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People living with HIV (PLHIV) have an increased susceptibility to non-AIDS
comorbidities. In this study, we systematically profiled 1,342 PLHIV across
five omics layers and immune function. We found latent factors, resulting
fromintegrating epigenomics, transcriptomics, proteomics, metabolomics
andimmune responses, linked to cardiovascular diseases, the presence of
carotid plaque and chronic obstructive pulmonary disease in PLHIV. Mapping
four omics layers to genetic variation identified 5,962 molecular quantitative
traitloci, illustrating acommon genetic regulation in PLHIV compared to
healthy individuals. By performing Mendelian randomization, we uncovered

host genetic-driven changes in baseline molecules causally related to
immune responses upon stimulation with inactivated pathogens. Lastly,

we uncovered that the inflammasome, genetically regulated by the NLRP12
locus, contributes to systemic inflammation across multiple molecular layers.
This study offers a unique catalog of genetic and molecular determinants
ofimmune functionin PLHIV and elucidates molecular pathways driving
inter-individual variation inimmune response and comorbidities.

PLHIVreceiving antiretroviral therapy (ART) mostly restore their CD4*
T cell counts, protecting them from developing AIDS-related compli-
cations’. However, they still experience increased systemic inflam-
mation and premature aging, which makes them prone to non-AIDS
comorbidities, such as cardiovascular disease (CVD), that lower their
quality of life’. There is a significant inter-individual variability in the
susceptibility to comorbidities®, systemicinflammation*® and immune
responses in PLHIV using ART, which may be caused by HIV-related
factors, such as HIV duration, CD4 nadir and latest CD4 levels, as well
asHIV-independent factors, such as age, genetics and concurrentinfec-
tions®. The molecular mechanisms that drive this state and result in
non-AIDS comorbidities are yet to be described.

Characterizing the inter-individual variation among PLHIV
involves multiple molecular layers. Previous studies focused on

profiling PLHIV at a single omics type, specifically looking into the
proteomic’, metabolomic®’ or epigenomic'® factors. Inaddition, host
genetic variation also modulates disease outcome and progressionin
PLHIV". By using statistical methods such as Mendelian randomization,
genetic variants can be used as instruments to infer causal relation-
ships between factors, allowing the identification of modulators that
can serve as potential drug targets™. Such an approach has not yet
been employed to investigate the pathophysiology of HIV infection
atvarious omics layers®.

Inthe present study, we generated multi-omics and immune func-
tion profiles of 1,342 virally suppressed PLHIV of European ancestry.
We applied three integrative approaches to decipher the drivers
of inter-individual variation in PLHIV: multi-omics factor analysis
(MOFA)", quantitative trait locus (QTL) mapping and Mendelian
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randomization. By applying MOFA, we identified 21 latent factors
(LFs) resulting from the combination of different omics. We per-
formed QTL mappingforinvivo gene expression, proteinand metabo-
lite abundance and ex vivo cytokine production. Comparing our
results withindividuals without HIV revealed an overall concordance
of genetic effects compared to those without HIV. Using Mendelian
randomization, we found the circulating transcriptomic, proteomic
and metabolomic programs causally linked to cytokine production
capacity upon ex vivo stimulation of immune cells with inactivated
pathogens. Inaddition, we identified the NLRP12locus and the inflam-
masome as crucial modulators of systemic inflammation in PLHIV,
impacting carotid plaque formation. Our findings are publicly avail-
able through aweb tool, available at https://lab-li.ciim-hannover.de/
apps/hiv_xqtl_atlas/.

Results

Comprehensive multi-omics profiling of PLHIV

We performed asystemsimmunology studyin 1,342 virally suppressed
PLHIV, part of the 2000HIV Human Functional Genomics Partnership
Program (2000HI1V) study”. The cohort was splitintoadiscovery cohort
and avalidation cohort: samples from three centers (N=1,075) served
as the discovery cohort, whereas samples from one center (N =267)
were used as the replication cohort. Overall, study participants were
mostly male (89%), with a median age of 54 years, and had been living
with HIV for amedian of 10 years (Table 1).

