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Measures from affinity-proteomics platforms often correlate poorly, challen-
ging interpretation of protein associations with genetic variants and pheno-
types. Here, we examine 2157 proteins measured on both SomaScan 7k and
Olink Explore 3072 across 1930 participants with genetic similarity to Eur-
opean, African, East Asian, and Admixed American ancestry references. Inter-
platform correlation coefficients for these 2157 proteins follow a bimodal
distribution (median r = 0.30). We evaluate protein measure associations with
genetic variants, and find approximately 25-30% of the signals on each plat-
form are likely driven by protein-altering variants. We highlight 80 proteins
that correlate differently across ancestry groups likely in part due to differing
protein-altering variant frequencies by ancestry. Furthermore, adjustment for
protein-altering variants with opposite directions of effect by platform
improves inter-platform protein measure correlation and results in more
concordant genetic and phenotypic associations. Hence, protein-altering
variants need to be accounted for across ancestries to facilitate platform-
concordant and accurate protein measurement.

Genetic and epidemiological studies of circulating protein abundances  proteomics platforms are SomaScan aptamer assays, which use oli-
yield insights that promise to enhance the discovery of clinical bio- gonucleotide affinity probes to quantify 1100-11,000 proteins in a
markers and drug targets. Recent advances in multiplexed affinity- plasma/serum sample’, and Olink proximity extension assays, which
based proteomics platforms have made biobank-scale studies of the employ conjugated antibody-nucleic acid assay probes to quantify
circulating proteome possible'®. Currently, the leading affinity-based 48-5400 proteins®. With efficient pipelines for sample analysis, and

A full list of affiliations appears at the end of the paper. e-mail: laura_raffield@unc.edu

Nature Communications | (2026)17:1054


http://orcid.org/0000-0001-7237-8502
http://orcid.org/0000-0001-7237-8502
http://orcid.org/0000-0001-7237-8502
http://orcid.org/0000-0001-7237-8502
http://orcid.org/0000-0001-7237-8502
http://orcid.org/0000-0002-3657-6082
http://orcid.org/0000-0002-3657-6082
http://orcid.org/0000-0002-3657-6082
http://orcid.org/0000-0002-3657-6082
http://orcid.org/0000-0002-3657-6082
http://orcid.org/0000-0003-4651-363X
http://orcid.org/0000-0003-4651-363X
http://orcid.org/0000-0003-4651-363X
http://orcid.org/0000-0003-4651-363X
http://orcid.org/0000-0003-4651-363X
http://orcid.org/0000-0001-8259-9245
http://orcid.org/0000-0001-8259-9245
http://orcid.org/0000-0001-8259-9245
http://orcid.org/0000-0001-8259-9245
http://orcid.org/0000-0001-8259-9245
http://orcid.org/0000-0002-4598-0669
http://orcid.org/0000-0002-4598-0669
http://orcid.org/0000-0002-4598-0669
http://orcid.org/0000-0002-4598-0669
http://orcid.org/0000-0002-4598-0669
http://orcid.org/0000-0002-0365-9041
http://orcid.org/0000-0002-0365-9041
http://orcid.org/0000-0002-0365-9041
http://orcid.org/0000-0002-0365-9041
http://orcid.org/0000-0002-0365-9041
http://orcid.org/0000-0002-5264-5068
http://orcid.org/0000-0002-5264-5068
http://orcid.org/0000-0002-5264-5068
http://orcid.org/0000-0002-5264-5068
http://orcid.org/0000-0002-5264-5068
http://orcid.org/0000-0002-3161-3753
http://orcid.org/0000-0002-3161-3753
http://orcid.org/0000-0002-3161-3753
http://orcid.org/0000-0002-3161-3753
http://orcid.org/0000-0002-3161-3753
http://orcid.org/0000-0002-9275-4189
http://orcid.org/0000-0002-9275-4189
http://orcid.org/0000-0002-9275-4189
http://orcid.org/0000-0002-9275-4189
http://orcid.org/0000-0002-9275-4189
http://orcid.org/0000-0003-0247-902X
http://orcid.org/0000-0003-0247-902X
http://orcid.org/0000-0003-0247-902X
http://orcid.org/0000-0003-0247-902X
http://orcid.org/0000-0003-0247-902X
http://orcid.org/0000-0003-2595-0005
http://orcid.org/0000-0003-2595-0005
http://orcid.org/0000-0003-2595-0005
http://orcid.org/0000-0003-2595-0005
http://orcid.org/0000-0003-2595-0005
http://orcid.org/0000-0002-7278-2190
http://orcid.org/0000-0002-7278-2190
http://orcid.org/0000-0002-7278-2190
http://orcid.org/0000-0002-7278-2190
http://orcid.org/0000-0002-7278-2190
http://orcid.org/0000-0002-1427-4470
http://orcid.org/0000-0002-1427-4470
http://orcid.org/0000-0002-1427-4470
http://orcid.org/0000-0002-1427-4470
http://orcid.org/0000-0002-1427-4470
http://orcid.org/0000-0002-1364-7992
http://orcid.org/0000-0002-1364-7992
http://orcid.org/0000-0002-1364-7992
http://orcid.org/0000-0002-1364-7992
http://orcid.org/0000-0002-1364-7992
http://orcid.org/0000-0001-6135-9998
http://orcid.org/0000-0001-6135-9998
http://orcid.org/0000-0001-6135-9998
http://orcid.org/0000-0001-6135-9998
http://orcid.org/0000-0001-6135-9998
http://orcid.org/0000-0003-1056-4451
http://orcid.org/0000-0003-1056-4451
http://orcid.org/0000-0003-1056-4451
http://orcid.org/0000-0003-1056-4451
http://orcid.org/0000-0003-1056-4451
http://orcid.org/0000-0001-8324-2803
http://orcid.org/0000-0001-8324-2803
http://orcid.org/0000-0001-8324-2803
http://orcid.org/0000-0001-8324-2803
http://orcid.org/0000-0001-8324-2803
http://orcid.org/0000-0003-3273-7704
http://orcid.org/0000-0003-3273-7704
http://orcid.org/0000-0003-3273-7704
http://orcid.org/0000-0003-3273-7704
http://orcid.org/0000-0003-3273-7704
http://orcid.org/0000-0001-7616-2119
http://orcid.org/0000-0001-7616-2119
http://orcid.org/0000-0001-7616-2119
http://orcid.org/0000-0001-7616-2119
http://orcid.org/0000-0001-7616-2119
http://orcid.org/0000-0003-0070-6145
http://orcid.org/0000-0003-0070-6145
http://orcid.org/0000-0003-0070-6145
http://orcid.org/0000-0003-0070-6145
http://orcid.org/0000-0003-0070-6145
http://orcid.org/0000-0003-4818-1077
http://orcid.org/0000-0003-4818-1077
http://orcid.org/0000-0003-4818-1077
http://orcid.org/0000-0003-4818-1077
http://orcid.org/0000-0003-4818-1077
http://orcid.org/0000-0002-5607-4848
http://orcid.org/0000-0002-5607-4848
http://orcid.org/0000-0002-5607-4848
http://orcid.org/0000-0002-5607-4848
http://orcid.org/0000-0002-5607-4848
http://orcid.org/0000-0002-5998-795X
http://orcid.org/0000-0002-5998-795X
http://orcid.org/0000-0002-5998-795X
http://orcid.org/0000-0002-5998-795X
http://orcid.org/0000-0002-5998-795X
http://orcid.org/0000-0002-0498-1980
http://orcid.org/0000-0002-0498-1980
http://orcid.org/0000-0002-0498-1980
http://orcid.org/0000-0002-0498-1980
http://orcid.org/0000-0002-0498-1980
http://orcid.org/0000-0001-6721-153X
http://orcid.org/0000-0001-6721-153X
http://orcid.org/0000-0001-6721-153X
http://orcid.org/0000-0001-6721-153X
http://orcid.org/0000-0001-6721-153X
http://orcid.org/0000-0003-3872-7793
http://orcid.org/0000-0003-3872-7793
http://orcid.org/0000-0003-3872-7793
http://orcid.org/0000-0003-3872-7793
http://orcid.org/0000-0003-3872-7793
http://orcid.org/0000-0001-7191-1723
http://orcid.org/0000-0001-7191-1723
http://orcid.org/0000-0001-7191-1723
http://orcid.org/0000-0001-7191-1723
http://orcid.org/0000-0001-7191-1723
http://orcid.org/0000-0002-0437-8882
http://orcid.org/0000-0002-0437-8882
http://orcid.org/0000-0002-0437-8882
http://orcid.org/0000-0002-0437-8882
http://orcid.org/0000-0002-0437-8882
http://orcid.org/0000-0002-6767-7687
http://orcid.org/0000-0002-6767-7687
http://orcid.org/0000-0002-6767-7687
http://orcid.org/0000-0002-6767-7687
http://orcid.org/0000-0002-6767-7687
http://orcid.org/0000-0002-7892-193X
http://orcid.org/0000-0002-7892-193X
http://orcid.org/0000-0002-7892-193X
http://orcid.org/0000-0002-7892-193X
http://orcid.org/0000-0002-7892-193X
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67814-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67814-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67814-1&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-67814-1&domain=pdf
mailto:laura_raffield@unc.edu
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-67814-1

lower intra-assay variability compared to many existing mass-
spectrometry (MS) proteomics approaches®®, both platforms hold
great potential for continued use in biobank-scale studies and future
clinical applications.

However, existing comparisons of SomaScan and Olink platforms
have shown that some protein measures are not concordant (median
inter-platform correlation =0.38-0.50)"", which challenges the
accuracy of protein associations observed, especially as there is no
“gold-standard” reference measure for most proteins. Additionally,
there is no reported method to reconcile protein measure discordance
across platforms, preventing effective cross-platform meta-analysis of
many protein measures. Furthermore, existing comparisons of
SomasScan and Olink protein measures are limited to populations of
predominantly one ancestry; it remains unknown if assay performance
varies across diverse ancestries. Recognizing which protein measures
commonly agree—or disagree—across platforms and ancestries will be
critical for equitable application of proteomics data in research and
clinics.

Genetic variants may alter circulating protein abundances
through many biological mechanisms, including protein-altering var-
iants (PAVs) such as missense variants, which may influence protein
stability, or alterations to transcriptional or translational efficiencies
and post-translational modifications (PTMs) that could also impact
downstream protein stabilities. Genetic variation may also impact
protein structure or PTMs in a manner that alters epitope binding to
affinity reagents. Protein quantitative trait loci (pQTL), or associations
between circulating protein abundances and genetic variants either
within or nearby (cis-) to the protein-encoding gene or elsewhere in the
genome (trans-), are commonly detected in large-scale studies'®. The
detection of a cis-pQTL for a given protein measure is often used as a
metric to confirm on-target affinity-probe binding>*'¢; existing stu-
dies comparing SomaScan and Olink measures have established that
the detection of a cis-pQTL is a strong predictor of inter-platform
correlation coefficients for a given protein'>"'¢,

Nevertheless, interpreting cis- and trans-pQTL remains compli-
cated, as PAVs may result in pQTL associations that reflect differential
probe binding to alternate isoforms'"** rather than differential pro-
tein abundances. Recent MS-based pQTL studies'®® have further
suggested that some pQTL may reflect isoform differences (although
these studies are limited in number and generally encompass fewer
proteins/participants). As these genetic variants may vary in frequency
across populations, such variants could drive systematic differences in
protein measures®. Failure to detect and account for such genetic
variation may challenge the interpretation of results obtained across
ancestries and introduce a source of bias®. This holds important
implications for many methods, including Mendelian Randomization
(MR), which relies on genetic associations reflecting effects on protein
abundances to infer protein genetic liability and drug target efficacy.

Here, we evaluate potential genetic drivers of inter-platform and
inter-ancestry variation between SomaScan 7k and Olink Explore 3072
protein measurements from 1930 participants from the Multi-Ethnic
Study of Atherosclerosis (MESA). For the 2157 proteins measured on
both platforms in the same plasma sample, we assess inter-platform
correlation and examine the cross-platform concordance of pQTL and
epidemiological associations within and across ancestry groups.

