modes, which tests for a systematic signal that can-
not be generated by cosmic shear.

4.1. Paulin-Henriksson et al. (2008) model

To validate the fidelity of our shape measurement catalogue,
we first compute the Paulin-Henriksson et al. (2008) systematics
model for KiDS-Legacy, which aims to quantify the impact of
PSF modelling residuals on cosmic shear correlation functions.
This systematics model, in the context of the shear two-point

Fig. 5. Average of each ellipticity component in bins of the focal plane,
for sources in all tomographic bins, relative to the (weighted) disper-
sion of ellipticities in the same bin. The weighted ellipticity dispersion
per component over the bins in the focal plane are 0.287 ± 0.001 and
0.288± 0.001, indicating that the observed pattern is not driven by vari-
able ellipticity dispersion across the focal plane. The figures still indi-
cate the presence of the two-dimensional pattern reported in Figure 2 of
Hildebrandt et al. (2020).

correlation function, reduces to the following:

⟨εobsεobs⟩ ≃

1 + 2
δTPSF

Tgal

 〈εperfect
obs ε

perfect
obs

〉
+

 1
Tgal

2

⟨(εPSF δTPSF) (εPSF δTPSF)⟩

+ 2
 1

Tgal

2

⟨(εPSF δTPSF) (δεPSF TPSF)⟩

+

 1
Tgal

2

⟨(δεPSF TPSF) (δεPSF TPSF)⟩ ,

(25)
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Paulin-Henriksson et al. (2008) systematics model. The various lines
show the four components, with their summation in thick blue-green.
The yellow band depicts 10% of the cosmic shear uncertainty on ξ+.
The figure is linear between the black dashed lines, and logarithmic out-
side. This demonstration is for tomographic bin six, but all bins show
quantitatively similar results.

where we only keep terms that correlate to first order. It should
be noted that we use a shorthand notation in Eqs. (25), (26), and
(27) as in Section 3.3 of Giblin et al. (2021), so that ⟨ab⟩ denotes
ξ±. Here, εobs is the observed ellipticity of a source, εperfect

obs is the
noiseless and unbiased measurement of source ellipticity (which
we approximate as being equal to the modelled shear: εperfect

obs =

γtheory), and T is the R2 object size estimate.
Figure 6 shows the various contributions to the additive sys-

tematic, δξsys
+ (θ), from the Paulin-Henriksson et al. (2008) sys-

tematics model. The four terms from Eq. (25), shown in various
colours, cause ⟨εobsεobs⟩ to deviate from ⟨εperfectεperfect⟩. The total
systematic δξsys

+ :

δξ
sys
+ (θ) B ⟨εobsεobs⟩ −

〈
ε

perfect
obs ε

perfect
obs

〉
, (26)

is given by the summation of these four terms6 and can be com-
pared to the yellow band which encloses 10% of the uncertainty
on the cosmic shear correlation function ξ+, from the OneCo-
variance (Sect. 2.6). The figure presents the analysis of our sixth
tomographic bin (quantitatively similar results are obtained for
all other bins), and demonstrates that errors in our PSF mod-
elling are sufficiently small (consistently less than 10% of our
correlation function uncertainty) that there is no significant con-
tamination of our two-point statistics from this source of bias.

6 The terms in Eq. (25) are related to the often-used and so-called ‘ρ’-
statistics, as recommended by Rowe (2010) and Jarvis et al. (2016). In
contrast to the total systematic term δξsys

+ (Eq. 26), the systematic re-
quirements on the ‘ρ-statistics, relative to the statistical noise on the
measured cosmic shear signal, are unspecified. We therefore chose not
to explore the ‘ρ’-statistics directly.

As such, we conclude that PSF modelling errors are negligible
for the analysis of cosmic shear in KiDS-Legacy.

4.2. Bacon et al. (2003) statistics

We also used the method from Bacon et al. (2003) to infer the
degree of PSF leakage into the two-point correlation function
measurement using

ξ
sys
± =

⟨εobsεPSF⟩2

⟨εPSFεPSF⟩
. (27)

In Fig. 7, we show the value of ξsys
+ in each tomographic bin

autocorrelation, as a fraction of the theory prediction of the cos-
mic shear signal from our best-fit ξ± cosmology (ξΛCDM

+ ). Re-
sults from the cross-correlation bins are quantitatively similar to
the autocorrelation. As a reference, we also show 10% of the 1σ
uncertainty on the cosmic shear signal as reported by the OneCo-
variance (Sect. 2.6). The measured fractional PSF contamination
is less than the benchmark 10% of the cosmic shear correlation
function uncertainty for all but five data points (out of 189 across
all tomographic bin combinations). As such, we conclude that
the PSF contamination of cosmic shear correlation functions is
negligible in KiDS-Legacy, as expected from our PSF leakage
analysis (Sect. 3.5).

4.3. B modes

Our third null test examined the significance of B-mode signals
in the data vector used for cosmological analyses. This test was
based on the understanding that, at the sensitivity available to
stage-III cosmological imaging surveys, B-mode signals of cos-
mological and astrophysical origin ought to be negligible. As
such, any significant detection of B modes implies a contamina-
tion of the data vector by systematic effects, which may similarly
(but undiagnosably) also impact the E-modes used for cosmo-
logical inference.

We used a tomographic analysis, equivalent to that of the
fiducial cosmological analysis, to derive the significance of B
modes (estimated via the COSEBIs Bn) in our data vector. In
the early stages of our blinded cosmological analysis, it became
clear that our initial KiDS-Legacy sample failed this null test,
at high significance. This led to a re-examination of the cosmo-
logical sample, which in turn led to a redefinition of the sur-
vey footprint to conservatively exclude 46.6 square-degrees with
increased astrometric scatter between exposures in our lensing
imaging (see Appendix E).

The B-mode signal is presented in Fig. 8. The p-values for
the measured B modes across all tomographic bin combinations
are 0.04 in the case of 6 Bn modes, and 0.09 in the case of 20
modes, and thus both pass our required threshold of p > 0.01
(adopted from previous work within both the KiDS and DES
teams). Looking at the individual tomographic bins, only the
sixth bin autocorrelation, with 6 Bn modes, has a p-value be-
low 0.01. However, with 21 tests (one per bin combination) it
is expected that one will occasionally find p < 0.01 even with
correlated data drawn from the null hypothesis; indeed, this is
essentially the calculation that is performed in the computation
of the ‘all bins’ p-value, which passes.
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5. Results

In this section, we present the cosmological results from KiDS-
Legacy split between our fiducial results (Sect. 5.1), and varia-
tions of analysis and modelling choices (Sect. 5.2). Furthermore,
we refer the reader to our companion paper (Stölzner et al. 2025)
for detailed analyses of the internal consistency of KiDS-Legacy,
and for analysis of the external consistency between KiDS-
Legacy and datasets from DES, DESI, Pantheon+ (Brout et al.
2022), and Planck.

5.1. Fiducial constraints

The fiducial analysis of KiDS-Legacy used two statistics (En,
CE) measured over 2′.0 ≤ θ ≤ 300′, an NLA-M intrinsic
alignment model, correlated δz prior marginalisation, emulated
CosmoPower P(k) trained on camb and HMCode2020, covari-
ances constructed with the OneCovariance and augmented
with the uncertainty in the shear calibration, and sampling
performed by nautilus (Lange 2023) within Cosmosis, us-
ing a Gaussian likelihood. We chose the nautilus sampler
due to its superior efficiency, robustness of uncertainties,
and accurate evidence estimation (see e.g. Lemos et al. 2023;
Dark Energy Survey and Kilo-Degree Survey Collaboration et al.
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Table 3. Fiducial prior ranges used in the analysis of KiDS-Legacy.

Parameter Prior range
S 8 [0.5, 1.0]
Ωch2 [0.051, 0.255]
Ωbh2 [0.019, 0.026]
ΩK 0.0
ns [0.84, 1.10]
h [0.64, 0.82]

log10(TAGN/K) [7.3, 8.3]∑
mν 0.06eV
w0 −1.0
wa 0.0
δz(i) N(µz,Cδz)

AIA, bIA N(µIA,Ab,CIA,Ab)
log10(⟨M⟩(i)) N(µIA,M,CIA,M)

Notes. Parameters in the first block are inputs to the P(k) emulator, and
all use flat priors denoted by their lower and upper limits

[
lower, upper

]
.

We sample over five cosmological parameters: S 8, Ωc and Ωb (the den-
sity parameters for cold dark matter and baryonic matter, respectively);
h (the dimensionless Hubble parameter); and ns (the spectral index of
the primordial power spectrum). Additional inputs to the power spec-
trum emulator include four fixed cosmological parameters: ΩK (the en-
ergy density parameter associated with spatial curvature); w0 and wa
(describing the equation of state of dark energy and its redshift evo-
lution); and

∑
mν (the total mass of all families of neutrinos). We

also sample over the baryon feedback parameter from HMCode2020
log10(TAGN/K). Parameters in the second block are implemented within
additional Cosmosis modules, and are used in the intrinsic alignment
model (AIA, bIA, and log10(⟨M⟩(i))) or our redshift distribution bias mit-
igation (δz(i)). These sets of parameters are specified with multivariate
Gaussian priors denoted by N(µx,Cx), where µ is the vector of prior
means and C is the related covariance matrix. Values of µIA,x are given
in Appendix B. Values of µz, diag(Cδz) are given in Table 1, and the cor-
relation matrix of Cδz is shown in Fig. 3.

2023). Priors for the various cosmological and nuisance param-
eters are given in Table 3. Correlated priors used for our redshift
distribution bias parameters are given in Sect. 3.4, and for the
IA model are given in Appendix B.

Figure 9 presents the fiducial marginal constraints in
σ8, S 8, and Ωm. Marginal constraints over both S 8 and
Σ8 = σ8(Ωm/0.3)α (with the exponent fitted to the Ωm vs.
σ8 contour) are presented in Table 4, for three estimation
types: marginal mean and standard deviation, marginal mode
and 1D 68% highest posterior density interval (HPDI), and
maximum a posteriori (MAP) and 68% projected joint-
distribution highest posterior density interval (PJ-HPD).
Dark Energy Survey and Kilo-Degree Survey Collaboration et al.
(2023, Sect. 2.6) present a discussion of the benefits and detri-
ments of each metric. We also report the χ2 of our cosmological
model evaluated at the MAP, and the model probability to
exceed (PTE). The MAP was evaluated using an adaptive
Nelder-Mead (downhill simplex) algorithm, as described in
Joachimi et al. (2021).

Data vectors for the fiducial En and CE are given in
Fig. 10, alongside translated posterior distributions (TPDs; see
Köhlinger et al. 2019, for the first application of these consis-
tency metrics to cosmic shear datasets) drawn from the fiducial
posterior computed for each statistic.

Our fiducial cosmological results, from COSEBIs, estimate a
value of S 8 = 0.813 ± 0.018, evaluated using the marginal mean
and standard deviation. This is the tightest constraint made with
our COSEBIs measurements, although all constraints are rela-

tively consistent in their constraining power: the marginal mode
and HPDI estimate is S 8 = 0.815+0.016

−0.021, and the maximum a pos-
teriori and PJ-HPD estimate is S 8 = 0.811+0.022

−0.015. The consistency
between the measurements is a reflection of the Gaussianity of
the marginal posterior, and of the N-dimensional posterior (in the
case of the PJ-HPD). This is despite the necessary smoothing of
the posterior distribution that is required of the HPDI computa-
tion, which is performed using a Gaussian kernel with standard
deviation defined using the method of Sheather & Jones (1991).
Testing of the HPDI method indicates that, for our posterior dis-
tributions in S 8, the chosen smoothing kernel is unlikely to intro-
duce additional spurious uncertainty to our cosmological param-
eter constraints. As such, we expect that the constraints returned
from our various summarisation methods to be robust. In the fol-
lowing, all values and uncertainties correspond to the marginal
mode and HPDI estimate, unless otherwise specified.