Aiming to construct a multi-omics and immunological profile
of systemic inflammation and non-AIDS comorbidities (Fig. 1a), we
conducted genome-wide genomics (Illumina, GSA), epigenomics
(Illumina, EpicArray), transcriptomics (bulk RNA sequencing), tar-
geted proteomics (Olink Explore 3072) and metabolomics (General
Metabolics’ untargeted platform), and we assessed ex vivo cytokine
production capacity of peripheral blood mononuclear cells (PBMCs)
upon simulations with inactivated pathogens. The stimulants used
included poly I:C, lipopolysaccharide (LPS), imiquimod, interleukin
(IL)-1a, HIV viral envelope, cytomegalovirus (CMV), Streptococcus
pneumoniae, Escherichia coli, Staphylococcus aureus, Mycobacterium
tuberculosis, Candida albicans (conidia), Candida albicans (hyphae)
and phytohaemagglutinin (PHA) (Methods). To inspect the clinically
relevant correlates of molecular variation, we identified LFs, resulting
from the combination of multiple omics layers, and associated them
witharange of common non-AIDS comorbidities (Fig. 1b). Furthermore,
we disentangled the genetic bases of the inter-individual variation
of the various omics layers (Fig. 1c). Lastly, we deciphered the causal
determinants ofimmune responses in PLHIV (Fig. 1d).

Multi-omics LFs capture non-AIDS comorbidities

We conducted MOFA™ to identify factors that capture inter-individual
variation at all data modalities except genomics. This analysis yielded
21 LFs explaining at least 1% of the total variance in the data (1-20% of
variance explained; Fig. 2a). Of note, these LFs predominantly com-
prised molecules sourced from all five data modalities, indicating
inter-individual variationin biological processes captured across omics
layers through this integration.

We tested the association of each LF with inflammation and clini-
cal variables to gain insights into the biological processes captured
by the LFs (Fig. 2a). We observed that most of the factors (19/21 LFs)
were significantly correlated (Pearson’s correlation, false discovery
rate (FDR) < 0.05; Supplementary Data 1) with systemic inflamma-
tion, as measured by IL-1B production capacity upon stimulation,
IL-1B plasma concentration or /L1B gene expression in PBMCs. This
suggests a major role of IL-1B3-driven systemic inflammation in the
inter-individual variability of PLHIV. LFs were associated (Supplemen-
tary Data 2) with comorbidities and HIV phenotypes. Thus, LFs not
only capture inter-individual variation in inflammation but also link
to non-AIDS comorbidities.

Table 1| 2000HIV cohort overview

Discovery Validation
Sex
Female 139 (11.24%) 30 (10.4%)
Male 1,098 (88.76%) 266 (89.86%)
Age (years)
Median (min, max) 54 (19, 84) 53.5(26, 77)

BMI (kgm™)

Median (min, max) 24.8 (15.5, 48.4) 25.4 (176, 40.4)

CD4 latest (cells per pl)

Median (min, max) 0.7(01,3.2) 0.7(01,1.7)
HIV duration (years)

Median (min, max) 131(0.5, 42) 10.2(0.5, 37)
Rapid progressors

Yes/No/Missing 61/705/471 10/144/142

Next, we tested the association between LFs and HIV-related
phenotypes (Supplementary Data 2). We observed five significant
associations (FDR < 0.05; Supplementary Data2) with three HIV-related
phenotypes (rapid progressors (individuals with a sharp decrease of
CD4T cell counts after infection) and CD8"and CD4" T cell counts).
Thisindicates that theinter-individual variation at molecular levelsin
our cohortwasdrivenmore by non-HIV-related phenotypesrather than
the HIV-related phenotypes tested. A set of LFs was found to elucidate
the molecular pathways underlying comorbidities: the presence of a
carotid plaque (LF6), documented CVD (hypertension and/or myocar-
dialinfarction) and endocrine disorders (LF8) and chronic obstructive
pulmonary disease (COPD) (LF11) in PLHIV (Fig. 2).

A proteomic profile ofimmune activation higher in patients with a
carotid plaque. We identified a multi-omic factor, LF6, which mainly
comprised plasma protein concentrations and which was significantly
higherin PLHIVinwhom a carotid plaque was documented (Fig. 2c).LF6
explained 5.19% of the variation across layers and captured differences
ininnateimmune activation and NF-kB activation at the proteomic and
gene expression level (Fig. 2d and Extended Data Fig. 1a).