Results

Participant demographics

The SomaScan 7k and Olink Explore 3072 platforms were used to
generate protein abundance measures at MESA exam 1 (2000-2002)
in EDTA-plasma samples from 1930 participants. The mean age of this
cohort was 58.2 years (+8.8), with a mean body mass index (BMI) of
28.1kg/m? and a mean eGFR of 80.7 mL/min/1.73m? (Supplementary
Data 1). Most participants exhibited >0.5 genetic similarity to African
(AFR, n=439), Admixed American (AMR, n=231), East Asian (EAS,

n=277), or European (EUR, n=939) 1000 Genomes Project reference
populations, based on global ancestry proportion estimates (Supple-
mentary Data 1), enabling stratification by genetic similarity for some
analyses.

Proteomics platforms

The SomaScan 7k assay in MESA includes 7289 aptamers, targeting
6407 distinct human UniProt IDs. The Olink Explore 3072 assay
includes 2941 antibody complexes, targeting 2923 distinct human
UniProt IDs. Additionally, SomaScan offers two versions of data: with
adaptive-normalization by maximum likelihood performed on quality
control samples only (ANML-QC) or performed on all participant
samples (ANML-SMP). Similar numbers of protein principal compo-
nents (PCs) were required to explain 95% of the variation in protein
measures from each platform (940 ANML-SMP SomaScan vs. 880
Olink) (Supplementary Fig. 1), despite the different number of proteins
measured.

Here, we compared SomaScan 7k and Olink Explore 3072 protein
abundances for the 2157 distinct human proteins (as determined by
UniProt identifiers) that were assessed on both platforms in 1889
unrelated MESA participants of diverse genetic ancestry with whole
genome sequencing data (Fig. 1). Protein measures from each platform
were standardized and inverse normal transformed to facilitate com-
parison of SomaScan Relative Fluorescence Units (RFU) and Olink
Normalized Protein Expression (NPX) values. Although both platforms
offer multiple affinity probes for a subset of proteins, we present
results corresponding to measures obtained from the SomaScan
aptamer and one Olink antibody-conjugate probe pair with the highest
inter-platform correlation (unless otherwise stated). Results for all
probes are in the Supplementary Data 2, 6, and 19-35 and Supple-
mentary Notes 2, 5, and 6.

Correlation and cross-ancestry differences in SomaScan and
Olink measures

To evaluate cross-platform agreement of protein measures, we com-
puted Pearson’s correlation of transformed protein measures obtained
from probes targeting the same protein. Consistent with prior studies,
correlation  coefficients  comparing  SomaScan  measures
with ANML normalization only on QC samples with Olink protein
measures followed a bimodal distribution with a median Pearson’s
correlation of 0.36 (Quartile 1=0.09, Quartile 3=0.67), and a median
of 0.30 (Quartile 1=0.02, Quartile 3=0.63) when comparing Somas-
can ANML-SMP measures and Olink (Fig. 2A and B; Supplementary
Fig. 2 and Supplementary Data 2). Proteins with highly discordant
inter-platform correlations included Growth arrest and DNA damage-
inducible proteins-interacting protein 1 (G45IP, Pearson’s r=-0.38)
and Caspase-8 (Pearson’s r=-0.30), while proteins with highly con-
cordant inter-platform correlation included Chitosidrase-1 (Pearson’s
r=0.88) and insulin-like growth factor-binding protein 1 (Pearson’s
r=0.90). Several proteins showed near-zero correlations, including
interleukin-15 (Pearson’s r=7.2x107°) and angiotensin converting
enzyme 2 (Pearson’s r=-5.9 x10™*). Correlation coefficients for each
protein generally agreed with those observed in prior, single popula-
tion studies (Supplementary Fig. 4). As prior studies demonstrate
ANML-SMP SomaScan normalization lowers intra-assay coefficients of
variation** and maximizes potential for genetic discovery, and per
Somalogic recommendations, we used ANML-SMP SomaScan values
throughout remaining analyses.

Given the multi-ancestry composition of MESA, we had the
unprecedented opportunity to explore protein measure agreement
within ancestry groups and establish whether there were any proteins
with significant differences in platform-agreement across ancestry
groups. Overall, platforms followed similar patterns of agreement
within each ancestry, evidenced by similar median correlations and
distributions of Pearson’s correlation coefficients observed within

Nature Communications | (2026)17:1054


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-67814-1

QTL reflecting altered epitope binding?

cis- - S S trans-
VA VAWA" R
. ; it,‘\i k) 4 ] & Post-translational
. % d \‘ modifications?
9 , e
1,930 participants Kk A A e o
. R e I wweerv2n SR P AV AR _G X
(1,889 with sequencing) oo hene X | B xw,; ene
Protein altering variant (PAV)? \. . non-specific binding?
Ancestry-differentiated epitope effects?
Ancestry 1 Ancestry 2
o . ...
S Ancestry 1 C ol Ancestry 2 SiggW
& © X X |.., .
40 L o vs. o
) 4 3 SOMASCAN SOMASCAN
5 > Olink Explore <, T —
], 3072 Allele
A
Impact of adjustment for suspected epitope QTL?
S?mkaScan ~ PAV
Olink ~ PAY : ) o0 AgE? Sex?
2157 Un-adjusted  Adjusted v ., .-‘ BMI?
', XX x /R r&‘ Type 2
proteins = \ = / < Diabetes?
compared SOMASCAN  SOMASCAN less effect-heterogeneity
post-PAV adjustment?

Fig. 1| Graphical summary of main analyses with (Left) depiction of relative
numbers of participants clustering with each ancestry-reference (>0.5 simi-
larity to 1000 G ancestry cluster). A small portion of participants (n =44, 2%) did
not cluster with any ancestry reference population. 2157 proteins measured on both
SomaScan 7k and Olink Explore 3072 were compared in present analyses. (Right,
top panel) Examples illustrating how cis- and trans- pQTL associations may capture
differences in epitope binding rather than differences in protein abundance. (Right,
middle panel) Genetic variants which alter epitope binding efficiency and differ in
frequency across ancestries may systematically bias affinity-probe measurements

in one or more ancestry groups, resulting in systematic differences in measure-
ments and subsequently differences in cross-platform correlation in at least

one ancestry. (Right, bottom panel) A central hypothesis of this study is that
adjusting an individual’s protein measures for variants which likely impact affinity
probe binding, rather than abundance, may strengthen accuracy of protein mea-
sures on the impacted platform, resulting in stronger inter-platform agreement of
protein measures and more concordant downstream epidemiological and genetic
associations. Created in BioRender. Nicholas, J. (2025) https://BioRender.com/
196x055.

each ancestry [median Pearson’s r AFR = 0.30, AMR = 0.28, EAS=0.31,
EUR = 0.32] (Supplementary Fig. 3 and Supplementary Data 2). While
the majority of individual proteins showed similar cross-platform
agreement across ancestries, 80 protein targets exhibited significant
differences in assay agreement across ancestries (Cochran’s Q
P <1.85x107%, Bonferroni adjustment for the total number of probe
pairs (2708)) (Tables 1 and 2; Supplementary Data 3), suggesting sys-
tematic differences in measurement accuracy across ancestries, on
one or both platforms. These differences may be of high relevance to
note as research using affinity-based proteomics platforms across
diverse populations continues to expand.

Influence of genetic variants on protein levels

To explore genetic drivers of platform-discordance and cross-
ancestry heterogeneity in inter-platform correlation estimates,
we mapped associations between genetic variants and SomaScan/
Olink protein measures in 1889 MESA participants with whole gen-
ome sequencing (WGS) data, excluding first-degree relatives. As cis-
pQTL are in close proximity to the protein-encoding gene (within
1IMB of the transcription start site (TSS)), these associations are
most likely to reflect on-target epitope binding, and, in a subset of
coding variants, genetic variation that impacts epitope bind-
ing (Fig. 1).

Here, we performed ancestry-pooled pQTL mapping, with
adjustment for age, sex, site, ten genotype principal components
(PCs), and 10 protein PCs on each platform. We show that adjustment
for ten protein PCs increases cis-pQTL discovery (Supplementary
Fig. 5) while minimizing the potential of adjustment for trans-pQTL
effects (Supplementary Fig. 6, “Methods”). SuSiE** fine-mapping of
pQTL with individual-level linkage disequilibrium (LD) data was used
to define cis-pQTL credible sets—which are sets of variants predicted to
contain the causal variant and are used here to define genetic signals.
Here, we observed significant credible sets (containing at least one
variant p<5x107%) for 840 proteins on SomaScan (Supplementary
Data 4) and 1036 proteins on Olink (see “Methods”, Table 3, Supple-
mentary Data 5 and Fig. 3A). More proteins showed a cis-pQTL on Olink
compared to SomaScan (48% vs. 39%, respectively); additionally, we
observed nearly twice as many credible sets on Olink compared to
SomasScan (although we note this is only among the 2157 proteins
measured on both platforms - we did not consider proteins measured
on only one platform). 79% and 93% of SomaScan credible sets and 65%
and 98% of Olink credible sets reported here were within 1 Mb regions
previously reported in deCODE and UK Biobank, respectively (Table 3).
A higher proportion of secreted proteins had a significant cis-pQTL
association compared to intracellular and membrane proteins (Sup-
plementary Fig. 7).

Nature Communications | (2026)17:1054


https://BioRender.com/l96x055
https://BioRender.com/l96x055
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-67814-1

While the majority of cis-pQTL variants were non-coding on both
platforms (Supplementary Fig. 8), we observe several cis-pQTL signals
driven by protein altering variants (PAVs—most commonly missense
variants) on each platform, raising concerns as to whether the signal
captures abundances or differences in isoform, as has been shown in
other studies’**. As PAVs can impact affinity-probe binding, cis-
pQTL associations driven by PAVs may reflect assay interference due to
different affinities for encoded isoforms, particularly when the asso-
ciation is detected on only one platform or detected on both with
different effect directions between platforms. Among the 196 and 392
proteins with a cis-pQTL association detected with SomaScan or Olink

200
Median = 0.30
150 Median = 0.36
—
5
3 100
(&)
50
0
-0.5 0.0 0.5 1.0
Pearson's correlation
SomaScan (ANML) vs. Olink - SomaScan vs. Olink
Minimum  Median Mean IQR Maximum
SomaScan (ANML) -0.38 030 033 [0.02,0.63] 0.90
vs. Olink
SomaScan -0.20 036 038 [0.09,0.67] 0.91
vs. Olink

Fig. 2 | Inter-platform Pearson’s correlation estimates for 2157 proteins mea-
sured with both SomaScan 7k aptamer and Olink Explore 3072 antibodies.
Results from the comparison of one probe pair per UniProt ID are depicted in this
figure. A Correlation coefficients between base-normalized SomaScan and Olink
Explore measures are plotted in blue. Correlation coefficients obtained by com-
parison of SomaScan measures with adaptive-normalization by maximum like-
lihood (ANML) performed on all samples vs. Olink Explore measures plotted in
pink. B Summary of minimum, median, mean, interquartile range (IQR), and
maximum Pearson’s r values observed in comparisons of SomaScan - measures with
ANML performed on all samples vs. Olink (top row) and SomaScan and Olink
measures (bottom row). Source data is available in Supplementary Data 2.

measures only, similar proportions were associated with at least one
PAV (25% SomaScan, 30% Olink) (Fig. 3C). We further classified over-
lapping signal pairs by concordance of lead variant effect-directions
(Supplementary Fig. 9 and 10). While most of these signals were led by
variants with concordant directions of association across platforms
(referred to here as “platform-concordant” signals), we identified 19
proteins with platform-overlapping cis-pQTL credible sets for which
lead variants had opposite effect-directions (“platform-discordant”)
(Supplementary Fig. 10). Importantly, the majority of platform-
discordant credible sets (15/19) contained a missense variant for the
encoded protein (Table 4; Supplementary Fig. 10; Supplementary
Data 6 and Supplementary Note 1), suggesting that discordant genetic
associations may be driven by platform differences in affinity probe
binding. The 18 platform-discordant PAV associations identified in
analyses considering all probes per overlapping protein are displayed
in Table 4. Encoded changes to protein structure were generally on the
surface of the protein; visualizations of the impact of amino acid
changes encoded by platform-discordant PAVs on the structure of the
protein can be seen in the supplement (Supplementary Note 1 and
Supplementary Figs. 36-53).