The above discussion about the stability of our summarisa-
tion statistics is contrasted by the observed variance between our
S 8 constraints from different statistics. The variance in S 8 be-
tween our statistics is seemingly large, with our CE and En dif-
fering by 0.55σ. However, examination of the 2D posterior dis-
tribution in Ωm and S 8 (Fig. 9) indicates that the optimal degen-
eracy direction for KiDS-Legacy is somewhat different than the
assumed α = 0.5 parametrised by S 8. This is expected, given the
different scales probed by each of our statistics, and has the effect
of exacerbating apparent differences between our statistics when
marginalising on the S 8 parameter (as translation along the de-
generacy can give the false impression of internal inconsistency
between final parameter constraints).

When fitting for the optimal α under the more general Σ8 =
σ8(Ωm/0.3)α, we found the best fitting α is 0.58 for En and 0.60
for CE. These significant deviations from α = 0.5 can cause
offsets between derived values of S 8, as is seen between our
CE and En constraints. Additionally, the change in degeneracy
direction has a significant impact on the apparent constraining
power of each of our statistics. For CE in particular, we find a
significant ∼ 40% reduction in the relative marginal uncertainty
between our S 8 and Σ8 parameters. As such, we opt to preferen-
tially present results in the Σ8 parametrisation in this manuscript,
especially when quantifying the impact of analysis choices on
recovered constraints. We note, however, that the different α val-
ues between the different statistics mean that Σ8 values recovered
using each statistic are not directly comparable to one another.

5.2. Analysis variations

In addition to the fiducial constraints, we provide a range of addi-
tional cosmological constraints computed with various permuta-
tions of our modelling and optimisation choices. Specifically, we
present: the impact of the emulation of the matter power spec-
trum (Sect. 5.2.1), modelling of the signal with only the Gaus-
sian component of the covariance (Sect. 5.2.2), iterative com-
putation of covariances (which require a pre-defined cosmology;
Sect. 5.2.3), the impact of different choices of intrinsic alignment
models (Sect. 5.2.4), the role of observational systematics (Sect.
5.2.5), the impact of different redshift calibrations (Sect. 5.2.6),
the influence of different scale cuts (Sect. 5.2.7), and the impact
of individual tomographic bins on our estimated cosmological
parameters (Sect. 5.2.8).

Figure 11 presents a whisker diagram of all the various Σ8
(that is, for the optimal Ωm, σ8-degeneracy) results presented in
this work. The figure includes our fiducial results in each statis-
tic, with constraints computed using the three methods previ-
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Fig. 9. Fiducial Ωm, S 8 (left), and Ωm, σ8 (right) constraints for our fiducial two-point statistics (En and CE, orange and purple respectively),
compared to the CMB results from Planck-Legacy (red). The grey contours outline the marginal distribution of our a priori volume, with (inner)
1σ and (outer) 2σ boundary levels.

Table 4. Constraints on S 8 (α = 0.50) and Σ8 (α free).

Setup Statistic α χ2 dof PTE NPJ−HPD
samp Marginal Max. Apost. Marginal

Mode+HPDI +PJ-HPD Mean + CI

S 8 Fiducial En 0.50 127.8 120.5 0.307 18 0.815+0.016
−0.021 0.811+0.022

−0.015 0.813+0.018
−0.018

S 8 Fiducial CE 0.50 151.0 162.5 0.731 6 0.799+0.022
−0.025 0.804+0.016

−0.031 0.797+0.023
−0.024

Σ8 Fiducial En 0.58 127.8 120.5 0.307 23 0.821+0.014
−0.016 0.817+0.029

−0.006 0.820+0.015
−0.015

Σ8 Fiducial CE 0.60 151.0 162.5 0.731 19 0.813+0.018
−0.016 0.822+0.017

−0.020 0.813+0.017
−0.017

Notes. α in this table refers to the exponent in the equation Σ8 = σ8 (Ωm/0.3)α. When α = 0.5 (upper section) reported constraints are for S 8.
Otherwise, constraints are for the optimal degeneracy direction for each statistic, thereby showing the maximal constraining power. We report
the χ2 of the best-fit (i.e. maximum a posteriori) model for each statistic, and the number of effective degrees of freedom (dof, computed as
Ndata − Neff

param where Neff
param is estimated as described in Appendix B of Stölzner et al. 2025). We compute the best-fit probability-to-exceed (PTE),

which indicates the fraction of possible data vectors, drawn from a generative model described by our best fit, that would be at least as extreme
as our observed data vector. We provide three constraints over our primary cosmological parameters per setup: the marginal mode and marginal
highest posterior density interval (HPDI), the marginal mean and standard deviation, and the maximum a posteriori point and projected joint
highest posterior density interval (PJ-HPD). The latter statistic can be noisy in the limit of few samples NPJ−HPD

samp residing within the PJ-HPD, and
so we also provide the number of samples in the PJ-HPD region as a guide.

ously described in Table 4. All discussions below refer to our
fiducial metric, the marginal mode and HPDI summary, unless
stated otherwise. Additionally, we have annotated the figure with
a measure of the difference between our various results, com-
puted using the metric (Σfid

8 − Σ
var
8 )/σΣvar

8
. Differences are com-

puted between the Σ8 values of each setup and the fiducial.
We also annotate the fiducial constraints with their Hellinger
distance (see e.g. Appendix G.1 of Heymans et al. 2021) to
the constraints from the public, fiducial Planck-Legacy analysis
(Planck Collaboration et al. 2020). Finally, we present a similar
figure for S 8 in Appendix G, and tables of all constraints are
presented in Appendix H.

5.2.1. Modelling P(k) with camb

We tested the impact of the CosmoPower emulator by re-running
our fiducial analysis directly with camb and comparing the cos-
mological constraints between these runs in Fig. 11. We found
that, for all statistics, the camb posteriors were consistent with
those estimated with the emulated power spectrum, showing
maximal changes in the marginal value of Σ8 of 0.03σ. We con-
sider this level of change to be consistent with chain-to-chain
variations, and therefore negligible.

5.2.2. Gaussian covariance

We tested the impact of our covariance modelling on the recov-
ered value of Σ8 in Fig. 11, by performing the fiducial measure-
ment with only the Gaussian component of the covariance acti-
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Fig. 10. Data vector and TPDs for the fiducial analysis of En (upper panel) and CE (lower panel). TPDs are shown as polygons spanning the 68th

(red), and 95th (orange) percentiles of the posterior models. The En signals are highly correlated across modes within a tomographic bin, so readers
are cautioned against so-called ‘χ-by-eye’. The bin 2 autocorrelation signal, for example, is consistent with the best fit model (PTE= 0.09), despite
the apparent divergence of the data from the model. The overall PTEs for the full tomographic dataset in each statistic are provided in Table 4.

vated in the OneCovariance code. We found a reduction in the
uncertainty on Σ8 of between 12% (CE) and 19% (En), and no
change in the value of Σ8 with respect to the fiducial (∆Σ8 =
0.02σ). This is an indication that, while shape noise is still suf-
ficient to shroud information on non-linear scales, KiDS-Legacy
has a non-negligible contribution to its constraining power from
these non-Gaussian scales.

5.2.3. Iterative covariance

The covariance used in our cosmological inference modelling as-
sumes a fixed cosmology. If this fixed cosmology differs from the
best-fit cosmology preferred by the dataset, this can add a source
of inconsistency in our fiducial results. Therefore, as with previ-
ous KiDS analyses (see e.g. van Uitert et al. 2018), we verified
the fidelity of our cosmological inference by recomputing the
fiducial sample covariances at the maximum a posteriori cosmol-
ogy for each chain, and rerun our cosmological inference. This
iterative evaluation of the covariance and cosmological parame-
ters do not need to converge after a single iteration, and so we ran
this process for many (≲ 10) iterations. We found that the cosmo-

logical constraints (and constraining power) converged after two
iterations, even for our most complex model choices. This is in
good agreement with previous investigations into the impact of
varying cosmological parameters on covariances in the context
of stage-III surveys (Reischke et al. 2017; Kodwani et al. 2019).

5.2.4. Intrinsic alignment modelling

We tested the cosmological parameter constraints recovered
when modelling intrinsic alignments with our four different
models. The resulting cosmological parameters are presented in
Fig. 11.

First, we see that the impact of changing our IA models on
the marginal constraints of S 8 and Σ8 are mild. For our CE statis-
tic, we found maximal differences of 0.17σ across all model
variations. Also, En values are more sensitive to our chosen IA
model, showing maximal differences of 0.54σ (for the NLA and
NLA-k models and Σ8). Second, we see that changing the IA
model has a minor impact on the constraining power of our sur-
vey, with systematic changes in constraining power being most
evident for the NLA-z model: we see a consistent reduction in
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Fig. 11. Whisker diagram of Σ8 cosmological results presented in this work. The best-fitting α used for each statistic is annotated on the x-axis.
Each panel shows the compilation of results for one of our two-point statistics, as annotated. In each panel, we show the fiducial constraints in
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8
(listed in blue). The Hellinger tension between the fiducial analyses and

Planck is annotated in red.
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Fig. 12. Constraints on the total intrinsic alignment amplitude from the
various intrinsic alignment models, per tomographic bin (where appro-
priate), computed using the En posteriors. Bands and error bars rep-
resent the 1σ posterior constraint on each model. Our NLA-M model
(red) is shown per tomographic bin, with the point positioned at the
mean photo-z of the bin.

constraining power (compared to the fiducial NLA-M model) of
12 − 13% for Σ8 across all statistics. For our NLA and NLA-
k models, the reduction in constraining power compared to the
fiducial is slightly smaller, at ∼ 5%. This reduced constraining
power (despite the fact that e.g. the NLA model has fewer param-
eters) is attributed to the informative prior applied in our NLA-
M model (see Sect. 2.4.4 and Appendix B). Finally, we also note
mild changes to our recovered goodness-of-fit under the various
IA models. In all cases, the χ2 of the modified IA model is con-
sistent with the fiducial (changes in PTE at the order of 1− 5%).

The stability of our cosmological constraints under variation
of the IA modelling provides confidence that any possible mis-
specification of the IA model is unlikely to introduce bias in our
cosmological parameter constraints. Furthermore, we can com-
pare the implied amplitude of IA under each of our models by ex-
amining the AIA,total values (see Eqs. 8, 10, 12). Figure 12 shows
the value of AIA,total inferred from our En analysis, as a function
of redshift. All statistics show quantitatively similar behaviour.
In Appendix G, we present the posterior distributions in all pa-
rameters (Figs. G.2 and G.3) for each IA model.

For our NLA and NLA-k models, there is no explicit de-
pendence on tomographic bin number (or, more accurately, red-
shift), and thus the IA amplitude is necessarily constant across
the redshift axis for these models. Both of these models are con-
sistent with IA amplitudes of zero. A change in IA amplitude
with redshift is nominally expected, though, as the combination
of Malmquist bias and the mass-scaling of IA amplitudes com-
bine to increase the effective measured IA with increasing red-
shift, thereby motivating our NLA-z and NLA-M models.

For our fiducial NLA-M model, the IA do change with tomo-
graphic bin, due to their varying fraction of passive/red galaxies
and their typical mass (blue galaxies have zero IA in this model).
In our analysis, the alignment amplitudes initially climb through

bins one to five, but rapidly drop in bin six where there are very
few galaxies with an early-type SED (see Appendix B and Ta-
ble B.1).7 As such, the NLA-M model represents a functional
form that is not accessible to any of our other models. It is there-
fore interesting to note the similarity between the inferred values
of AIA,total in our NLA-z and NLA-M models. Both show the ex-
pected increase in alignment amplitudes with increasing redshift,
although the NLA-z model is at slightly lower amplitudes over-
all. We attribute this difference to the sixth tomographic bin: as
the NLA-z model requires that all bins follow the same (mono-
tonic) trend, any reduction in AIA,total between the fifth and sixth
tomographic bins will require a compensatory reduction in align-
ment amplitude across all bins.