A protein and metabolite profile linked to lower cardiovascular
and endocrine comorbidities in PLHIV. The presence of CVDs or
endocrine disorders was associated with LF8, a factor accounting
for 3.89% of the total variance in the omics data and mainly consist-
ing of molecules measured at metabolomics and proteomics levels
(Fig.2a,b). Specifically, LF8 was negatively associated with myocardial
infarction (Fig. 2e) and hypertension (Fig. 2a) (FDR < 0.05) and had a
consistent negative association with other cardiovascular and endo-
crine diseases that were documented inthe cohort (Fig. 2b). A part of
the metabolites and proteins constructing LF8 was significantly differ-
entbetween PLHIV with myocardial infarction or other cardiovascular
disorders, including indoxyl sulphate and dehydroepiandrosterone
sulphate (DHEA-S) (Fig. 2f). Indoxyl sulphate is a gut-derived metabo-
lite that impairs CD4 function in HIV' and is a risk factor for CVD".
DHEA-S is a circulating steroid hormone metabolized from DHEA,
which has been studied for its modulatory properties in HIV infec-
tion'. Both metabolites contribute to an overall set of metabolites and
proteinsthat could serve as biomarkers for metabolic comorbidities
in PLHIV (Supplementary Data 6-26). Furthermore, LF8 captured
the variation in IL-10 and IL-1f cytokine responses to stimulation as
well as RNA-mediated mitosis and intracellular transport (Fig. 2g and
Extended DataFig. 1b).
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Fig.1|Integrative omicsin PLHIV. a, Overview of the data available for the
cohort. Multi-omics data, together withimmune response profiling, were
collected. Clinical data on non-AIDS comorbidities were available. b, Multi-omics
integration. Features across all layers were integrated using MOFA. This captured
LFsrelated to processes such as systemic inflammation and aging. ¢, Multi-omics
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QTL todissect the genetic basis of inter-individual variation in PLHIV.

d, Mendelian randomization to study the causal effect of circulating molecules
onimmune function in PLHIV. Schematics were created with BioRender.com. LF,
latent factor.

CD8’ T cell function is linked with COPD in PLHIV. COPD was posi-
tively associated with LF11, which was significantly correlated with CD8*
T cell counts (Fig. 2a,h). LF11 was associated with lower B-cell-related
proteinsand transcripts, together with higher interferon (IFN) activity
and chemokine and T cell function (Fig. 2i and Extended Data Fig. 2).

A multi-omic profile linked to rapid progressors. LF20, a factor
dominated by the whole blood DNA methylation layer (Extended Data
Fig.3a), wassignificantly associated with rapid progressors: individuals
with a sharp decrease of CD4" T cell counts after infection® (Fig. 2a).
To understand the biological function underlying LF20, we examined
the gene expression and protein abundance of genes with a significant
weight contributing to LF20 in rapid progressors compared to the
rest. This highlighted SKAPI1 as amarker with lower expressioninrapid
progressors, bothingene expressionin PBMCs and proteinabundance
inplasma (Extended DataFig. 3b,c). We observed a consistent pathway
enrichment of inositol metabolism at the gene expression level and
immune activation at the protein level (Extended Data Fig. 3d). This
suggests a common multi-omics profile present in individuals with a
previous history of rapid progression during HIV infection.

The genetic regulation of molecular traits in PLHIV
Tounderstand therole of genetic variation in determining the molecu-
lar phenotypes of PLHIV, we performed QTL mapping on multi-omics

and immune profiles in both the discovery and validation cohorts
(Fig. 1c). We defined two levels of significant QTL: genome-wide
significance (GWs) for associations with a P value below the GWs
threshold (P < 5 x107®) and study-wide significance (SWs) by apply-
ing multiple-testing correction on the GWs threshold considering
the number of independent features tested (Methods). In total, we
identified 5,962 molecular QTL (SWs), finding the highest number in
gene expression, followed by proteomics, metabolomics and immune
function (Fig. 3a). Notably, three loci harboring missense variants—
NLRP12, TLRI and KLKBI—were shown to regulate three of the layers
described below (Extended Data Fig. 4).