Similar to prior studies'™’, the 644 proteins with a cis-pQTL
detected on both platforms had higher inter-platform correlation
(mean Pearson’s r=0.58, SD = 0.20) than proteins with no significant
cis-pQTL (mean Pearson’s r=0.21, SD = 0.30)(Fig. 3C and Supplemen-
tary Data 7). Similarly, proteins with Pearson’s correlation r> 0.6 were
most likely to show a platform-concordant cis-pQTL signal (Supple-
mentary Fig. 11). Furthermore, the correlation of proteins with a plat-
form-concordant, significant cis-pQTL was generally higher (median
Pearson’s r=0.61, SD =0.18) than the correlation of proteins with a
platform-discordant cis-pQTL (median Pearson’s r=0.40, SD =0.20)
or a cis-pQTL on one platform only (median Pearson’s r=0.12, SD =
0.28) (Fig. 3B, C; Supplementary Data 7 and Supplementary Fig. 11).
Although we note that some platform-specific cis-pQTL were observed
even for proteins with highly-correlated measures (Fig. 3C and Sup-
plementary Fig. 11) (which may be due to factors such as differences in
intra-assay variability, or differing sensitivities for assays to environ-
mental factors interacting with genetic variation to regulate protein
abundance), overall, we propose that cis-pQTL presence/absence may
be a strong predictor of inter-platform concordance, and that proteins
with high inter-platform correlation, for example of Pearson’s r> 0.6,
may hold high potential for meta-analysis of pQTL across SomaScan
and Olink platforms.

As PAVs that drive putative epitope effects may differ in frequency
between ancestry groups, PAVs may be one driver of inter-ancestry
heterogeneity in cross-platform correlation (Fig. 1). Overall, 72 pro-
teins on SomaScan and 84 proteins on Olink were associated with cis-

Table 1| Characterization of cis-pQTL status for proteins with heterogeneous inter-platform correlation estimates by ancestry

Category N cis- PAV Ancestry- Ancestry- Trans- Ancestry- Cis+ Ancestry-
pPQTL cis- differentiated differentiated pQTL differentiated trans- differentiated cis
pQTL  cis-pQTL PAV trans-pQTL pPQTL +trans-pQTL
cis-pQTL
All proteins 2157 1239 425 563 19 605 190 348 58
(57%) (20%) (26%) (5.5%) (28%) (8.8%) (16%) (2.7%)
Proteins with Nominal sig- 61 417 150 228 58 166 54 15 25
ancestry- nificance (p < 0.05) (68%) (25%) (37%) (9.5%) (27%)  (8.8%) (19%) (4%)
.hetero‘f’epews Bonferroni sig- 80 69 31 45 13 29 16 24 10
Inter-platform cor- - ifjcance (86%) (39%)  (56%) (16%) (36%)  (20%) (30%)  (13%)

relation estimates (0 < 0.05/2708)

Counts of proteins with nominal (p < 0.05) and Bonferroni significant (Cochran’s Q p <0.05/2,708, with correction for 2708 probe pairs tested) differences in inter-platform correlation estimates
across ancestries according to the Cochran’s Q test of heterogeneity (rows, one-sided test of significance) and proteins which associate with a cis-pQTL, a cis-pQTL driven by a protein altering variant
(PAV), a cis-pQTL with ancestry-differentiated effect allele frequencies, a PAV-driven cis-pQTL with ancestry-differentiated effect allele frequencies, a trans-pQTL, an ancestry-differentiated trans-
PQTL, a cis- and trans-pQTL, or an ancestry-differentiated cis- and trans-pQTL on either platform (columns). pQTL were generated with linear regression under an additive model (two-sided test of
significance). Variants with ancestry-differentiated allele frequencies were determined according to the Chi-square test (one-sided test) using allele frequencies derived in each contributing ancestry
group (significance defined as a X2 value in the 75th percentile). Counts displayed reflect one probe per UniProt ID.
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Table 3 | Summary of pQTL signals identified by platform

SomaScan Olink
cis-pQTL Total N probes/UniProt IDs assessed? 2157 2157
N UniProt IDs with a significant cis-pQTL credible set 840 1036
Number of credible sets 1476 1779
Positive directions of effect 659 748
Negative directions of effect 817 1031
Containing PAV® (for protein-encoding gene) 292 359
Containing ancestry-differentiated® PAV 74 84
Containing GTEXx cis-eQTL for protein-encoding gene 459 587
deCODE cis-pQTL in region 1156 163
UKB cis-pQTL in region 1375 1753
Containing MS-pQTL lead variant 7 n
MS-pQTLY in region 49 78
Containing MS potential non-abundance QTL® lead variant 3 5
MS non-abundance QTL® in region 35 53
Containing GWAS catalog reported lead variant 1337 1779
trans-pQTL N UniProt IDs with a significant trans-pQTL credible set (p <1x10™) 424 262
Number of credible sets 529 315
Positive directions of effect 341 182
Negative directions of effect 188 133
Containing PAV 200 65
Containing ancestry-differentiated variant 133 97
Maps to pleiotropic region’ 276 158
Maps to platform shared pleiotropic region? 140 151
Maps to platform “specific” pleiotropic region” 136 7
deCODE trans-pQTL in region 310 139
UKB trans-pQTL in region 172 279
Containing MS-pQTL® lead variant 1 1
MS-pQTLH for protein target in region 4 6
Containing MS- potential non-abundance QTL® lead variant 0 o]
MS-potential non-abundance QTL® for protein target in region 0 0

Significant cis-pQTL and trans-pQTL credible set characteristics and overlap with previously identified GTEx version 8 expression quantitative trait loci (€QTL)”, affinity-based pQTL identified in
deCODE (n=35,559)' or UK BioBank (n=54,219)°, mass-spectrometry based pQTL (MS-pQTL) and non-abundance MS-PAVs from the QMDiab Study (n =345 participants)’® and/or from the Tarkin
Study (n=1260 participants)® and GWAS catalog variants”®. pQTL were generated with linear regression under an additive model (two-sided test of significance). cis-pQTL were considered
significant at a traditional genome-wide significance p-value threshold (p <5 x10°7®). trans-pQTL were considered significant at a traditional genome-wide significance threshold further corrected for
the 2708 probe pairs tested (p <1x10™). Signals (defined by credible sets) identified in the present study were compared to previously reported signals either with a signal level approach, in which
we assessed overlap between previously reported lead variants and credible sets identified in the present study, or with a region-based approach, where we assessed whether previously reported
lead variants fell within a 1 Megabase (Mb) window of the lead variants for the signals identified in the present study.

2Counts correspond to results from one probe per UniProt ID.

PPAV protein altering variant.

°Ancestry-differentiated = EAF X2 value in 75th percentile. Variants with ancestry-differentiated allele frequencies were determined with the Chi-square test using allele frequencies derived in each
contributing ancestry group (significance defined as a X? value in the 75th percentile, one-sided test).

9Plasma mass-spectrometry (MS) pQTL lead variants were obtained from two previous studies'®'®.

Plasma MS-potential non-abundance QTL lead variants were generated in the QMDiab study'® and are considered most likely to impact peptide measurements (and potentially, protein mea-
surements), rather than circulating protein abundances.

fPleiotropic regions are defined as signal regions collectively associated with at least 5 proteins on the platform.

9platform-shared pleiotropic regions are defined as platform-overlapping regions associated with at least 5 proteins (but not necessarily the same proteins) on both platforms.

"Platform “specific” pleiotropic regions are defined as regions associated with at least 5 proteins on one platform, and O or 1 proteins on the other platform.

pQTL containing highly ancestry-differentiated PAVs (Chi-Square
>202, the 75th X? percentile among variants tested in MESA). Indeed,
we observed a higher rate of ancestry-differentiated cis-pQTL con-
taining PAVs among the 80 proteins with Bonferroni-significant het-
erogeneity in inter-platform correlation estimates between ancestries
(Cochran’s Q P<1.8 x1075, significant at « = 0.05, with correction for
2708 probe pairs tested) (16% compared to 5.5% (118/2157) of proteins
overall) (Table 1). While proteins with ancestry-differentiated correla-
tion may have multiple contributors to inter-platform variation,
including ancestry-differentiated cis-pQTL (which may be non-coding)
or trans-pQTL (which 56% and 20% of proteins with ancestry-
heterogeneous correlation were associated with, respectively)
(Table 1), confounding of ancestry with environmental and lifestyle

factors, etc, we focus on the potential effects of ancestry-differentiated
PAVs on protein measures here.

Orthogonal genetic evidence to characterize cis-pQTL

Incorporating orthogonal lines of genetic evidence, such as expres-
sion quantitative trait loci (eQTL), which are statistically significant
genetic variant associations with transcript abundance, may increase
confidence that pQTL associations capture true alterations in protein
abundance. When a pQTL variant is also associated with a gene’s
transcript abundance, that may support the variant has a true impact
on protein abundance. Consistent with prior reports”’”, we found
that platform-concordant cis-pQTL signals were most likely to con-
tain a GTEx v8 eQTL lead variant for the protein-encoding gene in the
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Median Correlation N Proteins N PAV-Associated (%)
Platform-Concordant cis-pQTL 0.61 515 134 (26%)
Platform-Discordant cis-pQTL 0.40 19 16 (84%)
SomaScan-only cis-pQTL 0.41 196 48 (25%)
Olink-only cis-pQTL 0.13 392 119 (30%)
D
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trans-pQTL on both platforms 0.55 129 67 (52%)
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Olink-only trans-pQTL 0.09 133 55 (41%)

Fig. 3 | Comparison of genetic signals detected for 2157 proteins measured on
both SomaScan and Olink Explore in 1889 MESA participants. A UpSet plot
depicting total counts of proteins with cis- and trans-pQTL on each platform. Note
that, as this is an inclusive UpSet plot, a given protein can be represented in more
than one bar. B Table depicting the percentage of proteins associated with a
platform-concordant, platform-discordant, SomaScan specific, or Olink specific cis-
pQTL, which were also associated with a protein-altering variant (PAV). C Histogram
of Pearson’s correlation coefficients (r values), with bars colored to indicate which
proteins in the bin had a genome-wide significant cis-pQTL (p <5 x 107%) detected

on SomasScan, Olink, both, or neither platform. D Table depicting the percentage of
proteins associated with a pleiotropic trans-pQTL (signal significantly (p <1x10™)
associated with >5 protein measures on a given platform, not necessarily the same
proteins) among the proteins with a trans-pQTL on both platforms or one platform
only. E Histogram of Pearson’s correlation coefficients (r values), with bars colored
according to whether proteins in bin had a significant trans-pQTL detected on
SomasScan, Olink, both, or neither platform. Source data is available in Supple-
mentary Data 4, 5, 9, 10 (A), Supplementary Data 2, 4, 5 (B, C) and Supplementary
Data 2, 9,10 (D, E).

credible set, compared to platform-specific or platform-discordant
signals. Thirty-six percent of platform-concordant pQTL credible set
pairs, for 207 unique proteins, contained a GTEx eQTL with a con-
cordant direction of effect, compared to 18% and 22% of SomaScan
and Olink “specific” cis-pQTL, respectively (Supplementary Data 7).
Among the 15 platform-discordant, PAV-driven cis-pQTL, 4 had a
reported genetic effect on transcript abundance in one or more tis-
sues; the eQTL direction of effect agreed with the SomaScan pQTL
direction of effect for 2 proteins (CTSS, HDGF) and with Olink cis-
pQTL effect-direction for 2 proteins (HNMT, ACP1). Concordant
eQTL evidence may support that pQTL associations detected on one
platform only capture true differences in abundance. 9% (13/139) of

SomaScan-specific PAV-containing pQTL credible sets also contain a
concordant GTEx cis-eQTL, compared to 6% (14/208) of Olink-
specific PAV credible sets (Supplementary Data 7). The majority of
cis-pQTL credible sets identified on each platform contained a GWAS
catalog lead variant (Table 3; Supplementary Data 4 and 5). While we
consider the presence of a directionally-concordant eQTL within a
pQTL signal as a helpful indication to suggest that a pQTL captures
differences in protein abundance, we note that the absence of a
shared eQTL is challenging to interpret, as there may be an unde-
tected eQTL due to power, context specificity of eQTL effects, etc., or
the variant may alter protein abundance through a mechanism other
than expression.