5.2.5. Impact of observational and systematic nuisance
parameters

To demonstrate the impact of the various nuisance parameters
and the relative importance of marginalisation over various pri-
ors, we ran a posterior analysis with our intrinsic alignment
model uncertainty (σIA) and redshift and shear calibration un-
certainty (σz, σm) nuisance parameters set to zero. The associ-
ated parameters to these uncertainties were fixed to the centre
of their fiducial prior. We repeated the posterior calculation us-
ing only the remaining (cosmological and physical) parameters.
Figure 11 shows these results. We found that the posterior con-
straints on Σ8 in the absence of marginalisation over these obser-
vational and systematic nuisance parameters are tighter by 10%
(20%) for our En (CE) measurements, and are shifted with re-
spect to the fiducial by 0.28σ (0.14σ). This suggests that KiDS-
Legacy is statistics-limited.

5.2.6. Alternative redshift distribution calibration

We analysed the changes in parameter constraints found un-
der different redshift calibration scenarios. In particular, we
demonstrate the constraints found when we switch off shape-
measurement weighting of the calibration sample, and when we
switch off prior volume weighting of the calibration sample. In
both cases, we found that the cosmological constraints are con-
sistent with our fiducial constraints, showing a mild increase of
∆Σ8 ≤ 0.17σ. This is, to some degree, expected: if our redshift
distribution estimation changed appreciably when modifying our
calibration method, this would also be reflected in our estimated
bias parameters δz. As such, this test is particularly relevant for
demonstrating possible sensitivity to source galaxies that reside
outside the redshift baseline of our SKiLLS simulations. The
lack of significant change in our cosmological parameters under
changing the redshift calibration methodology suggests that our
analysis is not strongly influenced by sources outside the redshift
limits of SKiLLS.

Conversely, we also show in Fig. 11 the result of calibrating
our redshift distributions using simulations from MICE2. These
are the simulations that were used for KiDS-1000 N(z) calibra-
tion, but differ here in that we applied our KiDS-Legacy cali-
bration methodology to these simulations. Wright et al. (2025)
discuss the accuracy of the redshift distribution bias parameters
estimated from MICE2, in particular possible biases due to the
MICE2 redshift limits of 0.1 ≲ z ≲ 1.4. As our bin six N(z)

7 This may be a (suboptimal) feature of our SED based classification,
which is unable to reliably identify the precursor sources of modern
pressure-supported systems using uncertain SED models, especially at
high-z.
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(in particular) extends beyond this upper limit, it is expected that
our redshift distribution bias parameters there will be inaccurate.
Therefore, we include them here predominantly as a demonstra-
tion of the effect of switching from MICE2 to SKiLLS. The max-
imum difference in the mean redshifts between our fiducial (ef-
fective) N(z) and that from MICE2 is ∆µz,eff = 0.016, in bin 3.
However, the difference found is coherent between bins 3 − 6,
which is therefore expected to cause a shift in S 8. As seen in
Fig. 11, our analysis using N(z) calibrated with the MICE2 sim-
ulations increases the central value of our Σ8 constraints, by up to
1.25σ (for En). We consider these results inferior to the fiducial
redshift calibration, though, given the considerably less realis-
tic simulations (compared to SKiLLS), and the smaller redshift
baseline that truncates the sixth bin to half of its supposed width.

In addition to our SOM calibrated redshift distributions, we
also show results using our redshift distributions calibrated to
cross-correlation measurements (Wright et al. 2025). Our cos-
mological constraints from this analysis are essentially un-
changed in their central value for both En and CE, showing a
0.01σ shift in the central value of Σ8 (computed with the fiducial
α for each statistic). However, the results have lower constrain-
ing power, given the larger uncertainty in (particularly) the sixth
tomographic bin: uncertainties in the optimal projection of Σ8
are 23% (29%) larger for our CC N(z)/δ(z) marginalisation than
in the fiducial case for En (CE). Nonetheless, the strong agree-
ment between the estimates made with our CC and SOM N(z)
provides confidence that redshift distribution biases in KiDS-
Legacy are under control.

5.2.7. Scale cuts

In KiDS-1000, Asgari et al. (2021) presented cosmo-
logical constraints using a range of angular scales
from 0′.5 ≤ θ ≤ 300′. Subsequent investigation by
Dark Energy Survey and Kilo-Degree Survey Collaboration et al.
(2023), however, found that an optimal treatment of baryonic
systematic effect mitigation (for En/Bn) was achieved using
2′.0 ≤ θ ≤ 300′. For KiDS-1000 (Asgari et al. 2021), this
resulted in a shift in the marginal parameter constraints of S 8 at
the level of 0.8σ. Reanalysis of KiDS-1000 by Li et al. (2023a),
with improved shape measurement and calibration from Li et al.
(2023b), showed a reduced sensitivity to the choice of scale cut,
seeing a shift of 0.3σ. We also tested the influence of changing
our scale cuts, shown in the marginal projection of Ωm, S 8 in
Fig. 13, finding that including smaller scales results in a slight
(0.1σ) decrease in the marginal value of Σ8 and S 8. We also
saw a slight change in the preferred value of our baryonic
feedback parameter (see Fig. 13) where there is a reduction in
posterior probability mass at negligible feedback amplitudes
(i.e. log10(TAGN/K) ≈ 7.3, consistent with dark-matter only)
when adding in smaller scale information. However, this must
be interpreted with caution, as both posteriors are formally prior
dominated in this parameter. This extra data is expected to be
sensitive to baryon feedback, but it is difficult to distinguish
from a simple change in the noise realisation. In either case,
though, it is clear that the additional scales have at most a minor
impact on our cosmological constraints.

We note that the expanded scale cut has a non-negligible ef-
fect on the significance of our B mode null test, causing it to once
again fail our p > 0.01 requirement. A full reanalysis of the ad-
ditional astrometric selections required to reach non-significance
in our null test with this expanded scale cut has not been ex-
plored here, and so the accuracy of the constraints with these
expanded scales is not guaranteed. Nonetheless, the stability of

Optimal Smoothing

Kernel

Fiducial COSEBIs (En)
θ ∈ [0.5, 300] arcmin
Pl anck−Legacy (CMB)
Prior Volume

0.2 0.3 0.4 0.5

0.
65

0.
7

0.
75

0.
8

0.
85

0.
9

Ωm

S
8=

σ 8
Ω

m
0.

3

 

Density Kernel

width = 0.050

Fixed Pl anck cosmology
Prior Volume

7.4 7.6 7.8 8 8.2

0
0.

5
1

1.
5

2

log(TAGN)

P
D

F
 

Fig. 13. Comparison of the marginal constraints on Ωm and S 8 (top)
and log10(TAGN/K) (bottom) when using a wider range of scales (0′.5 ≤
θ ≤ 300′, orange), compared to the fiducial (blue-green). We compare
the constraints to the full fiducial Planck-Legacy posterior (solid red,
left) and the marginal constraint on log10(TAGN/K) when analysing our
fiducial data vector with cosmology fixed to the Planck-Legacy best-fit
and marginalisation over nuisance parameters only (dashed red, right).

the cosmological constraints in the presence of both baryonic
feedback contamination and possible systematics contamination
is encouraging.

5.2.8. Removing tomographic redshift bins

In previous analyses of KiDS, the removal of individual to-
mographic bins (including all cross-correlations) introduced
changes in marginal cosmological constraints of up to 1.8σ in
Σ8.(see e.g. Asgari et al. 2021). We performed the same test here,
and show the results in Fig. 11. We found that our cosmolog-

Article number, page 20



The KiDS Collaboration: KiDS-Legacy cosmic shear

ical results are more robust to the removal of individual tomo-
graphic bins than previous work from KiDS: we observe a max-
imal difference in Σ8 when removing individual bins of 0.24σ
for En, 0.17σ for CE. We attribute this decreased sensitivity at
least partly to the reduction in relative importance of each tomo-
graphic bin (as signal is shared more evenly between the bins us-
ing our approximately equal-number tomography, and sixth bin).
Furthermore, in our companion paper (Stölzner et al. 2025), we
performed a series of internal consistency tests aimed at specif-
ically estimating the constraints from different combinations of
tomographic bins, finding that they were all consistent with each
other, unlike KiDS-1000. As such, this represents a considerable
improvement in internal consistency for KiDS that we attribute
to the enhanced redshift calibration samples and methodology,
as well as with the general improvements in data quality seen in
Legacy compared to previous KiDS data releases.

6. Discussion

The results from KiDS-Legacy are consistent with the results of
Planck Legacy, with a marginal Σ8 consistency of 0.73σ for En
and 1.01σ for CE. The constraints from KiDS-Legacy are also
of comparable constraining power to those from Planck when
projected into Σ8, with Planck having a marginal uncertainty of
±0.015 compared to Legacy’s 0.016.

Compared to previous cosmological constraints from KiDS,
Legacy represents a decrease in the marginal tension with Planck
(computed using the Hellinger distance) of 2.2σ, compared to
previous work from Li et al. (2023a), who utilised methods and
modelling choices that most resemble those used in Legacy.
Such a difference in marginal constraints from individual KiDS
analyses was deemed acceptable prior to unblinding (indeed,
such a judgement call was required prior to unblinding), how-
ever was nonetheless surprising to the authors. This prompted
an investigation into the underlying drivers of the change in cos-
mological constraints between the two samples.

A complete description of the investigation into the consis-
tency between KiDS-1000 and KiDS-Legacy is provided in Ap-
pendix I. In summary, we found that improvements to our red-
shift distribution estimation and calibration methodology are re-
sponsible for approximately two thirds (1.32σ) of the reduction
in marginal tension with Planck, as reported by KiDS-1000 and
Legacy. An additional reduction is attributable to a reduction in
statistical noise from the sources outside the KiDS-1000 foot-
print. These results are shown graphically in Fig. I.1.

We also explored the consistency between our new
Legacy cosmological parameters with recent results from
the literature. Figure 14 presents the En cosmological con-
straints from Legacy in the context of two recent stage-III
cosmic shear analyses: DES-Y3 hybrid-pipeline results from
Dark Energy Survey and Kilo-Degree Survey Collaboration et al.
(2023), and 2PCF measurements from HSC-Y3 (Li et al.
2023c). DES-Y3 is a largely independent analysis (there is
a small on-sky overlap), which is also most consistent with
Legacy: differences between marginal cosmological parameter
constraints are 0.75σ in Σ8 and 0.41σ in S 8. Comparisons to the
joint analysis of DESY3 and KiDS-1000, or to HSC, are both
more covariate (due to area overlap) and show larger differences
(1.5σ and 1.8σ in Σ8 respectively), but are otherwise consistent.
Overall, we found good consistency between all samples pre-
sented here, and with Planck. To this end, there is no evidence
of significant tension in S 8 (or in the more constraining Σ8)
from KiDS-Legacy. Furthermore, the consistency that we found
between KiDS-Legacy and other low-redshift cosmological

probes motivates the joint analysis of cosmological parameters
with these surveys, which can be found in our companion
paper (Stölzner et al. 2025). Lastly, as mentioned before, we
do not include ξ± into our fiducial analysis. However, the
constraints and resulting consistency metrics are very similar
and is discussed in Appendix F.