We performed expression QTL (eQTL) mapping for17,741genes to
identify genetic variants regulating gene expression levels in PBMCs
of PLHIV (Fig. 3b). Our analysis revealed 10,642 GWs and 4,765 SWs
eQTLfor 8,591and 4,920 genes, respectively. We compared the cis-eQTL
found in PLHIV with those from two different datasets, eQTLGen* and
Genotype-Tissue Expression (GTEx)?, and observed concordanceinthe
direction of effects (98.6% for GTEx, 94.9% for eQTLGen) and high cor-
relation (R?=0.82for GTEx, R*= 0.68 for eQTLGen; Fig. 3cand Extended
DataFig. 5). These findings indicate that cis genetic regulation of gene
expression does not differ between PLHIV and healthy individuals. Inter-
estingly, weidentified 42 significant cis-eQTL that had adiscordant effect
in PLHIV compared to healthy individuals in both GTEx and eQTLGen
(Supplementary Data4), suggesting disease-specific genetic regulation.
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(e)and 1.69 x 107 (h). f, Association of two LF8-related metabolites, indoxyl
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Our QTL analysis of 2,367 plasma proteins in PLHIV identified
3,019 GWs protein QTL (pQTL) for 1,427 proteins and 1,646 SWs pQTL
for 1,040 proteins, which covered 43.93% of all measured proteins
(Fig.3d). A hotspot onchromosome 19 could be highlighted, showing
trans signals for 367 proteins. A comparative analysis of pQTL effect
estimates between PLHIV and a population-based cohort from the UK
Biobank Pharma Proteomics Project (UKB-PPP) initiative? revealed a
concordance of direction in 99.94% of the GWs pQTL effects tested,
indicatingacommon regulation of proteinabundances between PLHIV
and healthy people (Fig. 3e).

Mapping metabolite abundances in plasma to genetic variation,
we found 171 GWs metabolite QTL (mQTL) for 159 metabolites and

40 SWs mQTL for1,040 endogenous metabolites (Fig. 3f). Comparing
ourresultsto those from ahealthy cohort?, we found high concordance
inthe effects by the sentinel single-nucleotide polymorphisms (SNPs)
of the GWs loci (R?=0.62; Fig. 3g). The lower concordance observed
with genetic variance linked to circulating metabolites, compared to
those seen with proteinand gene expression, may be attributed to the
effects of HIV or ART on metabolic processes?.

Lastly, we performed cytokine QTL (cQTL) mapping and revealed
two SWs and 13 GWs cQTL, of which 12 were not previously reported™
(Fig. 3h). The cQTL highlighted two known polymorphic regions for
immune response: the TLRI1-6-10 locus” and the HLA locus. Interest-
ingly, weidentified two cis-acting lociregulating CCL2 (MCP-1) and CCL3
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(MIP-1a) at the cytokine, gene expression and protein concentration  also influencing CCL3 at baseline, whereas the CCL2 response genetic
levels (Fig. 3i). We found co-localizations between the CCL3 response  regulationis specific to settings withimmune stimulation.

locus and the baseline CCL3 eQTL (H4 = 0.861), as well as neighboring Overall, this study provided acomprehensive genetic map detail-
genes CCL3L3 (H4 =0.995) and CCL4L2 (H4=0.996) and protein CCL4  ing gene expression, protein abundance, metabolite abundance and
(H4 =0.994).By contrast,no SNPs were associated withbaseline CCL2pro-  cytokine productionin PLHIV. Our findings reveal alargely consistent
tein abundance within the CCL2 response locus. Additionally, for pQTL  geneticregulatory pattern compared to healthy individuals as well as
in healthy individuals?, the lead SNP (rs3091321) was not significantly ~ geneticregulators influencing CCL2and CCL3 at various omics layers.
associated with CCL2 protein abundance (P=0.28) norin GTEx'swhole  This study provides a comprehensive repository of genetic effects
blood eQTL*. Thisindicates that the SNPsinfluencing CCL3responseare  across different molecular layers in PLHIV.
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Causality between circulating molecules and immune function
Immune dysfunctionincreases the risk of developing non-AIDS comor-
bidities in PLHIV. To investigate how circulating molecules causally
regulate the immune response in PLHIV, we performed Mendelian
randomization including clumped SNPs significantly associated
with the exposure (Pyscovery <1 % 107 and P, igation < 0.05; Methods). We
identified 313 genes, 55 proteins and 14 metabolites that show signifi-
cant causal association with cytokine responses upon stimulation in
PLHIV.Notably, six genes were causally linked with at least six different
cytokine stimulation pairs (Fig. 4a), with LINCO0173 showing the high-
est number of causal links with 11 different cytokine stimulation pairs.
Specifically, higher LINCO0O173 expression was associated with lower
cytokineresponses, particularly with IL-1Ra production (Fig. 4b). This
underscores the potential regulatory role of this long non-coding RNA
(IncRNA) inthe immune responses of PLHIV, consistent with previous

findings where LINCO0173 was found to be upregulated during HIV
infection and regulating multiple cytokine responses®,

