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SUMMARY

Blood proteins have provided essential insights into how humans responded to the recent pandemic. To
expand our understanding beyond patients seeking medical care, we conducted a citizen-centric survey
with 2,000 random residents (age: 18-69 years) from Sweden’s two largest cities in 2021. With self-sampled
dried blood spots (DBS) and health information from 437 (22%) volunteers, we performed multi-analyte
COVID-19 serology, measured autoantibodies (AAbs) against 22 interferons, and quantified 502 circulating
low-abundant immune-related blood proteins. Antibody assays confirmed self-reported infections (26%)
and vaccinations (40%), showed timing-dependent discrepancies in the immune response, and revealed
anti-type |l interferon AAbs co-occurring frequently alongside natural infections. Proteomics data added plau-
sible mechanistic insights into cell-mediated processes: data-driven analyses revealed 24% of participants
presented deviating immune phenotypes linked to infections, immunity, respiratory effects, and age. Multi-
molecular DBS analysis of random layperson samples captured the broader spectrum of immune system

states, adding relevant insights for clinical and public health investigations.

INTRODUCTION

The human immune system has, not least since the recent
COVID-19 pandemic, been a focus for monitoring the well-being
of those in clinical care due to acute and severe illness or post-
acute sequelae. With global infection estimates exceeding 750
million people’ (https://covid19.who.int), in Sweden alone,
>97% of the adult population and 95% of children <14 years
were seropositive in October 2024.7 Already in 2021, estimates
showed that >30% of the Swedish population were antibody
(Ab) posi’[ive,3 but still, only an overall small fraction of citizens
required medical care.

By now, multi-analyte serology approaches are well estab-
lished to study responses to infection and vaccination,” the
repertoire of anti-cytokine autoantibodies (AAbs) has been linked

to infections,® and AAbs targeting a wide range of proteins® have
been linked to COVID-19, with some emerging alongside infec-
tions.” Other AAbs, for example, those against type | interferons
(IFNs-l), have been linked to disease severity,® particularly in
males,® and in response to infections rather than vaccine.'® To
learn more about human immune biology, clinical proteomics
workflows offered analytical precision, robustness, and depth
for revealing wide-ranging health consequences of a person’s
current health status, ' response to SARS-CoV-2 infections, ">
cytokine storms,’* and immune cell receptor activation.'® Still,
these approaches were conducted within a hospital or health
care setting using venous blood draws.

To close the gap between our clinical and public health under-
standing of the molecular status and consequences for the pop-
ulation’s immune system, home-sampling has become one
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Figure 1. Study design and cohort demo-
graphics

(A) DBS home sampling kits were sent to 2,000
randomly selected households in Stockholm and
Gothenburg. Of the returned kits, 437 were used
for downstream analysis.
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(B) Samples were taken between May and August
2021, peaking around June.

(C and D) Self-reported data showed that infection
by SARS-CoV-2 was spread out between the
beginning of 2020 and Q3 of 2022, (D) while
vaccination was concentrated around January
2021 to July 2021.

(E) The age of the participants ranged between 18
and 69 years, with fewer participants being in the
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youngest and oldest age groups (light blue,
Gothenburg; dark blue, Stockholm).

(F) In both regions, women were more likely to
return samples than men.

(G and H) Young participants were less likely to
have been infected and vaccinated, with vacci-
nation being more common with increasing age.
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of both sexes (Figures 1A and 1B). Our
laboratory received 478 (23.9%) DBS
H cards by postal mail (50% per city), of
which, 437 (91.4%) donor samples quali-
fied for further analyses (Table 1) due to
complete sampling, questionnaire data,
and signed consent. More women than
men participated (Figure 1F), and our
study contains more donors, aged 40—
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valuable approach. With newer devices enabling the self-collec-
tion of exact blood volumes from the fingertip,'® the generated
dried blood spots (DBSs) can be shipped from the user to a lab-
oratory by regular mail. This concept has been proven success-
ful for precise COVID-19 Ab testing'’~'®; however, studying
circulating AAbs or even low abundance inflammatory proteins,
such as cytokines or chemokines, has not been possible or
evaluated.

Here, we study proteins secreted by the immune systems from
over 400 random citizens in self-sampled DBS to elucidate the
molecular consequences of SARS-CoV-2 infection and vaccina-
tion. Expanding previously established multiplexed assay
workflows'®?? into a new sample cohort, studying low abundant
inflammatory proteins, and AAbs allows us to explore the molec-
ular heterogeneity among population immune phenotypes.

RESULTS

Population of self-sampling citizens

Two thousand home sampling kits and questionnaires (Data S1)
were sent out in April 2021 to randomly selected inhabitants of
Gothenburg and Stockholm (1,000 per city) aged 18-69 years
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59 years (Figure 1E) compared to popula-
tion statistics. In our cohort, 38.4% re-
ported being vaccinated at least once,
26.1% reported a COVID-19 infection
before self-sampling (Figures 1C-1G),
and 9.4% reported both. Vaccination rate followed the Swedish
rollout strategy (Figures 1D-1H), with individuals aged 50-59 and
60-69 years having a higher rate of vaccination (16.0% and
14.2%, respectively) than individuals in the age groups 18-29,
30-39, and 40-49 years (1.37%, 2.06%, and 4.81%, respec-
tively). Overall, these data align well with population statistics
in Sweden, including that >30% had been exposed to the virus
earlier in 2021,° and nearly 40% had received a vaccine via the
national program by early June.”"
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Multi-analyte serology with self-sampled DBS

Based on previous work,'®?° we performed multi-analyte
serology of circulating human immunoglobulin G (IgG) antibodies
in DBS samples using multiple proteins for spike (S) and nucleo-
capsid (N) alongside the receptor binding domain (RBD) of S
and a data-driven cutoff to classify samples as seropositive.
As shown in Table 2, up to 50% of the samples were deemed
seropositive for anti-S IgG (denoted S+) and around 20% of
the samples contained IgG against N (denoted N+). As shown
in Figures 2A-2C for both collection regions, elevated levels of
anti-S and anti-RBD were found in samples of donors who re-
ported a natural infection and vaccination, while anti-N levels
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Table 1. Self-reported demographics and symptoms

