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Abstract

Limited data exist on the performance of high-throughput proteomics profiling in epi-

demiological settings, including the impact of specimen collection and within-person

variability over time. Thus, the Olink (972 proteins) and SOMAscan7Kv4.1 (7322 pro-

teoforms of 6596 proteins) assays were utilized to measure protein concentrations

in archived plasma samples from the Nurses’ Health Studies and Health Profession-

als Follow-Up Study. Spearman’s correlation coefficients (r) and intraclass correlation

coefficients (ICCs) were used to assess agreement between (1) 42 triplicate samples

processed immediately, 24-h or 48-h after blood collection from 14 participants; and

(2) 80 plasma samples from 40 participants collected 1-year apart. When comparing

Abbreviations: EDTA, ethylenediaminetetraacetic; HPFS, Health Professionals Follow-Up Study; ICC, intraclass correlation coefficient; NHS, Nurses’ Health Study; QC, quality control.
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W81XWH2110320; J.Willard and Alice S.

Marriott Foundation samples processed immediately, 24-h, and48-h later, 55%of assayshadan ICC/r≥0.75

and 87% had an ICC/r ≥ 0.40 in Olink compared to 44%with an ICC/r ≥ 0.75 and 72%

with an ICC/r ≥ 0.40 in SOMAscan7K. For both platforms, >90% of the assays were

stable (ICC/r≥ 0.40) in samples collected 1-year apart. Among 817 proteins measured

with both platforms, Spearman’s correlations were high (r > 0.75) for 14.7% and poor

(r < 0.40) for 44.8% of proteins. High-throughput proteomics profiling demonstrated

reproducibility in archivedplasmasamples and stability after delayedprocessing in epi-

demiological studies, yet correlations between proteins measured with the Olink and

SOMAscan7K platformswere highly variable.

KEYWORDS

Aptamers, biomarkers, epidemiology studies, laboratorymethods and tools,multiplexing, systems
biology

1 INTRODUCTION

Protein biomarkers have been central to chronic disease diagnosis,

prevention, and treatment in clinical medicine for over 30 years [1].

Advances in high-throughput proteomics technology now allow for

simultaneous quantification of thousands of human proteins [1–3].

This provides new opportunities to accelerate biomarker discovery for

improving accuracy of chronic disease risk prediction [4–10].

Olink Bioscience (Uppsala, Sweden) and SOMAscan (SomaLogic:

Boulder, CO) assays have led the way in high-throughput, high mul-

tiplex affinity proteomics profiling. The Olink Bioscience proteomics

platform provides multiplexed immune-based assay panels targeted

toward various disease processes, while the SOMAscan platform pro-

vides modified oligonucleotide aptamer-based assays that cover a

broad range of biological processes. Both assays require small sam-

ple volumes and capture a wide range of proteins across the whole

dynamic range (>10 logs). Although the two assays quantify different

sets of proteins, many proteins can be measured across both plat-

forms. Integrating protein measures across platforms would facilitate

research efforts to identify protein–disease relationships, yet recent

studies have reported a wide range of correlations in protein levels

measured with the two assays [11, 12].

Large epidemiological studies collect and store biospecimens from

study participants for several decades that can serve as valuable

resources for biomarker discovery. However, sample processing and

data collection techniques do not always follow standard clinical pro-

tocols and can vary across studies and individuals within studies. To

identify robust clinical biomarkers, biomarker discovery should ide-

ally leverage biological samples that are easy to collect, display little

within-person variation over time, (except for biomarkers specifically

linked to particular clinical phenotypes), and come from samples pro-

cessed using various methods [13, 14]. The Olink and SOMAscan

proteomics assays include extensive quality control (QC) measures as

well as normalization and calibration approaches to ensure the detec-

tion of technical laboratory errors and low/bad quality outlier samples.

However, limited data is available that has rigorously assessed the

impact of preanalytical blood sample collection factors on protein

expression levelsmeasured by theOlink and the SOMAscan platforms.

These experiments are essential in epidemiologic studies, where blood

samples are often shipped overnight, resulting in delays in processing,

and then are archived for many years. Further, little is known about

how protein measures compare between the Olink and SOMAscan

platforms.

To address these gaps, we first conducted three experiments to

examine the interassay reproducibility, the impact of delayed sample

processing, and within-person reproducibility over 1- and 10-years of

proteinsmeasuredwith theOlinkproteomics platformamongarchived

blood samples frommen and women in three prospective cohort stud-

ies. Then, we applied similar methods for the latest version of the

SOMAscan platform (SOMAscan7K v4.1), updating a previous assess-

ment of the SOMAscan1.3K platform [15], and compared protein

concentrations in Olink versus SOMAscan.

