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Abstract

Proteome-wide association studies (PWAS) typically link genetically predicted protein levels to disease using
cis-pQTLs, which can be limited by low cis-heritability for disease-critical genes under negative selection and by
tagging due to co-regulation among nearby genes. Trans-pQTLs provide complementary information when large
sample sizes are available to detect weak polygenic effects, enabling associations between trans-predicted
protein levels and disease. We developed PolyPWAS, a functionally informed, summary statistics-based
framework for associating both cis- and trans-predicted protein levels to disease. PolyPWAS integrates 96
functional annotations with proteome-wide pleiotropy to improve protein prediction, while correcting for PCs of
predicted protein levels to limit tagging effects. We applied PolyPWAS to 2.8K plasma proteins measured in 34K
UKB-PPP participants, analyzing GWAS summary statistics for 88 diseases and complex traits (average
N=336K). Trans-predicted protein levels explained 21% of disease heritability (vs. 9.6% for cis-predicted protein
levels), leveraging a 24% relative improvement in trans-prediction accuracy from functional priors. Trans-PWAS
identified more significant protein-disease associations (and more conditionally significant associations) than cis-
PWAS. Cis and trans associations showed only modest excess overlap (1.18, 95% CI: 1.11-1.26). Accordingly,
combining evidence from cis and trans associations improved disease gene prioritization evaluated using gene
sets from rare variant association studies (+11% relative improvement) and PoPS (+7.0% relative improvement)
relative to cis-only approaches. PWAS associations to disease replicated across protein level cohorts, with
strong UKB-PPP/deCODE concordance after adjusting for cohort-specific prediction accuracy. We provide
examples where trans-regulatory effects link multiple disease-critical genes, underscoring the importance of
integrating cis- and trans-regulatory effects to map protein-mediated disease biology.

Introduction

Integrative analyses combining molecular quantitative trait loci (QTLs) and genome-wide association studies
(GWAS) have proven critical for understanding how genetic variants perturb molecular intermediates to influence
disease risk'"". Transcriptome- and proteome-wide association studies (TWAS/PWAS)—which construct
genetic predictors of gene expression or protein abundance and test their association with disease—have shown
particular promise in prioritizing disease-critical genes. The majority of these efforts have focused on cis-
regulatory effects—which are more readily detectable with limited sample sizes, yet cis heritability tends to be
low for evolutionarily constrained genes that are disproportionately important in disease'>'3'8-2°_ Trans-
regulatory effects, which generally exceed cis effects in their contribution to molecular trait heritability?'-24, can
provide key insights about disease architectures®2°. Recent large-scale protein QTL (pQTL) studies have
enabled systematic discovery of trans-pQTLs?330-33 offering complementary information about distal regulatory
effects. However, existing PWAS approaches that use cis and trans information typically restrict analyses to
genome-wide significant trans-pQTLs and/or do not model functional enrichment of pQTLs*°, thereby
overlooking the polygenic functional architecture of protein regulation?'2*2527 |n addition, prior work has not
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systematically compared cis versus trans information or quantified their joint contribution to disease gene
prioritization.

Here, we introduce PolyPWAS, a functionally informed summary statistics-based PWAS method that models
genome-wide pQTL effects*' using functional enrichment from 96 baseline-LD model annotations*? and
annotations representing cis and trans pleiotropy across the proteome, using only pQTL and GWAS summary
statistics and reference LD*'3. PolyPWAS also adjusts for principal components of predicted protein levels to
account for shared pQTL effects that influence many proteins. We show that trans-predicted protein levels
explain substantial disease heritability beyond cis-predictions, leveraging improvements in trans-prediction
accuracy from functional enrichment. Using independent validation data from rare variant association studies
(RVAS)* and polygenic priority score (PoPS)*, we show that disease genes supported by both cis and trans
PWAS provide improved gene prioritization. We also highlight representative examples in which trans-regulatory
effects connect multiple disease-critical genes.

Results

Methods overview

PolyPWAS improves genetic prediction of protein levels using either cis-pQTLs (x1Mb from transcription start
site) or trans-pQTLs by integrating functional annotations and proteome-wide pleiotropy with summary statistics-
based pQTL modeling and then associates cis- and trans-predicted protein levels with disease using GWAS
summary statistics. To obtain protein prediction weights from pQTL summary statistics, we apply SBayesRC*,
an empirical Bayes method that produces posterior mean estimates of genome-wide causal pQTL effect sizes,
using two types of functional information: (1) 96 baseline-LD model annotations capturing coding, regulatory,
conservation, and LD-related features enriched for disease and molecular trait heritability?*?>46, and (2)
proteome-wide pleiotropy, defined by whether each SNP acts as a significant cis-pQTL, trans-pQTL, or both
across all profiled proteins in a given pQTL study.

In detail, we obtain protein prediction weights ﬁpQTL using SBayesRC (representing posterior mean causal
effects, or best-fit effects in the case of missing SNPs) and partition them into cis (EpQTL,cis) and trans (ﬁpQTL,trans)

weights for each protein. We compute cis and trans PWAS association Z-scores by correlating genetically
predicted protein levels with disease risk, accounting for LD?:

(ﬁTQTL,t Bowas)
Ztrans = £ = , (1)

P — P —~
\/GPQTL,CiS RGPQTLJCiS \/BpQTL,trans RBpQTL,trans

where Bgwas are marginal GWAS effects, and R is the reference LD matrix. Equation (1) separately considers
cis and trans components, which may prioritize distinct gene-disease associations. To account for shared pQTL
effects that influence many proteins, we adjust for 20 principal components of predicted protein levels (PPCs),
separately for cis and trans (Methods). We determined that this adjustment reduces correlations between
predicted protein levels due to shared pQTL effects and improves gene prioritization specificity (see below). We
have publicly released PolyPWAS software (Code Availability).

We applied PolyPWAS to the UKB-PPP plasma pQTL study?® (34K individuals and 2.8K proteins), deCODE
plasma pQTL study®' (35K individuals and 4.7K proteins), and a cerebrospinal fluid (CSF) pQTL study®? (3.5K
individuals and 6.4K proteins) (Supplementary Table 1). We analyzed 88 heritable GWAS diseases/traits,
including 32 approximately independent UK Biobank diseases/traits (with UKB-PPP samples excluded*’) and 56
additional diseases/traits with publicly available summary statistics (average N=336K; Supplementary Table 2).
We analyzed 7.7 million well-imputed variants with minor allele frequency (MAF)=0.01 (or 1.2 million HapMap3
SNPs*®), using LD matrices derived from UK Biobank genotypes*'. In UKB-PPP data, the availability of
individual-level genotypes and protein levels enabled direct evaluation of cis and trans prediction accuracy in a
held-out sample: protein prediction models were trained on 33K unrelated white British individuals and evaluated
in a held-out set of 10K white British individuals; downstream PWAS analyses for UKB-PPP used publicly
available pQTL summary statistics constructed from a set of 34K individuals of European ancestry®*. We
validated the prioritized gene-trait pairs against genes implicated by RVAS* providing specific causal evidence,
and genes prioritized by PoPS* capturing network-level convergence. We have publicly released all pQTL
association statistics, protein prediction models, GWAS association statistics, PWAS association statistics, and
validation metrics from this study (Data Availability).

- -
_ (BporLcisBawas)
Zcis -




98

99
100
101
102
103
104
105
106
107
108
109
110

1M1
12
113
114

115
116
17
118

119
120
121
122
123
124
125
126
127
128

129
130
131
132
133
134
135
136
137

138

139
140
141
142
143
144
145
146

147
148
149
150

Simulations

We performed simulations to evaluate the calibration and power of PolyPWAS for detecting protein-disease
associations; we focused our simulations on trans-PWAS, as cis approaches have been shown to be well-
calibrated and well-powered under realistic architectures’?8. We simulated trans-pQTL (N=40K) and GWAS
(N=300K) summary statistics using LD matrices from UK Biobank European-ancestry individuals restricted to
HapMap3 SNPs*8. We simulated trans-pQTL effects with 1% causal variants and SNP-heritability (h?) ranging
from 5% to 20%, yielding prediction accuracy (mean R?=0.6-2.6%; Supplementary Table 3) consistent with
empirical data (see below); other parameter settings were also explored. We simulated GWAS summary
statistics with protein-mediated effects (mediated h?=5x10* per protein). We also simulated varying non-
mediated genetic effects (non-mediated h?=0-20%) to evaluate tagging at non-causal proteins that are correlated
with the causal proteins®1%15-7:4° We applied SBayesRC*' (without functional or pleiotropy annotations) to
simulated pQTL data to obtain trans-pQTL prediction weights and applied PolyPWAS for association testing
(Methods).