We performed an analysis of the effective constraining power
provided by KiDS-Legacy over the matter power spectrum P(k)
and the amplitude of baryon feedback. Figure 15 shows our con-
straint over P(k) from the fiducial En, estimated by sampling the
full posterior of KiDS-Legacy and generating posterior predic-
tive distributions for P(k) using camb and HMCode2020. We
show the P(k) constraint normalised to the mean of all pos-
terior samples, with a 0.1σ region shaded around this central
reference. This allows us to directly compare our P(k) con-
straint to the distribution of P(k) returned by two power spec-
trum emulators, BACCO (Aricò et al. 2021) and EuclidEmula-
tor2 (Euclid Collaboration: Knabenhans et al. 2021), also eval-
uated at the same posterior samples. We note, though, that these
emulators have a reduced range of validity compared to our fidu-
cial priors, particularly in ns. Nonetheless, we see that the differ-
ences between the emulated power spectra and those returned
by camb are within the 0.1σ credible interval of our posterior
constraint on P(k), demonstrating that differences between the
various P(k) models (evaluated at the same cosmological and
nuisance parameters) are consistently less than 10% of our con-
straining power, and are thus unlikely to be a significant source
of bias in our analysis. With increased constraining power (from
e.g. stage-IV surveys), however, the uncertainty in our modelling
of P(k) will become a significant fraction of the final uncertainty.

We also explored the importance of baryon feedback mod-
elling on our cosmological constraints, by examining the pos-
terior on our feedback amplitude parameter log10(TAGN/K) in
the context of our P(k) constraints. We found that the contribu-
tion to the power spectrum from our inferred feedback ampli-
tude is negligible for scales k ≲ 0.2 h/Mpc. Above this scale
our posterior constraint on the feedback model introduces a
1 − 10% suppression in power (compared to the dark-matter
only case), and is consistent with the fiducial baryon feedback
model from FLAMINGO at all scales. Above approximately
k = 1 h/Mpc, our marginal posterior on P(k) excludes the more
extreme FLAMINGO feedback models. Our MAP estimate of
log10(TAGN/K) is at the lower boundary limit of the prior, indi-
cating that our best-fitting model prefers negligible baryon feed-
back amplitudes. Our marginal constraint over log10(TAGN/K) is
unconstrained (see Fig. 13), but is nonetheless skewed towards
the MAP value.

Finally, given the agreement between our cosmological con-
straints and those from Planck, we investigated the inferred am-
plitude of baryon feedback with cosmological parameters fixed
to those reported by Planck. This has the effect of placing a
strong informative prior that the cosmological model is as de-
scribed by Planck, and used cosmic shear to marginalise ef-
fectively over only observational systematic effects (IA, δz, and
baryon feedback). Our posterior constraints over all systematic
parameters are essentially unchanged with respect to the fiducial,
with the only small change of note being that our baryon feed-
back posterior skewed slightly more strongly towards the lower
prior boundary of log10(TAGN/K) = 7.3, while the MAP remains
at the boundary (see Fig. 13). In the fiducial case our marginal
posterior on log10(TAGN/K) was unconstrained (using the metric
of Asgari et al. 2021, see their Appendix A), however with the
informative Planck prior we were able to place an upper limit
constraint of log10(TAGN/K) ≤ 7.71 (8.01) at one-sided 68%
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Fig. 14. Comparison between KiDS-Legacy En cosmological constraints and recent stage-III cosmic shear survey results from the literature. We
show the 2D posteriors for each analysisΩm, S 8 (left) as well as the marginal projections in Σ8 (α = 0.58, middle), and S 8 (right). The 1D marginal
‘whisker’ plots are annotated as previously: circular points represent marginal mode and HPD intervals, while diamonds represent maximum a
posteriori points and their associated PJ-HPD. Values are all calculated directly from the chains released by each analysis/survey, and in all cases
except Legacy we take the MAP directly from the chain. We see that all surveys presented here are consistent with both KiDS-Legacy (black
annotations) and Planck (red annotations) using our fiducial consistency metric of |∆X| ≤ 2.6σ (where X is either Σ8 or S 8), as estimated using the
Hellinger tension between marginal mode summaries.

(95%) confidence. As such, we argue that there is little evidence
in KiDS-Legacy for significant amplitudes of baryon feedback,
even when placing strong informative priors on cosmological pa-
rameters.

7. Summary

We present a cosmological analysis of the completed Kilo-
Degree Survey (KiDS). Utilising data from KiDS Data Release
5 (Wright et al. 2024), we constructed our cosmic shear source
sample from 1347 square degrees of optical and near-infrared
imaging, containing deeper imaging, new astrometric and pho-
tometric calibrations, and cleaner masking of spurious sources
and artefacts. Our improved data was then coupled with a greatly
expanded spectroscopic calibration dataset named ‘KiDZ’ (con-
sisting of 2.4 − 5.0 times the spectra as used in the analysis of
KiDS-1000), along with an updated redshift distribution calibra-
tion methodology (‘gold-weight’; see Wright et al. 2025). This
allowed us to calibrate sources at higher redshifts than those in
any previous KiDS analysis. We defined six tomographic bins,
spanning photometric redshifts between 0.1 < zB ≤ 2.0, and cal-
ibrated the source redshift distributions with a precision up to six
times higher than previously possible. We calibrated the source
shapes using multi-band image simulations (Li et al. 2023b),
finding that the KiDS-Legacy sample has the lowest systematic
contamination (by e.g. PSF leakage) of any KiDS dataset to date.
As per standard practices in the field, our cosmological analysis
was performed fully blind.

Our fiducial cosmological parameter constraints were es-
timated with COSEBIs (En), utilising conservative θ ∈

[2.0, 300.0] arcmin scales and a new physically-motivated in-
trinsic alignment (IA) model. Our fiducial En measurement con-
strains S 8 ≡ σ8

√
Ωm/0.3 = 0.815+0.016

−0.021, which is in full agree-
ment (Hellinger distance of 0.76σ) with the marginal prediction
S 8 = 0.834+0.016

−0.016 from the Planck Legacy cosmic microwave
background experiment. Our fiducial measurement represents
a ∼ 15% improvement in constraining power over the previ-
ous results from KiDS. However, we also found a significant

change in optimal degeneracy between σ8 and Ωm, with Σ8 ≡

σ8 (Ωm/0.3)α and α = 0.58 being preferred by our En measure-
ment. We found Σ8 = 0.821+0.014

−0.016, which is a ∼ 32% improve-
ment in optimal constraining power compared to previous KiDS
analyses. In this projection, the corresponding Hellinger distance
to Planck is 0.73σ. We further computed the cosmological pa-
rameters using band power spectra (CE) and found full agree-
ment with our fiducial COSEBIs. We performed a number of
analysis variations, with our cosmological parameter constraints
shown to be consistent across all modelling choices, statistics,
tomographic bins, and summary statistics. Our companion paper
(Stölzner et al. 2025) presents a full suite of internal and exter-
nal consistency tests, finding the KiDS-Legacy dataset to be the
most internally robust sample produced by KiDS to date.

We tested for systematic bias with respect to previous re-
sults from KiDS, finding that most of the differences in pa-
rameter constraints can be attributed to improved redshift dis-
tribution estimation and calibration, as well as new survey area
and improved image reduction. We leveraged our consistency
with Planck to estimate the preferred baryon feedback ampli-
tude of KiDS-Legacy, allowing us to place an upper limit on
log10 TAGN ≤ 7.71 (8.01) at 68% (95%) confidence. As such, the
results from KiDS-Legacy paint a harmonious picture of cosmol-
ogy at the end of stage-III, with full agreement between the cos-
mological parameters estimated by both low- and high-redshift
probes of cosmic structure.
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Appendix A: Emulating matter power spectra with
CosmoPower

The most computationally expensive section of our modelling
pipeline is the prediction of the matter power spectra with camb.
Fortunately, we can circumvent this time-consuming computa-
tion through the use of artificial neural network emulators, which
act to provide a direct non-linear mapping between input cos-
mological parameters and the corresponding output power spec-
trum. Such an emulator can be created with relative ease us-
ing the CosmoPower framework of Spurio Mancini et al. (2022).
The original CosmoPower emulator was trained to reproduce the
linear matter power spectrum, Pm,lin(k), and the perturbations
caused by non-linear evolution, Pm,nl(k)/Pm,lin(k), given a set of
relevant input parameters. We updated this process to emulate
residuals log10[P(k)/Pref(k)] between logarithmic power spectra
(for both linear and non-linear spectra) and a single reference
power spectrum instead. The reference spectrum was chosen to
be near the centre of our sampling/prior volume, which is defined
by the ranges of the various parameters in Table 3. These ranges
subsequently also define the range of validity of our emulator.

Construction of the emulator requires a large sample of train-
ing and testing power-spectra, which were generated by camb,
over the seven-dimensional8 volume that we wish to sample. For
this purpose, we generated 450 000 training and 50 000 testing
spectra, produced by a Latin hypercube sampling over our vol-
ume.

The consistency between our emulated spectra and the tar-
get spectra returned by camb and HMcode2020 is validated in
the publicly available emulator repository on GitHub9, through
computation of the distribution of absolute fractional residuals
between the target and estimated spectra for all 50 000 testing
samples. We found that our updated method of emulation pro-
duces a more uniform error distribution than the original emula-
tion method from Spurio Mancini et al. (2022), across the wide
range of scales that we emulate (k ∈ [10−5, 20] h/Mpc), and
generally reduces the maximum error over all scales. Our emu-
lator exhibits a maximal error below 0.1% for 68% of our test
samples, in both the linear and non-linear power spectra.

Appendix B: Galaxy sample properties for intrinsic
alignment modelling

For our fiducial galaxy-type and mass-dependent intrinsic align-
ment (IA) model, we need to measure the average host halo
mass Mh and the red galaxy fraction fr in each tomographic bin.
These, and relevant intermediate properties, are summarised in
Table B.1. We note that, where appropriate, we computed aver-
ages as the means over logarithmic quantities as these propagate
straightforwardly to the averages of derived quantities in power-
law relations. Moreover, all averages were weighted by the shear
measurement weight and redshift estimation gold weight.

To determine fr, we used the output of the photometric
redshift estimation from the template-fitting code bpz (Benítez
2000). bpz employs a set of six model templates, ordered in terms
of star formation activity, and interpolates linearly between ad-

8 Four of our parameters were kept fixed to fiducial values in our power
spectra: the curvature contribution to the total energy density (ΩK) was
fixed to zero, the sum of the neutrino masses (

∑
mν) was fixed to its

minimum standard value, and the equation-of-state parameters of dark
energy (w0, wa), were fixed at the values for a cosmological constant.
See Table 3.
9 https://github.com/KiDS-WL/CosmoPowerCosmosis

Table B.1. Early-type galaxy sample properties for the mass-dependent
intrinsic alignment model per tomographic bin.

Bin ⟨z⟩ log10

(
⟨Lr⟩

L0

)
log10 Meff[h−1M⊙] fr

1 0.34 −1.32 11.69 0.15
2 0.48 −0.72 12.46 0.20
3 0.59 −0.47 12.76 0.17
4 0.79 −0.28 12.93 0.24
5 0.94 −0.14 13.08 0.19
6 1.23 0.01 13.21 0.03

Notes. Columns, from left to right: tomographic bin number, mean red-
shift, logarithmic normalised galaxy luminosity in the r-band, logarithm
of the effective halo mass, and the red galaxy fraction.

jacent template to determine a best-fitting spectral energy dis-
tribution. The bpz output TB encodes the best-fit templates and
their admixture in steps of 0.1. We chose TB < 1.9 to define
early-type galaxies, encompassing all galaxies with some con-
tribution of an elliptical galaxy spectrum (template no. 1). We
validated that, at least on a matched sample between the KiDS
and GAMA (Driver et al. 2011) surveys (i.e. for relatively bright
and low-redshift galaxies), this TB cut is capable of isolating the
red sequence.

We found that in the first five tomographic bins fr fluctu-
ates around 0.2, broadly in line with expectations for a flux-
limited sample. The sixth bin contains a negligible fraction of
early-type galaxies, a feature that we also see in our simulated
sixth bin from SKiLLS. The statistical error on fr is very small.
We repeated the measurement varying TB by ±0.1 and obtained
changes in fr of less than 0.02. Therefore, we decided to consider
fr as fixed in the IA model.