2 MATERIALS AND METHODS

2.1 Study population

This study utilized data collected from participants of the Nurses’

Health Study (NHS), NHSII, Health Professionals Follow-Up Study

(HPFS), and local volunteers. The NHS began in 1976 and included

121,701 female registered nurses aged 30–55 years from 11US states

[16]. TheNHSII began in 1989 and included 116,429 female registered

nurses aged 25–42 years from 14 US states [16]. Samples from an

NHSII substudy, theMind–Body Study [17], were utilized here because

these participants have two blood samples collect 1-year apart. The

HPFS began in 1986 and included 51,529 male health professionals

aged 40–75 years from all 50 US states [18]. Blood samples were

provided by 32,826 women in NHS between 1989 and 1990, 29,611

women in NHSII between 1996 and 1999, and 18,225 men in HPFS
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from 1993 to 1995. In all cohorts, blood samples were collected and

processed as reported previously [19, 20]. In NHS (mean age = 57

years), NHSII (mean age= 45 years), and HPFS (mean age = 64 years),

participants were mailed a blood collection kit that contained a con-

sent form, supplies, and instructions for the blood draw. Samples were

returned via prepaid overnight courier in a Styrofoam container with

an icepack. Blood samples from NHS and NHSII were collected in hep-

arin and samples from HPFS were collected in EDTA. Upon arrival,

samples were centrifuged, separated into buffy coat, red blood cells,

and plasma, and aliquoted, and stored in liquid nitrogen freezers at

≤−130◦C. Processingwas completedwithin several hours of specimen

receipt and most samples (>90%) were frozen within 30–36 h after

venipuncture. The time elapsed between sample processing and pro-

teomic profiling was 28–31 years in NHS, 19–22 years in NHSII, and

23–25 years in HPFS. Participants from the NHS, NHSII, and HPFS

were asked about their fasting status at the time of blood draw and

provided information about age, height, weight, sex, and race/ethnicity

during biennial questionnaires. In NHS and HPFS, consent among the

participants was implied by receipt of completed questionnaires and

blood samples. Written informed consent was obtained for NHSII

participants.

Local volunteers were recruited to test the effects of immediate

versus delayed processing in 2009. At the time of blood draw, volun-

teers provided written consent and data on age, sex, race/ethnicity,

and fasting status. Blood samples were deidentified and divided into

three aliquots: onewas processed immediately, onewas processed 24-

h later, and anotherwas processed48-h after blood collection. Samples

were stored in the same manner as described above for NHS, NHSII,

and HPFS. The time elapsed between sample processing and pro-

teomic profiling was 10 years among the local volunteers. The Brigham

and Women’s Hospital Institutional Review Board approved all study

protocols.

2.2 Study design

We conducted three separate experiments to assess different types

of stability and reproducibility in archived cohort samples: (1) blinded

replicates; (2) delayed processing; and (3) within-person stability over

time.

Table 1 summarizes the number of participants and samples

included in each of the three experiments. QC pools derived from

discarded plasma from blood donation centers were also included

across the three experiments. First, the Olink blinded replicates

experiment evaluated interassay reproducibility in archived cohort

samples by anticoagulant type using 28 samples from six NHS partic-

ipants (six duplicates; heparin), six HPFS participants (six duplicates;

EDTA), and two QC pools (two duplicates; one of each collected

in heparin or EDTA). This study design is similar to previous stud-

ies aiming to evaluate the measurement error within a biological

assay [21, 22]. Because a previous version of the blinded replicates

experiment reported high reproducibility for the SOMAscan plat-

form (1.3K) [15], an abbreviated blinded replicates experiment was

repeated among three QC pools (two heparin duplicates; 1 EDTA

duplicate) for SOMAscan7K v4.1. Second, we evaluated the impact

of delayed processing in blood samples from 14 donors (seven in

EDTA and seven in heparin) and two QC pools, with each sample

allocated into triplicates and processed (separated into plasma and

blood cells and then frozen) immediately, or 24-h or 48-h after blood

draw. Third, within-person reproducibility over time was evaluated

by comparing protein concentrations in 84 blood samples collected

1-year apart from 40 randomly selected NHSII participants and two

QC pool samples. In Olink, an additional experiment was conducted

utilizing 80 blood samples collected 10-years apart from 38 NHS par-

ticipants from an ovarian cancer nested case–control study and two

QC pool samples. One participant was excluded from the SOMAs-

can7K within-person reproducibility pilot due to limited availability

of stored plasma for this sample. These sample sizes have proved

adequate in previous reproducibility and stability studies to provide

estimates of within-person variation and biomarker stability [14, 15,

21, 23, 24]. To avoid bias, all samples were blinded to laboratory

personnel.