Nature Communications | (2026)17:1054


www.nature.com/naturecommunications

//doi.org/10.1038/s41467-025-67814-1

https:

Article

‘swiojie)d yioq uo painsesw uielold e Bunabiel seqoid Jje BulispIsuod usym AJUO puNO) UONEBIOOSSE AYd JUBpIoosip-wiojie|d e yim suielold se1edipul,,
*10301pa1d 1097 JUBLIEA WOJ) PBUIRICO SB ‘AYd 81 AQ papooua saBueyd PIoe oulwy,,
*Anseouy ueadoing yn3 ‘UeISY 1Se3 ST ‘UBDLISWY PaXIWPY YA ‘UBOLINY ¥4V

“(@1nus0iad YIG/ 81 SAOQE IO Ul BNjBA X B S PaUlap Sa1IISe0UR SSOIOB sajouanbai) a1e)|e ul soualayip Jueoliubis) dnoib Aiseoue Bunngliuod yoes Ui paALiap selouanbaiy ajee Buisn (papis
-8U0) 1591 8Jenbs-1yD ay1 01 BuIPI0dOE PaulWISlepP 81om selouanbaly 918)e palenualayip-A11seouy (92uedIUBIS JO 1591 POpPIS-0MI) 19POW SAINIPPE UB J9pun UoissalBal Jeaul) Ylim pajesouslb a1em sonsnels Alewwns 710d (4, YIm pasiew) swiojield y1oq uo painsesw
uiero.d e Bunsbiel seqoid 1 BuLIBPISUOD UBYM AJUO PUNO) BJOM SUOIBIOOSSE AYd JUBPIODSIp-wiofeld € a)iym ‘(uielold yoes 1oy wiojied Jad aqoid auo Buliepisuoo) sesAjeue ulew Ul punoy a1om spyd Gl "swuojeld yloq uo painsesw ueloud e Bunnsesw s.ied
2qo.d |1e 10} ‘swioj1e|d SSOIOB 108)J9 JO SUONORIIP JUSJBHIP YIM HUNO PUE UBOSBWOS Y10q UO -SJ0 Ul S8nseswl uisjoid yuim (pjoysalyl eoueoliubis spim-swoust jeuonipe ‘g 0L x § > d JUelieA pes) 19s-8]qIpaJo) paieloosse AJueoliubis (s/\Vd) Siuelien Bulislje-uieiold

3sTvd  €e0 LSO 8€0 6V0 L0 9l-iLL'e €00 44l 9/-350°'8 €00 ¢S0- 0S50 ov'0  S9HNBO 3/o LLy1edIO L'TaseLbes OLdYMS 9*0'GLO8YLE:LIYD
3sTv4d 820 €0 w0 IL'0 00 80-386'L €00  8L0O- Llg3leL €00 cl'l 1o} 820 §S1S0d W/N  LLL0€QIO 9'oLLELDaS L LONIdY3S V:O'9LSYL9L G LIIYD
3574 610 820 920 LLO lc0  66L3€9S €00 LOL- cl-38L°€ 700 9’0 190 Oor'0  Sad960 O/d  zvLOEdIO 2’1096 bas C¢ddATOd 1:0:¢S0CLYSL'6LYD
3slv4 000 000 000 €00 100 ze39Cc  Tlo LSL- 11-399°G oLro 99°0 9o [4%¢} 6060Ld N/a  zeLoedlo vZ TSy bas n1o 1:0'79666SL2:8142
3sTv4 800 OO COO0 OL0 800 6L-3lLL 900 150 80-3€9°€ S0'0 9C'0- or'o 9€'0 6¥7920d O/d  [zL0€dIO (o] WASTASES] JOdv  1:0'¢Z8806YY6LIYd
JndL  0Co 8L'0  ¥lL'0O €90 6C0 oL3cl’L €00  ZCo- 6v-3LL'6 €00 LS0 650 S50 L6LY1LO /3 80L0€dIO LE'0LGLLbas L10dV  V:O'7825929€:CTIYd
3sTvd €20 w0 920 OL0 €T0 8l-3G¥'L €00 ¥C'0- 00€-300°L ¢0'0 oLl €9°0 S€°0 L60E6D O/d  6890€dI0 0¢'91795 bas 93SVYNY  V:O'G9618L0¢ 71440
3STv4  S€0 920 YO €0 620 £0-3vLC €00  LL'O- 00€-300°L 100 STl 9€'0 Sl'o 999v7¢d ¥/0  vZsoedio G'858¢ bas LdOV OV*€00LLETIYO
3STv4 €00 900 ¥0O0 SO0 0O 6€-359C 900 L0 21-309°7 €00 Lz0- 0S50 6t7°0 60¢zad N/a  vreoedio 6v°'L8ly bas asd V'O EVLELYOL: YD
3sTvd 600 S0 600 tCO ¥LO ¢1-3sce v0'0  0€0- 60-36L'S 00 9¢'0 650 LGS0 896G€d I\ L6Y12dI0 05'159¢'bas )] 1:O'1BEELLSS 7AYo
3sTv4  2€0  OL0  ¥LOo IO ¢Z0 00€-3001 200 o'l cr-369°L [40)0] €€°0- 89°0 8’0 8981Sd /d SSviedlio 96'85L91'bas 490H V:9:99LEV/9SL YO
J¥L 20 090 €S0 w0 vEO0 00€3I86T COO ¢6'0  00€-300°L ¢00 jetonig 92’0 6€°0- LHINBD o/d 62Llcdl0  0SL'9L80Lbas «»VId OV:LIZyLE00L:LIYD
3574 €L'0  L00 OL0 €00 OLo 753061 ¥00 890- €€-3L6' S0°0 LS50 9,0 £[9°0  ¢dZLsO Y/A 0clledio 1'9€LGbas CINFAL OV LLY86LLY:91Yyo
3STv4 860 S€0 OF0 820 SE€0 €7-3¢6'L €00  LEO- LE-IEV'8 €00 Se0 0S80 7’0 v/1Std M/¥  950l2dIO 0g'lgle bas SS10  V:O'*€90GGLOSL:LIYD
JnyL  0C0 LEO 820 190 €€0 8v1-30¢L 200 99'0 00€-300°'L 200 oc'L- L7'0 20'0- 844860 a/v  €soledio §'80llg’bas 1d3ddo 1°9:12/£E08CL:9LYd
3574 L0 €00 800 OO LOO 9vL-ISY ©OO  SO'L- 6€-3¢5'S S0'0 99'0 JA4e) ze0 S€L0sd I/L  §.602AlO §6'8LLeT bos LANH  1°D°6L02008€EL:TIYd
JnyL 000 000 OO0 OLo €00 £1-386C  LOO l19°0  §§l-3€07C LO°0 olec- LSO €7'0  SO0vE0D v/l  ¥9,0zdIO §L'259z bas dnvld  OL'0LES99EV6LIYD
JndL 890 2’0 6¥'0 820 870 6v-3/V'9 €00 090- £€-38LC €00 o Sv'0 820  89960d S/o €1102dIo 25'59v8 bes «»HSLO  ©°D'906¥¥68L:SLUY0
juenen (Mv/s0d) aweu
paienuaiay juawisnipe jusuisnipe L~obueyo auab
pAnseouy  ¥N3  Svi ¥ANV ¥V nv IVAd as :| IVAd as q AVd YUIM  AVd INOYIM 10idiun  ploe oulwy apuno aibas Zzonu3 ai wenep
gIst10 teosewios (4 s,uosiead) uonejali00
dnoib Ansaosue iad Aouanbaiy sy sonsnels Atewwns 710d-s19 AVd ainseaw uia0.4d NjesOAO Alewwns 19s 9)qipaid

19s 9]qIpaJo EepI0asIp Ul (AVd) Jueliea Buliaie uieloid e Bujuiejuod L0 d-sIo Juepioosip-wiojield Yum paleloosse suilodd | i ajgel

1054

Nature Communications | (2026)17


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-67814-1

While MS-based pQTL studies are relatively limited in size and
number (with some of the broadest studies, used for pQTL comparison
here, currently including 1260 Americans and 1980 proteins'®, or 325
participants and ~2800 proteins'®), comparing affinity-based pQTL to
pQTL identified in MS studies may facilitate signal interpretation. A
small proportion of affinity-identified pQTL (0.4% SomaScan, 0.6%
Olink) harbor a previously reported MS-pQTL lead variant in the
credible set (Table 3; Supplementary Data 8, 4, and 5). MS-pQTL stu-
dies may also help differentiate PAV-containing pQTL that do not
reflect differences in overall protein abundance, but may, for example,
reflect differences in specific peptide abundances, altered affinity
reagent binding, or technical errors. Platform-discordant signals for 2
proteins, APOL1 and PGLYRP2, had evidence of impacting specific
peptides but not overall protein abundance in an MS study™ (Sup-
plementary Data 4, 5, and 8); many of the proteins and pQTL with
platform-discordant signals were not studied in the relatively limited
current MS-pQTL literature but will hopefully be interrogated in future
studies. Hence, MS pQTL findings may be used to better disentangle
true biological abundance signals from signals possibly capturing
isoform abundance differences, or other effects.

trans-pQTL identification and pleiotropy
Associations between protein levels and genetic variants that are not in
the vicinity of the protein-encoding gene are also commonly detected
in large-scale studies and may reflect a host of biological or technical
factors. Upon mapping trans-pQTL (pQTL >1 Mb of protein-encoding
gene TSS) for SomaScan and Olink protein measures, we identified
424 significant trans-pQTL credible sets (credible set contains at least
one variant with p<1x10™) for 529 distinct proteins on SomaScan,
and 315 for 262 proteins on Olink (Fig. 3A; Table 3; Supplementary
Data 9, 10 and 11). While proteins with a trans-pQTL on both platforms
exhibited higher inter-platform correlation (N=129, mean Pearson’s
r=0.55, SD=0.26) (Fig. 3D, E), proteins with a significant trans-pQTL
on one platform only generally exhibited lower inter-platform corre-
lation estimates (N=428, median Pearson’s r=0.07, SD =0.29) than
proteins with no trans-pQTL at all (V=1600, median Pearson’s r = 0.34,
SD =0.32) (Supplementary Data 11).

trans-pQTL associated with several protein measures may, among
many other potential mechanisms, reflect non-specific affinity-probe
binding or alterations to proteins involved in depositing PTMs that
may interfere with affinity-probe binding. We identified 10 pleiotropic
trans-pQTL regions that were associated with at least 5 proteins on
each platform (although not necessarily the same proteins on both
platforms), including well-characterized ABO, FUT2, and FI2. Nine
trans-pQTL regions were pleiotropic for SomaScan protein measures
only (significant trans-pQTL associations with >5 proteins on Somas-
can, 0 or 1 on Olink), including APOE, F5, and HPX. The FUT6; FUT3
region was identified as a platform-specific pleiotropic region for Olink
protein measures in the main analysis, but was also pleiotropic for
SomasScan protein measures when considering all probes for each
protein target (Supplementary Data 12 and 13). While proteins asso-
ciated with a pleiotropic region on both platforms had highly corre-
lated measures (N =67, median Pearson’s r=0.62, SD = 0.26), the 136
proteins associated with a trans-pQTL region pleiotropic for SomaScan
only exhibited low inter-platform correlation (median Pearson’s
r=0.02, SD=0.21).

Impact of limit of detection on protein measure correlation and
PQTL detection

Limit of detection (LOD) refers to the lowest quantity of protein that
can reliably be detected by an assay. The LOD for an assay may impact
protein quantification precision or pQTL detection, particularly for
low-abundance proteins. Here, the majority (2155/2157) of SomaScan
proteins had >50% of measures above the company-reported LOD,
while 63% (1361/2157) of Olink proteins measured had >50% of

measures above the LOD (calculated per company-recommendations)
(Supplementary Fig. 12 and Supplementary Data 14). While proteins
with >50% measures above LOD were modestly correlated (N=1361,
median Pearson’s r=0.43, SD =0.32), proteins with <50% measures
above LOD exhibited low inter-platform correlation (N=796, median
Pearson’s r=0.04, SD =0.32), consistent with prior reports (Supple-
mentary Data 15 and 16)*. 83% and 85% of proteins with a cis-pQTL or
trans-pQTL detected on Olink had at least 50% of measures above the
LOD, respectively. This suggests that additional scrutiny of how to best
handle protein measures below LOD measures may be necessary for
pQTL and other proteomics analyses, especially in cross-platform
studies.