To compute halo masses, we made use of the r-band lumi-
nosities derived as part of the KiDS Data Release 5 (Wright et al.
2024). van Uitert et al. (2015) measured effective halo masses
for SDSS (LOWZ and CMASS) early-type galaxies via weak
lensing, as a function of luminosity and redshift. We used their
reported halo mass results and galaxy properties to construct the
following linear relation

log10 M(i)
h [h−1M⊙] = γ

(
1

1 + ⟨z⟩(i)
−

1
1 + zpiv

)
(B.1)

+ δ log10

(
⟨Lr⟩

(i)

L0

)
+ ∆M ,

where we chose zpiv = 0.3417, such that the parameters γ
and ∆M are uncorrelated to a good approximation. An addi-
tional parameter δ describes the dependence on the average lu-
minosity ⟨Lr⟩, normalised by the reference luminosity L0 =
1011(h/0.7)−2L⊙. van Uitert et al. (2015) showed that the lumi-
nosity dependence evolves only mildly with redshift, so that
we determine δ as the inverse variance-weighted average scal-
ing over the four samples they considered. Thus, we obtained
γ = 1.25±0.33, δ = 1.42±0.16, and ∆M = 13.56±0.02. In line
with expectations, both the average luminosity and halo mass in-
crease monotonically by more than an order of magnitude from
the first to the sixth tomographic bin (see Table B.1).

Statistical uncertainties on the halo mass are propagated via
Monte Carlo sampling from the fit and measurement uncertain-
ties. The standard deviation of log10 Mh is approximately 0.2 in
the first tomographic bin, driven by the extrapolation of Eq. (B.1)
to fainter samples, and of order 0.1 in the remaining bins, where
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a reduced error due to luminosities more compatible with the
range fitted by van Uitert et al. (2015) is gradually traded off
with larger uncertainty because of extrapolation to higher red-
shifts. Halo mass estimates are strongly correlated (correlation
coefficient greater than 0.9) between tomographic bins due to the
extrapolation from the luminosity and redshift ranges considered
by van Uitert et al. (2015). Therefore, we propagated the uncer-
tainty in halo masses into our IA model by assuming a multivari-
ate Gaussian prior with standard deviation of 0.2 in log10 Mh for
all bins and the correlation matrix as obtained from the Monte
Carlo error propagation.

Throughout the construction of our astrophysics-informed
galaxy IA model, we have not distinguished between central
and satellite galaxies, although their alignment mechanisms are
believed to be different (Schneider & Bridle 2010). The NLA
model assumes a fixed relation between linear and non-linear
scales where centrals and satellites tend to dominate IA sig-
nals, respectively, although our scale-dependent IA model tests
whether the data prefers a different ratio on average over the
whole survey. However, the satellite fraction in our early-type
galaxy sample is unknown, yet almost certainly evolves with
halo mass and redshift (see e.g. Shuntov et al. 2022). For a
given mass and redshift, early-type satellite fractions are typi-
cally twice as large as those of late types (Mandelbaum et al.
2006), so that the impact of potential IA signals of blue satellites
is less of a concern.

Moreover, the satellite fractions in most galaxy samples used
in direct IA constraints are also unknown. Fortuna et al. (2025)
estimated a satellite fraction of 30 % and possibly higher (see
also van Uitert et al. 2016) in a subset of the GAMA-KiDS sam-
ple and subsequently excluded it from their fit. Johnston et al.
(2019) studied alignments amongst and between centrals and
satellites. They tentatively found a steeper slope of the red satel-
lite IA signal on small transverse scales. The mass scaling of the
IA amplitude in red satellites is qualitatively similar to that of
centrals (Fortuna et al. 2021a).

In summary, neither cosmic shear surveys nor direct mea-
surements to calibrate IA currently provide sufficient informa-
tion to treat the IA signals of satellites and their associated trends
separately. We are forced to treat satellite effects as part of an ef-
fective small-scale IA model, with any discrepancies in the com-
bined dependencies on scale and galaxy sample properties ex-
pected to be comfortably absorbed in the still wide priors. Once
surveys reach the statistical power to significantly constrain IA
models beyond an overall amplitude, calibration measurements
of IA will need to be (re-)analysed separately for central and
satellite populations. Halo models (Fortuna et al. 2021a) will be
a natural choice to accurately represent different IA mechanisms
and scalings on large and small scales.

Appendix C: Band-powers derivation

To arrive at the correct response functions for our band-powers,
we first write CE/B,l as a function of ξ±(θ), in the same manner as
for the COSEBIs in Eq. (16),

CE/B,l =
π

Nl

∫ ∞

0
dθ θ T (θ)

[
gl
+(θ) ξ+(θ) ± gl

−(θ) ξ−(θ)
]
, (C.1)

where gl
±(θ) are the band-power filter functions for bin l and T (θ)

is a function that limits the range of θ-scales that contribute to the
integral. If ξ± is known for all scales then T (θ) = 1 everywhere.
We now write gl

±(θ) in terms of the idealised response function,

gl
±(θ) =

∫ ∞

0
dℓ ℓ S l(ℓ) J0/4(ℓθ) . (C.2)

If S l(ℓ) is a top-hat then,

gl
+(θ) =

1
θ2

[
θℓup,l J1(θℓup,l) − θℓlo,l J1(θℓlo,l)

]
, (C.3)

gl
−(θ) =

1
θ2

[
G−(θℓup,l) − G−(θℓlo,l)

]
,

with,

G−(x) =
(
x −

8
x

)
J1(x) − 8J2(x) . (C.4)

Inserting for ξ± from Eq. (15) into Eq. (C.1) we arrive at,

C
(i j)
E,l =

1
2Nl

∫ ∞

0
dℓ ℓ

[
W l

EE(ℓ) C(i j)
εε,E(ℓ) +W l

EB(ℓ) C(i j)
εε,B(ℓ)

]
,

(C.5)

C
(i j)
B,l =

1
2Nl

∫ ∞

0
dℓ ℓ

[
W l

BE(ℓ) C(i j)
εε,E(ℓ) +W l

BB(ℓ) C(i j)
εε,B(ℓ)

]
,

where the weight functions are,

W l
EE(ℓ) =

∫ ∞

0
dθ θ T (θ)

[
J0(ℓθ) gl

+(θ) + J4(ℓθ) gl
−(θ)

]
,

W l
EB(ℓ) =

∫ ∞

0
dθ θ T (θ)

[
J0(ℓθ) gl

+(θ) − J4(ℓθ) gl
−(θ)

]
,

(C.6)

with W l
EE(ℓ) = W l

BB(ℓ) and W l
EB(ℓ) = W l

BE(ℓ). Since ξ± are mea-
sured between θmin and θmax, T (θ) has to be defined such that no
information beyond this range is included. To avoid ringing, we
apodise T (θ) with a Hahn window and smooth its transitions to
zero:

T (θ) =



0 ; x < xlo −
∆x

2

cos2
[
π

2
x − (xlo + ∆x/2)

∆x

]
; xlo −

∆x

2
≤ x < xlo +

∆x

2

1 ; xlo +
∆x

2
≤ x < xup −

∆x

2

cos2
[
π

2
x − (xup − ∆x/2)

∆x

]
; xup −

∆x

2
≤ x < xup +

∆x

2

0 ; x ≥ xup +
∆x

2
.

(C.7)

Here x = log(θ), ∆x is the log-width of the apodisation, xlo −

∆x/2 = log(θmin) and xup + ∆x/2 = log(θmax). We require
∆x > log(θup/θlo), and in practice have used ∆x = 0.5 for all
KiDS-Legacy CE,B analyses. We note, also, that this apodisa-
tion method is different to how we applied the apodisation for
KiDS-1000 analysis, where we instead had xlo = log(θmin) and
xup = log(θmax). This change was made as it was deemed more
intuitive/appropriate that the band power windows be contained
primarily within the requested ℓ ranges after apodisation, rather
than before.

Appendix D: KiDS-Legacy variable depth mocks
and covariance validation

Our analysis used an analytical covariance matrix, as sum-
marised in Sect. 2.6. Here, we describe the mocks which were
used to validate the covariance matrix (see Reischke et al. 2025)
in more detail.
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Fig. D.1. Cartesian spatial map (corresponding Nside = 1024, show-
ing a local flat projection of the healpix map) of the TG weights,
wTG, throughout a single field of our KiDS-Legacy-like mock catalogue.
Larger TG weights correspond to a higher local source density.

Fig. D.2. Dependence of the galaxy density, neff , on TG weights, wTG
in the KiDS-Legacy-like mock catalogue. The data points represent the
mean neff of ten equi-populated bins in wTG. The solid line shows the lin-
ear fit to the aforementioned data points of their respective tomographic
bin, labelled S1-S6. The dashed horizontal lines show the mean values
of neff calculated from the galaxy samples with variable depth per to-
mographic bin, while the dashed horizontal lines show the values of neff
for the respective galaxy samples without any spatial variations in the
observational depth.

The log-normal simulations are based on GLASS10 (Genera-
tor for Large-Scale Structure, Tessore et al. 2023) with a detailed
description given in von Wietersheim-Kramsta et al. (2025) as
well as Section 8.1 in Reischke et al. (2025). The resulting den-
sity field realisations, in concentric shells, were subsequently in-
tegrated along the line-of-sight weighted by the weak lensing
kernel, Eq. (2), to create a total of 4224 realisations of the shear
field.

For each realisation, galaxies were sampled, factoring in
systematic effects such as the survey footprint and variable
depth (as caused by seeing, sky transparency fluctuations,
and differences in the number of overlapping pointings) using
SALMO11 (Speedy Acquisition for Lensing and Matter Ob-
servables, Joachimi et al. 2021). The inclusion of a sixth to-
mographic bin in KiDS-Legacy incorporates more faint galax-
ies in the sample, enhancing the overall magnitude of variable
depth and boosting the lensing signal relative to the noise. Al-
though previous analyses suggested that depth variability effects
on the signal in KiDS-1000 remain below the noise threshold
(Heydenreich et al. 2020), this might not be the case for KiDS-
Legacy.

To model variable depth, we rely on organised randoms
(ORs, introduced in Johnston et al. 2021; Yan et al. 2025). ORs
10 https://glass.readthedocs.io/stable/
11 https://github.com/Linc-tw/salmo

use SOMs to generate random samples that reflect the spatial
variability caused by a high-dimensional systematic space. The
ORs provide Tiaogeng (TG) weights, wTG, (see Yan et al. 2025,
for a detailed explanation), quantifying the spatial variability of
the selection function of the galaxy sample as a function of posi-
tion on the sky. The ORs robustly trace the variations in depth
for KiDS-Legacy. Yan et al. (2025) demonstrated that the TG
weights are uncorrelated with r-band magnitude, photometric
redshift, and underlying cosmological density variations. In con-
trast, they are highly correlated with the magnitude limit of the
survey in the r-band, which is used for both source extraction
and shape measurement.

Figure D.1 shows the TG weights for a single field in our
KiDS-Legacy-like mock, as a function of position on the simu-
lated sky. Additionally, Fig. D.2 shows the corresponding local
source density of sources as a function of TG weights, colour-
scaled for the different source bins. The horizontal dashed lines
depict the effective homogeneous number density. Solid lines are
linear fits to the measured effective number density in ten equi-
populated bins of the TG weights. This linear interpolation al-
lows for an effective evaluation of neff at each pixel.

The local density variations seen here also affect the redshift
distributions. This issue is addressed by reapplying the photo-
metric redshift calibration using SOMs (see Wright et al. 2025,
for details) to each tomographic bin and each of the ten TG
weight bins. The resulting redshift distribution then enters the
shear maps via the weak lensing kernel.