Table 2. Multi-analyte SARS-CoV-2 serology

Gothenburg Stockholm Overall Acronym  SARS-CoV-2 protein  Source % positive 95% CI
Participants 220 (50.3%) 217 (49.7%) 437 (100%) S1 spike, S1 domain KTH 45.3 40.6-50.0
Age group S1S2 spike, foldon KTH 50.3 45.6-55.0
18-29 43 (19.5%) 33 (15.2%) 76 (17.4%) RBD spike, receptor KTH 311 26.8-35.4
30-39 42 (19.1%) 48 (22.1%) 90 (20.6%) binding domain
40-49 53 (24.1%) 40 (18.4%) 93 (21.3%) Na nucleocapsid Acro 20.6 16.8-24.4
50-59 48 (21.8%) 60 (27.6%) 108 (24.7%) Nc nucleocapsid, KTH 19.0 15.3-22.7
60-69 34 (15.5%) 36 (16.6%) 70 (16.0%) C-terminal
SARS-CoV-2 antigens, their sources, and the percent of the samples
Sex . . . . .
determined to be seropositive, alongside 95% confidence intervals
HEIEE 120 (54.5%) 140 (64.5%) 260 (59.5%) (Cls). See also Table S1 for anti-IFN AAb frequencies.
Male 99 (45.0%) 76 (35.0%) 175 (40.0%)
Missing 1(0.5%) 1(0.5%) 2 (0.5%) ported by 97% being S+ and nearly >70% being N-. Serocluster
Symptoms (loss of) 4 was the smallest cluster (8% of all), mainly containing partici-
None 178 (80.9%) 170 (78.3%) 348 (79.6%) pants who reported an infection and vaccination.
Smell 9 (4.1%) 9 (4.1%) 18 (4.1%) These response phenotypes generally agreed well with the
Taste 5 (2.3%) 3 (1.4%) 8 (1.8%) infection and vaccination statuses in the questionnaires and
Smell + taste 28 (12.7%) 35 (16.1%) 63 (14.4%) even allowed us to quantify the improvement achieved by intro-
Vaccination ducing the seroclusters. Predictions of age, sex, and region us-
- ing Ab levels were expectedly poor, with areas under the curve
Nofivascivatod 145 (65.9%) 123 (56.7%) 268 (61.3%) (AUCs) around 0.6 (hand till average for age), while the AUC
1 dose 57 (25.9%) 76 (35.0%) 133 (30.4%) was 0.85 for self-reported vaccination and 0.89 for infection.
2 doses 18 (8.2%) 17 (7.8%) 35 (8.0%) For the seroclusters, the average AUC was 0.99, ranging be-
Missing 0 (0%) 1(0.5%) 1(0.2%) tween 0.95 and 1.0 (Figure S1, Table S2). Hence, stratification
Infection by seroclusters allowed for better classification of the
No 169 (76.8%) 154 (71.0%) 323 (73.9%) individuals.
Yes 51 (23.2%) 63 (29.0%) 114 (26.1%) Differences between the molecular and self-reported data

were elevated in infected participants. We also observed that
23% of infected or vaccinated participants had lower anti-S
and anti-RBD levels than expected. Anti-N Abs was detected
in 62% of donors who reported being infected and 2.2% of do-
nors reporting no infection. Figure 2D shows the relative 1gG
response against the Epstein-Barr virus (EBV) antigen EBNA1,
which served as a control due to the ~90% prevalence of anti-
EBV Abs.?? The DBS serology survey confirms existing knowl-
edge about seroconversion and the possibility to differentiate
vaccination and natural infection.

Seroclustering for finer-grained classification of
response phenotypes

To obtain even finer-grained insights into the actual Ab response
at sampling, beyond self-reports, applying hierarchical clus-
tering revealed four main groups, denoted as seroclusters
(Figure 2E). Each serocluster mainly contained one of the four ex-
pected combinations of infection (I) and vaccination (V), allowing
us to study discrepancies between reported events and
measured immune response. As summarized in Table 3, se-
rocluster 1 was the largest cluster (54 % of all), with just 2% sero-
positive samples. Despite our serological results, 39 (16.5%) do-
nors reported vaccination, and 18 (7.6%) reported a previous
SARS-CoV-2 infection. In serocluster 2, >90% of the donors
self-reported to be vaccinated. Serology data supported this
by revealing 95% S+ and no N+ samples. Serocluster 3 con-
tained mostly those who reported an infection. This was sup-

were predominantly linked to subjects self-reporting vaccina-
tion, where about 11% of the samples (N = 47) showed discrep-
ancies in reported vaccination and immune response. These
differences were, as shown in Figures 2F and 2G, due to the
number of doses and the time between sampling and vaccine
administration. This confirms the utility of seroclustering to cap-
ture even subtle differences in seroconversion.

Lastly, we investigated the effect of time between COVID-19-
related events and sampling. As shown in Figure 2H for partici-
pants from serocluster 4, the levels of anti-S antibodies remained
stable over 15 months while levels of anti-N decreased. In com-
parison, anti-S levels remained elevated and anti-N levels re-
mained low in vaccinated subjects of serocluster 2 (Figure 2I).

In summary, data-driven seroclusters provided a finer-grained
description of the molecular immune status at sampling,
compensating for effects of time elapsed since exposure.

AAbs against IFNs co-occur alongside infections

COVID-19 infection has been linked to AAbs against IFNs?’;
hence, their occurrence in the population could reveal relevant
relationships between infections and health status. Utilizing the
multiplexing capacity of the assays system, we tested the DBS
samples for AAbs against 22 full-length IFN proteins. As shown
in Table S1, and at 12x standard deviation (SD) above popula-
tion peak for each IFN, anti-IFN AAbs were detected against all
IFNs but IFN-beta with frequencies from 0.2% to 9% (mean of
2.1%; 95% confidence interval [Cl]: 1.2-3.0). AAbs against
IFN-alpha 17 (IFNA17) were most prevalent (8.9%), followed by
IFN-gamma (IFNG, 5.7%) and IFN-omega (IFNW) 1 (4.8%).

iScience 29, 114611, February 20, 2026 3
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Figure 2. Serological characterization

(A-C) Levels of antibodies (Abs) targeting SARS-
CoV-2 spike protein were highest in individuals
who were both infected and vaccinated (V+ I+). The
lowest levels were observed in non-infected, non-
vaccinated participants (V- I-), while only infected (V-
I+) or only vaccinated (V+ I-) individuals had inter-
mediate levels. For the N protein, V+ |- and V- I+
participants exhibited high levels of Abs, while V+ I-
and V- |- stayed low. Light blue, Gothenburg; dark
blue, Stockholm. The boxes show the medians
(middle line) and first and third quartiles (bottom and
top hinges) of each group. Whiskers extend to
hinges +1.5 x interquartile range of the group, at
most.

(D) Most participants had similar levels of anti-
EBNA1 Abs, with lower levels observed in some in-
dividuals spread across the immunological states,
representing a minority of participants who have not
encountered the Epstein-Barr virus.

(E) Seroclusters resulting from hierarchical clus-
tering of the anti-SARS-CoV-2 Abs. The clusters
match self-reported immunological states well, with
some mismatches where Ab levels deviate. The top
annotation shows questionnaire response (from light
purple to dark purple: V- I-, V+ |-, V- I+, V+ I4). In the
heatmap, lighter color means higher signal.

(F) Individuals who self-reported only one dose of a
vaccine were more likely to be reclassified to se-
roclusters representing non-vaccinated partici-
pants. The p value is from Fisher’s exact test. Light,
one dose; dark, two doses.

(G) The time since vaccination also influences
whether individuals with self-reported vaccination
status were reclassified to seroclusters representing
their vaccination status. The p value is from Fisher’s
exact test. Lightest, 0 months; darkest, 5 months.
(H) The number of months between infection and
sampling (taking the average of the 3-month interval
in the questionnaire, Data S1, as the time of infec-
tion) showed waning levels of anti-N Abs in se-
rocluster 4.