We first evaluated calibration in null simulations without non-mediated GWAS effects (Figure 1a and
Supplementary Table 3). At a significance threshold of p<10® (matching the threshold used in real data
analyses), PolyPWAS maintained a well-calibrated false positive rate (FPR) across all values of trans-pQTL h?,
confirming that the test statistic is properly calibrated.

We next evaluated power to detect true protein-disease associations (Figure 1b and Supplementary Table 3).
Under a realistic mediated h? of 5x10 per protein, PolyPWAS power increased with trans-pQTL h? (e.g. 50% at
trans-pQTL h?=20%), reflecting improved accuracy of genetically predicted protein levels for more heritable
proteins.

We also considered two scenarios (with trans-pQTL h? fixed at 10%) in which non-mediated genetic effects
produce tagging associations at non-causal proteins®10:15-17:4980_First, in simulations where non-causal proteins
are associated because they tag a causal protein through genetic correlation (Figure 1c and Supplementary
Table 3), the tagging association rate increased steeply with stronger correlation, mirroring the power-h? pattern
in Figure 1b and confirming that tagging associations arise when proteins share substantial trans-regulatory
effects. Second, in simulations where non-causal proteins are associated because genetic variants influence
disease risk through polygenic variant effects independent of the focal protein (Figure 1d and Supplementary
Table 3), the tagging association rate increased with higher non-mediated heritability (e.g. 1.4% at non-mediated
heritability of 20%), confirming that tagging associations arise from polygenic variant effects. Both findings
underscore the need to account for tagging effects (Discussion).

We performed three secondary analyses to assess how pQTL and GWAS polygenicity affect power and tagging
rates. First, we varied pQTL polygenicity in Figure 1b (0.1%, 1%, and 10% causal pQTL variants) while fixing
trans-pQTL h? at 10%. Power increased as trans-pQTL polygenicity decreased, consistent with higher protein
level prediction accuracy under less polygenic architectures (Supplementary Figure 1a). Second, we varied
PQTL polygenicity in Figure 1d (0.1%, 1%, and 10% causal pQTL variants) while fixing non-mediated h? at 10%.
Tagging rates increased slightly with higher pQTL polygenicity, implying modest sensitivity to pQTL polygenicity
(Supplementary Figure 1b). Third, we varied GWAS polygenicity in Figure 1d (0.1%, 1%, and 10% causal non-
mediated variants) while fixing non-mediated h? at 10%. Tagging rates were similar across settings, implying low
sensitivity to GWAS polygenicity (Supplementary Figure 1c).

Functionally informed cis and trans genetic prediction of protein abundance

We trained cis and trans prediction models using pQTL summary statistics for 7.7 million well-imputed variants
(or 1.2 million HapMap3 SNPs*8, for comparison purposes) (adjusting for age, sex, and 10 genetic PCs) across
2.8K plasma proteins measured in 33K UKB-PPP white British participants with matched genotype and
proteomic data?® (Methods). Predicted protein levels were adjusted for 20 PPCs, separately for cis and trans.
Prediction R? was evaluated in held-out individuals by correlating genetically predicted versus measured protein
levels. To quantify shared genetic regulation across proteins, we computed co-regulation scores, defined as the
sum of squared correlations between each focal cis- (resp. trans-) predicted protein and all cis- (resp. trans-)
predicted proteins including the focal protein®'.

Functional priors substantially increased trans prediction accuracy: using all 7.7 million well-imputed variants:
median R? for trans predictors achieved a 24% relative improvement (from 0.25% to 0.31%; these results were
adjusted for 20 PPCs; Figure 2a and Supplementary Table 4), although it remained far below the estimated
trans SNP-heritability (median 12%; Supplementary Table 4), consistent with highly polygenic distal
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regulation'?232740_ Cis prediction improved more modestly (+5.7%, median from 0.70% to 0.74%), approaching
the estimated cis-SNP heritability (median 0.79%). The mean R? was substantially higher (trans 1.7%; cis 5.6%),
driven by a small number of proteins with large values (Supplementary Figure 2); we therefore focus on
medians in subsequent analyses to avoid results driven by outliers.

Using 7.7 million well-imputed variants instead of 1.2 million HapMap3 SNPs*® increased prediction accuracy by
14.8% for trans and 19.4% for cis, consistent with previous results on complex trait polygenic prediction*'. The
accuracy improvement from functional priors was larger with the expanded well-imputed variant set, likely
because functional annotations are less informative when causal variants are missing. PPC adjustment reduced
trans prediction accuracy (Figure 2b, Supplementary Table 4, and Supplementary Figure 3) but is preferred
because it reduces trans co-regulation (see below). Across a range of PPC adjustments, functional priors
consistently improved trans prediction relative to models without functional annotations. The largestimprovement
was observed without PPC adjustment (+49.5%), likely because trans-PPCs captured shared regulatory
modules (the top 20 trans-PPCs explained 34.0% of variance in trans-predicted protein levels; Supplementary
Figure 4) enriched in pleiotropic trans effects3:3152-% that are partially recapitulated by our functional prior.

Consistent with extensive distal regulation, trans-predicted proteins had much higher co-regulation scores
(median 3.9) than cis-predicted proteins (median 1.1), even after adjusting for 20 PPCs (Figure 2c¢ and
Supplementary Table 5); we note that co-regulation scores depend on the limited number of proteins analyzed
(2.8K in UKB-PPP).

Trans co-regulation decreased sharply with PPC adjustment (from 17.5 to 5.1 for 0 vs. 10 PPCs) and then
plateaued (from 5.1 to 3.9 for 10 vs. 20 PPCs), whereas cis co-regulation was largely unchanged (Figure 2d
and Supplementary Table 5). Although trans-eQTL studies are pervasively impacted by cell-type composition
effects?’?°, the impact of cell-type composition on trans-pQTL is subject to debate: the original UKB-PPP study
reported that adjusting for cell-type proportions produced limited changes in trans-pQTL associations?, whereas
a later study analyzing the same data reported that many trans-pQTL are likely impacted by cell-type composition
effects®*. We assessed the biological role of PPCs by correlating them to UK Biobank traits; the top trans-PPCs
showed modest correlations with broad physiological measures (e.g., explaining 6.7% and 2.4% of variance in
platelet and white blood cell counts respectively; Supplementary Figure 5), suggesting that cell-type
composition has only a mild influence on trans-PPCs. These shared modules therefore likely reflect genuine
biological coordination rather than cell-type composition effects—including known trans-pQTL hotspots near
pleiotropic regulatory genes (e.g. SH2B3, SERPINA1, GCKR)30315253,

We evaluated cross-cohort prediction by applying deCODE-derived pQTL weights®' to UKB-PPP validation
samples (Figure 2e and Supplementary Table 6). Despite similar sample size and tissue context, prediction
accuracy decreased substantially across cohorts for both cis and trans models. Median cis R? dropped from
0.74% t0 0.21% (mean 5.6% to 3.4%) and median trans R? dropped from 0.31% to 0.03% (mean 1.7% to 0.85%).
Although some proteins had similar accuracy in deCODE vs. UKB-PPP, many showed markedly attenuated
prediction accuracy in deCODE, consistent with platform-specific (SomaScan vs. Olink) assay designs and/or
isoform-related measurement effects®®°®. Indeed, cross-cohort portability (i.e. relative differences in prediction
accuracy across cohorts) correlated strongly with cross-cohort genetic correlation estimates, and cis vs. trans
cross-cohort genetic correlations were themselves concordant (R? = 0.37; Supplementary Figure 6), suggesting
that proteins with low cross-cohort portability are influenced by additional sources of assay- or platform-specific
biological noise; accordingly, cross-cohort portability also correlated with individual-level protein measurement
concordance across platforms (Supplementary Figure 7). In instances where two deCODE aptamers target the
same protein, we detected differences between those aptamers in cross-cohort genetic correlations and cross-
cohort prediction accuracies for both cis and trans models (Supplementary Figure 8), further confirming that
these aptamers capture distinct biological variables.

