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Fine-mapping refines genotype-phenotype association signals to identify

causal variants underlying complex traits. However, current methods
typically focus onindividual genomic loci and do not account for the global
geneticarchitecture. Here we demonstrate the advantages of performing
genome-wide fine-mapping (GWFM) with functional annotations and
develop methods to facilitate GWFM. In simulations and real data analyses,

GWFM outperforms current methods across several metrics, including error
control, mapping power, resolution, precision, replication rate and
trans-ancestry phenotype prediction. Across 48 complex traits, we identify
credible sets that collectively explain 18% of the SNP-based heritability (thP)
onaverage, with30% credible sets located outside genome-wide significant
loci. Leveraging the genetic architecture estimated from GWFM, we predict

that fine-mapping over 50% of h2

snp Would require an average of 2 million

samples. Finally, as proof-of-principle, we highlight a known causal variant
at FTOinfluencing body mass index and identify new missense causal
variants influencing schizophrenia and Crohn’s disease risk.

Despite the success of genome-wide association studies (GWAS) in
identifying trait-associated variants', the causal variants underlying
complex traits remain unresolved due to extensive linkage disequi-
librium (LD) between single nucleotide polymorphisms (SNPs)? and
the polygenic nature of these traits**. Statistical fine-mapping, often
employing a Bayesian mixture model (BMM) that jointly fit several
SNPs, offers a direct approach to identifying candidate causal vari-
ants’. However, current fine-mapping methods focus on genome-wide
significant loci only (for example, 1-2-Mb windows centered on lead
SNPs after LD clumping®™) or consider one genomic region at a time
(for example, an LD block®), inisolation from the rest of the genome.

Although used widely, region-specific analysis has several lim-
itations. First, restricting fine-mapping to GWAS loci alone, which
often explain only a small fraction of the total genetic variance",

omits meaningful signals that have not yet reached the stringent
GWAS significance threshold. Second, the prior probability of asso-
ciation can be influential but is often conservatively predetermined
(for example, as the inverse of the number of SNPs in the region®”'¢)
due to challenges in estimating the genetic architecture precisely
within a region. Third, fine-mapping can benefit from incorporating
functional genomic annotations'* ">, but region-specific methods
often estimate functional priors separately before performing func-
tionally informed fine-mapping'®”>", rather than jointly modeling
GWAS data and functional annotations. Finally, none of the current
methods estimate the power of identifying the causal variants for a
trait, whichis critical to inform the experimental design of prospec-
tive studies (such a power analysis is availablein GWAS™ but absent in
fine-mapping).
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Fig.1|Schematic overview of GWFM analysis using GBMM. GBMM uses GWAS
summary statistics and genome-wide LD reference to fine-map candidate causal
variants for complex traits, incorporating functional annotations when available.
Unlike region-specific fine-mapping approaches, GBMM maps causal signals
across the entire genome and provides greater flexibility in modeling the
distribution of causal effects by estimating priors using genome-wide SNPs
(Supplementary Table 1). Different GBMMs share the same fitted model but differ
in prior specification for SNP effects. As shown in the middle box, SBayesRC
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assumes a mixture prior consisting of a point mass at zero and multiple normal
distributions with variance yh2,, where y; = [0,17%,17%,173,172] ».The mixing
probability for SNP;jin distribution k (7 ) is modeled as alinear combination of
SNP annotations through a probit link. Blue: input data; green: SNP-specific
parameters; red: global parameters shared across SNPs. The GBMM outputs
include SNP PIPs, local and global credible sets, and prediction of fine-mapping
power for future studies. lllustrations in left panel are created in BioRender;

Bu, F. https://biorender.com/jtglaz6 (2026).

These limitations can be addressed with GWFM analysis.
Genome-wide BMMs (GBMMs), used extensively for predicting
breeding values in agriculture®? and complex trait phenotypes in
humans??, have emerged recently as amethod for GWFM*?, Unlike
conventional GWAS and region-specific fine-mapping approaches,
GBMMs jointly fit genome-wide SNPs in the model, simultaneously
estimating the genetic architecture and functional priors through
‘information borrowing’**. For example, SNPs sharing the same
functional annotation across the genome collectively prioritize that
annotation based on their aggregated evidence of trait association,
which, in turn, informs the estimation of individual SNP effects. This
learning process is often performed iteratively using Markov chain
Monte Carlo (MCMC) sampling, leading to posterior inference with
superior asymptotic accuracy compared to variational inference”*,
although MCMC sampling can be computationally intensive with
high-density SNPs. Moreover, GBMMs estimate polygenicity and the
distribution of variant effect sizes>******?°, enabling the prediction
of power for prospective studies with larger sample sizes. However,
relevant theory and methods have not yet been developed.

In this study, we comprehensively evaluated the performance of
GWFM analysis using SBayesRC**, astate-of-the-art GBMM that enables
efficient MCMC-based fitting of all common SNPs with functional
annotations. Through extensive simulations under various genetic
architectures, we compared methods using several metrics, including
posterior inclusion probability (PIP) calibration, fine-mapping power,
mapping precision, credible set size, replication rate in independent
samples and out-of-sample prediction accuracy using fine-mapped
variants. We developed an LD-based method to constructlocal credible
sets (a-LCSs) for GBMM, each capturing a causal variant with posterior
probability a, and estimated the proportion of SNP-based heritability

(héNP) explained by these LCSs. To quantify overall fine-mapping

uncertainty, we provided aglobal credible set (GCS) (a-GCS) that cap-
tures a% of all causal variants for the trait. Leveraging the genetic
architecture estimated from SBayesRC, we further developed amethod
to predict fine-mapping power and the proportion of thP explained
by identified variants in prospective studies, enabling estimation of
the minimal sample size required to capture a desired proportion of
causal variants or thP. Finally, we applied SBayesRC to 599 complex
traits and diseases with 13 million SNPs and compared the fine-mapping
results for 48 well-powered traits, using data primarily from the UK

Biobank*° (UKB).

Results

Method overview

In contrast to existing fine-mapping methods that focus on individ-
ual loci identified from GWAS, GWFM combines genetic discovery
with fine-mapping into a unified framework, enabling identification
of causal variants across the genome. We selected SBayesRC as the
method for GWFM (Fig.1) due toits demonstrated superiority in poly-
genic prediction® and its ability to effectively incorporate functional
annotations. SBayesRC is a multicomponent mixture model that
simultaneously analyzes all SNPs across approximately independent
LD blocks™?, using a hierarchical prior to borrow information from
genome-wide functional annotations for fine-mapping within each
block, where both annotation and SNP effects are estimated jointly
fromthe data (Methods). To optimize fine-mapping performance, we
estimated the number of mixture components heuristically,adapted a
tempered Gibbs sampling algorithm®? toimprove mixing properties and
implemented a method™ to assess MCMC convergence using several
independent chains (Methods). Further methodological differences
between our approach and existing methods are discussed in Sup-
plementary Note 1.
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To capture the uncertainty in identifying causal variants driven
by LD, we developed an LD-based method for constructing a-LCSs
(Supplementary Fig. 1; Methods). Our approach forms an a-LCS for
each candidate causal variant with a leading PIP by grouping it with
SNPs in LD (r*> 0.5) until their combined PIPs sum to a, followed by
filtering based on the posterior thPenrichment probability (PEP > 0.7)
to ensure that the selected LCS explains more thP thanarandom set
of SNPs with the same size (Methods). Additional justification for the
r* and PEP thresholds is provided in Supplementary Note 2 and
Supplementary Figs. 2 and 3. At the genome-wide level, we construct
a-GCS that covers a% of all causal variants for the trait to quantify the
overall uncertainty (Methods). Using the estimated genetic architec-
ture, we further derive analytically tractable fine-mapping power
prediction to estimate the minimal sample size required to achieve the
desired power to identify all causal variants or those explaining a spe-
cificproportion of thP(Methods). Our fine-mapping power prediction
methodisavailable as a publicly accessible online tool (https://gctbhub.
cloud.edu.au/shiny/power/).