(I) Serocluster 2 had stable Ab levels post-vaccina-
tion, where those for anti-S Ab levels were higher
than for anti-N Ab. Smooth estimates from LOESS
regression are displayed for anti-N Abs and anti-S
Abs, orange representing anti-N Abs and green
anti-S Abs. Shaded areas represent 95% confi-
dence bands.
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Table 3. Seroclusters and self-reported demographics

Seroclusters 1 2 3 4 p value
Participants 237 (54.2%) 93 (21.3%) 71 (16.3%) 36 (8.2%) -
Serology

N+ (% cluster) 0 (0%) 0 (0%) 52 (73.2%) 26 (72.2%) <0.001
S+ (% cluster) 5(2.1%) 88 (94.6%) 69 (97.2%) 36 (100%) <0.001
Age Group

18-29 54 (22.8%) 6 (6.5%) 14 (19.7%) 2 (5.6%) <0.001
30-39 66 (27.8%) 8 (8.6%) 13 (18.3%) 3 (8.3%)

40-49 56 (23.6%) 9 (9.7%) 20 (28.2%) 8 (22.2%)

50-59 48 (20.3%) 32 (34.4%) 19 (26.8%) 9 (25.0%)

60-69 13 (6.5%) 38 (40.9%) 5 (7.0%) 14 (38.9%)

Sex

Female 131 (565.3%) 68 (73.1%) 40 (56.3%) 21 (58.3%) 0.013
Male 106 (44.7%) 24 (25.8%) 30 (42.3%) 15 (41.7%)

Missing 0 (0%) 1(1.1%) 1(1.4%) 0 (0%) -
Region

Gothenburg 131 (65.3%) 41 (44.1%) 35 (49.3%) 13 (36.1%) 0.084
Stockholm 106 (44.7%) 52 (55.9%) 36 (50.7%) 23 (63.9%)

Symptoms (loss of)

None 218 (92.0%) 82 (88.2%) 32 (45.1%) 16 (44.4%) <0.001
Smell 5 (2.1%) 2 (2.2%) 7 (9.9%) 4 (11.1%)

Taste 1(0.4%) 2 (2.2%) 4 (5.6%) 1(2.8%)

Smell + Taste 13 (6.5%) 7 (7.5%) 28 (39.4%) 15 (41.7%)

Vaccination

Not vaccinated 198 (83.5%) 7 (7.5%) 62 (87.3%) 1(2.8%) <0.001
1 dose 39 (16.5%) 64 (68.8%) 8 (11.3%) 22 (61.1%)

2 doses 0 (0%) 22 (23.7%) 0 (0%) 13 (36.1%)

Missing 0 (0%) 0 (0%) 1(1.4%) 0 (0%)

Infection

No 219 (92.4%) 85 (91.4%) 15 (21.1%) 4 (11.1%) <0.001
Yes 18 (7.6%) 8 (8.6%) 56 (78.9%) 32 (88.9%)

IFN AAb positivity

No 191 (80.6%) 75 (80.6%) 48 (67.6%) 31 (86.1%) 0.083
Yes 46 (19.4%) 18 (19.4%) 23 (32.4%) 5 (13.9%)

p values are from Fisher’s exact tests.

Across all samples, 92 donors were AAb+ for at least one of the
22 IFN (21%), and while the highest percentage of AAb+ samples
(6.2%) were found in serocluster 3 (>80% self-reported infec-
tions). This suggests that recent natural infections rather than
vaccinations influenced the occurrence of anti-IFN AAbs.

To corroborate this observation, we also analyzed the AAb
frequencies by sex, age, symptoms, and seropositivity, and
as detailed in Figure S2, frequencies were higher in women
(p < 0.05) for IFNG. AAb frequencies did not differ between
age ranges (Figure S3); however, women below 40 years had
a higher, albeit not statistically significant, prevalence of AAbs
against IFNW1, IFNA17, and IFNG (10.3%) compared to
women above 40 years of age or men (Figure S4). AAb fre-
quencies were linked to N+ across many IFNA subfamily mem-
bers (Figure S5) and were more prominent than AAb fre-
quencies related to S+ samples (Figure S6), but none of the

highly prevalent AAbs (IFNA17, IFNG, and IFNW1) were linked
to seropositivity. Anti-IFN Abs against the IFN A family showed
patterns of co-occurrence using hierarchical clustering
(Figure S7A). As shown in Figure S7B, Fisher’s exact tests re-
vealed a dominant association of AAbs against members of
the IFNA subfamily in N+ samples.

This analysis found elevated reactivity levels of AAbs against
the IFNA subfamily in primarily infected (N+) participants and in
women under 40.

Profiling the circulating proteome reveals distinct

health and immune phenotypes

The serological and AAb analyses classified donors based on
their Ab-centric immune response to natural infections and vac-
cinations. To gain further insights into how a wider range of pro-
cesses of the immune systems are influenced by the exposures,

iScience 29, 114611, February 20, 2026 5
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we studied >500 mostly low abundant inflammation-related pro-
teins in the DBS samples of our cross-sectional cohort.

Assessment and validation of proteomics data derived
from complementary assays

First, we used two complementary affinity proteomics methods
branded to cover 368 and 250 circulating proteins described to
be involved in inflammation. Out of all 618 protein assays, there
were 502 unique protein targets of which, 110 overlapped be-
tween the platforms (Figure S8G). This offered us an immediate
possibility to validate the data, and as shown in Figure S8H,
comparative analysis revealed 60 protein profiles (54.5%) to
correlate between the two methods (rho >0.5) and showed a
clear trend for proteins above the limit of detection (LOD; see
Table S3). Both platforms delivered highly precise data, with
508 protein assays (82.2%) detected above LOD in >50% of
the samples and coefficients of variation (CVs) <10% for 51%
(median 9.9%) of the targets (Figure S8E). These 508 protein as-
says, targeting 435 unique proteins, were used for global anal-
ysis to identify outliers. This revealed two outlier samples, one
of which was detected in both platforms (Figures S8A and
S8B), while principal-component analysis (PCA) did not reveal
any imminent clusters that could have biased the downstream
analyses (Figure S8C).

Checking the variance of protein levels across all samples
(Figure S8F), we found the widely expressed adaptor protein
CRKL was the most stable protein, while the levels of the mono-
cyte protease CTSS, or cathepsin S, varied the most across the
DBS samples, likely due to its bimodal distribution. The second
most variable protein was the cytokine interleukin-36-gamma
(IL-36G), which, according to the Human Protein Atlas,* is ex-
pressed in respiratory epithelial cells, skin, and tonsils.

This evaluation confirms previous investigations with plasma
samples®® and the utility of both methods to detect low abundant
immune system proteins in DBS analysis. Large cross-platform
comparisons are of growing interest but require other omics
data for a detailed assessment;° hence, we limited our down-
stream analysis to proteins with >50% sample detection rates
above LOD.

Associations of circulating proteins with Abs against
SARS-CoV-2 and IFN antigens

Next, we determined the relationships between circulating
protein levels and individual SARS-CoV-2 and IFN antigens
(Table S4), limiting this analysis to protein assays showing
concordant nominal cross-platform associations.

For SARS-CoV-2, several immune-related proteins were asso-
ciated with S and RBD and, as shown in Figure S9, includes pos-
itive associations with triggering receptor expressed on myeloid
cells 2 (TREM2), a protein regulating the balance between anti-
inflammatory and pro-inflammatory responses.*® Similar trends
were observed for the inflammation-promoting chemokine
(CXCL8) and the immune-cell activating chemokine (CXCL9)
(chemokine ligand 9, also known as monokine induced by
gamma interferon (MIG). A negative association trend was found
between S/RBD and the acute phase, neutrophil-attracting che-
mokine ligand 1 (CXCL1), suggesting that most samples were
likely obtained after the acute phase of the infection. This aligns
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with the negative association trend with the inhibitory receptor
CD200R1 (cell surface transmembrane glycoprotein CD200 re-
ceptor 1), which has reduced levels despite higher levels of
anti-SARS-CoV-2 Abs.