Epidemiological protein associations

Proteomics measurements are increasingly used to understand how
proteins influence traits and diseases; however, using protein mea-
sures that do not necessarily capture overall protein abundances may
mask some associations. Here, similar proportions of SomaScan and
Olink protein measures were associated with age, sex, BMI, and type 2
diabetes (T2D) case/control status at the Bonferroni significance
threshold (P<1.8x107%, significant at «=0.05, with correction for
2708 probe pairs tested) (Supplementary Data 17 and 18). Across all
proteins, effect sizes for each phenotype were modestly correlated
(Pearson’s r of approximately 0.6) (Supplementary Fig. 32). Among
each phenotype, proteins with a Bonferroni significant phenotype
association on both platforms were more likely to associate with a cis-
pQTL on both platforms (Supplementary Data 17). For age, sex, and
BMI, we observed a small number of proteins with platform-dis-
cordant, Bonferroni significant associations on both platforms (6 to
25, Supplementary Data 17), suggesting that differences in protein
measurements may indeed result in differences in epidemiological
associations.

Adjustment for ancestry-differentiated, platform-discordant
pQTL improves concordance of genetic and epidemiological
associations

If the platform discordance for a given protein measure is largely dri-
ven by genetic variation, we hypothesized that adjustment for PAVs
putatively driving inter-platform variation may improve concordance
of protein measures and strengthen downstream epidemiological and
genetic associations not reflecting assay interference. For the proteins
associated with a platform-discordant cis-pQTL PAV, we adjusted each
platform’s measures for copies of the PAV and computed inter-
platform correlation estimates with residual measures. Prior to PAV-
adjustment, the mean inter-platform correlation estimate for the 15
proteins was 0.38 (SD = 0.18), with estimates ranging from -0.015 to
0.67. Post PAV-adjustment, the mean inter-platform correlation
increased to 0.51 (SD = 0.15), with estimates ranging from 0.15 to 0.76
(results for all probes described in Supplementary Note 2 and Sup-
plementary Data 6). Inter-platform correlation improved for all these
proteins (mean improvement = 0.14) (Supplementary Fig. 13).

Next, we performed cis-pQTL mapping, adjusting for PAV copies
as a covariate in mapping (Supplementary Data 19 and 20). We found
that a subset of significant cis-pQTL associations was strengthened (8
SomasScan, 4 Olink) (Supplementary Data 21 and 22), and 2 cis-pQTL
associations on SomaScan were significant only when adjusting for the
platform-discordant PAV (Supplementary Data 23) (Supplementary
Figs. 17,18 and Supplementary Note 3), demonstrating that adjustment
for putative assay interference effects may strengthen the potential to
detect true associations with protein abundances, for a subset of
proteins. Genomic regions surrounding platform-discordant PAVs
prior to and after adjustment for the PAV in pQTL mapping can be
viewed in Supplementary Figs. 15-27.

Additionally, we evaluated the impact of PAV adjustment on
protein-phenotype associations by regressing adjusted protein measures
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Fig. 4 | Adjustment for PILRA-associated PAV improves inter-platform corre-
lation of measures and strengthens association with age. A Olink vs. SomaScan
standardized (“std”) and inverse normal transformed normalized (“invn”) protein
expression (NPX) and relative fluorescence units (RFU), respectively, without
adjustment for PAV rs1859788 (chr7:100374211:A:G; p.Arg78Gly) (left) and with
adjustment for the PAV (right). Shaded bands indicate the 95% confidence interval
for the linear regression fit. B SomaScan (pink) and Olink (blue) PILRA measures by
genotype in 1889 unrelated MESA participants with protein measures and whole
genome sequencing data available. Data are presented as the median protein levels
(center line) with the 25th and 75th percentiles as box bounds; whiskers extend to
1.5x the interquartile range, and points beyond represent outliers. C pQTL summary
statistics (generated with linear regression under an additive model, two-sided test

Soma =@= Soma (PAV-adj)
Olink =@= Olink (PAV-adj)

of significance) and effect allele frequencies per MESA ancestry-group. cis-pQTL
were significant at traditional genome-wide significance threshold (p <5 x1075).
This variant is most common among AMR and EAS ancestry groups. D Inter-
platform protein measure correlation per ancestry without and with PAV adjust-
ment. E Forest plot of age association statistics generated from linear regression of
age versus protein (two-sided test of significance), using SomaScan and Olink
measures without and and with PAV adjustment (“PAV-adj”) in 1889 participants.
Boxes represent estimated beta coefficients, and horizontal lines show 95% con-
fidence intervals. Associations were significant at a= 0.05 correcting for 2708 probe
pairs tested (p <1.8 x107%). Source data is available in Supplementary Data 4, 5 (C),
and 6 (D, E). Source data for (A, B) is individual-level data available through dbGap
and MESA.

with age, sex, BMI, and T2D case-control status. For proteins with a
platform-discordant PAV, we observed an improved correlation of effect
sizes observed among protein-phenotype associations when using PAV-
adjusted measures as input (Supplementary Data 6 and Supplementary
Fig. 33). While adjustment for platform-specific PAVs generally improved
protein measure correlation (Supplementary Fig. 14) and the strength
and concordance of some phenotypic associations, effects were small if
present (Supplementary Figs. 34 and 35). Similarly, adjusting proteins
associated with platform-specific pleiotropic trans-pQTL loci had little
effect on protein measure correlation (Supplementary Note 5, Supple-
mentary Fig. 54).

One protein with platform-discordant measures that exemplifies
the impact of PAV adjustment is paired immunoglobulin-like type 2
receptor alpha (PILRA). This protein showed strong platform-
discordant measures (Pearson’s r=-0.35) across the present and
prior studies'®" (Fig. 4A). A platform-discordant cis-pQTL for PILRA is
driven by an ancestry-differentiated missense-variant [rs1859788
G>A, PILRA, p.Gly78Arg, SomaScan: B=-1.34 (0.02), p=1x1073%,
Olink: B=0.92 (0.02), p =2.98 x 107°°] (Supplementary Figs. 15 and 48)

most common among EAS (EAF = 0.60) and AMR (EAF = 0.53) partici-
pants, compared to AFR (EAF = 0.14) and EUR (EAF = 0.32) participants
(Fig. 4B, C). Upon adjusting for copies of the PAV allele, the correlation
of residual PILRA measures improved to 0.27 (Fig. 4A). Inter-platform
protein measure correlation improved most among AMR and EAS
participants (Fig. 4D and Supplementary Fig. 28). Furthermore,
incorporating PAV-adjusted PILRA measures into epidemiological
models improved the strength and concordance of downstream
PILRA-age associations (Fig. 4E). Finally, adjusting for this PAV in the
cis-pQTL mapping model unmasks and strengthens a second, inde-
pendent association with the Olink measure of PILRA, driven by non-
coding variant chr7:100480786:C:G (Supplementary Fig. 15). We pro-
pose that this alternate non-coding signal may be a true abundance
pQTL for the PILRA protein, while the primary, platform-discordant
PAV signal may capture platform differences in ability to bind and
measure different genetically-encoded PILRA isoforms.

Soluble urokinase plasminogen activator receptor (SuPAR) is
another protein associated with an ancestry-differentiated, platform-
discordant PAV. suPAR measures are modestly correlated across all
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participants (Pearson’s r=0.43), but there is significant heterogeneity
in inter-platform correlation estimates between ancestries (Cochran’s
Q=55.6, Cochran’s Q p=5.02 x 10™), with lower correlation estimates
among individuals clustering with the AFR ancestry reference popu-
lation (Pearson’s r=0.24, Fig. 5A, D, E). Additionally, a platform-
discordant cis-pQTL driven by a missense variant [rs399145 T>C,
PLAUR, p.Thr86Ala SomaScan: B=-2.09 (0.070), p=2.03x107,
Olink: B=0.61 (0.070), p=2.58 x10™"] (Supplementary Figs. 16, 49)
common among individuals with African ancestry [EAF in MESA par-
ticipants AFR=0.10, AMR=0.009, EAS=0.000, EUR=0.004, EAF
X*=230.7 (ancestry-differentiated), X* p=9.49x10] (Fig. 5B)
associates with suPAR measures. Upon adjusting for copies of the PAV
allele, the correlation of protein measures improved from 0.44 to 0.57,
with the largest improvement in inter-platform correlation estimates
among individuals of African ancestry (Pearson’s r=0.59 post-PAV
adjustment) (Fig. 5C). In summary, adjustment for PAVs may improve
concordance of protein measures and downstream associations.
Additional examples for APOL1 (Supplementary Figs. 20, 29, 30, and
38) and CPPED1 (Supplementary Figs. 18, 31 and 40) proteins are
described further in Supplementary Note 4.

Impact of platform-discordant and platform-specific PAV
instruments on Mendelian Randomization results

One valuable application of pQTL is to provide genetic instruments for
MR studies, which evaluate genetic liability for protein abundances for
impact in diseases. When pQTL are applied as genetic instruments in
MR, it is generally assumed that they capture the effects of overall
protein abundances. However, if a pQTL captures effects of isoform
differences instead of overall protein abundances, as may be the case
for platform-discordant and platform-specific cis-pQTL driven by
PAVs, this instrument may bias MR effect-estimates.

The PILRA protein discussed above has been linked to Alzheimer’s
Disease (AD) in multiple MR studies using Olink pQTL instruments”?’;
however, different directions of effect for PILRA on AD have been
reported across studies using different platform’s pQTL instruments.
We and others observed a platform-discordant PAV cis-pQTL for this
protein'®. To evaluate the potential impacts of this, and other, platform
discordant cis-pQTL PAV on the concordance of MR results, we per-
formed MR between the 2157 proteins assessed in this study and AD as
an outcome™. Similar proportions of proteins tested in MR on each
platform showed significant (p < 0.05) associations with AD. While the
majority of the 51 proteins with a nominally significant AD-MR asso-
ciation on both platforms showed concordant directions of MR esti-
mates on each platform, 5 showed opposite directions of effect
between analyses with SomaScan versus Olink instruments, including
PILRA (Fig. 6). Notably, all 5 of these proteins associated with a
platform-discordant or platform-specific PAV on at least one platform.

To further evaluate the impact of potential assay-interference
PAVs on MR results, we performed sensitivity analyses excluding first
platform-discordant, then platform-discordant and platform-specific
PAV instruments from MR analyses. While we note that less proteins
could be tested across analyses excluding PAVs (as these were the only
instruments available for some proteins), we observed the con-
cordance of significant MR effect estimates increase (from Pearson’s r
0.48, 0.51, to 0.63, Fig. 6). Furthermore, we observed 5 proteins in
SomaScan MR (CHIT1, GDF-15, HGFAC, HRC, qSOX1), and 5 in Olink MR
analyses (OSCAR, LTA, SPINT1, TMPRSSS5, TNFRSF13C), which were
significant in models excluding platform-discordant and platform-
specific PAV instruments but were not significant in the model
including these instruments as PAVs. This suggests that including
pQTL instruments that do not necessarily capture overall abundance
effects, but rather isoform differences, may, in some cases, bias MR
results towards the null. Hence, excluding these PAVs as instruments
may reveal potentially causal relationships between overall protein
abundances and disease outcomes.

Discussion

As affinity-based proteomic platforms shape our understanding of
genetics and disease, it is imperative to consider what each plat-
form’s protein measures capture and account for putative genetic
drivers of affinity-based protein measure discordance across diverse
populations to increase the utility of data across all participants.
This study represents the first comprehensive comparison of
affinity-based protein measure agreement and genetic signals in an
ancestrally diverse cohort. We highlight proteins with systematic
differences in assay measurements by ancestry. We further
demonstrate that genetic variants with different frequencies across
ancestries may contribute to these measurement differences.
Moreover, we demonstrate that adjusting for likely assay-
interference variants can, in some cases, unmask previously unde-
tected biology.