We performed 7 secondary analyses. First, we extended our cross-cohort analyses by applying CSF-derived
pQTL weights (instead of deCODE-derived pQTL weights) to UKB-PPP validation samples. Prediction accuracy
decreased more substantially for CSF than for deCODE, consistent with the smaller CSF sample size (3.5K vs.
35K) and tissue differences (Supplementary Figure 9). Second, we evaluated protein prediction accuracy and
co-regulation scores in deCODE and CSF datasets (instead of UKB-PPP), which showed patterns broadly similar
to UKB-PPP (Figure 2a-d) despite reduced power in CSF (Supplementary Figure 10 and Supplementary
Figure 11). Third, a prediction model using only 96 baseline-LD model annotations (without genome-wide
pleiotropy annotations) outperformed a prediction model using no annotations but underperformed our full model
(Supplementary Figure 12). Fourth, we assessed prediction accuracies in non-British European individuals vs.
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white British individuals. Prediction accuracies were highly concordant for both cis and trans predictions
(Supplementary Figure 13). Fifth, we compared deCODE/UKB-PPP cross-cohort prediction accuracy restricted
to cis proximal vs. non-proximal variants, the former being susceptible to platform-specific coding-variant epitope
effects that alter assay affinity rather than true abundance?°*%. We observed comparable cross-cohort
portability for both classes, suggesting that epitope effects alone do not explain the observed differences in cis
prediction across platforms (Supplementary Figure 14). Sixth, we compared UKB-PPP cis-predicted plasma
protein levels with cis-predicted expression levels across 49 GTEXx tissues'?. Concordance was highest for liver,
consistent with its central role in plasma protein production®®, and lowest for brain and testis, likely due to
restricted protein exchange across biological barriers (Supplementary Figure 15); trans-eQTL prediction
models were not available with sufficient power to be included in this analysis. Seventh, we applied stratified LD
score regression*® to partition trans-pQTL heritability across baseline-LD functional annotations, and observed
significant enrichment for most functional annotations (Supplementary Figure 16), broadly consistent with
previously reported enrichment results for trans-eQTLs mimicking complex traits®.

Cis and trans predicted protein-disease associations across 88 diseases/traits

We analyzed GWAS summary statistics for 32 UK Biobank and 56 additional diseases/traits (average N=336K)
(Supplementary Table 2), performing two complementary analyses (Methods). First, we estimated the
proportion of disease SNP-heritability explained by cis- and trans- predicted protein levels (adjusted for 20 PPCs),
using an approach applied to individual-level UK Biobank data that is robust to modeling assumptions®® and
captures both mediated™ and non-mediated®%' effects. Second, we applied cis- and trans-PWAS to GWAS
summary statistics to identify protein-disease associations. Because summary statistics for most of the 56
additional diseases/traits were available only for HapMap3 SNPs, we restricted analyses of these 56
diseases/traits to HapMap3 SNPs.

Across 32 independent UK Biobank diseases/traits, cis-predicted protein levels explained a median of 9.6% of
disease SNP-heritability, whereas trans-predicted levels explained a median of 21% (Figure 3a and
Supplementary Table 7). Cis and trans contributions were largely additive, explaining a median of 26% jointly.
However, several traits—including lipid levels, platelet count, red blood distribution width—exhibited notable cis-
trans redundancy, with a combined model explaining far less variance than the sum of the two components. For
LDL cholesterol, cis-predicted levels explained 26+0.3% and trans-predicted levels explained 45+0.3% of SNP-
heritability, but the combined model explained only 50+0.4%. The top cis-PWAS protein, APOE, accounted for
38+2.5% of cis-explained heritability in LDL, yet 93% of its cis-predicted level could be explained by trans-
predicted levels of other proteins, including 63% explained by SNAP25 alone, consistent with APOE regulating
SNAP25 levels®. These results indicate that disease-associated trans-predicted protein levels can reflect
downstream effects of cis regulation, consistent with previous gene expression studies®’.

We applied cis- and trans-PWAS to the 32 UK Biobank diseases/traits. Results are reported in Figure 3b and
Supplementary Table 8. Trans-PWAS identified far more significant associations (P<10), implicating on
average 717 proteins per trait (26% of all 2.8K proteins) versus 148 (5.3%) for cis-PWAS. Although cis and trans
associations overlapped significantly (excess overlap = 1.18, 95% CI =[1.11, 1.26]; meta-analyzed across traits),
most associations were distinct; the intersection of cis-PWAS and trans-PWAS associations implicated 51
proteins per trait (1.8%). The higher trans-PWAS discovery rate likely reflects both the greater variance explained
by trans predictors (Figure 3a) and stronger co-regulation (Figure 2c), which increases tagging®'®'%-'7. We
estimated the number of conditionally independent protein-disease associations by applying stepwise regression
and identified more conditionally independent trans-PWAS associations than cis-PWAS associations (average
of 199 vs. 126 across traits; Supplementary Figure 17).

Prioritizing proteins with both cis and trans associations to LDL cholesterol identified key regulators (Figure 3c).
Among 50 proteins prioritized in this way, the strongest trans associations included canonical lipid regulators
(PCSK9, ANGPTL3, PLTP)®-%4 major apolipoproteins (APOE, APOH, LPA)®, and genes involved in hepatic
metabolism (ASGR1%¢, FGF2157). On the other hand, two proteins, PLA2G7 and FGFBP1, showed trans but no
cis association, despite being highly heritable in cis. Notably, PLA2G7 is a known prognostic biomarker for CAD®®,
yet its loss-of-function variants show no protective association with CAD®°, suggesting that the observed trans
association reflects a downstream response to disease.

We next applied cis- and trans-PWAS to the 56 additional diseases/traits. Results are reported in Figure 4a and
Supplementary Table 8. As in the analyses of UK Biobank diseases/traits, trans-PWAS identified far more
significant associations, prioritizing 115 proteins per trait on average (4.1% of all 2.8K proteins) versus 27 (1.0%)
for cis-PWAS (36 conditionally independent for trans, vs. 22 for cis); 5.3 proteins per trait (0.2%) were significant
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in both (excess overlap = 1.60, 95% CI =[1.39,1.84]). The reduced discovery rate vs. UK Biobank diseases/traits
reflects lower statistical power due to lower GWAS SNP-heritability Z-scores (Supplementary Table 2).

Prioritizing proteins with both cis and trans associations for coronary artery disease (CAD)™ identified key
regulators (Figure 4b). The 15 proteins prioritized in this way included lipid metabolism genes (PCSK9, LPL,
LPA, APOF)""-3, and a distinct inflammatory component driven by the interleukin-1 axis (IL7A, IL1RN),
consistent with the role of innate immunity in atherogenesis’™. Evidence for vascular remodeling and endothelial
stress emerged through regulators such as KLF4, PGF’>¢, while additional prioritized genes—including AIDA"’,
SUSD2", and UFD1L™—implicate less well-characterized mechanisms linking metabolic dysregulation to
downstream vascular responses. Together, these results show that integrating cis and trans evidence helps
decompose CAD biology into metabolic, inflammatory, and vascular axes.

We assessed the cross-cohort consistency of PWAS associations across 88 diseases/traits by comparing UKB-
PPP and deCODE results for 1,677 proteins shared between cohorts. After adjusting PWAS effect sizes to
account for cohort-specific partial protein prediction accuracy (which differed between the two cohorts; Figure
2e, Methods), we observed strong concordance (Figure 5 and Supplementary Table 9). Using Deming
regression to account for effect size uncertainty in both cohorts, both cis-PWAS and trans-PWAS showed high
concordance between UKB-PPP and deCODE (slope = 1.16 and 1.01, respectively). As expected, cross-cohort
concordance was attenuated when differences in protein level prediction accuracy were not accounted for
(Supplementary Figure 18). Results were similar across PPC adjustments (Supplementary Figure 19).
Concordance between UKB-PPP and the smaller CSF data set was lower, consistent with its reduced sample
size and with tissue-specific proteomic regulation®? (Supplementary Figure 20).

We performed 5 secondary analyses using UKB-PPP data. First, we evaluated the heterogeneity of variance
explained across trait categories: lipid and blood cell traits showed the highest values for both cis and trans,
consistent with their strong representation among plasma proteins®® (Supplementary Figure 21). Second, we
evaluated the impact of PPC adjustment on disease/trait variance explained by predicted protein levels.
Adjusting for 20 PPCs had little effect on cis-explained variance but reduced trans-explained variance by 18%
on average, with cross-trait variability consistent with how strongly trans-PPCs captured disease/trait variance
(Supplementary Figure 22). Third, we evaluated the impact of PPC adjustment on PWAS associations.
Adjusting for 20 PPCs reduced significant trans-PWAS associations by 44% on average, while cis-PWAS
associations were largely unchanged (Supplementary Figure 23). Fourth, we partitioned cis-predicted protein
levels into proximal and non-proximal components; both explained similar proportions of disease/trait variance,
indicating that proximal variants—despite potential platform-specific epitope effects®>->"—still capture disease-
relevant biological variance (Supplementary Figure 24). In some cases, proximal and non-proximal
components showed distinct effects, which may reflect differential tagging of causal cell types and contexts®°-82
(Supplementary Figure 25). Fifth, we applied MESC™ to cis-pQTL data to estimate disease heritability mediated
by cis-pQTL (Supplementary Figure 26). Median MESC estimates across 32 UK Biobank diseases/traits were
4.1%, lower than the 9.6% variance explained by cis-predicted protein levels, consistent with these methods
capturing different quantities'>5! (Methods). Applying MESC to trans-pQTL data would likely produce strongly
downward biased results at current sample sizes®.