For IFN AAbs, the association analysis with proteomics re-
vealed eight proteins, most related to cytokine signaling. As
shown in Figure S9, this included associations with more than
one AAb against IFN alpha family members. For example, the
protease inhibitor cystatin-F (CST7), the T cell development
cytokine IL-7, and the regulatory growth factor transforming
growth factor p 1 had a positive association trend with several
type | IFNs. IFNA17, the target with the highest AAb frequency,
was only associated with increasing levels of histocompatibility
leukocyte antigen (HLA)-DRA, the alpha subunit of HLA class Il
histocompatibility antigen DR, a major histocompatibility com-
plex (MHC) class Il receptor found on antigen-presenting cells.
The T cell activating receptor tumor necrosis factor receptor su-
perfamily, member 4 was negatively associated with anti-IFN
AAbs. For other tested IFNs, only negative associations of anti-
IFNLR1, AAbs, and IRAK4 (IL-1 receptor-associated kinase 4),
a protease activating the innate immune response, were
observed and platform consistent.

The analysis of circulating immune system proteins in connec-
tion with antibodies against foreign and self-antigens revealed
additional processes linked to cellular immune regulation and
activation.

Circulating proteins associate with immune phenotypes
from seroclusters

Making use of the previously described seroclusters, which
reflect some of the immune response at the time of sampling,
we investigated possible links between this phenotype classifi-
cation and circulating proteins. There were 18 (3.5% of 508) pro-
teins significantly associated false discovery rate (FDR <0.05)
with seroclusters (Figure S10, Tables S5 and S6), including the
above-mentioned CXCL9 and TREM2. The endothelial leucine
aminopeptidase 3 (LAP3), involved in protein degradation, had
increased levels in seroclusters related to infection and/or
vaccination. The protein Hepatitis A virus cellular receptor 1
(HAVCR1), also called KIM-1, was elevated in vaccinated se-
roclusters, aligning with its involvement in various biological pro-
cesses, such as a host cell virus receptor, immune regulation,
and kidney injury. Inversely, the extracellular protein matrix
extracellular phosphor-glycoprotein (MEPE) and the endocrine
neuropeptide galanin (GAL) decreased similarly in these se-
roclusters. Other noteworthy observations concerned differ-
ences between serocluster 2 (vaccinated but uninfected) and
other seroclusters, reflecting different molecular processes.
For example, lower levels were found for agouti-related protein
(AGRP), an endocrine hormone in food and energy control; cyto-
kine receptor-like factor 1 (CRLF1), a cytokine secreted by
smooth muscles, different fibroblasts, and brain cells for cell
growth and differentiation; and secretogranin Ill (SCG3), a pro-
tein secreted by brain cells and endocrine tissue to form secre-
tory granules. Higher levels in serocluster 2 were found for
CXCL9, the gastrointestinal regulator protein motilin (MLN),
and chemokine ligand 17 (CXCL17), a chemokine secreted by
salivary and respiratory epithelium and glands in the stomach.
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These associations confirm that plausible immune system-
related changes of low abundant proteins can be determined
in self-sampled DBS.

Utility of circulating proteins for predicting donor- and
health-related traits
Knowing that person-specific factors may influence the levels of
the circulating proteome and confound disease-specific investi-
gations,”” we tested age and sex associations (Figure S11,
Table S7) in the seronegative population. This pointed to plau-
sible links between seropositivity and individual immune
response. However, due to the vaccine rollout strategy in Swe-
den, there is an intrinsic link between age and vaccination.
LAP3, CRLF1, and PON3 showed associations with seroclusters
but not with age.

To further test the utility and reliability of the proteomics data,
we performed a multivariate Lasso regression analysis to predict
donor- and health-related traits from circulating protein data

0.00 0.25 0.50 0.75 1.00
1 — specificity

likely due to the low number of current or
recent infections, while self-reported
vaccination could be predicted moder-
ately well (Figure 3F; AUC 0.80), as these
occurred more recently. However, vacci-
nation was biased toward elderly and prioritized individuals;
hence, adjusting the data for age reduced the AUC to 0.5.

These investigations confirm the utility of proteomics data and
reveal how well-established traits, such as age and sex, influ-
ence protein levels to a higher degree than the serology or auto-
immune data.

Data-driven analysis reveals heterogeneous health and
immune phenotypes
Thus far, our analyses categorized the proteomics data based on
other available data. We hypothesize that COVID-unrelated pro-
cesses, such as other diseases or medical history, may influence
protein levels and drive our classifications and predictions.
Consequently, we applied a proteomics data-driven approach
to determine immune states and health phenotypes from the
perspective of the circulating proteome.

Initially, we reduced the number of variables originating from
the 500+ protein-level dimensions by performing Weighted
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Gene Correlation Network Analysis (WGCNA). This resulted in
five distinct WGCNA modules, denoted by the colors blue,
brown, green, turquoise, and yellow. Each module contained be-
tween 30 and 72 proteins (from 32 to 83 assays), while a sixth
(gray) module contained the remaining uncorrelated 167 proteins
(182 assays) (Figures S12A and S12B, Table S9). Of 73 proteins
measured with two methods, 54 (74%) had both assays as-
signed to the same module (Figure S12C).

We then annotated the underlying biology of the WGCNA
module proteins by using protein associations with 28 traits
from a large-scale proteomics UK Biobank (UKB) study?®’
(Figure S13, Table S10). This revealed that the blue module
was enriched in proteins associated with the respiratory system,
such as smoking and matrix metallopeptidase 10 (MMP10), alve-
olar macrophages (agouti-related protein or AGRP), lung-spe-
cific proteins such as SCGB1A1 (secretoglobin family 1A mem-
ber 1, also called CC16), and kidney and liver function. The
brown module was rich in proteins associated with age and
many other health-related aspects tested in the UKB study.
Inversely, the green and yellow modules contained fewer pro-
teins associated with sex and health phenotypes, including
smoking and lower respiratory infection. The turquoise module
was enriched in proteins associated with acute lower respiratory
infection. To investigate deeper links with immune function, we
determined the immune cell enrichment of proteins in each mod-
ule (Figure S14). The turquoise module was enriched in cells
such as neutrophils, eosinophils, and dendritic cells while not
in T cells, suggesting that the module is connected to the innate
immune system. The STRING database (v.12.0) was used to add
a functional note to each module (Figure S15). The blue module
was found to be linked to T cell function, the brown, turquoise,
and gray modules to cell migration, chemotaxis, and cytokine
response, and the yellow module to intracellular signaling
through pathways such as the mitogen-activated protein kinase
(MAPK) and phosphoinositide 3-kinase pathways. The green
module was linked to cell signaling (MAPK) and immune
response (nuclear factor kB), as well as recognition of pathogen
DNA (via Toll-like receptor 9), suggesting arole in recent infection
by pathogens other than SARS-CoV-2.