Among the 2157 proteins with SomaScan 7k and Olink Explore
3072 measures compared here, we observe a wide range of inter-
platform correlations for given protein measures, as in prior studies.
One prior study demonstrated that biological (such as presence of a
trans-membrane domain, protein length) and technical factors (per-
centage of outlier or below limit of detection protein measures, etc.)
can explain this wide range of correlation coefficients'. While rela-
tively uncommon, negatively correlated protein measures are inter-
esting, as these suggest that both platforms measure consistently
different, but biologically related values for the same proteins, such as
different isoforms. Importantly, we show that, while most proteins did
not show systematic differences in platform agreement by ancestry, a
subset of 80 proteins had significantly heterogeneous correlation
across ancestries, suggesting that one or both platforms may vary in
performance across ancestries. Although this study focuses on the
contribution of coding genetic variation to cross-ancestry differences,
additional factors such as ancestry-differentiated non-coding cis-
genetic variation or trans-pQTL, differential recruitment of partici-
pants of varied ancestry by site, or other environmental or clinical
factors, may also contribute to ancestry-heterogeneity in correlation
estimates.

Here, and across prior studies, cis-pQTL presence/absence is
thought to provide one predictor of on-target protein measures'>>'°,
We observed similar proportions of protein measures associated with
any cis-pQTL on each platform (39% SomaScan, 48% Olink), with more
distinct cis-pQTL identified for Olink overall (for the set of 2157 pro-
teins measured on both platforms), consistent with single-ancestry
genetic comparisons of earlier versions of SomaScan and Olink
platforms''®", Proteins associated with concordant cis-genetic signals
exhibited the highest average inter-platform correlation, increasing
confidence that the affinity probes for these proteins captured the
same entities and may have high potential for cross-platform meta-
analysis.

However, cis-pQTL driven by coding genetic variation, such as
protein altering variants (PAVs) may, in some cases, reflect impacts to
the target protein structure that affect protein measurements, parti-
cularly for cis-pQTL with platform-discordant directions of effect or
platform-specific significance. While PAVs may certainly alter a pro-
tein’s overall abundance through impacts on protein stability and
other mechanisms, studies incorporating comparisons to MS protein
measures, measures of gene transcript abundance, and/or functional
validation have established cases where platform-discordant PAV cis-
pQTL reflect differences in probe binding to genetically encoded iso-
forms, including for uromodulin® and apolipoprotein-1. While the
majority of platform-concordant and platform-specific cis-pQTL
identified are driven by non-coding genetic variants, we find that
nearly all the platform-discordant signals, and -30% of platform-
specific cis-pQTL, are driven by PAVs on each platform. It remains
challenging to establish the pervasiveness of assay-interference
effects; however, we note that several putatively impacted proteins
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Fig. 5 | Adjustment for suPAR-associated, ancestry-differentiated PAV
improves correlation of suPAR measures across all participants, with
improvement driven by individuals of African ancestry. suPAR measures per
platform, per-ancestry, without (A) and with (C) adjustment for PAV rs399145
(chr19:43665370:T:C; p.Thr86Ala) in 1852 unrelated participants with protein
measures, whole genome sequencing data available, and ancestry group assigned
(433 African ancestry (AFR), 220 Admixed American (AMR), 267 East Asian (EAS),
and 932 European (EUR)). Violin plots show the full distribution of suPAR values by
ancestry and platform; embedded box plots indicate the median (center line) and
interquartile range (box). B SomaScan and Olink suPAR measures by genotype in
1889 participants with protein measures. Data are presented as the median protein

levels (center line) with the 25th and 75th percentiles as box bounds; whiskers
extend to 1.5x the interquartile range, and points beyond represent outliers.

D suPAR pQTL summary statistics (generated under an additive model, two-sided
test of significance) per platform and effect allele frequencies per ancestry group in
MESA. cis-pQTL were significant at traditional genome-wide significance threshold
(p<5x107®). Variant is most common in AFR ancestry group. E Inter-platform
correlation of suPAR measures without and with PAV adjustment in 1889 partici-
pants. Values highlighted in red indicate which ancestry groups experienced the
largest improvement in correlation following adjustment for PAV (here, AFR).
Source data is available in Supplementary Data 4, 5 (D) and 6 (E). Source data for
A, B, Cis individual-level data available through dbGap and MESA.

are potential biomarkers or drug targets (for example, SuPAR**** and
PILRA%). As sample sizes and power for pQTL detection and platform
protein coverage expand, we predict that more impacted proteins will
be identified, underscoring the importance of considering differential
binding effects in proteomic analyses. Integration of larger MS,

expression, and splicing datasets will further facilitate the identifica-
tion of assay-interference pQTL and help differentiate, in situations of
discordant pQTL effects, what a given platform’s measure captures, as
affinity reagents may have differential binding to different protein
isoforms's**%,

Nature Communications | (2026)17:1054

12


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-67814-1

A Allcis-pQTL

B No platform-discordant

C No platform-discordant

instruments PAV instruments or platform-specific PAV instruments
0.4 : 04 0.41 1 PAV Instrument
NT5C3A e NT5C3A
L NT5C3A ' ® = Both
o 024 *BCAM  PRTEDCT cRy © 021 *BCAM pRTFDCis CRY o 021 PRTARCT e Neither
g PILR .'-.~ DARS1 g q“#‘}.‘ DARS1 ‘g 7 C:f.”‘ DARS1 + Olink only
E 0.04-------- e U‘;’: 0.04--------- ;I;E—!——.Gé ———————— E) 0.04--------a =3 :!-';,,' ,,,,,,,,, 4 Soma only
x = 2 TN x~ CPM o w ®,
= o VR £ 162 P
O 02 MM serpiyes O o2 a* SERPINBT O 2] M sepfings Significance
TREM2 GRN¢ *—SERPINF2 THEMZ.GHN( " SERPINF2 TREM2 GRN¢' " SERPINF2
ApOSy  MANF ] r=0.48 APOS]  MANF r=051 ApOG:  MANF! r=0.63 ¢ Both
~0.4 | -0.4 : ~0.4- ‘ ® Olink only
04 02 00 02 04 -04 02 00 02 04 34 02 00 o2 oa ® Soma only
Soma Estimate Soma Estimate Soma Estimate
cis-pQTL Instruments Used
Cat All cis-pQTL (1) No platform-discordant PAV (2) No platform-discordant or
ategory platform-specific PAV (3)
Tested Significant | Tested Significant | Newly Tested | Significant | Newly
(<0.05), (P,<0.05), | Significant (p,<0.05), | Significant
(% of (% of (P1>0.05, (% of (P1>0.05,
tested) tested) p2<0.05) tested) p2>0.05,
p3<0.05)
SomaScan MR 807 77 (10%) | 798 98 (11%) 738 91 (12%)
Olink MR 974 84 (9%) 966 124 (13%) 882 116 (13%)
SomaScan MR + Olink MR | 601 50 (8%) 590 47 (8%) 552 44 (8%) 1

Fig. 6 | Comparing SomaScan/Olink effect-estimates from significant (p < 0.05)
Alzheimer’s Disease (AD) Mendelian Randomization (MR) results, from
inverse-variance weighted MR analyses (two-sided tests). The genetic instru-
ments tests for these MR tests include A all cis-pQTL for each platform (Referred to
as Model 1 (p value py), B all cis-pQTL except for platform-discordant protein-
altering variants (PAV) (Referred to as Model 2—p value p,), C all cis-pQTL except
for platform-discordant and platform-specific PAVs for each platform (Referred to

as Model 3—p value p3). D Tabular summary of significant results from MR models,
including SomaScan pQTL instruments only or Olink pQTL instruments only. The
bottom row summarizes the results for the subset of genes that were tested in both
the SomaScan and Olink MR models. In all models, a nominal p value threshold of
0.05 was used to define significance. Source data is available in Supplementary
Data 26 and 27.

Notably, we show that for protein measures associated with
platform-discordant PAV cis-pQTL, adjustment for the PAV improved
protein measure correlation and resulted in improved strength and
concordance of some genetic and epidemiological signals, even
unmasking new significant associations. When cis-pQTL do reflect
differential binding to encoded isoforms, we note that studying
the impact of individual isoforms can be biologically informative
in studies of disease, as established with GDF8/11 for cardiovascular
events®. However, it may not be the case that all protein
isoforms have biologically distinct impacts, and careful interpreta-
tion and analysis on a protein-by-protein fashion is needed.
Also, platforms often do not report which isoform a given probe
targets (or do not provide evidence of specific targeting) and
disentangling which isoform each platform measures requires addi-
tional analyses incorporating genetic or MS evidence, which may not
be feasible in all studies. If the measure of interest is overall protein
abundance, rather than the abundance of specific protein
isoforms, PAV-adjustment may provide an avenue of accounting for
potential isoform differences in affinity-reagent binding. Careful
consideration is needed on whether information may be lost
regarding differential isoform abundance by adjusting for discordant

PAV, counterbalanced by the potential to have better power to
detect correlates of overall protein abundance with such adjustment.
However, more work needs to be done to integrate MS with affinity-
derived pQTLs, as started in very recent analyses®.

Additionally, we established that proteins with cross-ancestry
differences in platform agreement were enriched for association with
PAVs with ancestry-differentiated allele frequencies, supporting
epitope-binding effects as one driver of cross-ancestry differences in
platform agreement. Adjustment for platform-discordant, ancestry-
differentiated PAVs generally reduced cross-ancestry heterogeneity in
inter-platform correlation estimates. However, the improvement in
inter-platform correlation across ancestry groups was not linear, and
several proteins with ancestry-heterogeneity were also associated with
ancestry-differentiated non-coding cis-pQTL or trans-pQTL, further
suggesting the interplay of environmental or other genetic effects
apart from PAVs. Researchers may not always want to adjust for non-
PAV factors that explain ancestry differences in these settings. None-
theless, careful consideration of the potential for assay-interference
differentially impacting protein measurements across ancestry groups
will be imperative to maximize the utility of proteomics data in future
research and clinical settings.
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Failure to account for assay-interfering PAVs in studies of circu-
lating proteins may hinder the detection of disease-relevant associa-
tions or putative biomarkers. We show that platform-specific and
platform-discordant PAVs may bias MR results if used as genetic
instruments for circulating protein abundances®, in some cases
resulting in platform-specific and/or platform-discordant MR esti-
mates. Furthermore, we establish that excluding platform-specific PAV
instruments from MR models may increase power to detect significant
associations for a subset of proteins. This is particularly surprising, as,
in theory, these instruments explain less of total trait variance, sup-
porting that the platform-specific PAV may, in some cases, be masking
other signals (for example, from non-coding or regulatory variants)
that do reflect differences in overall protein abundance. Similarly, if
proteomics platforms are employed clinically, failure to account for
genetic variation that does not capture overall protein abundance
measures may result in systematically different measures among car-
riers of such genetic variants, thereby creating challenges for down-
stream applications in disease diagnosis/prognosis.

Interpretation of affinity-based trans-pQTL, particularly
pleiotropic trans-pQTL, is challenging. Existing affinity-based
proteomics studies exploring trans-pQTL often interpret pleio-
tropic trans-pQTL as biologically relevant signals, which may help
confirm appropriate assay performance®**. While pleiotropic
regulators certainly exist and are relevant in metabolism and
disease risk®, it is challenging to interpret whether pleiotropic
trans-pQTL reflect true differences in protein abundances, sys-
tematic alterations to PTMs that interact with epitope binding, or
other factors that may influence interactions, especially in the
absence of cross-platform replication or orthogonal validation
with a different assay. For example, while the detection of any
platform-shared trans-pQTL association for a protein corre-
sponds with high inter-platform correlation, proteins associated
with regions pleiotropic on SomaScan only had low inter-platform
correlation. The same trend has been observed in the UK Bio-
Bank/deCODE SomaScan and Olink platform-comparison, where
significant platform-specific pleiotropic trans-pQTL were seen at
some of the same regions, such as complement factor gene CFH
and glycoprotein-encoding VTN for SomaScan protein measures,
and proteins associated with these loci often showed lower inter-
platform correlation compared to other proteins”. Eldjarn et al.
propose that such loci may capture an interaction between
SomasScan technical processes and the protein pathways influ-
enced by the trans-pQTL. In a similar vein, we observe platform-
shared and/or platform-specific pleiotropic trans-pQTL regions at
loci encoding proteins involved in coagulation processes (F12, FS,
CPB2), blood type (ABO), fat-transport proteins (APOE), other
glycoproteins (HPX, DAGI), and proteins with roles in glycosyla-
tion (FUT6, FUT2, HRG, GNPTAB), rather than for transcription
factors (as might be expected if a locus captures a true “master-
regulator” effect -- for example, trans-eQTL hotspots are often
located near transcription factors®°). Such loci may result in
widespread changes to, for instance, protein glycosylation, which
could induce epitope effects for several proteins based on dif-
ferential binding to proteins with different PTMs. Similarly, the
pleiotropic associations with coagulation factors may impact
protein isoforms or indicate susceptibility of one or both plat-
forms to sample preparation variability. Further work, particularly
with MS, will be needed to better understand the biological and/
or technical effects these pleiotropic trans-pQTL capture.