On each simulation, we measured the shear two-point corre-
lation functions as indicated in Sect. 2.5, from which the sam-
ple covariance could be estimated directly. These mocks were
then compared to the OneCovariance code. The results are pre-
sented in Reischke et al. (2025) with 10 percent agreement for
the variances, very similar to what was found in previous analy-
sis (Joachimi et al. 2021). In particular, we found that the limit-
ing factor in the covariance modelling is not the effect of variable
depth but rather the survey geometry on large scales. All these
effects, however, do not significantly affect the cosmological re-
sults presented in this paper.

Appendix E: B-mode analysis

During the initial phases of the blinded KiDS-Legacy analysis,
our B-mode null-test analyses (see Sect. 4.3) failed our required
significance threshold (p ≥ 0.01). This led to a dedicated ef-
fort to investigate the possible causes of the B-mode signal in
the dataset, starting with the highest level data products and sys-
tematically working our way back through the data production
and analysis pipelines, to identify the root cause of the B-mode
signal.

As KiDS-1000 did not show significant B modes (specif-
ically, as analysed by Li et al. 2023a using the same shape-
measurement code and analysis choices, such as scale cuts), the
initial test in our investigation was to determine whether the ob-
served B-mode significance in KiDS-Legacy was owing to a
decrease in covariance (specifically shot noise) caused by the
increased area of KiDS-Legacy over KiDS-1000. We therefore
started by analysing the KiDS-Legacy B-mode significance in
the same footprint as KiDS-1000, finding that the KiDS-Legacy
data in this footprint still exceeded the B-mode significance re-
quirement.

Subsequent investigation of the B-mode origin focussed
on PSF contamination (via Paulin-Henriksson statistics; see
Sect. 4), one- and two-dimensional c-terms, covariance construc-
tion, and shape measurement biases (as a function of, for ex-
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ample, galaxy morphology and position on-sky). Each of these
tests was performed locally (per square degree tile), in the de-
tector plane (i.e. coadding all sources in the frame of the fo-
cal plane), with spatial jackknife subsets of the full survey, and
globally (e.g. at the data vector level, and looking for population-
level trends). Each of these investigations failed to illuminate the
origin of the B-mode signal. Finally, we investigated the lowest-
level possible cause of the anomalous B-mode signal: system-
atic failures in the astrometric solution used in the theli calibra-
tion (with Gaia) of r-band images. The global astrometric accu-
racy of KiDS-Legacy is presented in Wright et al. (2024), where
we demonstrated the accuracy of the theli (constructed with a
Gaia reference) and Astro-WISE (constructed with a SDSS and
2MASS reference) catalogues both globally (see their Figures
10, 11, C1, and C2) and as a function of right ascension and dec-
lination (RA and Dec; see their Figures 8 and 9), compared to
SDSS, 2MASS, and Gaia. In our new investigation, we explored
the astrometric accuracy in finer detail (i.e. higher on-sky res-
olution) and using the individual astrometric solutions of theli
exposures and Astro-WISE co-adds.

We computed two test statistics for investigation of the B-
mode signal. The first test statistic is sensitive to the astromet-
ric consistency between theli co-added images, which are used
for source detection, and Astro-WISE co-added images, which
are used for photometric measurements (and therefore impacts
photometric redshift estimation, which is used for tomographic
binning). This metric (δrint) measured the systematic difference
between the centroid of all targets extracted from these im-
ages. This was achieved by matching all sources (within 2′′) ex-
tracted from Astro-WISE and theli co-added r-band images.
With these matches, we computed the radial separation r be-
tween each source’s centroid in the two images and then calcu-
lated the median of these separations in 1 × 1 arcminute on-sky
bins. The 2D map of median separations was then assigned back
to each source.

Our second test statistic was computed between individual
exposures of the theli r-band images, which are used for shape
measurement. This metric (δrexp) measures the systematic differ-
ence between the centroids of targets extracted from individual
theli exposures, which are point-like and have high S/N. This
was achieved by matching sources extracted from Astro-WISE
(used here purely as a static reference) and the individual theli
exposures (within 2′′). For the Astro-WISE static reference,
we applied selections on Source Extractor (Bertin & Arnouts
1996) output variables

FLUX_RADIUS < 4.0 (E.1)

and

FLUX_ISO/FLUXERR_ISO > 10.0, (E.2)

to select point-like high-S/N sources. Settings used in the extrac-
tion of sources are provided in Table 4 of Wright et al. (2024).
For the sources extracted from the individual theli exposures,
we performed the same point source selection (Eq. E.1) and a
modified S/N criteria, to account for the reduced depth of the
individual exposures compared to the co-add:

FLUX_ISO/FLUXERR_ISO > 10.0/
√

(5) . (E.3)

With these matches, we then computed the radial separation ri j
between all exposures in {i, j ∈ [1, 5] | i , j}, computed the max-
imum of these separations in 2 × 2 arcminute on-sky bins, and
smoothed these maps with a 1 arcminute Gaussian kernel. We

then combined these individual 15 i ↔ j maps into a final sin-
gle map, by selecting again the maximum separation per on-sky
bin. This resulting map was then once-again smoothed using a 1
arcminute Gaussian kernel.

These maps provided us with two test statistics that could be
used as an additional mask for the survey, given specific thresh-
olds in the statistic values. The first metric is relevant for pos-
sible failures in photometry: if the astrometric solution between
Astro-WISE and theli differs, then the apertures extracted from
theli imaging will be incorrectly placed on the Astro-WISE im-
ages. The second metric is relevant for possible failures in shape
measurement: the shape measurement algorithm lensfit, which
is used in KiDS, assumes perfect astrometric alignment of ex-
posures within the theli r-band imaging. As such, any residual
astrometric misalignment will manifest as an erroneously esti-
mated shape, and coherent misalignments may manifest as an
E- or B-mode cosmic-shear signal.

For our first statistic, the degree of inconsistency between
the imaging that can lead to systematic errors in photometry is
relatively benign: our photometric measurement code GAaP has
a minimum aperture size of 0′′.7, driven largely by the fact that
our imaging has seeing that is consistently larger than 0′′.6 (see
e.g. Figure 7 of Wright et al. 2024). Systematic errors in aper-
ture centroids at the level of the FWHM and larger will lead to
significant flux to be lost from the target aperture (assuming a
point-like source), and thus may pose a problem for our photom-
etry. However, there are two additional relevant considerations.
Firstly, in our cosmological analyses, all sources that are used
must be resolved and thus (in some direction) larger than the
PSF FWHM. Secondly, even if significant flux is missed, if the
Astro-WISE imaging are all well aligned to each other, then the
flux will be consistently missed in all bands, thereby keeping the
source SED largely consistent. As such, we expect the effect to
be rarely relevant, and (when it is relevant) only to have a mi-
nor impact on photometric redshifts. Nonetheless, we chose to
mask all areas of the survey where our first statistic exceeds the
minimum PSF FWHM: that is, where δrint > 0′′.6. This corre-
sponds to approximately 0.7 deg2 of removed data over the full
KiDS-Legacy footprint.

For our astrometric statistic, there is much less intuition
available regarding the level of astrometric error that may be
problematic for our analysis. As such, we chose to investigate
(while remaining fully blinded; outcomes of the various tests
were very similar for all blinds) the impact of various masks
(defined by thresholds in δrexp) on our null test results, and on
our cosmological inference. Figure E.1 shows the results of this
investigation. On the x-axis of each panel in the figure, we show
the threshold in our astrometric metric δrexp that was used to de-
fine a mask. This mask was then applied to the full KiDS-Legacy
cosmic shear source sample, and the end-to-end cosmological
analysis pipeline was run (including N(z) estimates, shape re-
calibration, two-point statistics, covariances, and cosmological
chains). For each threshold, we were therefore able to report the
change in sample size (bottom panel of Fig. E.1; similar to the
change in area), the change in the B-mode null test p-value (mid-
dle panel), and the change in the inferred marginal value of Σ8
(top panel).

Firstly, we see that the null test p-value passes our pre-
defined threshold of p = 0.01 with δrexp ≲ 0′′.25, corresponding
to a masked fraction of sources of at least 1%. Secondly, we see
that the value of Σ8 is robust to the application of increasingly
conservative thresholds, demonstrating a ∆Σ8 ≲ 0.5σ variation
when discarding up to 100 deg2 of possibly contaminated data
and causing the B-mode significance to decrease to p > 0.3. In

Article number, page 29



A&A proofs: manuscript no. KiDSLegacy_CosmicShear

−
0.

05
0

0.
05

Σ 80.
58

−
Σ 8

,fi
d

0.
58

10
−8

10
−6

10
−4

10
−2

10
0

p

0.05 0.1 0.2 0.5 1

0.
1

1
10

10
0

Threshold Value (arcsec)

S
ou

rc
es

 R
em

ov
ed

 (
%

 o
f t

ot
al

)

Passes Null test
Fails Null Test
Fiducial Choice
Using Randomised Mask

Fig. E.1. Summary of our blinded B-mode investigation where we mea-
sure the COSEBIs En/Bn cosmic shear statistics, masking survey area
where our astrometric metric, δrexp, exceeds a series of threshold val-
ues (shown on the x-axis). The middle panel shows the p-value that
quantifies the likelihood that the B-mode is consistent with zero. As we
reduce the δrexp threshold, the p-value increases above p ≤ 0.01 (red
shaded region), and the masked survey passes the B-mode null test. As
the mask reduces the total number of sources (lower panel), the blue
squares show the p-values from a random mask analysis, demonstrat-
ing that the improved B-mode is not driven by a reduction in area. In the
upper panel we find that the astrometric masking has a benign impact
on our Σ8 cosmological constraints. The green data point and shaded
regions shows the results from our fiducial analysis, demonstrating that
failing data-vectors are consistent with our fiducial, all having less than
0.4σ changes in Σ8.

the region around where we first pass the null test, and do not
throw away an overly excessive fraction of the source sample
(i.e. δrexp ∈ [0′′.20, 0′′.25]) our recovered marginal value of Σ8
is at most 0.006 (or 0.36σ) smaller than in the case where we
perform no masking at all (equivalent to the threshold of 1′′).
Thirdly, we can see that the null test p-value is correlated with
the fraction of removed area, which begs the question of whether
the improvement in our null test might simply be the result of re-
duced constraining power related to the smaller sample. To test
this possibility, we must construct a new mask that removes the
same amount of area from the survey at a given threshold, but
which does not trace the underlying astrometric errors that we
think are likely responsible for our B-mode signal. To do this,
we constructed a randomised version of our astrometric metric,
by randomising the individual masks (defined per square degree

tile) between the 1347 tiles of the survey. Furthermore, we also
flip the shuffled masks in both the RA and Dec directions, to re-
move any possible correlations between the constructed masks
and the focal plane. We then repeated the analysis using the ran-
domised mask, and found that the B-mode signal remained sig-
nificant (see the blue points in Fig. E.1). As such, we conclude
that our astrometric mask is removing a bone fide B-mode signal
from the data vector, and not just removing sensitivity to the B
mode by lowering the constraining power.

As such, from these tests we can see that our astrometric
statistic targets our B-mode signal, and that our recovered cos-
mology is fairly insensitive to our choice of the mask. We there-
fore opt to define a fiducial threshold in our test statistic that
passes our B-mode test and makes some intuitive sense. To that
end, we define the fiducial mask to be where δrexp > 0′′.2, where
0′′.2 is chosen as a round number that is smaller than the theli
pixel size (0′′.212). This corresponds to approximately 4% of the
full KiDS-Legacy source sample, drawn from a previously un-
masked area of 46.6 square degrees.