We identified six circulating plasma proteins that were causally
associated with at least three cytokine stimulation pairs (Fig. 4c).
Interestingly, IL-17D was causally related to the production of two
cytokines uponHIV envelope stimulation, in which higher IL-17D con-
centration was linked withalower CCL3 and IL-1f3 production (Fig. 4d),
suggesting a modulatory potential for reducing persistent immune
activation in PLHIV. Based on Mendelian randomization analysis, two
genes (RP11-128N14.4, aIncRNA, and TRAPPC9), a metabolite and a
protein (IL-17D, described above) causally downregulate CCL3 upon
HIV envelope stimulation, whereas two genes (CAPS2 and MYLK4)
and a protein (MEGF10) upregulate CCL3 upon HIV envelope stimula-
tion (Fig. 4e). In summary, we identified multi-omic causal factors of
immune responsesin PLHIV.
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The NLRP12locus regulates the inflammasome levels in PLHIV

We investigated the genetic determinants underlying the inter-
individual variation ofidentified LFs linked with systemicinflammation
through QTL mapping. This analysis revealed four SWs loci associ-
ated with four LFs (Fig. 5a and Supplementary Data 5). The strongest
association was observed between LF6, an LF related toinflammasome

factors (Supplementary Data1l), and the NLRP12locus, a pQTL hotspot
regulating multiple proteins (Fig. 3d). Although NLRP12 was implied
asanartifactin pQTLstudies inindividuals without HIV?, our findings
demonstrateits pleiotropic effects. The missense variant rs34436714
was linked to the lead variant (R* > 0.99) and showed significant asso-
ciations with two genes, two metabolites and 292 proteins (Fig. 5¢).
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Furthermore, the G allele of rs34436714 was positively associated
with the concentration of NLRP3 inflammasome proteins and nega-
tively associated with the transcription of its genes (Fig. 5d), despite
the existing correlation between protein and gene expression levels
(Extended DataFig. 6). Metabolites associated with the NLRP12locus,
namely adenosine monophosphate (AMP) and taurine, also showed
positive associations with NLRP3 inflammasome factors at both gene
expression and protein levels (Fig. 5e and Extended Data Fig. 7). Fur-
thermore, measuring immune cell proportions showed that LF6, the
inflammasome factor regulated by NLRP12, correlated with monocyte
subpopulations (Fig. 5f), underscoring the pleiotropic effects of the
NLRPI2locus in regulating inflammation.

Thus, the NLRP12locus systemically regulates the inflammasome
pathway, which drives systemicinflammationin PLHIV and contributes
to carotid plaque formation, at different molecular layers (Fig. 5g).

Discussion

Inthis study, we characterized the molecular and genetic determinants of
inter-individual variation of virally suppressed PLHIV. We integrated five
omics layers andimmune function to identify multi-omics LFs that cap-
tured processes underlying comorbidities. We found LFs associated with
CVD, COPD, rapid progressors and carotid plaque. We mapped genetic
variationtofour distinct omics layers to dissect the genetic determinants
of molecular diversity in PLHIV, showing abroadly similar genetic regula-
tionwhen compared toindividuals without HIV. Weinspected the causal
link between circulating molecules and immune response, providing a
uniqueresource andinsightsinto potentialimmune modulatorsin PLHIV.
Lastly, we uncovered the inflammasome as akey factor driving systemic
inflammation and comorbidities in PLHIV and genetically regulated at
multiple omics layers by the NLRP12locus.

Immunomodulators have emerged as a possible therapeutic
strategy to tackle systemic inflammation and, therefore, comorbidi-
ties in virally suppressed PLHIV?~, Some of these therapies specifi-
cally target cytokines, which are known drivers of inflammation. We
subsequently assessed the influence of common genetic variants on
cytokine production. The cQTL were concordant with those found
in the general population® and provided two approaches that may
aid inimmunomodulation. The first approach is targeting genes and
proteins pinpointed by loci that regulate the immune response in
PLHIV*2, Another approach is using genetic factors to stratify those
individuals at higher risk of developing an exacerbated inflammatory
response®. Moreover, cQTL revealed two relevant loci for HIV patho-
physiology, CCL2and CCL3.CCL2, withitsimmune cell recruiting prop-
erties, has beenlinked to early seeding of the latent HIV reservoir** and
HIV-associated comorbidities, such as HIV-related dementia®. CCL3is
aligand for CCRS5, the entry co-receptor for the HIV virus*®; CCR2b, the
receptor for CCL2, is also a co-receptor for HIV?,