Using these five distinct and physiologically plausible WGCNA
modules, we computed the module eigengenes (MEs), which are
the first principal components of the constituent proteins. These
five MEs were then used for clustering, revealing 14 protein-
based phenotypes, denoted proteotypes. Stability analysis us-
ing the mean Jaccard index (MJI) shortlisted five stable clusters
that met the criteria of containing N > 10 individuals and an
MJI > 0.5. These five proteotypes represented 24% (N = 95) of
all donors and were labeled (1-5) in order of decreasing size
(N = 30, 20, 18, 16, and 11). The less stable proteotypes were
aggregated into proteotype 0 with 76% of all participants
(N = 300).

Using a PCA biplot showed that the five stable proteotypes
clustered around the perimeter of the unstable proteotype in
PC1-PC2 space (Figure 4A), but less so for PC3 and PC4
(Figure S16). To exemplify how representative proteins contrib-
uted to this classification, Figure 4B compares the distinct
WGCNA module profiles of proteotypes 1-5 using standardized
effect sizes. While effect sizes for proteotype 1 were negative
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across all modules, proteotype 3 was characterized by positive
effect sizes across all modules. Proteotype 2 showed positive ef-
fect sizes for the turquoise module, while those for the blue and
brown modules remained negative. Effect sizes of proteotype 4
were positive for the blue and brown modules and negative for all
others. Proteotype 5 showed the largest positive effect sizes for
the blue and brown modules and the gray module. This analysis
also showed that some proteotypes overlapped in the trends
and magnitudes of effect sizes, for example, proteotypes 3
and 4 were similar for the blue and brown modules but different
for the green, turquoise, and yellow ones.

To classify the proteotypes, we first studied their differences in
questionnaire information (Table 4), and in contrast to serology,
found no significant differences in age, sex, or self-reported
symptoms. The influence of infection, vaccination, and
seroclustering, however, remained observable but more evenly
distributed across these proteomic phenotypes. Still, seronega-
tive individuals from serocluster 1 had a lower proteotype hetero-
geneity than seropositive clusters (Figure 4C), pointing to the
effect of infections and vaccinations on the levels of immune-
related proteins. There was no significant co-occurrence of
anti-IFN AAbs with the proteotypes, nor an association with
the levels of the well-established but unspecific inflammation
marker C-reactive protein (CRP). Categorizing the proteotypes
by tiers of high, medium, and low CRP levels revealed high pro-
portions of individuals with elevated CRP levels in proteotypes 1
and 5, indicating ongoing infections or inflammation-related
processes (Figure 4D). In contrast, proteotype 4 had high pro-
portions of infected and vaccinated donors but low CRP levels,
suggesting a waning proteomics immune response, confirming
the serological data (Figure 4E).

The data-driven immune phenotype analysis highlighted the
heterogeneity in this population study, attributed to a combina-
tion of COVID-related and other pre-existing health conditions.

DISCUSSION

We performed multi-modal serological, autoimmune, and
proteomic analyses on home-sampled dried blood in a general
population to elucidate the features of the immune response
against natural infection and vaccination. Our study expands
the suitability of self-sampling as a strategy for multi-molecular
and extracellular analysis, comparable to clinical studies using
venous blood draws.'®2° While little was known about the ef-
fects of the pandemic exposures on the general population, em-
ploying easy-to-perform quantitative sampling kits for random
individuals allowed us to gain valuable insights into the citizen’s
immune system during the pandemic. A reduced bias compared
to self-enroliment studies was achieved, while maintaining a low
sampling failure rate in an untrained population. The timing of
sampling, scheduled during a time when only a subset of individ-
uals had been exposed to the virus or vaccinated against
COVID-19, makes our study set unique.

Our serological study confirmed the expected immune biology
and allowed us to infer the infection and vaccination status of
individuals by the differences in immune response, as shown
previously.?® The investigation focused on persisting IgG-type
antibodies, lacking insights into acute, shorter-term response
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Table 4. Self-reported and serological demographics of proteomics phenotype

Proteotypes 0 1 2 3 4 5 p value

Participants 300 (75.9%) 30 (7.6%) 20 (5.1%) 18 (4.6%) 16 (4.1%) 11 (2.8%) -

Age group

18-29 52 (17.3%) 8 (26.7%) 3 (15.0%) 5 (27.8%) 2 (12.5%) 0 (0%) 0.24

30-39 60 (20.0%) 3 (10.0%) 3 (15.0%) 3 (16.7%) 3 (18.8%) 4 (36.4%)

40-49 64 (21.3%) 9 (30.0%) 7 (35.0%) 1(5.6%) 3 (18.8%) 0 (0%)

50-59 80 (26.7%) 5 (16.7%) 3 (15.0%) 6 (33.3%) 3 (18.8%) 3 (27.3%)

60-69 44 (14.7%) 5 (16.7%) 4 (20.0%) 3 (16.7%) 5 (31.3%) 4 (36.4%)

Sex

Female 183 (61.0%) 17 (566.7%) 10 (50.0%) 10 (55.6%) 11 (68.8%) 6 (54.5%) 0.86

Male 117 (39.0%) 13 (43.3%) 10 (50.0%) 8 (44.4%) 5 (31.3%) 5 (45.5%)

Infection status

0 225 (75.0%) 22 (73.3%) 16 (80.0%) 12 (66.7%) 8 (50.0%) 4 (36.4%) 0.025

1 75 (25.0%) 8 (26.7%) 4 (20.0%) 6 (33.3%) 8 (50.0%) 7 (63.6%)

Vaccination status

0 187 (62.3%) 19 (63.3%) 8 (40.0%) 11 (61.1%) 8 (50.0%) 4 (36.4%) 0.005

1 95 (31.7%) 7 (23.3%) 10 (50.0%) 7 (38.9%) 3 (18.8%) 4 (36.4%)

2 17 (6.7%) 4 (13.3%) 2 (10.0%) 0 (0%) 5 (31.3%) 3 (27.3%)

Missing 1(0.3%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%)

Symptoms (loss of)

None 245 (81.7%) 25 (83.3%) 15 (75.0%) 14 (77.8%) 10 (62.5%) 6 (54.5%) 0.14

Smell 8 (2.7%) 1(3.3%) 2 (10.0%) 2 (11.1%) 1(6.3%) 1(9.1%)

Taste 6 (2.0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1(9.1%)

Smell + Taste 41 (13.7%) 4 (13.3%) 3 (15.0%) 2 (11.1%) 5 (31.3%) 3 (27.3%)

Serocluster

1 172 (57.3%) 13 (43.3%) 10 (50.0%) 6 (33.3%) 3 (18.8%) 4 (36.4%) 0.025

2 56 (18.7%) 9 (30.0%) 5 (25.0%) 6 (33.3%) 5 (31.3%) 2 (18.2%)

3 47 (15.7%) 7 (23.3%) 3 (15.0%) 6 (33.3%) 5 (31.3%) 2 (18.2%)

4 25 (8.3%) 1(3.3%) 2 (10.0%) 0 (0%) 3 (18.8%) 3 (27.3%)

C-reactive protein (CRP) level category

Low 238 (79.3%) 18 (60.0%) 15 (75.0%) 13 (72.2%) 11 (68.8%) 6 (54.5%) 0.045

Medium 39 (13.0%) 5 (16.7%) 2 (10.0%) 3 (16.7%) 2 (12.5%) 1(9.1%)

High 23 (7.7%) 7 (23.3%) 3 (15.0%) 2 (11.1%) 3 (18.8%) 4 (36.4%)

IFN AAb positivity

No 237 (79.0%) 23 (76.7%) 19 (95.0%) 13 (72.2%) 12 (75.0%) 9 (81.8%) 0.5

Yes 63 (21.0%) 7 (23.3%) 1(5.0%) 5 (27.8%) 4 (25.0%) 2 (18.2%)

p values are from Fisher’s exact tests.

mediated by immunoglobulin M (IgM). However, the multi-ana-
lyte data-driven seroclustering provided time-resolved molecu-
lar insights into the humoral response, allowing us to classify
the individuals by their circulating Ab response with high predic-
tive precision (AUC >0.99) and reporting the waning of anti-N an-
tibodies or an incomplete development of anti-S response due to
recent vaccinations.