Validation of genes prioritized by cis- and trans-PWAS associations

We validated PWAS-prioritized genes using two complementary validation gene sets: a gold-standard set of
genes identified by rare variant association studies* (RVAS) and a silver-standard set of genes prioritized by
PoPS network-based scores* (we note that PoPS does not incorporate eQTL/pQTL data and thus provides an
independent validation). We focused these validations on UKB-PPP protein levels and on 32 UK Biobank
diseases/traits, because RVAS require large-scale rare variant data. For each trait, we selected the top PoPS-
ranked genes equal in number to RVAS genes (mean 5.9 genes per trait). These two gene sets were largely
non-overlapping, sharing 0.7 genes per disease/trait on average (excess overlap =73, 95% CI: 46-115).

We assessed the overlap between PWAS-prioritized genes with RVAS/PoPS validation gene sets by jointly
stratifying genes by both cis- and trans-PWAS Z-scores (Figure 6a-b and Supplementary Table 10). We
reached two main conclusions. First, genes with higher cis-PWAS Z-scores showed increased excess overlap
with both RVAS genes and PoPS genes; for example, excess overlap with RVAS genes increased from 6.4 for
genes with |Zgs| = 5-10 (95% CI: [4.5, 9.0]) to 40 for genes with |Zs| 210 (95% CI: [29, 55]). Second, within a
given stratum of cis-PWAS Z-score, genes with higher trans-PWAS Z-scores showed increased excess overlap
with both RVAS and PoPS genes. For example, excess overlap with RVAS genes rose to 76 for genes with both
|Zcis|] 210 and |Zgans| 210 (95% CI: [50, 115]; P=0.015 vs. 40 for genes with |Zqs| 210), highlighting the added
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value of trans-PWAS for gene prioritization. Notably, when considered independently of cis evidence, trans-
PWAS showed lower enrichment than cis-PWAS, likely reflecting indirect tagging effects (Supplementary
Figure 27).

We next evaluated the impact of PPC adjustment on validation of genes with strong cis and trans support (|Zcis|
210 and |[Zuans| 210). Adjusting for PPCs (which reduces co-regulation, Figure 2d) greatly reduced the number
of prioritized PWAS associations but only slightly reduced the number of validated associations (Figure 6c-d,
Supplementary Figure 23 and Supplementary Table 11). For example, 21 of 128 gene-trait pairs prioritized
after adjusting for 20 PPCs overlapped with RVAS genes, versus 21 of 285 when no PPCs were adjusted.
Adjusting for 20 PPCs largely produces a subset of unadjusted results: among 108 gene-trait pairs prioritized
under both conditions, 19 overlapped with RVAS genes. Thus, adjusting for PPCs improves specificity while
preserving true positive associations.

To quantitatively assess the predictive value of cis- and trans-PWAS for gene prioritization, we modeled RVAS
and PoPS validation gene set membership via logistic regression, using as features 4 bins of PWAS Z-scores
(1Z] <5,5=|Z]<10,10=<|Z| < 15, |Z| 2 15) for both cis and trans effects respectively (Figure 7, Supplementary
Table 11 and Methods). Including both cis and trans features outperformed cis-only models for both RVAS
(pseudo-R?=11.6% vs. 10.5%, +11% relative improvement, P=1.8x10¢ for difference) and PoPS (pseudo-
R?=14.0% vs. 13.0%, +7.0% relative improvement, P=1.9x10"° for difference). Adding 4 bins of cis/trans co-
regulation scores further improved performance for both RVAS (pseudo-R?=14.3% vs. 11.6%, +23% further
relative improvement, P=6.9x107% for difference; +36% total relative improvement, P=8.3x10"'® for difference)
and PoPS (pseudo-R?=14.6% vs. 14.0%, +4.3% further relative improvement, P=0.14 for difference; +11% total
relative improvement, P=1.3x107 for difference) (Supplementary Figure 28). In most cases, co-regulation
features received negative coefficients, consistent with associations for proteins with high co-regulation scores
often reflecting tagging associations rather than causal mediation®'%'%-7_ These findings motivate future gene-
level fine-mapping approaches'®'>"" incorporating both cis and trans associations (Discussion). We confirmed
that validation performance improved with increasing the number of PPCs for RVAS (pseudo-R? from 10.3% to
11.6%) and remained stable for PoPS (14.2% to 14.0%) when increasing from 0 to 20 PPCs (Supplementary
Figure 29).

We performed 8 secondary analyses. First, we assessed how our main findings (Figure 7) varied across
disease/trait categories, for which we detected significant heterogeneity in how cis and trans-derived features
predict validation gene sets (P=5.2x107° for RVAS; P=1.3x10*2 for PoPS; Supplementary Figure 30); per-
category results were noisy for most trait categories, but blood cell traits (a relatively well-powered trait category)
showed typical cis and trans validation performance, comparable to meta-analyzed results across all traits.
Second, we repeated RVAS/PoPS validation with deCODE and CSF pQTL data, observing broadly similar
patterns despite reduced power in CSF due to smaller sample size (Supplementary Figure 31). Third, we
stratified cis-PWAS by proximal versus non-proximal variants in a joint model; both components had significant
effects in predicting validation gene sets, and modeling both further improved validation performance
(Supplementary Figure 32). Fourth, we included conditional (stepwise) Z-scores in a joint model with marginal
Z-scores for both cis and trans; conditional features moderately improved validation performance, suggesting
that fine-mapping approaches can potentially improve gene prioritization (Supplementary Figure 33). Fifth, we
repeated RVAS/PoPS validation separately for gene-trait pairs with concordant versus discordant cis/trans sign,
observing similar enrichment in validation gene sets for both (Supplementary Figure 34). Sixth, we evaluated
effect-direction concordance at RVAS genes®, for which loss-of-function burden test results** predict the PWAS
effect direction. Among 79 RVAS gene-trait pairs that were significant in cis (P < 10°) and a separate set of 79
RVAS gene-trait pairs that were significant in trans, cis-PWAS showed significant directional concordance with
burden test results (79%, 62/79; binomial P=3.6x107), whereas trans-PWAS did not (57.0%, 45/79; P=0.26)
(Supplementary Figure 35). This pattern is consistent with trans-PWAS often reflecting co-regulation/tagging
effects, further emphasizing the need for gene-level fine-mapping approaches'®'®-'" incorporating both cis and
trans associations (Discussion). Seventh, to assess whether trans-PWAS results are driven by cell-type
composition effects or highly pleiotropic pQTL hotspots, we filtered trans-pQTL weights by (i) removing blood
cell trait GWAS SNPs (353K SNPs; P < 5x10® for any of 7 independent UK Biobank blood cell traits) or (i)
excluding pQTL hotspot SNPs (top 0.1% of SNPs by number of genome-wide significant pQTL associations at
P < 5x108, 241 associated proteins, ~7K SNPs); these two sets of SNPs are substantially overlapping: 91% of
pQTL hotspot SNPs are also blood cell trait GWAS SNPs (Supplementary Figure 36). Removing blood cell
GWAS SNPs reduced trait variance explained by trans-predicted protein levels by 43% (median across traits)
and significant trans-PWAS associations by 54 %, while removing hotspot SNPs had a more modest effect (10%
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and 22%, respectively), with both filters showing larger reductions for blood cell traits (Supplementary Figure
37). Among top-prioritized genes (cis-|Z| > 10 and trans-|Z| > 10, using 20 PPCs), both filters increased RVAS
enrichment but reduced the number of prioritized pairs; as a result, neither improved overall validation pseudo-
R? (Supplementary Figure 38). We also stratified our main validation analysis by the 7 blood cell and 25 non-
blood cell traits. The 25 non-blood cell traits remained well-powered and showed similar RVAS/PoPS enrichment
and pseudo-R? as results for all 32 traits (Supplementary Figure 38; also see Supplementary Figure 30),
confirming that our main conclusions are not driven by cell-type composition effects. Eighth, we assessed
reciprocal predictive power between PoPS and RVAS validation gene sets. Adding PoPS-prioritized genes as
predictive features improved performance on RVAS validation gene sets (pseudo-R? = 15.7% vs. 11.6%, P =
1.6x10"% for difference) and adding RVAS-prioritized genes improved performance on PoPS validation gene
sets (pseudo-R? = 14.6% vs. 14.0%, P = 1.3x10 for difference) (Supplementary Figure 39).