Calibration of fine-mapping methods under various genetic
architectures
We performed extensive genome-wide simulations to evaluate
SBayesRC for GWFM, comparing to FINEMAP’, SuSiE®, FINEMAP-inf®,
SuSiE-inf**, PolyFun+SuSiE'" and another two GWFM methods, SBayesR*
and SBayesC (two-component SBayesR) (Supplementary Table1).Fora
fair comparison, we defined fine-mapping regions consistently across
allmethods usingindependent LD blocks and applied the default param-
eter settingsrecommended for each method (Methods). Using 100,000
individuals with -1 million HapMap3 SNPs from the UKB*’, we simulated
three geneticarchitectures: (1) asparse architecture with 1% randomly
selected causal SNPs explaining 50% of phenotypic variance, (2) a
large-effects architecture where tenrandom causal variants contributed
10% of phenotypic variance and the rest 40%, and (3) an LD-and-minor
allele frequency (MAF)-stratified (LDMS) architecture with causal vari-
ants sampled from high LD score and high MAF SNPs (Methods).
Results showed that GWFM methods generally performed better
interms of PIP calibration compared to region-specific methods, with
PIPs from SBayesRC aligning closely with true probabilities of causality
(measured by true discovery rate (TDR)) across all genetic architec-
tures (Fig. 2a,d,g). In contrast, SuSiE and FINEMAP exhibited notable
inflation of false discovery rate (FDR) in high-PIP SNPs (Fig. 2b,e,h),
as the observed TDR was lower than the expected (FDR=1-TDR).
While SuSiE-inf and FINEMAP-inf performed reasonably well under
the sparse and large-effects architectures (despite some deflation in
low-PIP SNPs), their PIPs failed to track TDR accurately under the LDMS
architecture, where causal variants were not distributed randomly
(Fig. 2¢,f,i). Polyfun+SuSiE, when incorporating the same LD/MAF
annotations as SBayesRC, showed improved performance over SuSiE
and FINEMAP butstill struggled with FDR control (Fig. 2i). The alterna-
tive GWFM methods, SBayesC and SBayesR, were inferior to SBayesRC
under the large-effects and LDMS architectures (Supplementary Fig. 4),
respectively, highlighting the importance of using several mixture
components and integrating informative genomic annotations for
robust calibration.

Assessing mapping power, resolution and precision
viasimulations

We first compared the power of different fine-mapping strategies,
GWFM and GWAS loci-based fine-mapping, by evaluating the pro-
portion of causal variants captured by a-LCSs. For a fair compari-
son, GWAS loci-based fine-mapping used the same GWFM (from
SBayesRC) but wasrestricted to 2-Mb regions around GWAS lead SNPs
(P<5x107%). As expected, GWFM was significantly more powerful,
with 46-61% improvement across genetic architectures (Fig. 3a-c).
Moreover, GWFM also outperformed standard GWAS across arange of

thresholds in terms of receiver-operator characteristic performance
(Supplementary Fig. 5a-c) and retained higher power even under a
stringent false positive rate control (Supplementary Fig. 5d-f), high-
lighting the advantage of fine-mapping the entire genome, including
regions not reaching genome-wide significant in GWAS.

Next we compared the performance of different fine-mapping
methods, focusing on SBayesRC and SuSiE-inf, as SuSiE-infhad the best
PIP calibration among the region-specific methods. Our results showed
that SBayesRC was significantly more powerful (Fig. 3d-f), with similar
TDR (Supplementary Fig. 6) but smaller LCS sizes at the same a thresh-
old, indicating superior mapping resolution (Fig. 3g-i). Fora=0.9,
SBayesRC outperformed SuSiE-infby up to194% increase in power and
21%reductioninaverage LCSsizeacrossthe three geneticarchitectures.
Polyfun + SuSiE, which incorporated LD/MAF annotations through a
stepwise approach, performed slightly better than SuSiE-infunder the
LDMS architecture but remained inferior to SBayesRC. SBayesRC also
achieved higher mapping precision, which was defined as the distance
from an identified variant (PIP > 0.9) to the nearest causal variant.
Under the sparse architecture, 98% of SNPs identified by SBayesRC
were causal, and 99% of SNPs with PIP > 0.9 were within 18 kb of a causal
variant, leadingtoa2%increasein TDR and a68% reductionin distance
compared to other methods (Fig. 3j). The advantage of SBayesRC
persisted under large-effects architecture (Fig. 3k) and became more
evidentunder the LDMS architecture (Fig. 31). Whenrestricted to GWAS
loci, GWFM achieved higher power and yielded smaller credible set
sizes compared to other fine-mapping methods (Supplementary Fig. 7).

Furthermore, we used these simulations to evaluate GCS
(Supplementary Fig. 8) and conducted sensitivity analyses to confirm
the robustness of SBayesRC to missing annotations (Supplementary
Fig.9), unobserved causal variants (Supplementary Fig.10) and the cho-
sen value of LD matrix factorization parameter (Supplementary Fig. 11).
To understand why GWFM had higher power, we investigated power
gains in causal variants with different LD and MAF properties
(Supplementary Fig.12) and assessed SBayesRC within each LD block
separately (Supplementary Fig. 13). These results are discussed in
Supplementary Note 3. Overall, these simulation results suggested that
SBayesRCisareliable method for GWFM and canimprove fine-mapping
performance substantially.

Assessing replication rate, effect size estimation and
predictionaccuracy inreal data

In real data analysis, the true causal variants are often unknown, we
therefore assessed methods using metrics that do not require knowl-
edge of causal variants. We first evaluated replication rate by cal-
culating the proportion of variants with PIP > 0.9 in a GWAS sample
that were also identified in an independent replication sample at a
PIP threshold (Methods). Using 100,000 UKB individuals as a GWAS
sample for height, red blood cell counts and high-density lipopro-
tein (HDL), SBayesRC achieved the highest replicationratein each PIP
threshold, improving by 8% (compared to SuSiE-inf) to 31% (compared
to FINEMAP) at PIP > 0.9 when replication n=100,000 (Fig. 4a and
Supplementary Fig. 14). When replication sample size was doubled,
the improvement increased to 14% compared to SuSiE-inf and 36%
compared to FINEMAP (Supplementary Fig. 14). The results were also
robust underareversed discovery-replication design and under adown-
sampling strategy (Supplementary Figs.15and 16 and Supplementary
Note 4). These high replication rates suggest that variants identified
by GWFM are likely to be true associations.