While this study is currently the most diverse platform-compar-
ison, the representation of non-European ancestry groups remains
limited. Additional studies with increased numbers of non-European
ancestry participants will facilitate the identification of genetic drivers
of ancestry heterogeneity. Due to sample size constraints, ancestry
clusters are also derived at the continental level in this study; future

studies should consider heterogeneity within continents for cross-
platform protein correlation and protein measurement impacting
pQTL. Future studies may also consider evaluating differences in pQTL
effect sizes by local ancestry background to evaluate the extent to
which platform agreement is explained by differences in pQTL allele
frequency versus effect estimates.

Additionally, this analysis is limited to the 2157 protein targets
measured on both platforms. However, SomaScan 7k and Olink
Explore 3072 investigated in this study measure up to 7000 and 3072
proteins, respectively. Furthermore, each platform has released a
new version, with SomaScan and Olink Explore now measuring up to
11,000 and 5400 proteins. We cannot assume that the same patterns
observed in this study hold true in these newer versions, particularly
as platforms expand into coverage of lower abundance proteins and
more intracellular proteins. These analyses should be repeated as
data on large numbers of overlapping samples from ancestrally
diverse participants accrue on the most recent SomaScan 11k and
Olink 5k platforms. Furthermore, power for pQTL (particularly trans-
pQTL) discovery is limited by sample size. Additional evaluation of
pQTL across increased sample sizes will likely yield additional
associations.

Here, and in prior comparisons, the inter-platform correlation of
protein measures serves as a proxy for on-target affinity-probe bind-
ing. While consistent rank-based protein measures increase con-
fidence in protein measures, it remains possible that neither platform
provides accurate protein measures. It is especially challenging to
interpret platform-discordant measures, though metrics like cis-pQTL
presence may provide clues. Platform comparisons incorporating MS
protein measures are already proving informative to further depict
genetically encoded isoform differences and impacts of splicing on
detected protein structures®*>*, and will be especially important to
expand across ancestrally diverse sets of participants. The release of
additional information regarding affinity-probe confirmation and tar-
get domains from SomalLogic and Olink would prove useful for
research interpretation of affinity probe binding.

Methods

Study sample

The MESA has been approved by the institutional review boards (IRBs)
of each field center, the data coordinating center, and the genetic
analysis center. The IRB at the Lundquist Institute for Biomedical
Innovation also reviewed and approved this project. All participants
provided written informed consent, including for genetic study, and
participant compensation was approved by local IRBs at all MESA sites.
All study activities were conducted in accordance with the criteria set
by the Declaration of Helsinki.

MESA is a prospective, population-based cohort study of 6814
men and women free of cardiovascular disease at baseline, aged 45 to
84 years, with recruitment from 6 US clinical centers beginning in
2000*. At the baseline exam, 53% of participants self-identified as
female, 38% as non-Hispanic White, 28% as African American, 12% as
Chinese, and 22% as “Spanish, Hispanic, or Latino” (subjects with both
Caribbean and Mexican/Central American ancestry are represented).

Blood sample collection

The MESA exam 1 protocol for blood sample collection and processing
was performed as described***. In brief, extracted blood was added to
EDTA and mixed for at least 30 s. Blood-EDTA samples were stored
upright on ice for no longer than 30 min following extraction. Cen-
trifugation was performed at 2000 x g for 15min, or 3000 x g for
10 min. Centrifuged samples were placed on ice; plasma was extracted
into 0.5 mL aliquots. Cryovials were frozen and stored in an upright
position at =70 °C. Samples were shipped on dry ice. Proteins in plasma
samples collected in this manner have been shown to be stable over
time**.
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Genetic ancestry assignments via clustering

Continental ancestry of each subject was assigned using Admixture
in a supervised analysis with reference genotypes from the 1000
Genomes project*® and the Human Genetic Diversity Panel (HGDP)*’.
Uniformly called genotype data for MESA, 1000 Genomes, and HGDP
were obtained from TOPMed whole genome sequence data®. MESA
subjects were assigned to a 1000 G/HGDP sub-population based on
similarity greater than 50% to the reference (with a small number of
MESA participants (n = 44) unclassified using this threshold).

45-47

Proteomics measures

Plasma samples for a subset of 1930 participants from the baseline
MESA exam 1 (2000-2002) were assayed on both SomaScan 7k and
Olink Explore 3072.

MESA blood samples consist of EDTA plasma, cryopreserved at
-80 °C. The modified aptamer binding reagents”, SomaScan™ v.4.1
assay’>®, and its performance characteristics'’®>**> have been
described*®*', The assay uses DNA-based slow off-rate modified
aptamers (SOMAmerTM reagents) to quantify the relative abundance
of approximately 7000 proteins with high specificity and limits of
detection largely comparable to antibody-based assays. Briefly, the
SomaScan assay starts with a mixture of ~7596 modified aptamer
reagents labeled with a 5 fluorophore, photocleavable linker, and
biotin that are immobilized on streptavidin (SA)-coated beads and
incubated with 55 pL of EDTA plasma samples to achieve binding of
aptamers to proteins under equilibrium conditions. In the second step,
meant to reduce non-specific binding, the samples are diluted, causing
non-specifically bound aptamer reagents to dissociate while their
rebinding is prevented using a polyanionic competitor. Aptamer
reagents are hybridized to complementary sequences on a DNA
microarray chip and quantified by fluorescence. Standard normal-
ization procedures were conducted*®. For the MESA study, the assay
started with a total number of 7596 modified aptamers. We excluded
307 aptamers to non-human proteins. Thus, the final number of
aptamers was 7289, which collectively measure 6407 UniProt IDs.
SomaScan delivers two versions of the data; one with the normal-
ization procedures described, and one with an additional normal-
ization procedure—adaptive normalization by maximum-likelihood
applied to all samples (ANML/ANML-SMP), where sample measures are
further normalized relative to measures in an external reference of
healthy controls™*%, The median coefficient of variation for all
SomaScan ANML-normalized protein measures in MESA is 2.12 (IQR
1.74, 2.78). This value is based on 1292 samples (646 pairs of split
duplicates).

Olink Explore 3072 uses 2941 antibody-nucleic acid assay probes
to quantify 2172 human protein targets®>*°. Two antibody probes are
designed per protein target; when both antibodies bind, the nucleic
acids are brought in proximity to hybridize. Real-time polymerase
chain reaction of the hybridized nucleic acids is used to generate a
relative protein abundance measure in NPX units. NPX units are
company normalized against a series of internal controls (incubation,
extension, detection, inter-plate, and negative controls) designed to
account for noise in the immune reaction and subsequent amplifica-
tion step, between samples and plates®'.

In this analysis, measures from both platforms were obtained in
one batch. We included only the subset of MESA participants with
measures available from the same plasma sample on both platforms.
After excluding 7 participants with samples flagged by SomaScan for
possible measurement errors, 1930 participants were included in the
study. Furthermore, we also only assessed the 2708 probe pairs cor-
responding to the 2157 human protein target UniProt IDs measured on
both platforms (2687 SomaScan aptamers, 2172 Olink IDs in total).
Probes were matched to UniProt IDs using reference files from
Somalogic and Olink, respectively. Both assays output a value for all
proteins measured, no protein value imputation was performed in this

study. A subset of proteins is measured by more than one affinity
probe on each platform. For main analyses, we considered one
SomaScan aptamer and one Olink antibody-conjugate probe per Uni-
Prot ID, prioritizing the probe pair with the highest inter-platform
correlation (unless otherwise stated). Hence, the main analyses con-
sider 2157 aptamers and Olink IDs, for 2157 UniProt IDs. Results for all
probes per UniProt ID are reported in the Supplementary Data. RFU
and NPX measures obtained from each platform were standardized
and rank-based inverse normal transformed prior to conducting
analyses.

Protein measure comparison and inter-ancestry heterogeneity
of protein measures

Pearson’s correlation coefficients were computed for transformed
SomaScan measures against Olink measures, as well as for ANML-
SomaScan measures against Olink measures, using data from all 1930
contributing participants. We also computed Pearson’s correlation
coefficients among individuals stratified by ancestry group, excluding
the 44 participants who could not be assigned to ancestry groups
using the criteria defined. To evaluate whether correlation estimates
for a given protein differed significantly across ancestry groups, we
computed the Fisher’s R-to-Z transformation on per-ancestry Pear-
son’s r estimates and performed the Cochran’s Q test of heterogeneity
across resulting Z-scores. Analyses were run in R Studio (version 4.3.1
or 4.4.0) unless otherwise noted®’.

Whole genome sequencing

TOPMed WGS was performed according to methods were described
previously™. Briefly, WGS was conducted at six sequencing centers
(mean depth >30X, Illumina HiSeq X Ten instruments). Joint variant
discovery and genotype calling were conducted by the TOPMed
Informatics Research Center (IRC) across all TOPMed studies using the
GotCloud pipeline, resulting in a single genotype call set encompass-
ing all of TOPMed (TOPMed Freeze 10). Variant quality control was also
performed centrally by the TOPMed IRC. Sample quality control was
performed by the TOPMed Data Coordinating Center (DCC).

pQTL mapping

In this study, 1923 participants had both SomaScan 7k and Olink
Explore 3072 protein measures from exam 1 plasma samples, as well as
TOPMed whole genome sequencing data available. Direct relatives
were identified with a pedigree and excluded entirely from analyses,
resulting in 1889 participants for pQTL mapping. Prior to QTL analyses,
inverse-normal transformed protein measures from each platform
were residualized based on participant age, genotypic sex, MESA
recruitment site, protein measure plate number, ten genotype princi-
pal components (PCs), and ten protein PCs. Genotypic sex was used
throughout this study. Protein PCs were calculated across all inverse-
normal transformed protein measures for each platform. Early protein
PCs likely capture the impacts of latent variables such as technical
processes or platform sample handling, or impacts of kidney function
or disease status among participants. Here, we show that adjustment
for protein PCs improves power for cis-pQTL discovery on both plat-
forms (Supplementary Fig. 5). Notably, our pipeline to assess the
impact of adjustment for different numbers of protein PCs in pQTL
mapping differed from our main pQTL analysis pipeline, in that we
used EasyStrata to define loci from tensorQTL based cis-pQTL sum-
mary statistics (p <5 %1078, requiring lead variants to be at least 500
kilobases apart) rather than the comprehensive fine-mapping strategy
to define signals as performed in our main analysis. This resulted in the
identification of fewer cis-pQTL at ten protein PCs in this exploratory
analysis, compared to our main analysis. However, we believe the
results observed—where adjustment for protein PCs improved cis-
pQTL discovery -- would hold true if using our main analysis pipeline to
define independent loci. While adjustment for 10 protein PCs does not
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maximize cis-pQTL detection, we performed a GWAS of the first 100
protein PCs on each platform to show that several later PCs likely
capture impacts of trans-pQTL (Supplementary Fig. 6), which we did
not want to adjust away for the purposes of this study. Hence, we chose
10 PCs for consistency between platforms and cis- and trans-pQTL
analyses, although future research endeavors may want to consider
adjusting for different numbers of protein PCs between cis- and trans-
pQTL analyses to maximize discovery.