2.3 Proteomic profiling

First, we performed proteomic profiling using an immunoaffinity pro-

teomics technology using the Olink Biosciences platform (Uppsala,

Sweden), which offers several different targeted assays. We included

proteins from the following 11 panels: cardiometabolic, cardiovascular

II, cardiovascular III, cell regulation, development, immune response,

inflammation, metabolism, neurology, oncology, and organ damage

(specific versions included in each experiment are specified within

corresponding tables). Each panel includes 92 proteins, with some pro-

teins being measured in multiple panels. Thus, 972 unique proteins

weremeasured. The immunoaffinity techniqueusedbyOlink leverages

an extensive collection of nucleotide-labeled antibodies in an immuno-

PCR method referred to as a proximity extension assay (PEA) that is

useful in multiplexing to reduce the problem of cross-reactivity [1, 25].

PEA is based on the incubation of the samples with two distinct anti-

bodies targeting nonoverlapping epitopes of the analyte of interest.

The antibodies are labeled with complementary DNA oligonucleotide

sequences, which come in close proximity upon target binding and

subsequently hybridize. Oligonucleotides are then extended over the

complementary probe to form a PCR amplicon through the addition of

DNA polymerase that is then finally quantified by microfluidic qPCR

[25].

Second,weperformedproteomic profiling using the oligonucleotide

aptamer-based proteomics technology, SOMAscan, provided by Soma-

Logic (Boulder, CO; SomaScan Assay v4.1) according to the manufac-

turer’s standardized protocol. SomaScan Assay v4.1 uses 7322 high

affinity, distinct aptamer reagents to measure expression of 6596

unique proteins. SomaLogic’s proprietary protein-capture reagents

called SOMAmer (Slow Off-rate Modified Aptamer) leverage short

single-stranded DNA sequences known as aptamers that form three-

dimensional structures similar to antibodies and based on their unique
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TABLE 1 Characteristics of study participants andQC samples included in the proteomics profiling experiments: blinded replicates, delayed
processing, andwithin-person reproducibility over time (1 and 10-years)

Blinded replicates Delayed processing

Within-person

reproducibility

over 1-year

Within-person

reproducibility

over 10-years

Total number samples (QC and

participant), n
28 46 84 80

StandardQC samples, n 2 2 2 2

Number of replicates 2 2 2 2

Study participants, n 12 14 40 38

Plasma samples per participant 2 3 2 2

Plasma sample anticoagulant

EDTA 6 7 0 0

Heparin 6 7 40 38

Participant characteristics

Age (years), mean (range) 46 (30–69) 41 (24–57) 45 (37–51) 59 (48–67)

Female (%) 50 79 100 100

White (%) 83 79 95 100

BMI (kg/m2), mean (range) 24.6 (19.5–32.0) NA 27.0 (18.3–50.0) 24.0 (17.4–35.9)

Smoking (%) current 0 7 0 3

Time since last meal

<8 h (%) 50 64 29 21

≥8 h (%) 50 36 71 79

BMI, bodymass index; EDTA, ethylenediaminetetraacetic acid; QC, quality control.

nucleotide sequences are able to bind with high affinity and selectivity

to distinct proteins [26].

Data from both proteomics platforms were normalized and trans-

formed using internal controls and interplate controls to adjust for

intra- and inter-run variation. In Olink, the final assay read-out is in

Normalized Protein eXpression (NPX), which is an arbitrary unit on a

log-scale, where a higher value corresponds to a higher protein expres-

sion. EachPEAmeasurementhas a lower limit of detection (LOD)based

on negative controls included in each run. Values below the LODwere

set to missing. For SOMAscan, the final assay read-out is in relative

fluorescence units (RFU), an arbitrary unit corresponding to higher or

lower protein expression.