We next assessed bias in effect size estimates and trans-ancestry
prediction using fine-mapped variants. Bias was evaluated through
regressing their marginal effect sizes from the replication sample
on the joint effect sizes estimated from the GWAS discovery sample,
expecting aregression slope of one for unbiased estimation. Inthe UKB
height analysis, SBayesRC produced the minimal bias, with aregression
slope of 0.98, outperforming all the other methods (Fig. 4b). Given
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Fig. 2| Comparison in the calibration of PIP between GWFM and existing
fine-mapping methods under simulations with various genetic architectures.
a-i, Shown are relationships between PIP and the TDR across 100 PIP bins.

a, SBayesRC; sparse genetic architecture. b, SuSiE-inf and FINEMAP-inf;

sparse genetic architecture. ¢, SuSiE and FINEMAMP; sparse genetic

architecture. d, SBayesRC; large-effects genetic architecture. e, SuSiE-inf and
FINEMAP-inf; large-effects genetic architecture. f, SuSiE and FINEMAMP; large-
effects genetic architecture. g, SBayesRC; LDMS genetic architecture. h, SuSiE-inf
and FINEMAP-inf; LDMS genetic architecture. i, SUSiE and FINEMAMP; LDMS
geneticarchitecture.

that common causal variants and their effect sizes are mostly shared
across ancestries®*°, we then compared the trans-ancestry prediction
using the fine-mapped variants. Specifically, we used fine-mapped vari-
antsand their posterior effect sizes (Methods) from UKB participants
with European ancestry to predict phenotypes in African, East Asian
and South Asian populations across six complex traits with at least
50 SNPswith PIP > 0.9. Compared to SuSiE-inf, SBayesRC improved the
trans-ancestry prediction accuracy, with nearly a tenfold increase in
mean relative prediction R*across traits and ancestries (Fig. 4¢). Similar
improvements were observed when using 0.9-LCSs instead of individ-
ual SNPs (Supplementary Fig.17), when comparing to Polyfun + SuSiE
with the same functional annotations (Supplementary Fig.18), or when
restricting to GWAS loci (Supplementary Fig. 19). We further quanti-
fied the transferability of fine-mapped SNPs by computing the ratio of
per-SNP predictionaccuracy ina hold-out European ancestry sample
versus adifferent ancestry. The result showed thatrelative prediction
accuracy increased with PIP in the GWAS sample (Fig. 4d), consistent
with amodel of shared genetic effects across ancestries.

We validated these advantages of SBayesRC through simulations,
confirming its superior power (Supplementary Fig. 20), replication
rate (Supplementary Fig. 21a), effect size estimation (Supplementary
Fig. 21b) and out-of-sample prediction using fine-mapped variants
(Extended DataFig.1), with further discussion in Supplementary Note 5.
Theseresultsindicated that SNPsidentified by SBayesRC are morelikely to
be causal, asindicated by higher replication rates, whereas theimproved
prediction accuracy probably arises from both better causal variant
identification and more accurate effect size estimation.

Prediction of fine-mapping power and variance explained for
future studies

As a unique feature of the GWFM approach, the genetic architecture
estimated from SBayesRC enables prediction of fine-mapping power
and the proportion of thP explained (proportion of SNP-based herit-
ability explained (PHE)) by these variants in future studies (Methods).
Toevaluate our approach, we computed the predicted values of power
and PHE across varying GWAS sample sizes and projected the outcome
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Fig. 3| Comparison in mapping power, resolution and precision between
methods based on simulations. a-c, Plots comparing mapping power between
GWFM and GWAS loci-based strategies at the same confidence level (a) for

LCSs under sparse (a), large-effects (b) and LDMS (c) genetic architecture. For
afair comparison, both strategies used the same PIP estimates from SBayesRC,
whereas GWAS loci-based fine-mapping constructed a-LCSs restricted to 2-Mb
regions around GWAS lead SNPs (P< 5 x 10°®). ‘GWAS-loci-based’ refers to the
application of GWFM only to loci with genome-wide significant SNPs. GWAS
Pvalues are based on two-sided ¢-test and adjustments are made for multiple
comparisons. d-f, Plots comparing mapping power across different methods,
including SBayesRC, SuSiE-infand Polyfun + SuSiE under sparse (d), large-effects
(e) and LDMS (f) genetic architecture. Power was quantified as the proportion of

Distance between identified and
causal variants (kb)
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simulated causal variants included in the credible sets reported by each method.
The reported power was calculated based on 100 simulation replicates. Data

are presented as mean = s.d. g-i, Plots comparing mapping resolution across
SBayesRC, SuSiE-inf and Polyfun + SuSiE, under sparse (g), large-effects (h) and
LDMS (i) genetic architecture, measured by the credible set size. The credible
set size results were from 100 simulation replicates. Each box plot shows the
spread of data; the line is the middle (median), the box covers the middle half
(interquartile range (IQR)), the whiskers extend to 1.5 times the IQR, and dots
show outliers. j-1, Plots comparing mapping precision across different methods,
measured by the physical distance between the causal variants and the SNPs
identified at PIP > 0.9 in each method under sparse (j), large-effects (k) and LDMS
(I) geneticarchitecture.
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methods. Dashed lines show the regression slopes, where values closer to 1
indicate less bias, as the marginal effect estimated in the independent replication
sample is an unbiased estimate to the true effect. Brown solid line:y = x.c,
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Comparison of cross-ancestry prediction accuracy using fine-mapped variants
(PIP > 0.9) from SBayesRC and SuSiE-inf, based on the analysis using samples

of European ancestry for GWAS and the other ancestries for validation across

six UKB traits. MR, base metabolic rate; hBMD, heel bone mineral density; HT,
height; RBC, red blood cell count. AFR, African ancestry; EAS, East Asian ancestry;
SAS, South Asian ancestry. d, Relationship between cross-ancestry prediction
transferability and PIP estimates in the European ancestry. The transferability
was computed as non-EUR-R¥EUR-R?. The solid lines are regression lines across
traitsin each ancestry.

of GWFM with SBayesRC onto the prediction for asimulated trait (under
sparse architecture), height*>*’, HDL***%, schizophrenia (SCZ)***° and
Crohn’s disease (CD)***, which represented diverse genetic architec-
tures, using two datasets with different sample sizes for each trait
(Fig. 5a-c). Despite some variation across traits, the observed
GWFM outcomes were broadly consistent with the theoretical predic-
tions (Fig. 5d,e).

Applying this framework to SCZ using the latest GWAS summary
statistics from the Psychiatric Genomics Consortium®, we identified
13SNPsand 156 LCSs, collectively explaining 3.9% ofhéNpon theliability
scale*’. These estimates aligned closely with our theoretical prediction,
based on the 53,386 cases and 77,258 controls in their study*’, whichis
equivalent toasample size 0f 228,810 on the liability scale* (Methods).
For a prospective SCZ study using GWFM, we predict that 180,000
cases (withequal controls and a population prevalence of 0.01) would

berequiredtofine-map 1,000 common causal variants explaining ~20%

of thp (Fig.5), whereas~550,000 and 1.4 million cases would be needed
to explain 50% and 80% of thP, respectively. For height, based on the

UKB data (n=350,000), we predicted that, with 5 million samples,
~10,000 variants would be identified with individual PIP > 0.9 or
~30,000 when considering LCSs, explaining up to 95% of thP (Fig.5).
This prediction is consistent with a recent GWAS of 5 million people
that reported 12,111 independently significant SNPs identified from
conditional andjointanalysis accounting for nearly all of the common
h2,pinheight™.

Applying genome-wide fine-mapping to arange of

complex traits

We applied GWFM with SBayesRC to 599 complex traits (597 UKB traits
plus SCZ* and CD*) and developed an online resource to query these
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Fig. 5| Projection of genome-wide fine-mapping outcomes to the theoretical
power prediction in complex traits with diverse genetic architectures.

a, Estimates of thP obtained using SBayesRC for height, CD,SCZ,HDLand a
simulated trait with the sparse genetic architecture. b, Proportions of

thP explained by different mixture componentsin the SBayeRC model.