The multiplexed platform allowed us to add assays for autor-
eactive IgG against human IFNs alongside the SARS-CoV-2 an-
tigens. These anti-IFN AAbs were enriched to co-occur in in-
fected donors. Earlier discussions about anti-SARS-CoV-2
antibodies suggested cross-reactivity may occur in vivo and
cause disease pathologies®’; however, it remains controversial
whether AAbs to IFNs existed before or only after infection. A
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recent study supports our observations, suggesting that
mucosal antibodies against IFNs can appear temporarily, even
in milder cases.*® Despite the need for further investigations, it
is reasonable to suggest that we could detect anti-IFN AAbs in
DBS due to the presence of hematopoietic cells or interstitial
fluid (in addition to the liquid plasma fraction). Still, we cannot
exclude the possibility that anti-N antibodies cross-react with
the immobilized IFN-I in our assay and future studies should
attempt to validate this observation. Our data also allowed us
to study nine IFN proteins alongside their matching AAbs; how-
ever, there was no association between the two data types.
Despite the co-occurrence with natural infections, it is worth
noting that frequencies of some of the anti-IFN AAbs detected
in our general population study were closer to those reported



iScience

for severe disease.®' As shown in Data S2, and taking advantage
of the multiplexed assay readout, a possible reason for these
higher numbers could be due to the narrower (homogeneous)
distribution of the background or a less upward-skewed distribu-
tion. Even at a 12 SD cutoff above the population peak, our pro-
cedure labeled samples as AAbs+ when the detected reactivity
levels are closer to the background than for other antigens.
Hence, each antigen was judged individually and independently,
and in our case, those with a wider (heterogeneous) background
distribution revealed fewer AAb+ samples. Ultimately, alternative
and pre-validated assays together with paired DBS and plasma
samples from AAb+ donors are needed to confirm such observa-
tions. Preferably, we suggest using resampling as a strategy to
gain certainty about the consistency of an observation, allowing
also studying the same sample type by the same assay. Using
multiplexed assays, the comparison of anti-COVID Abs in DBS
with plasma has been shown to reveal consistent results.'®
Hence, our study suggests continuous development of unifying
the criteria that determine cutoff levels across assays with
different background and performance characteristics. More-
over, our data add some relevant insights to the currently still
incomplete understanding of anti-IFN AAbs in COVID-19.

Profiling the circulating proteome has given important insights
into acute and severe COVID-19,%? and studies continue to
emerge, providing more knowledge about post-COVID-19
sequelae. We chose two complementary affinity proteomics
platforms®** to determine and validate extracellular immune-
related proteins in DBS. This expands previous work® into
much lower protein abundances and toward immune system
proteins revealing more acute and shorter-lived signatures.
The observed platform differences match those made in plasma
samples,***° highlighting assay sensitivity as a key for reliable
detection of low abundant proteins. Still, the remaining discrep-
ancies and impressions call for further investigation with orthog-
onal methods to increase confidence in technology-dependent
observations."

Adding proteomics to Ab data provided more fine-grained in-
sights into molecular processes of the immune system. For
example, the generally low levels of well-known acute-phase
proteins, such as CRP, IL-6, TNF, or IFNG, suggested that
most samples were taken after the acute phase of the infection.
The stability of the molecular features appeared as a major differ-
entiator of circulating proteins and anti-SARS-CoV-2 Abs. Since
such anti-COVID Abs did not exist before infection, they must
have been acquired during the pandemic. Certain circulating
protein profiles, however, are also known to be stable and per-
son-specific,>®*” hence existed before this peri-pandemic sam-
pling. Despite proteins changing in response to infection or
vaccination,®® our study acknowledges that each data type
can provide a different view on the human immune response:
anti-SARS-CoV-2 Abs are limited to COVID-19; anti-IFN AAbs
could be acquired or pre-existing and relate to disease vulnera-
bility or autoimmune conditions, while the pleiotropy of circu-
lating proteins can reveal immune-related as well as a wider
range of “unrelated” phenotypes.

We also evaluated the reduction of the 500+ proteomics data
features into informative dimensions. WGCNA revealed select
sets of proteins that allowed us to identify different plausible phe-
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notypes and provide clinically informative health projections and
insights into cell-mediated immune processes. The protein mod-
ules revealed important COVID-19 pathologies, such as respira-
tory distress as represented by MMP10,% found in respiratory
epithelial cells; the lung-specific SCGB1A1 4% interactions with
viruses through renal receptor HAVCR1*'; inflammation via
CRP or pro-inflammatory chemokines including CXCL9 or im-
mune cell receptors such as TREM2.%? Our study also included
other pleiotropic inflammation blood biomarkers, such as IL-6,
TNF, and IFNG, which are known to be elevated in acute disease
when studying plasma samples.'>*® However, these were not
shortlisted as informative features in our modules likely due to
the lower number of acute or active cases. Despite the unique
aspect of focusing on the immune system, and support from clin-
ical studies,*>~*° physiologically interconnected processes such
as coagulation or organ damage can influence the molecular
phenotypes indirectly. As discussed elsewhere,”® the use of
dried samples for multi-molecular analysis of extracellular bio-
markers has just started. Hence, analytical and sample-related
factors connected to the drying and leakage of intracellular pro-
teins can influence the assay performance of any analyte,
including those postulated by other studies.

This study highlights the importance of understanding popula-
tion-level immune responses in the context of underlying health
conditions. These may, depending on age, sex, socio-economic,
and many other factors, affect a large proportion of the popula-
tion. Taking smoking as an example, 5% of Swedish adults
report smoking daily, and 6% report smoking occasionally.*
The effect of this could be observed in the blue protein module,
containing MMP10 and SCGB1A1, and as such, support the
development of scalable tools to monitor and manage public
health trajectories and resources effectively. These could also
benefit studies of long-COVID since several of the presented
markers, such as CRP, CXCL9, anti-IFN AAbs, and CST7, have
been shortlisted.*”

Several statistical methods were used in this study, many
assuming independence of observations, which is fulfilled through
cross-sectional sampling of random individuals. Some non-para-
metric tests were used as to not assume normality of the data;
however, at > 400 samples, the central limit theorem means that
normality would likely not be an issue. Given the inflammation
focus of the protein panel in the study, many proteins are likely
to co-vary and correlate. While Lasso can deal with multicollinear-
ity, this could present an issue for the other regression analyses.
Finally, these linear regression methods assume linear relation-
ships, which may not be the case for all proteins.