2.4 Statistical analysis

Proteins were classified into groups based on their molecular function

using Gene Ontology (GO) annotations [27] obtained through UniProt

(www.uniprot.org) [28] (see Supplemental Methods), and Olink assays

were also grouped by panel. Next, the blinded replicates experiment

was utilized to identify assays that demonstrated good reproducibil-

ity (CVs < 20%) in the archived cohort samples (see Supplemental

Methods).

To assess delayed processing, we calculated intraclass correlation

coefficients (ICCs) and Spearman’s r in samples processed immediately

versus 24-h and 48-h after blood collection by protein class and panel

(Olink only). To achieve a normal distribution for all proteins, relative

protein concentrations were probit-transformed prior to ICC calcula-

tions. We excluded proteins with CVs > 20% in the blinded replicate

experiments or with >75% of samples missing (n = 53 and n = 66 pro-

teins in samples collected in EDTA and heparin for Olink, respectively;

n = 211 aptamers for SOMAscan7K). The ICCs across processing

times were calculated as the between-person variance divided by the

sum of the within- and between-person variances to estimate the

within-person variation relative to the total variation across process-

ing times.We quantified the percentage of assays that achieved an ICC

or Spearman r ≥ 0.75, which indicates excellent stability, and an ICC or

Spearman r ≥ 0.40, which indicates fair to good stability according to

previous studies [29].

To assess within-person stability over 1-year, we calculated Spear-

man r and ICCs by protein class and panel (Olink only). Among

assays examined in the delayed processing experiment, we further

excluded assays with ICC or Spearman r < 0.40 in the delayed pro-

cessing experiment (n = 222 and 2072, respectively), resulting in a

total of 684 and 5039 assays included in the within-person stability

over 1-year experiment for Olink and SOMAscan, respectively. We

examined the median, 10th percentile, and 90th percentile of ICCs

and Spearman r. We also quantified the percentage of assays that

achieved an ICC and/or Spearman r ≥ 0.40. This level of agreement

has been shown to be an acceptable level of within-person stability

for biomarkers in previous studies examining the influence ofmeasure-

ment error on risk estimates [14, 29]. Similar methods were applied
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to assess within-person stability over 10-years (see Supplemental

Methods).

To assess agreement between the Olink and SOMAscan7K assays,

we examined Spearman’s (r) correlation coefficients between proteins

measured with both platforms (n = 817) among 39 NHSII participants

included in the within-person reproducibility experiment at the time

of the first and second blood draw. To account for repeated measures,

we have reported the mean correlation from the two blood draws

and utilized bootstrapping to obtain a 95% confidence interval around

our estimate. We examined correlations by protein class and quanti-

fied the number of proteins that achieved high (r > 0.75), moderate

(r = 0.40–0.75), or poor (r < 0.40) correlations. Because some of the

SOMAscan7K assays include multiple aptamers that target the same

protein, we reported all correlations between aptamers targeting the

same protein in the Olink assay. To select a SOMAscan7K aptamer for

the summary tables, we chose the assay with the highest correlation

to theOlink assay. All statistical analyses were performed in R (version

4.0.3; https://cran.r-project.org) statistical software.

3 RESULTS

The majority of participants were white female nonsmokers (Table 1).

The mean age was similar in all experiments, although participants

were oldest in the 10-year within-person reproducibility experiment.

In the blinded replicates, delayed processing, andwithin-person repro-

ducibility over 1- and 10-years experiments, 50%, 36%, 71%, and 79%

of participants were fasting for ≥8 h before their blood draw, respec-

tively. Results for individual proteins measured with Olink and/or

SOMAscan7K platforms from all experiments are provided in Supple-

mental Tables S1–S7. A total of 99.7% and 97% of proteins passed the

blinded replicates experiments (CV < 20%) within the archived cohort

samples in Olink and SOMAscan7K, respectively (see Supplemental

Results).

3.1 Delayed processing

The ICCs and Spearman r for samples processed immediately, 24-h

after blood draw, and 48-h after blood draw by protein class are shown

in Supplemental Tables S8 and S9. Among all proteins passing the

blinded replicates experiment, 54%and39% inEDTAand55%and44%

in heparin samples had an ICC or Spearman r ≥ 0.75 for the Olink and

SOMAscan7K platforms, respectively (Figure 1). An additional 33%

or 33% in EDTA and 21% or 27% in heparin samples had an ICC or

Spearman r = 0.40–0.75 for the Olink and SOMAscan7K platforms,

respectively. For the SOMAscan7K platform, correlations between

protein concentrations in samples stored in EDTA, but not heparin, that

wereprocessed immediately versus after a48-hdelay (median r=0.26)

were lower compared to similar correlations in samples processed

immediately versus after a 24-h delay (median r= 0.54).