¢, Proportions of SNPs assigned to different mixture components (ir) based on
their estimated effect sizes. The ‘zero, ‘very small, ‘small, ‘medium’ and ‘large’
effect categories correspond to the five variance components in SBayesRC,
whichexplain0,0.001,0.01,0.1and 1% thP, respectively. For the simulated
traits, all 10,000 causal variants had small effects sampled from a single normal

distribution, leading to all estimated effect sizes being assigned to the very

GWAS sample size (thousand)

small-effect category. Datashowninaand c are presented as the posterior

mean + standard deviation across 3,000 MCMC samples. d,e, Theoretical
prediction of the power of identifying causal variants (d) and the proportion of
thP explained by the identified causal variants (e) across different GWAS sample
sizes for these traits (on the liability scale for diseases). Dots show the empirical
observations based on 0.9-LCSs identified from SBayesRC. The genetic
architecture estimates froma and c were used as input data for the fine-mapping
power prediction (d,e). To check consistency, two datasets with different GWAS
sample sizes were analyzed for each trait, with genetic architecture estimates
derived from the dataset with the smaller sample size.

fine-mapping results (Supplementary Table 3; ‘Data Availability’). The
597 UKB traits were selected based on z score >4 and high confidence
for heritability estimates using LD score regression** (https://zenodo.
org/records/7186871). We analyzed 13 million imputed SNPs with func-
tional genomic annotations from Finucane et al.”*, and focused on 48
well-powered traits, including SCZ*, CD* and 46 UKB traits measured
inthe European ancestry individuals (Methods).

Across the 48 traits, we identified 1,820 SNPs with PIP > 0.9, with
the number of fine-mapped SNPs correlated strongly with the number
of GWAS loci identified by LD clumping (Supplementary Figs. 22 and
23).However, 1,158 of these SNPs were not GWAS lead SNPs, and 14.9%
located outside GWAS loci, highlighting the importance of conducting
genome-wide fine-mapping. Notably, 469 fine-mapped SNPs (25.8%)
were associated with several traits, suggesting prevalent pleiotropyin
the humangenome. Moreover, the MAF of pleiotropic SNPs decreased
asthe number of affected traitsincreased (Supplementary Fig.24), con-
sistent with amodel of negative selection*®. Our results recapitulated

previous findings and led to new discoveries, including new puta-
tive causal missense variants for SCZ and CD risk and recovery
of variants from previous studies (Supplementary Figs. 25-27,
Supplementary Tables 4 and 5 and Supplementary Note 6).

We identified 19,863 0.9-LCSs with a median size of five SNPs, of
which 29.8% were located outside the genome-wide significant loci.
While these LCSs captured only 0.9% of causal variants, they explained
17.7% of thP, with 2.7% PHE (relative proportion of PHE=2.7 of
17.7 =15.3%) attributed to LCSs in nonsignificant GWAS regions (Fig. 6a).
Across trait categories, cognitive traits had the highest proportion of
LCSs and PHE observed outside GWAS loci (Fig. 6b), consistent with
their high polygenicity®. Onaverage, the 0.1-GCS (expected to contain
10% of all causal variants) comprised -1.5% of the SNPs, explaining 44.7%
of the thP, with substantial differences across trait categories
(Fig. 6¢,d).

Leveraging the estimated genetic architecture for these 48 traits,
we predicted the power of prospective fine-mapping studies. With
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sample size =291,000).d, Plot showing the proportion of thP explained by the

GCS SNPs at different alpha threshold. e, f, Plots showing theoretical prediction
of power (e) and the proportion héNP explained (f) by LCS SNPs at different GWAS
sample sizes for the 48 complex traits, respectively. Colors indicate different trait
categories. Results shown in c-fare from GWFM analysis for 48 complex traits.
Eachbox plotinaand c-fshows the spread of data; the line is the middle
(median), the box covers the middle half (IQR), the whiskers extend to 1.5 times

the IQR and dots show outliers.

2 millionindividual samples, we predict an average fine-mapping power
of 10.4% (Fig. 6e) and PHE of 57.9% (Fig. 6f). The predicted power and
PHE varied substantially across trait categories: blood cell traits had
both the highest power (12.8%) and PHE (69.4%), whereas cognitive
traits had the lowest (5.2% power, 35.9% PHE). To achieve a PHE of 50%,
blood cell traits required 1 million participants, while cognitive traits

required 4 million. For PHE = 80%, the required sample sizes increased
to3 millionforblood cell traits and 8 million for cognitive traits (Fig. 6f).

Incorporating functional annotations improves fine-mapping
SBayesRC incorporates functional annotations by learning their con-
tributions directly from the data, rather than relying on pre-assigned
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weights. We observed several lines of evidence supporting the value of
incorporating functional annotations in fine-mapping. For example,
the 1,820 fine-mapped SNPs showed greater enrichment than GWAS
significant SNPs in biologically important regions, such as coding
sequences, transcription start sites, nonsynonymous variants and
evolutionarily conserved regions, and were more depleted inrepressed
regions (Fig. 7a). Additional supporting results are presented in
Supplementary Figs. 28-31and discussed in Supplementary Note 7.

Onenotableexampleisrs1421085at the FTOlocus—aknown causal
variant influencing body mass index (BMI)*, which was fine-mapped
inacredible set for body fat percentage, hip circumference and waist
circumference. Although many SNPs at FTO reached genome-wide
significance, both SBayesRC and SuSiE-infidentified afive-SNP 0.9-LCS
including rs1421085, along with four additional SNPs in almost com-
plete LD (minimum LD = 0.997) and with strong annotation overlaps
(Fig. 7b). Notably, rs1421085 was prioritized in SBayesRC (PIP = 0.47),
probably due to its cross-species conservation annotations (Fig. 7¢c),
whereas SuSiE-inf prioritized the GWAS lead SNP instead, underscor-
ing the importance of incorporating functional annotations into
fine-mapping. Furthermore, SBayesRC identified a secondary signal
with another 0.9-LCS, which aligned with the result of SuSiE-infbut had
not been reported previously. The lead SNP rs76488452 (PIP = 0.41)
residedina primate conserved region and was significantin conditional
andjointanalysis*® (P=1.8 x10™7) when conditioned on rs1421085, but
was only nominally significantly in GWAS (P=3.6 x10™), indicating a
masked effect at the SNP*.

Another example is amissense variant (rs13107325) in SLC39A8—-a
gene implicated in the latest SCZ analysis for its function in regulat-
ing dendritic spine density*>". This variant was identified through
an aggregated effect from several key functional annotations
(Supplementary Fig. 25a). We also observed evidence of a secondary
signal at a distinct SNP (rs13107325, PIP = 0.82), which was annotated
with primate conservation. This secondary signal was also shown in
the SuSiE-infanalysis, albeit with alower PIP value.

We also highlight a new variant missed by other fine-mapping
methods. rs11692435—a nonsynonymous variant in ACTRIB—was pri-
oritized by SBayesRC witha high PIP (0.96), probably due toits strong
functional relevance (Fig. 7d,e). Both brain-specific proteome-wide
association studies and protein quantitative traitlocus (QTL) colocali-
zation analyses have found association between ACTRIB and SCZ>**,
with rs11692435 identified as a single-cell expression QTL for ACTRIB
in excitatory neurons**—a cell type consistently implicated in SCZ***.
Despite its biological relevance, this variant, whose GWAS P value
(3 x107®) wasjust above the genome-wide significance threshold, was
missed by the fine-mapping analysis (using FINEMAP) in the original
study® and by our SuSiE-inf analysis (PIP = 0.19).

Theseresults demonstrate thatincorporating functional annota-
tions canimprove the identification of biologically relevant variants.
Together, they highlight the power of SBayesRC in identifying puta-
tive causal variants and provide a valuable resource for downstream
analysis and functional validation.