Appendix F: Cosmological parameters from ξ±
Here, we present cosmological parameter constraints from ξ±,
for comparison with previous work and external datasets. We
followed the KiDS tradition of using nine logarithmic bins in θ,
but constructed these over the same scale cuts as used by our
fiducial En/Bn: θ ∈ [2, 300]′. We also removed the first θ-bin
from ξ−, in effect limiting it to θ ∈ [4, 300]′, following previous
KiDS analyses. For our theoretical predictions we must also ap-
ply this binning scheme, however we note that it is not sufficient
to simply integrate ξ±(θ) in Eq. (15) over the bin width. Instead,
we must weight ξ±(θ) by the weighted number of galaxy pairs,
Npair(θ) (see Appendix A of Asgari et al. 2020, for details).

We used the finely binned ξ±(θ) and its corresponding num-
ber of galaxy pairs to make our measurements and our predic-
tions,

ξbinned
± (θbin) =

∑
Npair(θ) ξ±(θ) ∆(θbin − θ)∑

Npair(θ) ∆(θbin − θ)
, (F.1)

where ∆(θbin−θ) is the binning function, which is equal to 1 if θ is
within the boundaries of the bin labelled θbin, and is 0 otherwise.
When predicting ξbinned

± (θbin), we assumed that the distribution of
the number of pairs and the value of ξ±(θ) were both essentially
constant within each of the 1000 bins, and used the predicted
values of ξ± at the centres of the bins from Eq. (15) in Eq. (F.1).

Figure F.1 presents the whisker diagram for our ξ± con-
straints under all analyses, and Fig. F.2 presents our posterior
predictive distributions for ξ±. Despite our concerns regarding
the possible systematic contamination of our ξ± signals, our cos-
mological parameter constraints from ξ± are in good agreement
with the results from our other statistics. We note, however,
that our posterior predictive distributions (shown in Fig. F.2)
are much closer to the significance limit (PTE< 0.01) than our
other statistics (see results for the fiducial setup in Table F.1,
and for the analysis variations in Table H.1). Finally, we note
that our companion paper Stölzner et al. (2025) finds strong ev-
idence for a scale-dependent tension between cosmological pa-
rameters modelled with ξ±. Furthermore, Oehl & Tröster (2024)
found that the likelihood of ξ± becomes non-Gaussian on large
scales. This is evidence that our choice to present constraints
with ξ± as less reliable was warranted.
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Table F.1. Constraints on S 8 (α = 0.50) and Σ8 (α free) for ξ± under our fiducial setup.

Setup statistic α χ2 dof PTE NPJ−HPD
samp Marginal Max. Apost. Marginal

Mode+HPD +PJ-HPD Mean + CI

S 8 Fiducial ξ± 0.50 413.1 351.5 0.013 48 0.825+0.017
−0.018 0.827+0.022

−0.015 0.825+0.018
−0.017

Σ8 Fiducial ξ± 0.55 413.1 351.5 0.013 11 0.821+0.016
−0.016 0.825+0.025

−0.013 0.821+0.016
−0.016

0.75 0.8 0.85
Σ8=σ8(Ωm 0.3)0.56

2PCF (ξ±)

Modelling variations

IA model variations

Alternative redshift calibration

Systematics variation

Alternate scale cuts

Bin combination variations

Pl anck Legacy

KiDS−Legacy Fiducial
(Marginal Max + HPDI) 0.64σ(Marginal Mean CI)
(Max. Post. + PJ−HPD)

CAMB + HMCode(2020)
−0.02σ

Gaussian Covariance
 0.34σ

NLA
−0.22σ

NLA−z
 0.15σ

NLA−k
−0.27σ

MICE2 δz

 1.53σ

CC δ(z)
 0.20σ

σz=0
−0.12σ

w/o z−bin 1
 0.10σ

w/o z−bin 2
 0.03σ

w/o z−bin 3
 0.12σ

w/o z−bin 4
 0.14σ

w/o z−bin 5
−0.13σ

w/o z−bin 6
−0.22σ

Fig. F.1. Whisker diagram of Σ8 cosmological results from ξ±. The fig-
ure is annotated as in Fig. 11.
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Fig. F.2. Data vector and posterior predictive distributions for the fiducial run of our ξ±. Scales in the grey shaded region are excluded from our
fiducial analysis. TPDs are shown for 68th (red) and 95th (orange) percentiles of the posterior models.

Appendix G: Additional posterior constraints

In this appendix we provide additional posterior constraints, for
various combinations of parameters and model setups.

G.1. Whisker diagram in S 8

In this section we show the S 8 equivalent of our main whisker-
diagrams, for comparison with previous work. Figure G.1 shows
the constraints for our En, CE, and ξ± statistics, with all analysis
variations included. The variability between the constraints is
larger in this projection than in the Σ8 projections, due to shifting
of the posterior mode along the σ8, Ωm degeneracy. Otherwise,
we note that all conclusions of this work are unchanged when
analysing the S 8 space, rather than the Σ8 space.

G.2. Redshift distributions

Figure G.2 shows the posterior constraints on our redshift distri-
bution bias parameters, for chains analysed using various intrin-
sic alignment models, compared to the prior. The chains are all
consistent with the prior, with only the low-z tomographic bins
showing any tendency to shift away from the prior. Moreover,

the posteriors are all fully consistent between the various analy-
ses, demonstrating that the choice of intrinsic alignment model
does not have a significant impact over the inferred redshift dis-
tribution biases.

G.3. Cosmological parameters

Figure G.3 shows the posterior constraints on our cosmologi-
cal parameters, again for chains analysed using various intrinsic
alignment models, and again compared to the prior. Only S 8 and
Ωm can be reliably considered to be constrained, although there
are interesting preferences in certain parameters.
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Fig. G.1. Whisker diagram of S 8 cosmological results presented in this work. Each panel shows the compilation of results for one of our two-point
statistics, as annotated. In each panel, we show the fiducial constraints in the relevant statistic with coloured points (colour-coded by the statistic),
and highlight the fiducial marginal HPDI with a band of the equivalent colour. We also highlight the marginal HPDI in S 8 from Planck-Legacy
(shaded red). All variations to our analysis are annotated, and values plotted in dark blue. We annotate each analysis variation with the difference
(quantified using the Gaussian approximation to the Hellinger tension) that the resulting marginal mode/HPDI has with respect to the fiducial (dark
blue) or Planck (red).
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Appendix H: Tabulated constraints

Table H.1. Constraints on Σ8 under our analysis variations.

Setup Statistic α χ2 dof∗ PTE PJ-HPD Marginal Max. Apost. Marginal
Nsamp Mode+HPD +PJ-HPD Mean + CI

Σ8 Iteration 1 En 0.58 127.3 120.5 0.318 23 0.821+0.014
−0.016 0.825+0.021

−0.014 0.820+0.015
−0.015

Σ8 Iteration 1 CE 0.60 151.0 162.5 0.731 18 0.811+0.020
−0.014 0.824+0.006

−0.028 0.813+0.017
−0.017

Σ8 Iteration 1 ξ± 0.55 413.1 351.5 0.013 23 0.823+0.014
−0.018 0.829+0.013

−0.020 0.821+0.016
−0.016

Σ8 No Bin 1 En 0.58 89.8 84.5 0.326 31 0.823+0.014
−0.017 0.819+0.017

−0.013 0.821+0.015
−0.015

Σ8 No Bin 1 CE 0.60 102.0 114.5 0.792 74 0.814+0.019
−0.015 0.818+0.020

−0.015 0.815+0.017
−0.017

Σ8 No Bin 1 ξ± 0.56 282.5 249.5 0.074 33 0.823+0.016
−0.017 0.825+0.021

−0.014 0.822+0.016
−0.016

Σ8 No Bin 2 En 0.56 78.5 84.5 0.663 32 0.820+0.015
−0.017 0.814+0.030

−0.004 0.820+0.015
−0.015

Σ8 No Bin 2 CE 0.60 116.4 114.5 0.433 49 0.811+0.019
−0.016 0.819+0.023

−0.016 0.813+0.017
−0.017

Σ8 No Bin 2 ξ± 0.55 285.5 249.5 0.058 54 0.819+0.020
−0.013 0.829+0.019

−0.018 0.822+0.017
−0.017

Σ8 No Bin 3 En 0.59 93.6 84.5 0.234 10 0.824+0.015
−0.017 0.819+0.025

−0.008 0.823+0.015
−0.016

Σ8 No Bin 3 CE 0.61 113.8 114.5 0.501 25 0.818+0.018
−0.017 0.828+0.011

−0.024 0.818+0.017
−0.017

Σ8 No Bin 3 ξ± 0.56 288.8 249.5 0.044 18 0.824+0.015
−0.017 0.823+0.021

−0.012 0.822+0.016
−0.016

Σ8 No Bin 4 En 0.58 98.6 84.5 0.140 51 0.824+0.015
−0.016 0.820+0.019

−0.012 0.823+0.016
−0.015

Σ8 No Bin 4 CE 0.60 109.1 114.5 0.625 5 0.814+0.016
−0.019 0.818+0.016

−0.020 0.812+0.017
−0.017

Σ8 No Bin 4 ξ± 0.56 301.5 249.5 0.013 43 0.822+0.017
−0.015 0.825+0.019

−0.014 0.823+0.016
−0.016

Σ8 No Bin 5 En 0.56 99.6 84.5 0.125 31 0.823+0.019
−0.016 0.824+0.022

−0.014 0.825+0.017
−0.017

Σ8 No Bin 5 CE 0.59 102.5 114.5 0.782 7 0.809+0.019
−0.019 0.821+0.016

−0.026 0.808+0.019
−0.019

Σ8 No Bin 5 ξ± 0.56 296.1 249.5 0.023 25 0.822+0.015
−0.021 0.823+0.023

−0.016 0.818+0.018
−0.018

Σ8 No Bin 6 En 0.61 91.5 84.5 0.283 32 0.817+0.019
−0.017 0.814+0.020

−0.016 0.817+0.018
−0.018

Σ8 No Bin 6 CE 0.59 105.5 114.5 0.715 4 0.817+0.019
−0.023 0.813+0.039

−0.010 0.815+0.021
−0.020

Σ8 No Bin 6 ξ± 0.57 301.4 249.5 0.014 18 0.816+0.018
−0.021 0.814+0.033

−0.011 0.815+0.019
−0.019

Σ8 CAMB En 0.58 128.2 120.5 0.299 38 0.817+0.015
−0.015 0.830+0.002

−0.027 0.818+0.015
−0.015

Σ8 CAMB CE 0.60 151.7 162.5 0.718 35 0.812+0.017
−0.017 0.825+0.013

−0.024 0.812+0.017
−0.017

Σ8 CAMB ξ± 0.56 411.1 351.5 0.016 23 0.818+0.019
−0.014 0.818+0.025

−0.009 0.821+0.016
−0.016

Σ8 Gaussian Cov En 0.60 127.6 120.5 0.312 19 0.820+0.014
−0.011 0.823+0.011

−0.014 0.821+0.013
−0.012

Σ8 Gaussian Cov CE 0.61 151.9 162.5 0.714 24 0.817+0.014
−0.016 0.819+0.020

−0.013 0.816+0.015
−0.015

Σ8 Gaussian Cov ξ± 0.56 411.3 351.5 0.015 18 0.825+0.013
−0.014 0.826+0.022

−0.010 0.825+0.013
−0.013

Σ8 MICE2 δz En 0.60 123.2 120.5 0.415 18 0.836+0.013
−0.012 0.842+0.012

−0.015 0.837+0.012
−0.012

Σ8 MICE2 δz CE 0.62 150.2 162.5 0.746 6 0.832+0.015
−0.016 0.840+0.009

−0.022 0.832+0.015
−0.015

Σ8 MICE2 δz ξ± 0.57 400.3 351.5 0.037 12 0.839+0.015
−0.013 0.845+0.008

−0.019 0.841+0.014
−0.014

Σ8 Calib PV wgt En 0.58 137.8 120.5 0.134 26 0.820+0.015
−0.014 0.823+0.017

−0.013 0.821+0.014
−0.014

Σ8 Calib PV wgt CE 0.60 149.7 162.5 0.756 42 0.815+0.017
−0.017 0.818+0.025

−0.014 0.815+0.017
−0.017

Σ8 Calib shape wgt En 0.58 142.1 120.5 0.087 40 0.822+0.015
−0.013 0.829+0.008

−0.020 0.822+0.014
−0.014

Σ8 Calib shape wgt CE 0.60 150.2 162.5 0.746 39 0.816+0.019
−0.016 0.831+0.008

−0.028 0.816+0.017
−0.017

Σ8 CC Delta z En 0.63 129.6 120.5 0.269 25 0.831+0.020
−0.017 0.831+0.018

−0.018 0.832+0.018
−0.018

Σ8 CC Delta z CE 0.65 152.4 162.5 0.704 11 0.827+0.022
−0.020 0.829+0.012

−0.032 0.827+0.021
−0.021

Σ8 CC Delta z ξ± 0.61 415.4 351.5 0.011 27 0.826+0.020
−0.018 0.828+0.027

−0.014 0.827+0.019
−0.019

Σ8 [0.5,300] arcmin En 0.58 138.9 120.5 0.121 16 0.818+0.014
−0.016 0.816+0.013

−0.017 0.817+0.015
−0.015

Σ8 NLA En 0.54 128.2 120.5 0.299 63 0.810+0.017
−0.015 0.816+0.013

−0.020 0.811+0.016
−0.016

Continued on next page
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Table H.1 continued.
Setup Statistic α χ2 dof∗ PTE NPJ−HPD