The proportion of proteins that displayed stability after delays in

processing varied substantially by protein class for the Olink plat-

form but were similar by protein class for the SOMAscan7K platform

(Figure 1). Within protein classes in the Olink platform, proteins with

transferase activity were affected most by the delayed processing,

whereonly34%and28%ofproteinshadan ICCorSpearman r≥0.75 in

EDTA or heparin samples, respectively. Hormones measured with the

Olink platform displayed the most stability after delayed processing;

70% and 87% of proteins had an ICC or Spearman r ≥ 0.75 in EDTA

or heparin samples, respectively. The largest variation by anticoagu-

lant type was observed for transcription factors, where 44% and 29%

of proteins, and structural proteins measured with the Olink platform,

where 36% and 65%of proteins, had an ICC or Spearman r≥ 0.75 after

delayed processing when collected in EDTA or heparin, respectively.

Similar variation in protein stability after delays in processing was also

observed byOlink panels (see Supplemental Results).

3.2 Within-person stability over time

The ICCs and Spearman r for samples collected in the same individu-

als approximately 1 year apart are shown in Table 2. Among all assays

that passed the blinded replicate and delayed processing experiments

in theOlink (n= 684) and SOMAscan7K (n= 5039) platforms, 92%and

91% had an ICC or Spearman r ≥ 0.40 when comparing samples that

were collected1 year apart. Across protein classes, stabilitywas lowest

among kinases, transcription factors, and transferases measured with

the Olink platform and growth factors measured with SOMAscan7K,

where 83%, 83%, 81%, and 80% of proteins had an ICC or Spearman

r ≥ 0.40, respectively. Across Olink panels, the percentage of proteins

with an ICC or Spearman r ≥ 0.40 was ≥85% for all panels (Supple-

mental Table S10). Further, 79% of a subset of proteins measured in

the same individuals 10 years apart had an ICC or Spearman r ≥ 0.40

(Supplemental Table S11).

3.3 Comparing proteins measured with both the
Olink and SOMAscan7K proteomics platforms

Correlations between proteins measured with both the Olink and

SOMAscan7K platforms (n = 817) are presented by protein class in

Table3and for individual assays in Supplemental Table S12. Themedian

Spearman (r) correlationwas 0.45, ranging fromaminimumof−0.43 to

amaximumof 0.96. High (r> 0.75) andmoderate (r= 0.40-0.75) corre-

lations were observed for 14.7% and 40.5% of proteins, respectively.

Similar trends were observed when examining correlations between

theOlinkplatformandanolder versionof theSOMAscan1.3Kplatform

among 455 overlapping proteins (Supplemental Tables S13 and S14).

4 DISCUSSION

Proteomic profiling with the Olink and SOMAscan7K platform assays

displayedexcellent reproducibility and stability formanyproteinsmea-

sured in archived plasma samples collected in an epidemiologic setting.

The utility of these high throughput proteomics assays for the discov-

ery of novel biomarkers was examined for up to 972 unique proteins
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F IGURE 1 Olink and SOMAscan7K proteomics profiling delayed processing experiment: histograms representing the percentage of proteins
with ICCs or Spearman’s correlation coefficients (r)≥0.75 (excellent stability), 0.40–0.75 (fair to good stability), or< 0.40 (poor stability) from
samples processed immediately versus 24-h versus 48-h stratified by protein molecular function class and anticoagulant type: OE, Olink
proteomics profiling in blood samples collected in EDTA; OH, Olink proteomics profiling in blood samples collected in heparin; N, number of
proteins or assays; SE, SOMAscan7K proteomics profiling in blood samples collected in EDTA; SH, SOMAscan7K proteomics profiling in blood
samples collected in heparin. EDTA, ethylenediaminetetraacetic acid; ICC, intraclass correlation

measured with Olink and 7322 proteoforms for 6596 unique proteins

measuredwith SOMAscan7K.We conducted three stability and repro-

ducibility experiments: (1) blinded replicates; (2) delayed processing;