Combining cis- and trans-PWAS associations connects disease-critical genes

We highlight three examples in which PolyPWAS combines cis- and trans-PWAS associations to connect
disease-critical genes that were each previously implicated in GWAS analyses (Figure 8a). Each example
includes a trans-pQTL for a focal gene (with a direct effect on disease/trait) that is likely a cis-QTL for a gene
mediating the trans-pQTL (cis-gene)®'8. The identity of the cis-gene is determined using locus-to-gene
assignment® instead of cis-pQTL (Methods), because most candidate cis-genes are unassayed across the
proteomic platforms that we analyzed. In some cases the cis-gene has an independent direct effect on the
disease/trait, which may lead to discordant (marginal) cis-PWAS and trans-PWAS effects for the focal gene due
to tagging (Supplementary Figure 35). Because cis co-regulation reflects shared local regulation while trans
co-regulation reflects shared distal regulation, concordant cis and trans associations can provide a stronger basis
for gene prioritization.

First, we highlight an example involving concordant cis-PWAS and trans-PWAS effects, where the trans-PWAS
effect reflects a likely causal relationship (Figure 8b). PolyPWAS associated TREM2 with Alzheimer’s disease
(AD) (cis-Z=-4.9; trans-Z=-8.0). TREM2 encodes a microglial surface receptor®’; rare coding variants
substantially increase AD risk®®. The negative cis-PWAS association is directionally consistent with this prior
evidence. The negative trans-PWAS association was primarily driven by a non-coding variant in the MS4A gene
cluster locus (rs1786140-C; trans-Z induced by rs1786140-C = -7.0; C allele lowers MS4A4A and MS4A6A
expression in GTEx whole blood; Methods), an established AD GWAS locus®® embedded among other trans-
pQTLs (Supplementary Figure 40). The concordant negative cis and trans PWAS effects (-0.092 and —0.040;
differences arise from different prediction accuracies; Methods) support a likely causal trans-PWAS association
in which TREM2 mediates genetic effects at the MS4A locus on AD risk.

Second, we highlight an example with discordant cis-PWAS and trans-PWAS effects, with the trans effect
reflecting a combination of likely causal and tagging effects (Figure 8c). PolyPWAS associated ANGPTL3 with
LDL cholesterol (cis-Z=+17.2; trans-Z=-43.4). ANGPTL3 is a hepatocyte-secreted inhibitor of lipoprotein
lipase®!; reduced ANGPTL3 levels lower LDL cholesterol and cardiovascular risk®, The positive cis-PWAS
association is consistent with this prior evidence. The strong negative trans association was primarily driven by
an APOE coding variant (rs7412-T; trans-Z induced by rs7412-T = -103), an established LDL GWAS locus
embedded among other trans-pQTLs (Supplementary Figure 41). Because APOE is assayed in UKB-PPP, we
were able to verify the locus-to-gene assignment: rs7412-T is a cis-pQTL for APOE (pQTL Z = 54), and the
APOE cis-PWAS Z-score for LDL (-=77) is concordant with the GWAS Z for rs7412-T (-103). This variant
increases ANGPTL3 levels but also has a direct LDL-lowering effect through altered APOE-dependent
lipoprotein clearance®. Because the direct APOE-driven LDL effect opposes the indirect LDL-increasing effect
mediated through higher ANGPTL3 levels, the resulting trans association for ANGPTL3 is discordant in sign and
largely reflects tagging of APOE. Despite the discordant signs, the strong cis and trans associations indicate that
ANGPTL3 lies centrally within LDL regulatory networks; according to our validation analyses (Figures 6-7), such
genes are more likely to be critical for disease.

Third, we highlight an example with partially concordant cis-PWAS and trans-PWAS effects, with the trans effect
reflecting a combination of likely causal and tagging effects (Figure 8d). PolyPWAS associated /L 10 with Crohn’s
disease (CD) (cis-Z=-7.7; trans-Z=-5.2). IL10 is an anti-inflammatory cytokine®®; rare loss-of-function variants
in IL10 cause severe early-onset inflammatory bowel disease®. The negative cis association is consistent with
this prior evidence. The negative trans-PWAS association was partly driven by a PTPN22 missense variant
(rs2476601-T; trans-Z induced by rs2476601-T = —-8.1; rs2476601-T is not a significant eQTL for PTPN22 in
GTEx immune-relevant tissues, suggesting its effects on /IL70 levels and CD risk may operate through altered
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protein function rather than transcription regulation); rs2476601-T is at a pleiotropic autoimmune susceptibility
locus®” embedded among other trans-pQTLs (Supplementary Figure 42). This variant increases IL70 levels
(which is expected to decrease CD risk), but also independently decreases CD risk through additional pathways®,
so the IL10 trans-PWAS effect partly reflects tagging of PTPN22. Intriguingly, a missense variant in IL10RA
(rs3135932) is a strong pQTL for IL10 but shows no significant association with CD, despite the severe
phenotypes caused by /L 70RA loss-of-function mutations®*—possibly reflecting compensatory feedback within
IL10 signaling, whereby modest reductions in /L 70RA signaling trigger increased IL-10 production to preserve
downstream anti-inflammatory flux and buffer Crohn’s disease risk®®. Thus, the IL70 trans-PWAS association
aggregates multiple trans-pQTLs with distinct relationships to CD. Despite this complexity, the convergent cis-
PWAS and trans-PWAS associations indicate that IL70 is a central immune regulator in CD.

Additional examples are reported in Supplementary Figure 43-45. Overall, these examples show that trans-
PWAS associations can reflect causal and/or tagging effects, and that combining cis-PWAS and trans-PWAS
associations can help distinguish between causal vs. tagging effects in gene regulatory networks.

Discussion

We have developed PolyPWAS, a functionally informed PWAS approach that combines cis- and trans-regulatory
information to prioritize disease genes. Incorporating functional enrichment (96 baseline-LD model annotations*?
and proteome-wide pleiotropy) substantially improves trans-prediction accuracy. Unlike previous methods
leveraging cis- and trans-molecular QTL®3%, PolyPWAS uses polygenic prediction*' to model polygenic
regulatory effects instead of restricting to genome-wide significant loci; analyzes cis and trans components
separately; and operates entirely on pQTL and GWAS summary statistics. Trans-predicted protein levels explain
roughly twice as much disease/trait heritability as cis-predicted levels. Integrating cis and trans evidence
improved gene prioritization, attaining higher concordance with RVAS and PoPS gene sets than cis-only
analyses; adjusting for PPCs reflecting broadly shared regulatory modules improved disease gene specificity.
Overall, trans-predicted protein levels provide substantial complementary information. Importantly, in the
examples that we have highlighted, trans-PWAS associations can reflect either direct causal effects (concordant
cis/trans associations) or tagging effects (discordant cis/trans) in gene regulatory networks.

Our results have several implications for downstream analyses. First, integrating cis-PWAS and trans-PWAS
should be broadly prioritized for gene prioritization, because joint models outperform cis-only models in validation
analyses using RVAS and PoPS benchmarks (Figures 6-7); cis-PWAS and trans-PWAS could also be combined
with other gene prioritization resources and modalities®®'°%-192_ Second, we have publicly released genome-wide
protein prediction weights forimmediate integration with GWAS summary statistics without further pQTL analysis.
Third, trans-PWAS will become more powerful and impart a greater contribution to gene prioritization as much
larger pQTL datasets become available (e.g. N=300K individuals and 5.4K proteins available in UK Biobank in
2027'%%). Fourth, although convergent cis-PWAS and trans-PWAS evidence provides the most confident gene
prioritization, PolyPWAS can detect protein-disease associations that cis-only analyses may miss, particularly
for evolutionarily constrained genes with low cis-heritability’®2°; incorporating information about evolutionary
constraint may help prioritize causal genes implicated by trans-PWAS but not cis-PWAS.