Population self-sampling has provided precise insights into
the molecular heterogeneity of the immune profiles during
SARS-CoV-2 exposures and vaccination. Confirming expected
and discovering deviating health phenotypes provides in a new
sample type adds valuable data for risk stratification, remote pa-
tient management and outreach to ensure equitable health
surveillance.

Limitations of the study

Our study has limitations shared with other population proteomics
efforts.*® Compared to a first wave study, '® fewer members of the
public participated (20% vs. 55%), attributed to a wider range of
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COVID-19 countermeasures and adaptation to the pandemic situ-
ation. Like during the first wave study, the participation rate in the
current study is higher for women than men. While adjusted for in
the proteomic analyses, this could cause issues with the general-
izability of AAb analyses where there are known sex differences.
The age-dependent rollout of vaccines in Sweden meant that
many proteins associated with serostatus were also associated
with the age of the participant. Still, some proteins showed no
age association and several of the identified proteins have previ-
ously been reported in the context of COVID-19. Our study ap-
pears underpowered compared to other large-scale population
proteomics efforts, such as the UK Biobank project.”” Still, coordi-
nated sampling of random individuals from two geographically
distant locations outside of the healthcare system has limited
collider bias of our enrollment. Population studies using DBS and
proteomics readout systems have seen a growing interest, but
possibilities to replicate observations elsewhere remain rare. Pre-
vious or other infections, chronic diseases or health conditions, so-
cioeconomic factors, misinterpretations or correctness of the pro-
vided information can influence our study. Other infections are
likely to affect levels of inflammation-related proteins, compli-
cating the immune phenotype interpretation. Due to the
anonymity of the donors in our citizen survey, clinically important
donor-related information about the overall health status, BMI, ge-
netics, lifestyle, smoking, co-morbidities or medication remained
unavailable to further interpret and define the immune phenotypes.
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IFNL3 KTH, The Protein Factory DOI: https://doi.org/10.1016/j.nbt.2020.05.002 *°

IFNLR1 KTH, The Protein Factory DOI: https://doi.org/10.1016/j.nbt.2020.05.002 *°

IFNW1 KTH, The Protein Factory DOI: https://doi.org/10.1016/j.nbt.2020.05.002 *°

Biological samples

Dried blood spots This study NA

Critical commercial assays

Olink Explore 384 Inflammation Panel | Olink Lot 23405

NULISAseq™ Inflammation Panel 250 Alamar Biosciences Cat# 800103

Deposited data

Proteomics data This study Figshare: https://doi.org/10.17044/scilifelab.
28902911

Software and algorithms

R The R Project for Statistical Version 4.3.2

Computing

Julia The Julia Project Version 1.7.2

Analysis code This study Zenodo: https://doi.org/10.5281/zenodo.
15356855

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Home-sampling kits (MM18-01-001, Capitainer AB, Sweden) were sent out to 2000 randomly chosen individuals (ages 18-69) from
metropolitan Stockholm and Gothenburg (1000 each) as previously described. '®° Anonymous participants were invited to volunteer
in capillary blood sampling (following the provided instructions) by pricking a finger and collecting blood drops on a quantitative dried
blood spot (DBS) sampling card. Participants also filled out a questionnaire with health-related questions and a consent form. Sam-
pling cards, questionnaires, and consent forms were returned by regular mail, and the cards were stored at room temperature until
extraction. For the analyses, 437 cards were used, with age and sex distributions of the donors shown in Table 1 and Figure 1. Sam-
pling frequency was higher among female donors. The study was approved by the regional ethical board (EPN Stockholm, Dnr 2015/
867-31/1) and the Swedish Ethical Authority (EPM, Dnr 2021-01106 and Dnr 2023-03016-02).

METHOD DETAILS

Sample preparation

The DBS cards were eluted to obtain samples for analysis as previously described.'®2° In brief, the cards were first inactivated by
heating in an oven (UN55m, Memmert GmbH) at 56°C for 60 minutes. The inactivated discs containing blood were placed in a flat-
bottom 96-well plate (#734-2327, VWR) and treated with 100 pL PBS with 0.05% Tween20 (#97062-332, VWR) and protease inhibitor
cocktail (#04693116001, Roche). The plates were shaken gently at 170 rpm at room temperature for 60 min and then centrifuged
(2095 rcf, Allegra X-12R, Beckman Coulter Inc) at 3000 rpm for 3 min before collecting 70 pL of supernatant in a PCR plate (#732-
4828, VWR). The eluates were stored at -20°C until analysis.

Serological assays

Serological assays were performed on samples from 437 participants who successfully completed the blood spot collection and
questionnaire. IgG antibodies against the nucleocapsid (N), spike (S and RBD) proteins of the SARS-CoV-2 virus, as well as against
several human interferons, were measured using suspension bead arrays (SBAs). The antigens that were used are shown in Table 2
and the Key Resources Table. The assays were performed as previously described.'®?° In brief, target proteins were covalently
linked to colour-coded magnetic beads (MagPlex, Luminex Corp.) with NHS/EDC coupling, and the beads were combined to
form an antigen bead array. DBS eluates were diluted 2.5x with assay buffer (PBST with 3% BSA and 5% milk powder), and
35 pL of each was combined with a 5 pL antigen bead array and incubated at room temperature for 60 min. The beads were analysed
using a Luminex FlexMap 3D instrument (Luminex Corp) with anti-human IgG-R-PE (Jackson ImmunoResearch) for detection. Mea-
surements were reported as median fluorescence intensity (MFI) values per antigen and sample, where each data point had at least
32 events per bead ID.
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Autoreactive antibody assays

In addition to the COVID-19 antigens, we included 22 human interferons (IFNs) in the bead mixture of the SBAs, see Table S1. The
IFNs were produced as described elsewhere."° Protein coupling, analysis, and readout were conducted as described for SARS-CoV-
2 proteins above. Since IFN assays report the levels of auto-reactive antibodies (AAbs) against different interferons, we conducted
the data analysis separately. The eluates were stored at -80°C until further analysis.

Proteomics assays

To measure a large number of low-abundant and disease-relevant circulating inflammatory proteins for comparison with the
serology, samples were sent to SciLifeLab’s Affinity Proteomics Unit (Uppsala, Sweden) for the proximity extension assay (PEA) us-
ing Olink Explore,*® and to Alamar Biosciences Inc. (Fremont, California, USA) for the NULISAseq assay.*”

Proximity extension assay

The samples were processed with Olink Explore 384 Inflammation panel | (Lot B23405, Olink Proteomics AB, Uppsala, Sweden),
which is based on Proximity Extension Assay (PEA)*® and allows for simultaneous detection of up to 368 proteins using 1 pL of
DBS eluate. In brief, two matched antibodies labelled with unique complementary oligonucleotides bind to a target protein in solution,
which brings the oligonucleotides in proximity and allows them to hybridise and extend to form a double-stranded DNA barcode
unique to the target protein. The subsequent library preparation adds sample indices and sequencing adapters, enabling multiplex-
ing and readout with next-generation sequencing. The manufacturer’s instructions were followed, except that Olink and Science for
Life Laboratory in Stockholm collaborated to enable the Agilent Bravo (Agilent Technologies, Santa Clara, CA, USA) automated liquid
handler to be used in the workflow. The libraries were sequenced on a NovaSeq 6000 (lllumina, San Diego, CA, USA) at the Science
for Life Laboratory in Uppsala, Sweden, according to Olink instructions. The data are reported as Normalised Protein eXpression
(NPX) values, semi-quantitative arbitrary units (AU) on a log2 scale.