and (3) within-person stability over time. Mean CVs were <20% for

99.7% and 97% of the proteins with the Olink and SOMAscan7K plat-

forms, respectively, and were similar by plasma anticoagulant type. A

total of 55% and 44% of proteins displayed excellent stability (ICC

or Spearman r ≥ 0.75) and an additional 32% and 28% displayed

fair to good stability (ICC or Spearman r = 0.40–0.75) with delays in

sample processing up to 48-h for Olink and SOMAscan7K platforms,

respectively. This suggests that delayed processing in epidemiological

studies should be considered when conducting proteomics profiling

with either platform. For both platforms, good stability and low vari-

ation (ICC or Spearman r ≥ 0.40) was observed for >90% of assays

in samples collected 1-year apart. These stability and reproducibility

measures are comparable to other types of high-throughput pro-

teomics assays [3, 15, 30]. However, correlations between proteins

measured with both the Olink and SOMAscan7K platforms ranged

from high (14.7% with r > 0.75) to moderate (40.5% with r = 0.40–

0.75) to low (44.8%with r<0.40), replicating similar observations from

previous studies [11, 12].

The delayed processing experiment demonstrated that up to 499

and 3105 Olink or SOMAscan7K assays, respectively, displayed excel-

lent stability with delays in processing (24-h and 48-h), and 804 and

5152 displayed fair to good stability. In a prior study, we examined

reproducibility and validity of the SOMAscan1.3K, an earlier version

of the SOMAscan7K platform, that measures 1305 unique proteins

[15]; 50% of the SOMAscan1.3K proteins were measured with Olink

in the current study. Similar to the SOMAscan1.3K platform, we

observed high variability in protein stability after delayed process-

ing by protein class with the Olink platform. Among protein classes

examined in both studies, hormones displayed the best stability and

kinases displayed the least stability after delayed processingwithin the

SOMAscan1.3K and Olink platforms. The additional categories exam-

ined here identified that few transferases displayed excellent stability

after delayed processing (34% in EDTA and 28% in heparin) when using

the Olink platform. Similar variation by protein class was not evident

in the newer SOMAscan7K platform. However, delays in processing

appeared to have a larger impact on protein correlations in samples

that were processed after a 48-h delay versus processed immedi-

ately when stored in EDTA compared to heparin for the SOMAscan7K

assays.

The results from our within-person stability experiment suggest

that a single plasma measurement of many proteins measured with

the Olink and SOMAscan7K platforms are representative of long-

term measures, making them useful candidate biomarkers. Similar
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TABLE 2 Olink and SOMAscan7K proteomics profiling within-person reproducibility over time experiment (1-year): Spearman correlations (r)
and intraclass correlations (ICC) for protein concentrations of samples collected 1 year apart in 40Nurses’ Health Study II participants stratified
by protein molecular function class

ICC Spearman r ICC or r

Proteinmolecular function class na
Median (10th to 90th

percentile)

≥0.40

(%)

Median (10th to 90th

percentile)

≥0.40

(%) ≥0.40 (%)