We note several limitations of this study. First, we focused primarily on plasma proteins measured in UKB-PPP,
analyzing only 2.8K proteins. Although key findings replicated in both a deCODE plasma pQTL dataset and a
smaller CSF pQTL dataset, analysis of larger multi-tissue proteomic datasets would improve resolution'. In
addition, we did not analyze trans-eQTL data; however, PolyPWAS could be applied to perform trans-TWAS as
genome-wide trans-eQTL summary statistics in large samples become available®. Second, trans-PWAS power
was limited by low trans prediction accuracy (Figure 2a), which is far below trans-SNP heritability at current
pQTL sample sizes; much larger pQTL datasets will help address this. Third, PWAS associations remain
susceptible to tagging effects from protein co-regulation®'%'5-'7 (especially in trans) or non-mediated causal
variant effects'®'74950; in addition, PWAS (or TWAS) results may not reflect variant-level correlation between
pQTL (or eQTL) and disease effects (Methods). We corrected for PCs of predicted protein levels (Figure 2d)
(and also performed conditional analyses), but rigorously distinguishing causal from tagging associations will
require formal fine-mapping methods'®'5-" that jointly model mediated and non-mediated components™®'7:%;
developing such methods that incorporate both cis and trans associations is a key priority. Indeed, incorporating
features derived from cis/trans co-regulation scores substantially improved prediction of validation gene sets
(Supplementary Figure 28), underscoring the promise of a more rigorous approach. Existing cis fine-mapping
methods'®'%-'7 could also be applied to cis-PWAS, but we did not pursue this here given limited proteomic
coverage; this will become increasingly valuable as proteomic coverage expands. Fourth, co-regulation effects
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impacting trans-PWAS may partly reflect variation in cell-type composition?>2427. However, filtering variants
associated with blood cell traits did not substantially improve enrichment in validation gene sets (Supplementary
Figure 37 and Supplementary Figure 38). Fifth, correcting for PCs of predicted protein levels reduces tagging
associations driven by protein co-regulation (e.g., due to shared upstream regulators), but may also reduce
power for causal proteins with shared upstream regulators. However, PPC adjustment improved gene
prioritization (Figure 6), suggesting that the gain in specificity outweighs the loss in power. Sixth, to avoid bias
from sample overlap, we excluded UKB-PPP participants from GWAS analyses*’; explicitly modeling sample
overlap could increase power. Seventh, PWAS is complementary to colocalization-based approaches,
analogous to TWAS; integrating advantages of both frameworks remains an important direction'°%1%_ Eighth,
although the association step (Equation 1) is fast, SBayesRC*' is computationally intensive (Supplementary
Table 12); restricting to HapMap3 SNPs reduces runtime (from 6 hours to 1 hour per protein; Supplementary
Table 12) with a modest prediction accuracy loss, and is a plausible option when computational resources are
limited. Ninth, our functional priors do not exhaustively incorporate variant- and gene-level annotations;
expanding to network- or pathway-informed features?**' may further improve trans prediction accuracy. Tenth,
we did not consider other validation gene sets such as drug target'?”'% and Mendelian'®® disease-associated
genes, even though they have been proposed as benchmarks for disease relevance?*'%® and could inform
integrated scores for drug target prioritization'®. Eleventh, we treat each cis- or trans-predicted protein level as
a single aggregate quantity, even though components of prediction from different variant classes can show
distinct patterns of association to disease (Supplementary Figure 25). Indeed, performing cis-PWAS separately
using proximal and non-proximal components improved prediction of validation gene sets (Supplementary
Figure 32), suggesting that partitioning both cis and trans predictions by different variant classes could be a
valuable future direction. Twelfth, we have not formally quantified the extent to which trans-pQTL effects are
mediated by cis-pQTL®"8% which remains a future direction. Despite these limitations, our results show that trans-
predicted protein levels explain substantial disease/trait heritability such that trans-PWAS complements cis-
PWAS, and that jointly modeling cis and trans architectures is crucial for effectively prioritizing protein-mediated
disease biology.
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Methods

PolyPWAS methods

Overview. PolyPWAS associates genetically predicted protein levels with diseases using both cis- (1 Mb from

transcription start site) and trans- (all remaining genome-wide) variants. First, we infer genome-wide SNP effects

on protein levels from pQTL summary statistics using SBayesRC*'. Second, we test associations between cis-

and trans- genetically predicted protein levels and disease. For each protein, we partition SBayesRC-derived

prediction weights ﬁpQTL into cis (EPQTL,dS) and trans (EpQTL,trans), and compute cis and trans PWAS association

Z-scores by correlating genetically predicted protein levels with disease risk, accounting for linkage

disequilibrium (LD)?:

(ET TL, EGWAS)

cis = T — »Ztrans = — Lt tranSA ’ )
\/B-lp—QTL,cisRBpQTL,cis \/G-Ip—QTL,transRBpQTL,trans

where Bgwas denotes marginal GWAS effects, and R is the LD correlation matrix.

_ (EEQTL,cisEGWAS)

We caution that due to LD, PWAS (or TWAS) results may not reflect variant-level correlation between pQTL (or
eQTL) and disease effects' 174950 |n detail, PWAS tests for correlations between predicted protein levels and
disease across individuals, which may be different from the correlation between disease and pQTL effect sizes
across variants due to LD. For example, if a pQTL variant and a disease-causal variant are in perfect LD,
predicted protein levels will correlate perfectly with disease risk across individuals—yet variant-level correlation
between pQTL and disease effect sizes is zero, since neither variant carry both effects. Despite these caveats,
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our disease gene prioritization results confirm the utility of PWAS based on individual-level correlations (which
can be efficiently computed from GWAS and pQTL summary statistics without requiring individual-level data).

Quantifying co-regulation across proteins. We computed co-regulation matrix C=diag(C)_1/2-C-

diag(C)_l/z, where € = WTRW is the covariance of predicted protein levels, W is standardized SNP weights
across proteins, computed separately for cis and trans. For each protein i, we defined its co-regulation score as
X Cl%- (summing over all protein j, including /). This score measures how strongly a protein's genetic prediction
correlates with predicted levels of other proteins. Higher co-regulation scores indicate that proteins are more
susceptible to tagging associations®®'. We note that ref. ' computed co-regulation scores with bias-corrected
self-correlation C;;; we omit this correction because the bias is negligible at large sample sizes for cis co-
regulation scores, and the self-correlation term is negligible for trans co-regulation scores. Co-regulation scores
that we report are conservative estimates because current pQTL datasets profile only a fraction of all proteins.

Adjusting PWAS associations via predicted protein principal components. We performed conditional
PWAS analyses using summary statistics’' to remove shared regulation from marginal PWAS associations.
Let X € RV*P denote standardized genetically predicted protein levels, y € RN the phenotype, C = %XTX the
T
protein co-regulation matrix, and Z = X—mythe marginal PWAS Z-scores. For a linear combination s = Xw, the
T
*Z To adjust protein i for s, we regress X; on s and test the residual,
KT (yxw i il)  7- (i ()

JwTcw
wTXTXw

producing the conditional Z-score Z;,, = = = —wTew , which depends only on summary-level
X Xw ((cw)))?
Wj e J T wTew”
quantities Z and C. More generally, for multiple linear combinations S = XW where W € R”*X with K columns
Zi—(CW)] (WTew) 'wTz

marginal association is Z(w) =

. This formulation

Wy, ..., Wk, adjusting protein i for all columns of W produces Z;y =

\/1—(CW)iT(WTCW)‘1(CW)i

allows for adjusting for predicted protein principal components (PPCs) or for stepwise conditional analysis
without requiring individual-level data. Specifically, we account for PPCs separately for cis and trans. Let C =
UAUT denote the eigendecomposition of the protein co-regulation matrix. To adjust protein i for the top K

principal components (XU, with eigenvectors W = Uy, and eigenvalues 4,4, ..., 1), the PPC-adjusted Z-score for

L Z;~(UgUkZ), , : ,
protein i is: Z;y, = —=———==. In our primary analysis, we adjusted for 20 PPCs.