NULISAseq assay

NULISAseq assays were performed at Alamar Biosciences, Fremont, USA, as described previously.** Briefly, DBS samples were
shipped on dry ice, stored at -80°C, thawed on ice, and centrifuged at 10,000g for 10 mins. Then, 10 pL supernatant samples
were plated in 96-well plates and analysed with Alamar’s Inflammation Panel 250 (#800103), targeting mostly inflammation and im-
mune response-related cytokines and chemokines. A Hamilton-based automation instrument was used to perform the NULISAseq
workflow, starting with immunocomplex formation with DNA-barcoded capture and detection antibodies, followed by capturing and
washing the immunocomplexes on paramagnetic oligo-dT beads, then releasing the immunocomplexes into a low-salt buffer, which
were captured and washed on streptavidin beads. Finally, the proximal ends of the DNA strands on each immunocomplex were
ligated to generate a DNA reporter molecule containing target-specific and sample-specific barcodes. DNA reporter molecules
were pooled and amplified by PCR, purified, and sequenced on lllumina NextSeq 2000.

Sequencing data were processed using the NULISAseq algorithm (Alamar Biosciences). The sample- (SMI) and target-specific
(TMI) barcodes were quantified, and up to two mismatching bases or one indel and one mismatch were allowed. Intraplate normal-
isation was performed by dividing the target counts for each sample well by that well’s internal control counts. Inter-plate normal-
isation was then performed using inter-plate control (IPC) normalisation, wherein counts were divided by target-specific medians
of the three IPC wells on that plate. Data were then rescaled, add 1 and log2 transformed to obtain NULISA Protein Quantification
(NPQ) units for downstream statistical analysis.

QUANTIFICATION AND STATISTICAL ANALYSIS

Data processing, analysis and visualisation was performed with the R (version 4.3.2)°" and Julia (version 1.7.2)°? programming lan-
guages and the tidyverse (version 2.0.0),°® targets (version 1.4.1),°* and tarchetypes (version 0.7.12)°° R packages. Plots were
created using either the ggplot2 package (version 3.5.1)°° together with the patchwork (version 1.3.0.9000),°” RColorBrewer
(version 1.1.3),°® ggh4x (version 0.2.8),°° ggnewscale (version 0.4.10),°° ggbeeswarm (version 0.7.2),°" ggrepel (version 0.9.5),°
ggsignif (version 0.6.4),°® ggbiplot (version 0.6.2),°* GGally (version 2.2.1)°° and ggvenn (version 0.1.10) packages,®® or the
ComplexHeatmap (version 2.18.0)°” and circlize (version 0.4.15)°® packages. The table1 package (version 1.4.3)°° was used to
generate some tables. A False Discovery Rate (FDR) value of 0.05 was used as threshold for statistical significance if not stated other-
wise. Tests used and group sizes are stated in figures and associated legends and supplementary tables.

Serological data analysis

As described previously, '® data from the serological assay were normalised to remove correlation with negative control samples us-
ing a mixed model programmed in Julia. The model was fit on log2-transformed data and consisted of a linear and uniform distribu-
tion model to account for distributions where most samples were at low baseline levels while a few were at higher positive levels. The
resulting relative log2 values were scaled and centred per protein to put them on the same scale. An overview of the antibody data is
given in Data S2.
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Seropositivity of each antibody was determined using a population-based threshold at 6 SD (for anti-SARS-CoV-2 Abs) or 12 SD
(for IFN AAbs) of the estimated negative proportion (uninfected individuals for N and IFNs, uninfected and unvaccinated individuals
for S, RBD) above the gaussian population peak as described previously. '® Attained seropositivity classifications for IFN AAbs were
associated with questionnaire data and anti-SARS-CoV-2 Ab classifications using the Fisher exact test.

Hierarchical clustering was used on the N, S, and RBD MFI data to stratify samples based on serology. The resulting clustering was
cut into four seroclusters that were compared to vaccination and infection status from the questionnaire. Mismatch in questionnaire
data and seroclusters regarding vaccination were tested using the Fisher exact test. The clustering was evaluated with Lasso reg-
ularised logistic or multinomial regression using the collection of functions in the tidymodels package (version 1.1.1 .)70 to predict
questionnaire traits and seroclusters using anti-SARS-CoV-2 Ab levels. 70% of the samples were used as a training set, and the re-
maining 30% as a hold-out test set. The penalty was tuned via five-fold cross-validation in the training set. The test set was used to
evaluate the area under the curve (AUC) of the receiver operating curve (ROC) for each trait.

Proteomics data analysis

Normalised protein measurements were received from Olink and Alamar. To reduce sample-to-sample variation stemming from
sample handling, protein measurements were normalised with the ProtPQN method using the ProtPQN package (version 1.0.1).”"
Deviating samples were detected by plotting sample medians and interquartile ranges (IQRs). Samples falling outside of 3 SDs of
either axis were excluded from downstream analysis. Confounding from sex differences was removed using a linear model. An over-
view of the proteomics data is given in Data S3. The data were plotted using the principal component analysis (PCA) dimensionality
reduction technique to visually check for trends in the data.

To compare circulating proteins with serology, proteins were associated with seropositivity classifications of anti-SARS-CoV-2
Abs and IFN AAbs using logistic regression with the seropositivity as an outcome. The proteins were also associated with the se-
roclusters using the Kruskal-Wallis test and, if FDR <0.05, the Wilcoxon rank-sum test for pair-wise comparisons. Furthermore, to
investigate the predictive power of proteins on age, sex, region, and immune status defined by the questionnaire and the seroclus-
tering, Lasso regularised logistic or multinomial regression was performed similarly to the serology.

Clustering was performed on the proteomics data to find protein-centric sample groups. Unlike the low-dimensional serology data
analysis, the proteomics data dimensions were reduced using weighted gene correlation network analysis (WGCNA) using the
WGCNA R package (version 1.72-5).”> The pickSoftThreshold function was used to pick a soft threshold of 2 where the scale-
free topology R? reached a plateau above 0.8 for a scale-free distribution, and WGCNA was performed using the blockwiseModules
function with default parameters. The resulting protein module eigengenes (MEs, apart from the grey module containing non-corre-
lated proteins) were used to cluster the samples with hierarchical clustering where the gap statistic was used to determine the optimal
number of clusters (cluster package version 2.1.4"%). The cluster stability was evaluated by calculating the mean Jaccard index for
each cluster with the clusterboot function of the foc package (version 2.2-11).”* Any clusters with a mean Jaccard index below 0.5 or
a size below 10 were aggregated into a noise cluster. The resulting clusters, henceforth called proteotypes, were numbered from
0 (noise) to 5.

Associations between WGCNA protein modules and population traits and diseases were investigated by integrating previously re-
ported UK Biobank associations.?” The proportions of significantly associated proteins for each module and trait were compared to
those in the rest of the samples using the Fisher exact test. For HPA, the proportions of proteins from each module were plotted for
each immune cell type.
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