Olink

Cytokine 65 0.63 (0.48, 0.78) 98 0.65 (0.49, 0.79) 97 98

Growth factor 40 0.56 (0.42, 0.74) 93 0.53 (0.35, 0.77) 88 93

Dimer-forming 53 0.58 (0.38, 0.80) 89 0.60 (0.42, 0.80) 91 91

Kinase 36 0.54 (0.26, 0.74) 75 0.55 (0.30, 0.76) 81 83

Transferase 16 0.56 (0.17, 0.76) 81 0.58 (0.20, 0.79) 75 81

Receptor 179 0.67 (0.39, 0.83) 90 0.65 (0.42, 0.85) 91 92

Protease 72 0.65 (0.31, 0.81) 88 0.64 (0.32, 0.80) 88 88

Protease inhibitor 28 0.64 (0.45, 0.81) 93 0.60 (0.42, 0.81) 89 93

Hormone 21 0.71 (0.44, 0.89) 90 0.72 (0.41, 0.90) 95 95

Structural 28 0.61 (0.45, 0.81) 96 0.62 (0.41, 0.81) 89 96

Carbohydrate binding 46 0.69 (0.46, 0.84) 98 0.66 (0.49, 0.84) 96 98

Peptide binding 21 0.73 (0.51, 0.77) 90 0.71 (0.50, 0.80) 90 90

Lipid binding 12 0.63 (0.40, 0.83) 92 0.64 (0.36, 0.84) 83 92

Transcription factor 6 0.72 (0.42, 0.87) 83 0.64 (0.35, 0.89) 83 83

Other/unclassified 211 0.65 (0.38, 0.85) 89 0.65 (0.38, 0.84) 87 90

All proteins 684 0.64 (0.40, 0.83) 91 0.64 (0.39, 0.84) 89 92

SOMAscan7K

Cytokine 203 0.68 (0.18, 0.94) 80 0.63 (0.31, 0.81) 85 87

Growth factor 138 0.65 (0.13, 0.94) 72 0.59 (0.25, 0.80) 78 80

Dimer-forming 358 0.69 (0.31, 0.94) 86 0.63 (0.39, 0.82) 89 92

Kinase 230 0.63 (0.27, 0.93) 81 0.56 (0.35, 0.82) 86 89

Transferase 343 0.67 (0.28, 0.93) 85 0.62 (0.39, 0.82) 88 92

Receptor 559 0.73 (0.36, 0.95) 88 0.67 (0.41, 0.88) 90 93

Protease 278 0.74 (0.25, 0.94) 83 0.68 (0.36, 0.85) 87 90

Protease inhibitor 133 0.72 (0.39, 0.93) 89 0.70 (0.47, 0.86) 93 95

Hormone 101 0.68 (0.36, 0.94) 87 0.66 (0.43, 0.81) 92 93

Structural 122 0.68 (0.34, 0.92) 84 0.65 (0.35, 0.86) 86 89

Carbohydrate binding 135 0.79 (0.38, 0.95) 89 0.72 (0.36, 0.91) 87 89

Peptide binding 106 0.69 (0.34, 0.96) 87 0.65 (0.37, 0.89) 89 92

Lipid binding 150 0.70 (0.35, 0.89) 85 0.64 (0.45, 0.84) 94 95

Transcription factor 39 0.70 (0.37, 0.93) 87 0.68 (0.35, 0.86) 87 90

Ion binding 1143 0.70 (0.30, 0.95) 85 0.65 (0.39, 0.83) 89 92

Dehydrogenase 80 0.64 (0.26, 0.93) 83 0.60 (0.37, 0.79) 86 90

Hydrolase 107 0.68 (0.27, 0.93) 85 0.65 (0.39, 0.85) 88 92

Cytoskeleton binding 181 0.62 (0.34, 0.93) 84 0.59 (0.36, 0.78) 87 92

Other/unclassified 1978 0.69 (0.31, 0.95) 85 0.64 (0.37, 0.83) 88 91

All assays 5039 0.69 (0.30, 0.95) 85 0.64 (0.38, 0.83) 88 91

aTotal number of unique proteins or assays included in analyses after excluding those with mean CVs > 20% from the blinded replicates experiment, those

that were not quantifiable in>75% of samples collected in heparin from the blinded replicates or within-person reproducibility over time experiments, or an

ICC or Spearman r< 0.40 in the delayed processing experiment.
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TABLE 3 Spearman correlations (r) by protein class for proteins measuredwith both theOlink and SOMAscan7K proteomics profiling
platforms among 39Nurses’ Health Study II participantsa

Proteinmolecular function class N Median (Min,Max) r< 0.40 r= 0.40–0.75 r> 0.75

Cytokine 74 0.50 (−0.19, 0.92) 35.1 50.0 14.9

Growth factor 53 0.40 (−0.10, 0.94) 50.9 35.9 13.2

Dimer-forming 72 0.39 (−0.23, 0.85) 51.4 38.9 9.7

Kinase 49 0.43 (−0.15, 0.83) 44.9 49.0 6.1

Transferase 28 0.33 (−0.25, 0.76) 60.7 35.7 3.6

Receptor 193 0.39 (−0.24, 0.90) 50.8 37.3 11.9

Protease 79 0.58 (−0.33, 0.95) 32.9 43.0 24.1

Protease inhibitor 37 0.59 (−0.41, 0.94) 35.1 40.5 24.3

Hormone 21 0.42 (−0.14, 0.95) 42.9 33.3 23.8

Structural 30 0.39 (−0.24, 0.90) 53.3 40.0 6.7

Carbohydrate binding 49 0.53 (−0.25, 0.90) 40.8 40.8 18.4

Peptide binding 24 0.43 (−0.23, 0.89) 45.8 33.3 20.8

Lipid binding 18 0.41 (−0.08, 0.91) 44.4 44.4 11.1

Transcription factor 10 0.31 (0.01, 0.77) 50.0 40.0 10.0

Other/unclassified 261 0.43 (−0.43, 0.96) 44.4 40.6 14.9

All proteins 817 0.45 (−0.43, 0.96) 44.8 40.5 14.7

Min, minimum;Max, maximum.
aEstimated correlations are derived from overlapping participants in the Olink and SOMAscan7K within-person reproducibility pilots, accounting for

repeatedmeasures of protein concentrations approximately 1 year apart.