Here, we performed QTL mapping with SomaScan measures with
ANML normalization applied to all samples, and Olink measures.
Gencode version 45 gene coordinates were used to define transcrip-
tion start sites (TSS)®’. If gene coordinates could not be found in
Gencode, Ref Seq gene coordinates downloaded via the USCS Genome
Browser on June 5, 2023 were used. Cis- and trans- QTL mapping was
performed ancestry-pooled to maximize power for discovery of
genetic signals®*, as performed in prior studies across TOPMed**
within tensorQTL version 1.0.8°¢, using linear models and adjusting for
the same set of covariates as listed above. In this study, cis-pQTL is
defined as pQTL within 1Mb of the TSS, and trans-pQTL is defined as
>1 Mb from the TSS. We note that, to increase efficiency, the tensorQTL
trans-pQTL mapping function only outputs variants associated with
the protein measure with a p value <1x1075; hence, trans-pQTL sum-
mary statistics are only available for these variants. Fine-mapping of
resulting cis- and trans- signals was performed using the cis.susie and
trans.susie functions in tensorQTL, which implement a modified ver-
sion of SuSiE R package® using individual level linkage disequilibrium
(LD) references, respectively, to obtain credible sets of variants within
each signal for each platform. We use these credible sets to define
genetic signals throughout this study. Significant credible sets were
defined as cis-pQTL credible sets containing at least one variant asso-
ciated with a protein with p<5x107%, or trans-pQTL credible sets
containing at least one variant associated with a protein with
p<1x107", After observing a small subset of cases for which SuSiE
output credible sets containing variants in high LD, we filtered credible
sets for the same trait that contain variants in LD (2> 0.1) across par-
ticipants to retain only the credible set with the more significant lead
variant.

Identification of ancestry-differentiated variants

To identify variants with differing EAF by ancestry, we obtained EAF of
each variant within each contributing ancestry group in MESA using
plink version 1.90b3*” (www.pngu.mgh.harvard.edu/purcell/plink/),
specifying the TOPMed reference allele as the reference allele for each
ancestry. We then computed Chi-Square test statistics and p-values
across EAF values for each variant. Given the large number (>1x107) of
highly significant variants following multiple-testing correction
(p<4.07x10°°), we consider a Chi-Square value in or above the 75th
percentile across all MESA participants as evidence of ancestry-
differentiated allele frequencies.

Cross-platform pQTL signal comparison

Here, we considered pQTL credible sets for a given protein “platform-
overlapping” if there was at least one shared variant across the credible
sets associated with the same protein measure on each platform. If
neither platform’s signal contained the lead variant for the other
platform, we did not compare the concordance of effects. Genetic
signals that did overlap for at least one platform’s lead variant were
categorized as platform-concordant or platform-discordant based on
the direction of association of the lead variant with each platform’s
protein abundance measure (Supplementary Fig. 9). Platform-
concordant signals are significant pQTL signals with concordant
directions of association with the given protein on both platforms,
whereas platform-discordant signals are significant pQTL signals with
differing directions of effect with the given protein across platforms.

Assessment of protein subcellular location

Human Protein Atlas®®*® was used to ascribe protein subcellular loca-
tions as membrane, secreted, or intracellular as previously
described"". Briefly, proteins were considered membrane proteins if
annotated by HPA only as membrane proteins, secreted proteins if
annotated only as secreted proteins, and intracellular if annotated by
HPA as both or neither.

Predicting variant consequences and identifying protein alter-
ing variants

Functional annotation and further characterization of variants was
performed via WGSA 0.957°, which integrates variant annotations from
Variant Effect Predictor (VEP)”', Annovar’?, and SNPEff”, Here, we used
the report-predicted consequences output by VEP”, annotated relative
to Ensembl, in the main analyses. The top predicted consequence for
each genetic variant reported by VEP was chosen. Intronic variants
were classified according to whether they were intronic for the
protein-encoding gene or for a different gene. Variants were annotated
as regulatory if they contain variants reported as “upstream” or
“downstream” of a gene. Protein-altering variants were defined as VEP-
Ensembl annotated missense variants, start-loss, stop-gain, or stop-
loss variants. The vast majority of PAVs were missense variants. For cis-
and trans-pQTL main analyses, we report the number of signals
reported by VEP to alter the protein-encoding gene.

Affinity pQTL overlap with GTEx cis-eQTL

To assess whether pQTL may exhibit shared effects with GTEx eQTL,
which are statistically significant associations between a genetic var-
iant and a transcript abundance, we evaluated whether any variants
within identified cis- and trans-pQTL credible sets are reported lead-
eQTL (for either primary or secondary signals, based on conditional
analysis) in GTEx version 8”*. When comparing overlap between cis-
pQTL signals and GTEx eQTL signals, we filtered GTEx eQTL counts by
whether the observed eQTL corresponded to the same protein-
encoding gene. Notably, the GTEx consortium reports eQTL for several
tissues. To label a pQTL direction of effect as concordant with the
GTEx-reported eQTL direction of effect, we required the pQTL and
GTEx eQTL direction of effect for all tissues in which the eQTL was
significant. A small subset of pQTL signals (28 credible sets on
SomaScan, 27 credible sets on Olink) contained more than one distinct
eQTL signal, with conflicting directions of effect. We excluded these
signals from effect-direction comparisons.

Affinity pQTL overlap with MS-pQTL

To assess whether pQTL regions are previously reported MS-pQTL, we
evaluated whether any lead SEER MS-pQTL in either the 320 Qatar
Metabolomics Study of Diabetes (QMDiab)™° or the larger the Tarkin
Study™ of 1980 participants were present in our SomaScan or Olink
pQTL credible sets, and determined whether these signals were asso-
ciated with the same protein by comparing associated UniProt IDs. We
further assessed the overlap of affinity-based pQTL with MS-PAVs,
which are MS-based variants hypothesized by Suhre et al.”° to reflect
impacts on protein quantification by PAV, and not true differences in
protein abundance.

MESA pQTL overlap with deCODE and UK BioBank

reported pQTL

To assess whether pQTL regions identified in the present study were
previously reported in the deCODE-based SomaScan version 4 pQTL
study (n=35,559 Icelanders)' or the UK Biobank Olink Explore 3072
pQTL study (n = 54,219 UKB Pharma-Proteomics-Project participants)’,
we evaluated whether the IMB region surrounding the lead variant
contained a previously reported lead pQTL variant for the same pro-
tein from these two studies.
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MESA pQTL overlap with GWAS catalog variants

To evaluate whether pQTL have been previously associated with
phenotypes, we assessed whether pQTL signals (defined by SuSiE
credible sets) contained lead variant-trait associations reported in the
GWAS Catalog (downloaded August 12, 2024)".

Characterizing pleiotropic trans-pQTL regions
Several regions contained multiple trans-pQTL signals that often
associated with one or more of the same proteins within and across
platforms. Hence, we took a region-based, rather than a signal-based,
approach to define platform-shared pleiotropy vs. “platform-differ-
entiated” pleiotropy. For each platform, we defined trans-pQTL
regions by finding credible sets with the most significant lead variant
and defining a 1Mb window around these variants. If 1 Mb windows
overlapped, we merged the windows into one. We subsequently
compared regions identified for each platform: if regions overlapped
across platforms, we defined them as platform-shared.
Platform-shared pleiotropic regions were defined as overlapping
trans-pQTL regions associated with at least 5 proteins on both plat-
forms. Platform-specific pleiotropic regions were defined as regions
associated with at least 5 proteins on one platform, and O or 1 protein
on the other.

Limit of detection

SomasScan global limit of detection (LOD) values were obtained from
Somalogic. Per company recommendations, we compared protein
LOD values to ANML-normalized sample protein RFU measures. Olink
LOD values were calculated from negative control data, per company
recommendations. 186 negative controls samples from the 102 plates
used in the present analysis were used for calculation of LOD. Protein
measures were filtered to intensity normalized values (excluding
amplification, incubation, and extension controls). LOD values were
calculated for each protein across all plates by taking the median of the
negative control measure + 3 fixed standard deviations. We compared
LOD values to non-transformed Olink sample NPX values.

Epidemiological analyses

Proteins were associated with participant age and BMI using linear
regression models in R’ adjusted for plate number and site in age
association models, and additionally adjusted for age and sex in BMI
models. Proteins were also associated with sex and prevalent T2D
using logistic regression, with adjustment for age and site (as well as
sex in T2D model).

Evaluation of genetic variant impacts on concordance of protein
measures and epidemiological associations
To evaluate the impact of cis- protein altering genetic variation on
protein abundances, we obtained counts of PAV alleles present for
each participant and adjusted protein measures for copies of the effect
allele in these variants. Protein residuals from these models were used
to evaluate the concordance of adjusted-protein measures.

Furthermore, these protein residuals were used as input in epi-
demiological analyses and cis-pQTL mapping to explore the impact of
PAV adjustment on downstream associations. To determine cases
where adjustment for PAV resulted in more concordant phenotypic
associations, we performed effect-size heterogeneity tests across
SomaScan and Olink results obtained using (1) non-PAV adjusted
protein measures as model input, then (2) using PAV-adjusted protein
measures as input. We subsequently compared proteins with effect-
size heterogeneity between models using protein measures without vs.
with PAV adjustment.

To evaluate the impact of platform-specific pleiotropic trans-
pQTL protein altering genetic variation on protein abundances, we
obtained counts of lead trans-pQTL alleles in credible sets mapping to

regions defined as platform-specific pleiotropic and adjusted protein
measures for copies of the effect allele in these variants.

Adjustment for protein altering genetic variants in QTL analyses
To determine the impacts of platform-discordant PAV adjustment on
cis-pQTL, we repeated cis-pQTL mapping and fine-mapping analyses
for the 19 proteins associated with platform-discordant PAVs using the
previously described tensorQTL pipeline, this time adjusting for copies
of the respective PAV as a covariate. We then determined whether cis-
pQTL signal significance increased or decreased following PAV
adjustment by overlapping credible sets obtained from models with-
out vs. with PAV adjustment from each platform and comparing
summary statistics at the lead variants. To account for a subset of
signals that appeared to increase in significance with PAV adjustment
due to residual LD with the PAV adjusted for in the model, we removed
credible sets from models with PAV-adjustment that contained var-
iants in LD with variants in credible sets obtained from models without
adjustment for the PAV from the results. Here, “newly-associated” cis-
pQTL are defined as cis-pQTL credible sets obtained in PAV-adjusted
models that do not overlap, and are not in LD (R*> 0.1) with, variants in
credible sets from pre-PAV adjusted models.

Mendelian Randomization

To evaluate the potential impacts of platform differences in cis-pQTL
on Mendelian Randomization (MR) results, we performed an
exploratory MR analysis for Alzheimer's Disease (AD) using both
SomaScan 7k and Olink Explore 3072 significant cis-pQTL for the 2157
proteins measured on both platforms as genetic instruments. MR
analyses were performed in R Studio (version 4.4.0) with the Mende-
lianRandomization package (0.10.0)”” using the Bellenguez et al. GWAS
meta-analysis® results as outcome data. We identified SNP instru-
ments for each protein by choosing the most significant cis-pQTL
variant in each platform’s credible set that was also available in the
outcome GWAS. Our primary analyses were performed using all cis-
pQTL as instruments, however, we performed subsequent sensitivity
analyses excluding (A) platform-discordant PAV cis-pQTL instruments,
and (B) platform-discordant and platform-specific PAV cis-pQTL
instruments. Wald/Inverse-Variance Weighted (IVW) MR tests were
performed. For exploratory purposes, a nominal significance thresh-
old of p<0.05 was used to define significant MR results in this study.

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

Data availability

The cis- and trans-pQTL association statistics generated in this study
have been deposited in a Zenodo site under accession code 10.5281/
zenodo.17642644 (https://zenodo.org/records/17642645). Only trans-
pQTL results for variants associated with p<1x107® are available in
summary files. The protein measure correlations, pQTL credible sets,
protein and pQTL annotations, and protein-phenotype associations
generated in this study are provided in the Supplementary Informa-
tion. The individual-level proteomics measures, whole genome
sequences, and participant covariates are available under restricted
access to ensure participant privacy; access can be obtained through
dbGaP  (phs001416  (https://dbgap.ncbi.nlm.nih.gov/beta/study/
phs001416.v4.p1/) and phs000209 (https://dbgap.ncbi.nim.nih.gov/
beta/study/phs000209.v13.p3/)). In addition to the public access
repository noted above, researchers with an established collaboration
with MESA Investigators may also access the data through the MESA
Coordinating Center at the University of Washington through standard
MESA policies and procedures. Source data are provided with
this paper.
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Code availability

The code used to perform the analyses and generate results in this
study is publicly available and has been deposited in GitHub “Cross-
Ancestry-Comparison-of-Aptamer-and-Antibody-Protein-Measures” at
https://github.com/jcnicholas/Cross-Ancestry-Comparison-of-
Aptamer-and-Antibody-Protein-Measures. The specific version of the
code associated with this publication is archived in Zenodo and is
accessible via https://doi.org/10.5281/zenodo.17673143.
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