Discussion

In this study, we evaluated GWFM comprehensively using SBayesRC
through extensive simulations and real data analyses. Compared with
existing fine-mapping methods that analyze one genomic region at a
time, SBayesRC demonstrated superior PIP calibration, leading to
better FDR control and improved mapping power, resolution and pre-
cision (Fig. 3). Inreal trait analyses, SBayesRC achieved higher replica-
tionrates, lower estimation bias and greater prediction accuracy using
fine-mapped SNPsinindependent validation samples (Fig. 4), identify-
ing putative causal variants missed by other methods (Fig. 7). To date,
most fine-mapping studies have focused exclusively on genome-wide
significant GWAS loci® . However, our analysis revealed, that averag-
ing across traits, 30% of the LCSs (median size =5) identified by
SBayesRC were beyond genome-wide significantloci, contributing to
15% of the thP captured by all LCSs (Fig. 6a), highlighting SBayesRC
as areliable and superior method for GWFM analysis.

The advantage of GWFM over GWAS loci-based fine-mapping
arise from several key aspects. First, SBayesRC incorporates func-
tional genomic information from genome-wide variants with shared
annotations, improving SNP effect weighting and the ability to identify
causal variants that would otherwise be overlooked in GWAS. Sec-
ond, fine-mapping can identify causal variants masked by LD that do
not reach genome-wide significance in GWAS***®, Third, the P value
threshold in GWAS is designed to control false positive rate under
the null hypothesis?, whereas PIP directly controls the FDR within a
Bayesian framework®’. Despite these differences, GWFM often captures
findings from the traditional two-step approach (GWAS followed by
fine-mapping), but not vice versa. For example, our identified 0.9-LCSs
by GWFM captured most GWAS clumped loci (for example, 91% for CD;
Supplementary Fig. 32), indicating that our GWFM approach provides
consistent and conceptually equivalent findings to the traditional
two-step approach (GWAS followed by fine-mapping) and canbe used
asacomplementary method. To further assess locus-levelimportance,
we estimated the PHE by each LCS. Notably, LCSs with similarly high
cumulative PIP values show substantially different PHE, which can
be used to reflect GWAS signal strength. A Manhattan-like plot of the
GWFM results showed that the magnitude of PHE for LCS was highly
consistent with the —log,,(P value) from GWAS for both CD and simu-
lation (Extended Data Fig. 2). Our LCSs identified additional signals
under the genome-wide significance, with ~90% of them containing
true causal variantsin simulation. Together, we recommend perform-
ing GWFM analysis directly, rather than restricting fine-mapping to
genome-wide significant lociidentified from GWAS.

The advantages of SBayesRC over the region-specific fine-mapping
methods is because it fits all SNPs jointly across LD blocks, learns
realistic effect-size distributions and priors informed by functional
annotations, and uses MCMC sampling to more accurately approximate
posterior distributions”. This unified genome-wide Bayesian frame-
work enables robust estimation of genetic architecture parameters and
improvesinference in regions with complex LD structure, such as the
major histocompatibility complex region'®* (Supplementary Fig. 33).

Fig. 7| Genome-wide fine-mapping with functional annotations helped
pinpoint the putative causal variants. a, Plot showing enrichment of the
genome-wide fine-mapped SNPs from SBayesRC and GWAS clumped SNPsin

the 22 main functional categories defined in the LDSC baseline model. b, Plot
showing the prioritized causal variant at the FTO locus for BMI. The top track
shows the FTOlocus plot of the standard GWAS for BMI, the second track shows
the similar plot but with the PIP from SuSiE-inf for BMI and the third track shows
the similar plot with PIP from SBayesRC. The dots with green circles are credible
set SNPsidentified by SBayesRC. The starred SNP is the known causal variant
(rs1421085) for obesity at the FTO locus supported by previous functional
studies. The GWAS Pvalues were based on two-sided ¢-test and adjustments were
made for multiple comparisons. Chr.: chromosome. ¢, Plot showing the per-SNP
heritability enrichment for the causal variant (rs1421085), the GWAS lead variant

(rs11642015) and the secondary signal (rs76488452) for BMI at the FTOlocus.
The annotations on the x axis were those present at least once in these three
variants, excluding quantitative annotations and duplicated annotations with
flanking windows. d, Plot showing the prioritized causal variant at the ACTRIB
locus for SCZ. The top track shows the ACTRIBlocus plot of the standard GWAS,
and the second track shows the similar plot but with the PIP from SuSiE-inf, and
the third track shows the similar plot with PIP from SBayesRC. The starred SNP
isthe fine-mapped variant (rs11692435) for SCZ at the ACTR1B locus. The GWAS
Pvalues were based on two-sided ¢-test and adjustments were made for multiple
comparisons. e, Plot showing the per-SNP heritability enrichment for the causal
variant (rs11692435) at the ACTR1Blocus. Datashowninc and e are presented as
the posterior mean + standard deviation across 3,000 MCMC samples.
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Additional methodological detailed comparisons are described in
Supplementary Note 8.

Inaddition to theimproved fine-mapping performance, we intro-
duced new features for GWFM using MCMC sampling, including refin-
ing LCS by PEP (Supplementary Note 1and Supplementary Figs.34 and
35), constructing GCS, and estimating the proportion of polygenicity
and thP explained by LCSs and GCSs. Moreover, our GWFM caninform
the sample size required to identify a certain proportion of causal
variantsor thp explainedinfuture studies, andimplemented arobust
posterior inference using scalable tempered Gibbs sampling algo-
rithm*? and several independent chains to assess the convergence of
each SNP’s PIP. A detailed discussion of these new features can be found
inSupplementary Note 9.

We note several limitations of this work. First, method evaluations
were performed under three simulated scenarios and do not cover all
possible effect-size distributions. Second, as asummary-level method,
SBayesRC ignores LD between LD blocks, depends on awell-matched
LD reference (Supplementary Fig.36), and uses an empirically defined
LD threshold to construct LCS, which may affect performance in
regions with complex LD. Third, our applications were restricted to
GWAS data from European ancestry, primarily from UKB, and the
functional annotations from BaselineLD (v.2.2)°%. Amore detailed dis-
cussion of limitations is provided in Supplementary Note 10. Despite
these limitations, our study provides a powerful and robust GWFM
framework for identifying causal variants, highlighting the advantages
ofthis approach over existing region-specific fine-mapping methods.
With its capacity to enhance mapping power in the current study and
to predict mapping power for future studies, we anticipate that GWFM
using a state-of-the-art GBMM will become the preferred method for
fine-mapping complex traits.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butionsand competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41588-026-02549-3.
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Methods

Ethics approval

The University of Queensland Human Research Ethics Committee B
(2011001173) provides approval for analysis of human genetic data
used in this study on the high-performance cluster of the University
of Queensland.

Low-rank GBMM

We used state-of-the-art GBMM that employed a low-rank model to
improve computational efficiency and robustness®'. As described
below, the low-rank GBMM can be derived from the individual-level
model. Consider a multiple linear regression of phenotypes
ongenotypes:

y=XB+e )]

whereyisann x 1vector of complex trait phenotypesand Xisann x m
matrix of mean-centered genotypes, Bis m x 1vector of SNP effects on
the trait, and eis n x 1vector of residuals with var(e) = 162 Let

1
K=A"2UXn"! ()

where A and U are diagonal matrix of eigenvalues and matrix of eigen-
vectorsforthe LD correlation matrix R = X'X/n,respectively. It follows
that K'’K = Pn~!, where P is the projection matrix of y on the column
space of X and KK’ = In~!. Multiplying both sides of equation (2) by
Kgives

Ky = KXB + Ke 3)
or
w=QB+¢€ 4)

When only the top g principal components of R are used, the
dimension of wis g x1and Qis g x m. By selecting g < n, this model
would have a substantially lower rank than equation (1), improving the
computational efficiency for the estimation of . By default, our
method automatically determines g through pseudo cross-validation
based on GWAS summary statistics (Supplementary Note10 in ref. 24).
With a recognition that b = X'y/n is the GWAS marginal effect esti-
mates, w canbe computed directly from the GWAS summary statistics

1
w=A:UDb %)

with A and U obtained from a LD reference sample, and Q can be
computed as

1 1
Q=A":UR=A2U (6)

Essentially, the low-rank model transforms the mutually correlated
GWAS marginal effects (b) into a set of independent data points (w),
while maintaining the ability to estimate individual SNP joint effects
(B). In practice, we compute w and Q within quasi-independent LD
blocksinthe humangenome. With thislow-rank model, we can estimate
B for all common variants jointly through considering  as random
effects. In addition, this model allows a direction estimation of the
residual variance, as var (¢) = lo2n~, which can be used as a nuisance
parameter to accommodate heterogeneity in the summary statistics
and LD reference24.