results were also observed for the SOMAscan1.3K platform, where

91% of proteins displayed good stability over time (ICC or Spear-

man r ≥ 0.40) [15], compared to the 92% and 91% observed for

the Olink and SOMAscan7K platforms, respectively. For comparison,

previous studies have shown that established biomarkers like serum

glucose and cholesterol measured 1–2 years apart display correlations

of r= 0.38–0.41 and r= 0.65–0.77, respectively [23, 31]. For the Olink

and SOMAscan1.3K platforms, measurement of cytokines, receptors,

hormones, and structural proteinswere themost stable over time,with

>90% of proteins in these classes displaying good stability over time

using. Notably, kinases displayed better stability over time when mea-

sured with the SOMAscan1.3K platform (91%with r ≥ 0.40) compared

to the Olink platform (83% with r ≥ 0.40). The proportion of proteins

with good stability over time in the SOMAscan7K platform tended to

be slightly lower compared to the Olink and SOMAscan1.3K, but the

absolute number of proteins displaying good stability in each class was

higher across all categories. We further demonstrate long-term sta-

bility of a large proportion of the proteins measured with the Olink

platform (79%) using data from individuals with proteomics profiling in

samples collected 10 years apart.

Among up to 40 NHSII participants with overlapping proteomics

profiling using Olink, SOMAscan7K, and SOMAscan1.3K, correlations

between assays for the same proteins tended to be moderate but

ranged widely (see Supplemental Table S15 for example proteins). A

recent study in a similar number of samples compared protein con-

centrations (n = 425) measured with the SOMAscan1.3K versus Olink

platform and observed that 13% of proteins were well-correlated

(r ≥ 0.70) and 42% were poorly correlated (r < 0.30) [12]. Our study

extends this analysis to a larger number of overlapping proteins with

the new SOMAscan7 platform (n = 817) where we observed similar

variability in correlations between the assays (14.7% with r > 0.75

and 44.8% with r < 0.40). This variability in correlations highlights

the need to better characterize the actual proteoforms measured with

the SOMAscan and Olink platforms. There are various differences

between the recognition molecules (antibodies, aptamers) for the two

platforms that could result in low or no correlation. The antibodies

and aptamers may recognize different epitopes on a given protein and,

consequently, bind to different isoforms or variants of a protein. Alter-

natively, reagents may bind to the free form of a protein, the protein

interactingwith itself orwith other proteins in a complex. The LODmay

vary for each assay, resulting in decreased ability to rank individuals

within certain protein concentration ranges. Only detailed characteri-

zation of each of the reagents and the specific proteoforms bound by

them will help us gain a better understanding of the similarities and

differences between theOlink and SOMAscan platforms.

There are several limitations to our study that should be consid-

ered in the interpretation of our results. We did not examine stability

and reproducibility of some of the proteins (≤10%) because they were

undetectable in sufficient numbers of samples or displayed high CVs

in the blinded replicates experiment. The small number of blinded

replicates samples limited the accuracy of our estimates. The anti-

coagulant type is parallel to the sex of participants in the blinded

replicates experiment, so we cannot eliminate the possibility that dif-

ferences observedby anticoagulant typemaybedue to sexdifferences.
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The results from our delayed processing experiment may not directly

apply to other cohort studies with different processing methods. The

within-person reproducibility over time pilot was conducted among

onlywomen,whichmeans the results of this experimentmust be tested

in men as well. Finally, data were not available to assess the validity

and/or specificity of the high-throughput proteomics profiling plat-

forms compared to conventional immunoassays. This underexplored

area warrants investigation in future studies [12, 25].

Many of the proteins measured using the Olink and SOMAscan7K

proteomics platforms appear to have good reproducibility and stability

in archived cohort samples that would make them suitable candidate

biomarkers. The assays demonstrated similar accuracy when plasma

samples were collected in EDTA or heparin and good within-person

reproducibility over time. Sample processing delays had variable

impacts across proteins but had little effect on many protein measure-

ments. These data provide an important resource for the investigative

community in which an increasing number of studies are leveraging

high-throughput proteomics profiling. Further validation and charac-

terization of these assays will be necessary for potential integration of

multiple proteomics platforms.
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