samp Marginal Max. Apost. Marginal
Mode+HPD +PJ-HPD Mean + CI

Σ8 NLA CE 0.58 153.4 162.5 0.683 66 0.809+0.018
−0.018 0.810+0.018

−0.018 0.808+0.018
−0.018

Σ8 NLA ξ± 0.53 414.4 351.5 0.012 32 0.821+0.017
−0.016 0.817+0.033

−0.006 0.820+0.016
−0.017

Σ8 NLA-z En 0.55 126.6 120.5 0.334 69 0.819+0.016
−0.018 0.817+0.021

−0.013 0.819+0.017
−0.017

Σ8 NLA-z CE 0.58 153.4 162.5 0.683 68 0.817+0.016
−0.023 0.813+0.018

−0.020 0.814+0.019
−0.019

Σ8 NLA-z ξ± 0.54 411.5 351.5 0.015 46 0.828+0.016
−0.021 0.837+0.018

−0.022 0.827+0.018
−0.018

Σ8 NLA-k En 0.54 127.5 120.5 0.314 69 0.813+0.014
−0.018 0.808+0.021

−0.011 0.811+0.016
−0.016

Σ8 NLA-k CE 0.59 152.5 162.5 0.702 99 0.810+0.016
−0.020 0.823+0.019

−0.025 0.808+0.018
−0.018

Σ8 NLA-k ξ± 0.53 413.5 351.5 0.013 90 0.819+0.018
−0.016 0.826+0.027

−0.015 0.820+0.017
−0.017

Σ8 No Sigmaz En 0.58 131.9 120.5 0.225 40 0.818+0.015
−0.014 0.826+0.011

−0.019 0.819+0.015
−0.014

Σ8 No Sigmaz CE 0.60 154.1 162.5 0.669 62 0.811+0.019
−0.015 0.815+0.020

−0.014 0.813+0.017
−0.016

Σ8 No Sigmaz ξ± 0.56 418.6 351.5 0.008 41 0.819+0.015
−0.017 0.826+0.011

−0.021 0.819+0.016
−0.016

Σ8 No Systematics En 0.60 133.7 122.5 0.231 135 0.829+0.012
−0.015 0.823+0.016

−0.010 0.827+0.013
−0.013

Appendix I: Post-unblinding analyses and changes

In this appendix we detail all analyses that were taken, and any changes that were made to the analysis and/or manuscript, after
unblinding.

I.1. Comparison between Legacy and KiDS-1000

As discussed in Sect. 6, KiDS-Legacy presents a decrease in the marginal Hellinger tension with Planck of 2.2σ for Σ8 (1.65σ
for S 8). After the unblinding of KiDS-Legacy we investigated the differences between the Legacy and KiDS-1000 samples and
analyses, to determine whether the change in cosmological parameters could be attributed to systematic or random variations. To
do this, we reanalysed the KiDS-1000 and KiDS-Legacy shape catalogues with a series of analysis variations, which changed the
sample used for cosmological inference and/or the analysis choices that were used in the inference. This required us, in each case,
to rerun our N(z) estimation, our correlation function measurement, covariance computation, and posterior inference. We did not,
however, remeasure the redshift distribution bias parameters or the multiplicative shape measurement biases for every setup.

0.7 0.8
Σ8=σ8(Ωm 0.3)0.58

Previous work

Legacy Analyses

Pl anck Legacy

Li et al. (2023) −2.93σ

Legacy Nz est. & calib. −2.08σ

Legacy Tomo. & KiDZ (5 bins) −1.61σ

K1000 Tiles; NLA; 5 bins
−1.17σ

K1000 Tiles; NLA−M; 6 Bins
−1.40σ

Legacy (fiducial) −0.73σ

0.75 0.8 0.85

S8=σ8 Ωm 0.3

−2.39σ

−1.42σ

−1.12σ

−0.85σ

−1.00σ

−0.74σ

Fig. I.1. Variation in recovered En cos-
mological constraints for Σ8 (left) and
S 8 (right) when moving between KiDS-
1000 and KiDS-Legacy analyses, rel-
ative to the constraints from Planck
(red). Each point is annotated with the
Hellinger tension between the marginal
constraint and that of Planck.

Figure I.1 presents a graphical summary of the changes we found in our recovered cosmological constraints when analysing
KiDS-1000 using Legacy analysis choices and calibration methods, and when analysing Legacy using subsets defined by the KiDS-
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1000 footprint and photo-z baseline. Our investigation of the consistency between the data from Li et al. (2023a) and Legacy was
focussed on two areas: the impact of Legacy analysis choices and calibration methods, and the impact of the new on-sky area
available to Legacy. We quantified the effect of each analysis variation by recomputing the Hellinger tensions with respect to
Planck, as this allows us to circumvent the complex covariance between various analyses of KiDS-1000 and KiDS-Legacy.

As a result of this investigation, we found no evidence of statistically significant systematic biases in the sample and analysis
of KiDS-Legacy. We determined that the primary differences between the cosmological results of Li et al. (2023a) and Legacy are
attributable to changes to our redshift calibration sample and methodology, and to statistical noise driven by the new area available
to KiDS-Legacy outside the KiDS-1000 footprint. We have made no changes to the analysis methodology of Legacy as presented
in the main text after this investigation, and thus conclude that this suite of tests do not represent a possible source of bias in our
blinded analysis.

I.1.1. Analysing KiDS-1000 with Legacy calibration methods

We started by investigating the impact of the updated redshift estimation and calibration methods of Wright et al. (2025) on the
cosmological constraints of Li et al. (2023a). To do this we reran the entirety of the cosmic shear measurement from KiDS-1000,
from raw shape catalogues to cosmological inference, incorporating our new redshift estimation and calibration methodologies
(leveraging e.g. gold-weight and simulation construction with sample matching). In this analysis we computed revised redshift bias
estimates using the original KiDS-1000 redshift calibration sample, but updating to SKILLS image simulations and gold-weight
redshift distribution estimation. The result of this end-to-end reanalysis are provided in Fig. I.1 as ‘Legacy Nz est. & calib.’. We
found that the updated redshift distribution calibration method brings the cosmological estimates from the Li et al. (2023a) sample
into better agreement with Planck, at 2.08σ consistency in Σ8 and 1.42σ consistency in S 8. Importantly, both of these measurements
satisfy the typical KiDS threshold for consistency of 2.3σ (equivalent to a one-sided probability to exceed of 0.01).

I.1.2. Updating KiDS-1000 to the Legacy calibration sample

We also measured the contribution to the difference between KiDS-1000 and KiDS-Legacy caused by the differences to our analysis
choices and calibration sample, including our new tomographic bin limits and our greatly expanded redshift calibration dataset. To
do this we again performed a full end-to-end reanalysis of KiDS-1000, this time with our new tomographic bin limits (excluding
the sixth bin), and new redshift calibration sample from KiDZ. In this analysis we assume the redshift distribution biases and
multiplicative shear biases are the same as the fiducial KiDS-Legacy analysis. We find that the use of the larger KiDZ calibration
sample also slightly reduces the offset with Planck, to 1.61σ consistency in Σ8 and 1.12σ consistency in S 8 (‘Legacy Tomo. & KiDZ
(5 bins)’). This demonstrates that the KiDS-1000 sample, when analysed with our larger spectroscopic calibration sample and new
redshift calibration methods (but without adding higher redshift sources, or using updated imaging, or new photo-z, or additional
area) is consistent with the results from Planck and with the results from Legacy.

I.1.3. Legacy analysis in the KiDS-1000 volume

We explored the consistency between the constraints from KiDS-1000 and KiDS-Legacy by analysing the two samples in the
same volume, and with the same analysis choices. We were able to do this fairly easily thanks to our analysis from Sect. I.1.2,
which homogenised the tomography and N(z) estimation and calibration between the two samples. By restricting KiDS-Legacy
to only the footprint of KiDS-1000, excluding the sixth tomographic bin, and using the NLA IA model, we were able to perform
a comparison that is mostly free of statistical fluctuations. In fact there are still differences in the source samples due to changes
in source extraction, image masking, source selection, and more, which we assumed add only a small amount of statistical noise
to the comparison. We find that the Legacy sample in the same volume as KiDS-1000 is slightly closer to Planck than KiDS-
1000, with a 1.17σ consistency in Σ8 and 0.85σ consistency in S 8. This indicates that the sum total of changes (such as updated
imaging calibrations, photo-z, masking, etc.) lead to a 0.44σ (0.27σ) decrease in the Hellinger distance between Planck and KiDS;
significantly less than the change introduced by our new calibration methods.

I.1.4. Sixth tomographic bin and NLA-M

We further investigated the influence of adding the sixth tomographic bin and our new NLA-M IA model to the analysis of Legacy
in the footprint of KiDS-1000 (‘K1000 Tiles; NLA-M; 6 bins’), finding that these changes caused a significant reduction in our
marginal uncertainties (as expected) but did not lead to a significant change in the estimated cosmological parameters. As such, our
Hellinger distance with Planck increases with these additions, to 1.40σ consistency in Σ8 and 1.00σ consistency in S 8.

I.1.5. Additional Legacy area

Finally, we added the data back into Legacy that resides outside the footprint of KiDS-1000, and recover our fiducial result, which
exhibits a 0.73σ consistency in Σ8 and 0.74σ consistency in S 8. This demonstrates that there is a non-negligible statistical noise
component in the difference between the sources probed within the footprint of KiDS-1000 and over the final KiDS-Legacy area.
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I.2. Expanded scale cuts

Post unblinding, we discovered a typographical error in the pipeline which performed the measurement of correlation functions
with expanded scale cuts (Sect. 5.2.7). This error meant that the pre-unblinding measurements were made with uncalibrated shapes
directly from our shape measurement code lensfit, rather than with the recalibrated shapes (Sect. 3.5). We reran the expanded scale
cut analysis with the correct recalibrated shapes post-unblinding, finding that the consistency between the analyses with fiducial and
expanded scale cuts improved from 0.3σ to 0.15σ with the use of the correct shapes. No conclusions were changed as a result of
this error.

I.3. Iterative covariances

All fiducial chains were recomputed using our iterative covariance framework post-unblinding. This was a conscious pre-unblinding
choice, as the iterative covariances require non-negligible CPU time for the computation of MAP and new covariances. We found
that this process had a negligible impact on our constraints (see Sect. 5.2.3), and thus does not represent a possible source of bias in
our blinded analysis.
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