SBayesC, SBayesR and SBayesRC

We considered three GBMMs with specifying different prior distribu-
tion of SNP effects. InSBayesC, the prior for the effect of SNPjis given by

ﬂj~nN<O, 012;) +1-m¢ ?)

where o2 is the common variance across all causal variants following a
scaled inverse chi-squared prior distribution, m is the proportion of
SNPs with nonzero effects following a uniform prior distribution® and
¢ is a point mass at zero. This is also the underlying model for most
fine-mapping methods, assuming that only afraction of SNPs are causal
with nonzero effects.

SBayesR*’ extends SBayesC by assuming a more flexible prior dis-
tribution for SNP effects, using a multicomponent Gaussian mixture:

5
B~ Y, mN(0,y,02) ®8)
k=1

where o2 is the total genetic variance, y = [0,10~°,107*,10, 107 are
prespecified scale factors, representing zero, very small, small, medium
and large effect size categories, and m; is the prior probability of SNP
belonging to the kthdistribution. This allows SBayesR to better model
genetic architectures with a wide range of effect sizes compared
to SBayesC.

To further account for functional annotations, SBayesRC**
assumes a SNP-specific prior probability of mixture-component mem-
bership, my, which depends on the annotations at each SNP through a
generalized linear model:

Sflmg) = e+ Y. Ayt )
=1

where f(-) is the probit link function, , is the intercept, A, is the value
of annotation/on SNP/ (either binary or continuous annotations) and
a,isthe effect of annotation /on the prior probability of SNP jbelong-
ing to the kth distribution. To enable a data-driven estimation of anno-
tation effects, we assume an independent and identical normal prior
foreachannotationeffect, ay, ~ N0, 03,),implying equal contribution
of all functional annotations. These priors are then estimated in a
trait-specific manner. Details of the method and the MCMC sampling
scheme can be found inref. 24.

Inthis study, we ran SBayesRC with four MCMC chains, each con-
sisting of 3,000 iterations with the first 1,000 discarded asburn-in. The
posterior effect size for each SNP was computed as the mean of SNP
effect sizes across MCMC samples from the GWFM model. Analyzing
13 million SNPs with 96 annotations, SBayesRC required only 150 Gb of
RAMand 13 h of computation using 24 CPU cores, which are commonly
available in a standard computing cluster.

LD blocks

We partitioned the genome into 1,588 approximately independent
LD blocks, following the methods of Li et al.”® and Berisa and Pick-
rell”. Specifically, LD blocks from ref. 13 were merged to ensure a mini-
mum length of 1 Mb and major histocompatibility complex region
was treated as a single LD block due to its complex LD patterns. As a
result, our LD blocks ranged in size from 1 to 30 Mb, with a median
length of 1.5 Mb.

Calculation of PIP

We assessed the strength of joint association of each SNP using PIP, that
is, the probability of a SNP being included with anonzero effect in the
model, given the data (w). In SBayesRC, we computed PIP for SNP as

S
PIP; = " Pr(6; = klw) =1—Pr(6; = 1|w) (10)
k=2

where =1indicating a null effectand §,=2,..., 5indicating a nonzero
component. Pr(6; = 1|Data) is often computed by counting the fre-
quency of &; = 1across MCMC samples™*. To improve precision, we
use Rao-Blackwellized estimates®>*' and compute the posterior mean
of [1- Pr (6; = 1)w, @)] conditional on dataand all the other parameters
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except B; (@) across T iterations. That is, suppose p(;) =1-Pr
(6/=1w.6), we have

=] - 15 0-ro-md)

where

fiwi5; = 1,6,

Pr ((Sj =1w, 0(0) =
Yo fwl§; = k,6)my

12)

with fiw|6; =k, o(f))beingthelikelihood given §;and the sampled values
of other parameters. A detailed derivation can be found in Supplemen-
tary Note11.

Tofurtherimprove robustness, we runseveral MCMC chains simul-
taneously, randomly shuffling the sampling order of SNP effectsin each
iteration. For SNPjin chainsatiteration ¢, we have

p(;,t) =1—Pr ([):, = 1w, O(S,t)) (13)

Following Gelman and Rubin®, we calculated the potential scale

reduction factor (PSRF) for each SNP PIP:

(14)

>

W;

where W ; = E,[Var,(p'*?)]is the averaged within-chain variance across
chains,and B, = Var,[£,(p;)lis the variance of the means of the chains.
By comparing the between-chain variance to the within-chain variance,
PSRF assesses whether the MCMC chains have convergedto astationary
distribution. Empirically, a PSRF value below 1.2 indicates adequate
convergence®’. By pooling samples across chains, our final PIP
estimateis
PIP; = £, [p] (15)
We report the PSRF value to imply whether the SNP PIP is con-
verged or not. SNPs with high PIP but large PSRF should be interpreted
with caution, and longer chains are recommended if many variants have
high PSRG values. Across 48 well-powered complex traits analyzed,
none of fine-mapped individual SNPs (singleton LCSs) had PSRF <1.2,
while 99.4% of SNPsincluded in the LCSs had PSRF <1.2and 99.9% had
PSRF <2, suggesting adequate convergence in our analyses.

Heuristic estimation of mixture components

The standard SBayesRC requires prespecifying the number of mixture
components before analysis, which can affect fine-mapping ifanunnec-
essary small-effect component isincluded, leading to inflated PIP. To
address this, we implemented a heuristic procedure for determining
the number of mixture components in SBayesRC. Specifically, we run
several models (varying from two to five mixture components) in paral-
lel for 500 MCMC iterations, and assess model fit using posterior dis-
tribution of rZ,. We selected the model with the highest posterior
mean, where the lower bound (posterior mean - s.e.) was greater than
that of the second-best model. If no significant difference was found,
the model with the fewest components was chosen.

Tempered Gibbs sampling

Joint analysis of all common variants presents a challenge for MCMC
mixing when using the standard Gibbs sampling (GS) algorithm. For
example, inafinite number of iterations, acommon causal variant may
failto enter the modelifthe SNPin complete LD with it has already been
selected. To address this issue, we incorporated a tempered GS (TGS)

algorithm®into our SBayesRC model. Essentially, TGS improves mixing
by (1) strategically selecting SNPs for updating (‘informed choice’),
focusing on those whose indicator variable §; is currently in the tail of
the full conditional distribution and (2) allowing for longer jumps
acrosslocal maximaby sampling &, from atempered distribution. For
computational efficiency, we applied TGS only to SNPs with nonzero
effects sampled from the standard GS to assess whether alternative
SNPsinhighLD (r*> 0.95) could provide a better fit. Further details on
our TGS implementation and the corresponding pseudocode are pro-
vided in Supplementary Note 12.