1/ 1_ZIIS=1 Ay

PQTL data processing and protein prediction

Proteogenomic resources and pQTL mapping. We analyzed three pQTL datasets: (i) UK Biobank Pharma
Proteomics Project (UKB-PPP)?3, comprising 54,219 individuals across 2,923 Olink assays in plasma; (ii)
deCODE?", comprising 35,559 individuals with 4,907 SomaScan aptamers in plasma; and (iii) a cerebrospinal
fluid (CSF) pQTL study®?, comprising 3,506 individuals with 6,361 SomaScan aptamers in CSF. For UKB-PPP,
we performed pQTL mapping using PLINK2"'" in unrelated individuals of white British ancestry (N = 33,350),
regressing inverse-rank normal transformed protein levels on genotypes with covariates for age, sex, and the
top 10 genetic principal components. For downstream analyses that do not involve individual-level data, we used
publicly pQTL summary statistics?®. For deCODE and CSF, we used publicly released pQTL summary statistics.
We used two LD reference panels previously computed from 20,000 randomly sampled unrelated UK Biobank
individuals of European ancestry*': a HapMap3-based panel (1.2 million variants) and a dense well-imputed
panel (7.7 million variants). Our primary analyses used the dense panel; we restricted to HapMap3 SNPs for
compatibility with publicly available GWAS.

Functionally informed protein prediction. We trained per-protein genome-wide predictors using SBayesRC,
which takes genome-wide pQTL summary statistics, reference LD, and variant-level annotations. The annotation
set comprised: (i) 96 baseline-LD v2.2 annotations*?; (ii) a binary cis-region indicator marking variants within +1
Mb of the transcription start site; and (iii) proteome-wide pQTL pleiotropy annotations, where each variant was
assigned to one of three annotations (or no annotation) based on whether it was a significant cis-pQTL (x1 Mb
of gene), trans-pQTL (outside +1 Mb), or both, across proteins in each dataset. We used SBayesRC posterior
mean effects as prediction weights. For each protein, we partitioned weights into cis and trans components.
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Evaluating protein prediction accuracy. We evaluated prediction accuracy as R? between genetically
predicted and covariate-adjusted measured protein levels in 9,746 held-out UKB-PPP individuals not used for
pQTL mapping and prediction model training (i.e., not in the sample of pQTL mapping individuals; see above).
We regressed out the top 20 PPCs (computed via PCA on standardized predicted proteins, separately for cis
and trans) and evaluated R? on the residuals.

Evaluating cross-cohort portability. We evaluated cross-cohort portability by applying deCODE and CSF
prediction weights to held-out UKB-PPP individuals and computed R? for proteins assayed in both UKB-PPP and
deCODE, or in both UKB-PPP and CSF, matched by UniProt ID. We estimated cross-cohort genetic correlations
for UKB-PPP vs. deCODE, and UKB-PPP vs. CSF. We estimated cis genetic correlations using Pearson
correlations between cis-predicted protein levels in held-out individuals. We estimated trans genetic correlations
using cross-trait LDSC''? with 1,000 Genomes''3 as the LD reference. We also compared cross-cohort prediction
R? differences with individual-level measured protein concordance between Olink and SomaScan platforms®°.

Simulations

We performed simulations to evaluate PolyPWAS type | error rate and power using LD matrices computed from
European-ancestry UK Biobank individuals restricted to HapMap3 SNPs. For each pQTL replicate, we generated
protein genetic effects by randomly selecting 1% of SNPs as causal and drawing standardized effect sizes from
a standard normal distribution, rescaled to achieve target SNP-heritability hgoﬂ_. GWAS effects were simulated

as a sum of protein-mediated and non-mediated components: Bgwas = @ BpaTL + Bnon-mediated. Where a =

+ /hfned/hf,QTL (with random sign per replicate) and Bnon-mediated N2d 1% causal SNPs scaled to h3y,meq- We

varied mediated heritability (h2.4=0 or 5x10*) and non-mediated heritability (h%,,-meq=5%,10%,15%,20%). To
evaluate tagging associations from shared genetic architecture, we simulated pairs of genetically correlated
proteins (r; = 0.2, 0.4, 0.6, 0.8) by drawing their causal effects from a bivariate normal distribution. Prediction
weights were fitted on one protein and PWAS Z-scores were computed using GWAS effects mediated through
the correlated protein. We generated pQTL summary statistics (Npor.=40K) and GWAS Z-scores (Newas=300K)
by adding multivariate normal noise under: p = Rp + R/2¢/+/N*3""* where R'/? denotes the matrix square root
of R obtained via eigen decomposition. For each simulated protein, we applied SBayesRC to the pQTL summary
statistics using default parameters without functional annotation, obtained posterior mean prediction weights and
computed PWAS Z-scores, assessing significance using a threshold of P < 10°. We used a nested simulation
for computational speedup: for each pQTL replicate, SBayesRC is fitted once to obtain prediction weights, and
many independent GWAS replicates are then generated conditioned on those pQTL weights. To evaluate false
positive rates, we simulated 1,000 pQTL replicates each with 20,000 GWAS replicates (20 million total tests per
setting). To evaluate power and tagging rate, we simulated 100 pQTL replicates each with 100 GWAS replicates
(10,000 total tests per setting).

Associating proteins with GWAS diseases/traits

GWAS datasets. We analyzed 32 heritable, approximately independent UK Biobank disease and fraits
(Supplementary Table 2). We selected by filtering trait pairs at a squared genetic correlation threshold of 0.25
estimated via LD Score regression. We computed GWAS summary statistics using BOLT-LMM'® (v2.3.4),
excluding UKB-PPP participants to avoid overlap between pQTL and GWAS samples. We also analyzed 56
additional diseases/traits with publicly available summary statistics (Supplementary Table 2), selected under
the same independence criteria.

Variance explained by predicted protein levels. We estimated the proportion of trait SNP-heritability explained
by predicted protein levels using a previously validated approach that estimates SNP-heritability explained by a
set of SNPs®®. For a set of predicted proteins (cis, trans, or combined), the proportion of trait variance explained
—_— T+
can be estimated via hgxp = % where Z are PWAS Z-scores, C is the pseudo-inverse of the protein co-
regulation matrix, r is the rank of the protein prediction matrix, and N is the GWAS sample size. These quantities
are computed from individual-level data. This is equivalent to the adjusted R?from a multivariate regression of
the trait on all predicted protein levels and is unbiased across sample size given that sample size is larger than
the rank of protein prediction matrix (N > r). This estimator quantifies both mediated effects (disease variants
acting through protein levels) and non-mediated effects (disease variants correlated with predicted protein levels
but acting through other pathways)®'. This contrasts with the Mediated Expression Score Regression (MESC)"?
estimator, which explicitly partitions mediated from non-mediated components. We computed héxp for UK
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Biobank traits using individual-level phenotypes and predicted proteins in a held-out subset of 50K individuals
not in UKB-PPP. We adjusted traits for covariates (sex, age, age?). Predicted protein levels were adjusted for
top PPCs, computed separately for cis and trans. These estimates are conservative lower bounds because they
reflect only currently profiled proteins and because measurement noise in trans-predicted levels introduces
downward bias.

Conditionally independent associations. We identified conditionally independent protein-trait associations
using stepwise forward regression of trait values against predicted protein levels. At each forward regression
step, we computed the partial correlation of each remaining protein with the trait, conditioning on all previously
selected proteins, using the co-regulation matrix and PWAS Z-scores. The protein with the largest absolute
conditional Z-score was added to the model. Conditional Z-scores were computed from the summary-level partial
correlation approach (see above). We estimated the number of conditionally independent associations by
counting number of associations with P < 10,

Cross-cohort concordance of PWAS associations. We compared PWAS effects between UKB-PPP and
deCODE or CSF across matched protein-trait pairs. Let Rs and R, denote cohort-specific prediction accuracy
after PPC adjustment, estimated in the same held-out UKB-PPP individuals for protein predictors from the two
cohorts. For GWAS sample size N, and cohort-specific PWAS Z-scores Z;, Z», we define scaled effect estimates
Sy = Z1/Ri(VNRyR,),S; = Z,/R;(VNR R, )with standard errors SE; = R, /v/N,SE, = R, /V/N, computed for cis
and trans. This scaling allows them to be at the same effect scale up to the common multiplicative factor R R,.
We then fit Deming regression to S;and S,, accounting for uncertainty using SE; and SE,.