Local credible sets

Following earlier work’, we defined LCS at confidence level a (a-LCS)
as the minimum set of SNPs that contains at least one causal variant
with probability a. To construct an a-LCS, SNPs were ranked by their
PIPs. For afocal SNP that has the highest PIP and not yet assigned to an
LCS, acandidate set was formed by including all remaining SNPs in high
LD (r*> 0.5) with the focal SNP. The a-LCS was then determined by
summing PIPsin decreasing order until the total reached atleast a. This
process was iterated over SNPs until no possible LCS can be formed.
Foreacha-LCS, we computed a posterior SNP heritability enrichment
probability (PEP) that the LCS explains more A%, thanarandomset of
SNPs with the same size. We reported all 0.9-LCSs with PEP > 0.7 for
each LD block. A schematic of the procedure is shown in
Supplementary Fig. 1, differences to existing approaches are discussed
inSupplementary Note 1, and further justification of these thresholds
based on simulationsis provided in Supplementary Note 2.

Global credible sets
The a-GCS identifies the smallest set of SNPs that capture a% of the
causal variants, quantifying the overall uncertainty in fine-mapping
and reflecting the genetic architecture of the trait. The size of a-GCS
decreases withincreasing power and asmaller fraction of small-effect
variants. We computed the a-GCS as the cumulative sum of decreas-
ingly ranked PIPs until the total exceeded a x m., where m.was the
estimated number of causal variants from GBMM for the trait. Since
each SNPis causal with probability PIP;, the expected number of causal
variantsinaset Q is E[Number of causal variantsinQ] = s, PIP;. Since
Jjen
the a-GCS is constructed such that YecesPIPy 2 ax m, this directly
implies that E[Number of causal variantsin a-GCS] > a x m,.

Estimation of power and variance explained given the data

For the identified SNPs using individual PIP or LCS, we estimated the
true positive rate (TPR or power) of identifying the causal variants at
agiventhreshold a,

> [PIP;|PIP, > &
TPRO( _ j[ J J ]
Mn

(16)
where Mis the total number of SNPs and ris the proportion of causal
SNPs. A formal derivationis given in Supplementary Note 13.

The PHEby LCSs or GCSis estimated based on the MCMC samples
of SNP effects. For a focal set () of SNPs in iteration ¢, we computed
PHE as

Ycabs
PHEY = f—of 17)
Zm:lﬁmt
where B..isthe sampled effect foraSNPiniteration tin scaled genotype
units. Finally, we computed the posterior mean across MCMCiterations
as the estimate for PHE,,

L
PHE,, = %Z PHEY as)
t=1

where L is the total number of MCMC iterations.
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Prediction of power and variance explained for prospective
studies

We aimto predict the power of identifying a certain proportion of the
causal variantsina prospective fine-mapping analysis, given a sample
size (n) and the genetic architecture of the trait, when PIP froma GBMM
isused as the test statistic. Asshown in Supplementary Note 14, assum-
ing that variance explained by the causal variant is v, the sampling
distribution of PIP from the multicomponent mixture model, for exam-
ple, SBayesRC, is

1

PP=1- ————
1+ 3 LA exp{BiZ}

19)

1

1
where A; = %/llj C,’andB; = % are two constants given the genetic
1 k
%
Vkﬂé
Z is a data-dependent random variable following a noncentral
Chi-square distribution with the noncentrality parameter NCP = 2

0.2
nv
7-x(%)

architecture parameters (rand h2

Zyp With 4, = —and G, = n + A, and

(20)
Given the threshold of PIP being « for the hypothesis test, the
power to detect this causal variant can be calculated as

1
Power, = Pr(PIP > a,|,v) = / f(PIP|v)dPIP (21)
a

where f(PIP|v)is equation (19) above. To compute the power for iden-
tifying any causal variant, we integrated out v by

1 )
Power = f / [(PIP|v)f(v)dvdPIP (22)
a’/ 0

where

f@) =fwiw 23)
and fz(+)isthedistribution of g estimated from the SBayesRC model.

Therefore, given a sample size, the expected number of causal
variants identified from fine-mapping is

E[NCV] = m(1 — m;) x Power (24)

The expected proportion of genetic variance explained by the
fine-mapped variants is

oo

Power, x vf(v)dv
0

E[PHE] = m(1 — m;)0;* / (25)

Since it is challenging to obtain an analytical solution compu-
tationally, we opted to estimate these quantities through Monte
Carlo simulation (Supplementary Note 14). Although our theo-
retical prediction does not model LD between SNPs, the extent to
which the observed values were consistent with the predicted sug-
gests that LD had been effectively accounted for, albeit not per-
fectly, by our LCSs. Although we focused on European ancestry in
this study, our power prediction method is, in principle, applicable
to other ancestries; however, the genetic architecture would need
to be estimated using ancestry-specific GWAS data, as it may vary
across populations.

Disease sample size at the liability scale
For diseases or binary traits, we converted the GWAS summary statis-
tics from the linear mixed model to the liability scale before running

GBMM. Based on the method in ref. 43, we estimated the sample size
at the liability scale that gives an equivalent power to detect a locus
affecting a quantitative trait with the same properties,

_ Pyl - v)Ny

; (26)
-5

eq

where K is the disease prevalence, vis the sample prevalence, i = h/K
with h being the height of standard normal curve at the truncation
point ¢ = 1 - Kand N, is the total number of cases and controls. Given
the zscore (z) from the original GWAS summary data for SNPj, the
marginal effect and its standard error at the liability scale can be esti-
mated as following ref. 63

1
ei= | ————— 27)
> sz =P )(Neg + 22)

bj=z;xse; (28)

where p ;is the MAF of the SNP.

The results from GBMM using the converted summary statistics
will be directly comparable across traits. In our prediction analysis of
power, we compared results between diseases and quantitative traits
based on the equivalent sample size estimated from equation (26).
Similarly, to estimate the number of cases required, in a case-control
study withequivalent number of controls, to achieve a certain power,
werearranged the same equation so that

1A= K)*Negq

2 2v1-v) 29

cases —

Simulations based onimputed genotype data from the UKB

To evaluate the performance of GBMM, we ran simulations using
imputed genotype data from the UKB after quality control (QC).
We selected 300,000 unrelated people and included ~1.2million
HapMap3 SNPs with MAF > 0.01, Hardy-Weinberg equilibrium test
P>1x10"% genotyping rate >0.95, and imputation information score
>0.8 for simulations.

We randomly sampled m_. = 10,000 casual variants from the
genome for100,000 people and simulated complex trait phenotypes
based on the following model:

y=XB+e (30)
where Xis the genotype matrix for the causal variants, B is the vector
of causal variant effects and e~N(0, Ivar(XB)/(1/h* — 1)) with A% = 0.5
being the heritability. We simulated three genetic architectures: sparse
architecture with causal effects g;~N(0, h?/m,), large-effects architec-
ture with ten random causal variants with effects from N(0, 0.242/10)
and the remaining causal variants with effects from N(0, 0.8A%/9,990),
and LDMS architecture where causal variants were sampled only from
high LD and high MAF group.