Validation against RVAS and PoPS gene sets. We evaluated gene prioritization performance against two
benchmark gene sets. First, we used rare variant association study (RVAS) genes prioritized by loss-of-function
burden tests*, defining RVAS genes as those with burden P-values passing per-trait Bonferroni correction (P <
0.05/4# genes with both PWAS and burden test results for that trait). Second, we used Polygenic Priority Score
(PoPS)*, which integrates GWAS with gene co-expression and protein-protein interaction networks independent
of pQTL data. For each trait, we labeled the top K genes by PoPS score as positives, where K equaled the
number of RVAS genes for that trait. We stratified gene-trait pairs by bins of |Zcs| and |Zgans| (using bins: |Z| < 5,
5<1Z] <10, 10 < |Z] < 15, |Z] =2 15) and computed excess overlap within each stratum, defined as the ratio of
observed to expected overlap with benchmark gene sets. We reported 95% confidence intervals for excess
overlap based on binomial sampling. We additionally computed enrichment specifically among gene-trait pairs
with |Zas| > 10 and |[Zyans| > 10 across different PPC adjustment. We fit logistic regression models to predict
RVAS or PoPS membership using four nested feature sets: (1) binned |Z.s| alone; (2) binned |Zds| and |Zirans|;
(3) the preceding features plus cis co-regulation score quartiles; and (4) the preceding features plus trans co-
regulation score quartiles. Z-scores were binned into 4 levels (|Z| < 5,5 < |Z| <10, 10 £ |Z| < 15, |Z| 2 15); co-
regulation scores were binned into quartiles. Model performance was quantified using pseudo-R?, computed as
1-(log-likelihood of fitted model / log-likelihood of null model). We assessed improvement from adding trans
features to cis-only models, and from adding co-regulation features, via likelihood ratio tests comparing
consecutive nested models. We additionally stratified validation models by trait categories and assessed cross-
category heterogeneity by comparing the sum of per-trait log-likelihoods against the pooled model log-likelihood
via a likelihood ratio test. To assess the complementarity of RVAS and PoPS, we added PoPS score quartiles
as features to models predicting RVAS membership and conversely added burden Z-score quartiles to models
predicting PoPS membership, with improvement assessed via pseudo-R? and likelihood ratio tests.

Examples of PWAS associations. For examples of PWAS associations (Figure 8), we transformed PWAS Z-
scores to standardized effect estimates by dividing by /Ngwas and the corresponding prediction correlation.
Differences between cis and trans effect sizes are expected because of differences in prediction accuracy and
because trans associations can include both causal and tagging effects. For each focal gene, we identified lead
trans-pQTL loci by selecting the strongest pQTL per previously defined LD block (P < 107'%, excluding the cis
region)*'. The trans-PWAS Z-score driven by an individual lead SNP i is quantified as sign(ZpQTL,i) - Zgwas,i- We
annotated each lead SNP with its most likely linked gene (trans-pGene) using the Open Targets locus-to-gene
(L2G) score®® (platform release 26.03), which integrates colocalization, chromatin interaction, and variant
consequence data. We used L2G rather than direct pQTL evidence because trans-pGenes (e.g., MS4A,
PTPN22) are often unassayed across the proteomics platforms we examined.

Data availability
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pQTL association statistics, protein prediction models, GWAS association statistics, PWAS association statistics,
and validation metrics used in this study will be made publicly available upon publication.

Code availability

PolyPWAS: https://qithub.com/kangchenghou/polypwas.

SBayesRC (v0.2.6): https://github.com/zhilizheng/SBayesRC.

PLINK2: https://www.cog-genomics.org/plink/2.0/.

BOLT-LMM: https://storage.googleapis.com/broad-alkesgroup-public/BOLT-LMM/BOLT-LMM _manual.html.
LDSC: https://github.com/bulik/LDSC.
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681  Figure 1. Simulations evaluating PolyPWAS calibration, power, and tagging associations. (a) False
682  positive rate of protein-disease associations in null simulations without protein-mediated effects. Dashed line
683  denotes expected FPR of 10°. (b) Power to detect protein-disease associations in causal simulations. (c)
684  Tagging association rate at non-causal proteins as a function of genetic correlation with the causal protein. (d)
685

Tagging association rate as a function of non-mediated heritability. Numerical results are reported in
686  Supplementary Table 3.
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Figure 2. Functionally informed genetic prediction of protein levels. (a) Median prediction R? across
proteins for cis and trans prediction models using HapMap3 (HM3) or well-imputed (Imp.) variants, with and
without functional priors (baseline-LD model and proteome-wide pQTL annotations), adjusting for 20 PPCs.
Dashed lines indicate median cis and trans heritability estimates. (b) Median prediction R? for cis and trans
prediction models when adjusting for different numbers of PPCs. (¢) Median cis and trans co-regulation score
when adjusting for 20 PPCs. (d) Median cis and trans co-regulation scores when adjusting for different numbers
of PPCs. (e) Comparison of prediction R in UKB-PPP vs. deCODE across matched proteins for cis (left panel)
and trans (right panel); heatmaps denote corresponding UKB-PPP vs. deCODE genetic correlations. Numerical
results are reported in Supplementary Table 4-6.
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Figure 3. Protein-disease associations across UK Biobank diseases/traits. (a) Proportion of SNP-heritability
explained by cis, trans, and combined cis and trans predicted protein levels (ratio between explained heritability
hixp, and total heritability hZ) across 10 (of 32) selected UK Biobank traits. Trait labels include SNP-heritability
estimates in parentheses. Error bars denote 95% confidence intervals. Traits are ordered by combined cis +
trans proportion of explained heritability. (b) Number of significant protein-trait associations identified by cis-
PWAS, trans-PWAS, and their intersection across 10 (of 32) selected UK Biobank traits. (¢) Cis- and trans-
PWAS associations for LDL cholesterol, with |Z| capped at 50 for visualization purposes. For (a) and (b),
numerical results for all 32 UK Biobank traits are reported in Supplementary Table 8-9. For (c), full cis- and
trans-PWAS association results for all traits analyzed have been publicly released (Data Availability).
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711 Figure 4. Protein-disease associations across additional diseases/traits. (a) Number of significant protein-
712 trait associations identified by cis-PWAS, trans-PWAS, and their intersection across 10 (of 56) selected
713 additional diseases/traits. Traits are ordered by number of intersections for both cis and trans associations.
714 Numerical results for all 56 additional diseases/traits are reported in Supplementary Table 8. (b) Cis- and trans-
715 PWAS associations for coronary artery disease (CAD), with |Z| capped at 50 for visualization purposes. Full cis-
716 and trans-PWAS association results for all traits analyzed have been publicly released (Data Availability).
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718 Figure 5. Cross-cohort concordance of PWAS associations between UKB-PPP and deCODE protein level
719 cohorts. Adjusted PWAS effect sizes are compared between cohorts across 88 diseases/traits for 1,677 shared
720  proteins, separately for cis-PWAS (left panel) and trans-PWAS (right panel). Each point denotes a protein-trait
721 pair; the red line shows the Deming regression fit. Numerical results are reported in Supplementary Table 9.
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Figure 6. Validating protein-disease associations using RVAS and PoPS validation gene sets. (a-b)
Excess overlap of PolyPWAS-prioritized genes for RVAS and PoPS validation gene sets, stratified jointly by
absolute cis-PWAS and trans-PWAS Z-scores (|Z] < 5, 5<|Z| < 10, |Z| =10). (¢c-d) Enrichment of genes with
strong cis and trans support (|Z.is| 210 and |Zyans| 210) for RVAS and PoPS validation gene sets as a function of
#PPCs adjusted. Dark bars (resp. light bars) denote gene-trait associations overlapping (resp. not overlapping)
validation gene sets. Numbers above each bar denote fold-enrichment relative to all gene-trait pairs. Numerical
results are reported in Supplementary Table 10.
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Numerical results are reported in Supplementary Table 11.
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Figure 8. Combining cis- and trans-PWAS associations connects disease-critical genes. (a) Summary
statistics for three selected examples, including Z-scores, effect sizes, and standard errors for cis and trans
effects, and focal gene, lead trans-pQTL, cis-gene. Cis and trans effects are color-shaded by effect direction
(blue: positive, red: negative) and Z-score magnitudes; the ratio between cis-Z and trans-Z differs from the ratio
between cis-B, trans-p due to differences in standard errors arising from differences between cis protein
prediction vs. trans protein prediction accuracy. (b-d) Diagrams of three focal gene-trait pairs with both cis- and
trans-PWAS associations (TREM2-AD, ANGPTL3-LDL, IL10-CD). The focal gene and trait are shown as nodes
on the left and right, respectively; edges between them denote cis-PWAS (straight) and trans-PWAS (curved) Z-
scores. The cis-gene node at the bottom shows the lead trans-pQTL SNP (above) and the inferred cis-gene
(below); arrows from the cis-gene to the focal gene and trait denote the pQTL and GWAS Z-scores, respectively.
Edge color denotes effect direction (blue: positive, red: negative) and edge width denotes Z-score magnitude.
Edge style denotes the degree of causal evidence: solid edges indicate direct effects; dashed edges indicate
likely tagging or indirect effects.
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