We ran a standard GWAS on simulated phenotypes and applied
GBMM (SBayesRC?*, SBayesR* and SBayesC) implemented in GCTB,
along with SuSiE®, FINEMAP’, SuSiE-inf®, FINEMAP-inf® and Poly-
Fun + SuSiE", to compute PIPs and estimate effect sizes from GWAS
summary statistics. For all methods, we followed the recommended
default parameter settings. Specifically, for SUSIiE and SuSiE-inf, we set
the purity parameter to 0.5, the maximum number of SNPs per credible
set (n_purity) to 100 and maximum number of causal variants to ten.
We used imputed genotypes from10,000 random samples of European
ancestry from the UKB as the LD reference. All fine-mapping methods
used the same LD reference sample and identical independent LD
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blocks to define fine-mapping regions. We repeated the whole process
100 times and quantified the TDR, power, mapping precision and rep-
lication rate for each method. TDR was quantified as the proportion of
identified a-LCS containing at least one causal variant, whereas power
was defined as the proportion of simulated causal variants includedin
the identified a-LCS. Mapping precision was computed as the physi-
cal distance between the identified SNPs and nearest causal variants.

For replication analysis, we split the full simulated dataset ran-
domly into a discovery cohort (n=100,000) and two independent
replication cohorts with n=100,000 and n=200,000, respectively.
GWAS and GWFM were run separately on each cohort. Replication was
assessed by evaluating whether variantsidentified in the discovery set
(forexample, with PIP > 0.9) also showed strong supportin the replica-
tion set at different PIP thresholds.

Real data analysis

We analyzed 597 complex traits from UKB using GWAS summary data
from Neale’s lab (‘Data availability’) and SCZ** and CD* using previ-
ously published GWAS summary data. The 597 UKB traits were selected
based on z score >4 and high-confidence heritability estimates using
LD score regression®®. We used annotations from the baseline model
BaseLineLD (v.2.2)**and extractimputed SNPs with MAF > 0.001 over-
lapping with these annotations, resulting in13,065,104 SNPs after QC.
We used 10,000 random UKB samples as the LD reference to run the
SBayesRC and other region-specific fine-mapping analysis. Further-
more, we selected 48 well-powered traits with relatively large sample
size (n>100,000), high heritability estimate (h* > 0.1) and at least one
fine-mapped SNP with PIP > 0.9.

For polygenicscore prediction using fine-mapped variants, we per-
formed quality control on the UKB imputed genotype data®. Following
ref. 24, we kept SNPs with MAF > 0.01, Hardy-Weinberg equilibrium
test P>107°, imputation infoscore >0.6 within each ancestry samples.
We removed sex-mismatched, withdrawn and cryptic related samples.
The final dataset consisted of four ancestries: European (n = 347,800),
East Asian (n=2,252), South Asian (n = 9,436) and African (n=7,006).
For continuous traits, the phenotypes were filtered within the range
of mean + 7 s.d., followed by rank-based inverse-normal transformed
within each ancestry and sex group. GWAS were performed using
PLINK2°* with sex, age and the first ten principal component as covari-
ates. Linear regression was used for continuous traits, whereas logistic
regression was applied for binary traits.

In real data analysis, because causal variants are often unknown,
direct evaluation of mapping precision is not feasible. Alternatively,
we evaluate the replication rate of the identified variants using an
independent sample®. Here we define replication rate as the proportion
of high PIP (for example, PIP > 0.9) variants from the discovery GWAS
sample to be repeatedly identified in an independent (replication)
sample with the same or a smaller PIP threshold. We ran the GWFM
analysis using 100,000 samples of European ancestry from the UKB as
thediscovery cohort for height, red blood cell counts and HDL. We then
assessed thereplication rate usinganindependent cohort of 100,000
or 200,000 samples from the same population.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Our SBayesRC-enabled genome-wide fine-mapping results for 599
complex traits are available at https://sbayes.pctgplots.cloud.edu.
au/data/SBayesRC/share/Finemap/v1.1/ and via Zenodo at https://
doi.org/10.5281/zenodo.15293207 (ref. 65). The UKB data are avail-
able through formal application to the UKB (http://www.ukbiobank.
ac.uk). The GWAS summary data for 597 complex traitsin UKB are from
http://www.nealelab.is/uk-biobank/. The LD data usedin this study are

available at https://cnsgenomics.com/software/gctb/#Download. All
the other datasets used in this study are available in the public domain.

Code availability

Summary-data-based genome-wide BMMs are implemented in
a public available software GCTB at https://cnsgenomics.com/
software/gctb/#Download and are available via Zenodo at https://
doi.org/10.5281/zenodo0.18478994 (ref. 66). Methods to compute LCS
and GCS have also been implemented in GCTB (https://cnsgenomics.
com/software/gctb/#Genome-wideFine-mappinganalysis). Online
tool for predicting fine-mapping power: https://gctbhub.cloud.edu.
au/shiny/power/.
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Extended Data Fig. 2| Comparison between GWAS P-values and the proportion
of SNP-based heritability explained (PHE) for local credible sets associated
with Crohn’s disease and a simulated trait. a, GWAS Manhattan plot for Crohn’s
disease, with red triangles indicating SNPs with smallest P-value within each
0.9-LCSs identified by GWFM. b, GWAS Manhattan plot for a simulated trait,
wherered triangles indicate local credible set includes at least a true causal
variant and the grey triangles represent sets without any simulated causal
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Our SBayesRC-enabled genome-wide fine-mapping results for 599 complex traits are available at link (https://sbayes.pctgplots.cloud.edu.au/data/SBayesRC/share/
Finemap/v1.1/). The UK Biobank data are available through formal application to the UK Biobank (http://www.ukbiobank.ac.uk). The GWAS summary data for 597
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based inverse normal transformation on quantitative trait phenotypes within each sex to adjust for the difference in mean
and variance between sex. No individual level data including sex need to be reported in this study and the consent of using
the data was approved by the data provider.

Reporting on race, ethnicity, or UK Biobank is a large population-based cohort with nearly 500,000 participants from 4 ancestries, including European, East

other socially relevant Asia, African, and South Asia (see https://www.ukbiobank.ac.uk/key-documents/ for details). The simulation and main
groupings analysis were performed based on samples from European ancestry.
Population characteristics The age of UK Biobank participants ranges between 40 and 69 at recruitment, genotyped on a customized Affymetrix Axiom

array. The population characteristics of UK Biobank data has been described in previous studies.

Recruitment Recruitment of the samples has been described in previous studies. We do not produce new data and have cited the previous
work.
Ethics oversight University of Queensland Human Research Ethics Committee B.
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Sample size The sample size of our fine-mapping analysis was determined by the maximum number of samples from European ancestry with imputed
genoytpe data in the UK Biobank. After quality control, the UK Biobank contains unrelated individuals of 4 ancestries, i.e., European
(N=347,800), East Asian (N=2,252), South Asian (N=9,436) and African (N=7,006). The sample size of the selected traits ranged from 40,683 to
361,194.

Data exclusions  We kept SNPs with MAF > 0.01, Hardy-Weinberg Equilibrium test P > 1e-10, imputation info score > 0.6 within each ancestry samples. We
removed samples with mismatched sex information, samples withdrawn from participation and cryptic related samples following ref27. We
separate the final UKB dataset into 4 ancestries, European (EUR, N= 347,800), East Asian (EAS, N=2,252), South Asian (SAS, N=9,436) and
African (AFR, N=7,006). The phenotypes with continuous values were filtered within the range of mean +/- 7SD and then rank-based inverse-
normal transformed within each ancestry and sex group.

Replication We replicated the simulation 100 times in each scenario to evaluate the performance each method. For real data analysis, no replication was
performed because we used the whole summary-level data to maximize the statistical power. We run other software and compare with
previous results for replication.

Randomization  Randomization for sample collection was not relevant to this study because we performed the analysis in the publicly available data. We
randomized in the simulation and cross validation in real data, with details described in the Methods section.

Blinding Blinding was not relevant to this study, because we performed the analysis in publicly available data. We did not use any study design that
required blinding, with the details described in the Methods section.
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