Building on the genetic landscape outlined by the QTL analysis,
we employed the associations found for gene expression, proteins
and metabolites to establish causal links to cytokine production using
Mendelian randomization. We causally linked LINCO0173, a IncRNA,
to atotal of 11 cytokine stimulations (across four unique cytokines) in
PLHIV.LINCOO0173is downregulated upon T cell activation through PMA
and ionomycin stimulation, leading to the upregulation of cytokines
such asIL-8, CCL3 and IFNy, whereasiit is upregulated upon HIV infec-
tion, suggesting that HIV may leverage this IncRNA to module immune
functions®. Our Mendelian randomization analysis reveals the sub-
stantial influence of LINCO0173 on different cytokines, namely IL-8,
CCL3, CCL2 and IL-1Ra, upon various stimulations, including the HIV
envelope. Furthermore, we found six significant causal links between
higher expression levels of LINCO0173 and lower IL-1Ra production.
IL-1Rais the natural antagonist of the IL-1receptor and, inits recombi-
nant form (anakinra), isused as animmunomodulatory drugin multiple
infections®. This indicates a potential regulatory role of LINCO0173
inimmune activation through modulation of IL-1signaling in PLHIV.

The NLRP3 inflammasome is a key component of atherosclero-
sis in PLHIV and the general population®. In our study, we observed
a higher abundance of inflammasome proteins in individuals with
carotid plaque. Interestingly, we found that the NLRP12locus regulates
the inflammasome. NLRP12 was previously found in protein levels
in healthy individuals but was overlooked as a potential artifact®. A
missense variant in the locus, rs34436714, was associated with the
inflammasome in multiple molecular layers. rs34436714 was associ-
ated with the NLRP3 inflammasome at the transcriptomic, proteomic
and metabolomic levels. This provides compelling evidence for the
key role of NLRP12 and its variants in regulating systemic levels of the
inflammasome. NLRP12impedes the activation of the NLRP3 inflamma-
some*’ and has been shown to attenuate inflammation in the joints by
modulating Th17 activation* and in the colon by regulating the innate
response to gut dysbiosis*>**, one of the roots of systemic inflammation
in PLHIV. Thus, further studies on the role of NLRPI12 and its missense
variant rs34436714 in PLHIV may provide more information on the
causes and possible therapies of systemic inflammation.

A limitation of the analyses presented here is the translatability
of our findings to different genetic ancestries and to both biological
sexes. Although the 2000HIV study recruited 15.2% female participants
and17.5% participants of non-European genetic ancestry™, our analy-
ses here focused on the determinants of inter-individual variation in
people of European ancestry without considering sex-specific effects.
A more tailored analysis, highlighting the sex-specific associations
and genetic regulations, may aid ina better understanding of the sex
differences in non-AIDS-related comorbidities and inflammation.
Furthermore, adding the other genetic ancestries in the study can
help to identify ancestry-specific effects on immune function and
comorbidities.

In summary, our study provides a comprehensive multi-omics
investigation of PLHIV, inspecting their genetic regulation, the deter-
minants of their immune function and the mechanisms underlying
comorbidities. We identified 21 LFs encompassing 41,036 features
across five datamodalities, and we pinpointed 17,595 loci that regulate
four data layers and 386 molecules from three data modalities that
causally modulate immune responses in PLHIV. All these results are
accessible through our web tool, as aresource of inter-individual vari-
ationin PLHIV, at https://lab-li.ciim-hannover.de/apps/hiv_xqtl_atlas.
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Methods

Participants from the 2000HIV study

The2000HIV studyisaprospective multicentric observational longitu-
dinal cohort of virally suppressed PLHIV®, Participants were recruited
from October 2019 to October 2021. The cohort included both dis-
covery and validation cohorts. Participants in the discovery cohort
were recruited from three specialized Dutch HIV treatment facilities,
two university medical centers and one large general hospital (Rad-
boudumc Nijmegen, Erasmus MC Rotterdam and OLVG Amsterdam).
Participantsin the validation cohort were recruited at a different medi-
calfacility: alarge general hospital (Elisabeth-TweeSteden Ziekenhuis
Tilburg). Inclusion criteria included HIV-1infection, age 18 years or
older, 6 months of ART and a most recent HIV-1RNA level of less than
200 copies per milliliter. Individuals with spontaneous HIV-1 control
without ART could participateif viral loads were less than10,000 cop-
ies per milliliter for at least 5 years and CD4* T cell counts were stable
(>500 cells per mm?®). Exclusion criteriaincluded no informed consent,
insufficient communication due to language barriers or other issues,
current pregnancy, detectable viral hepatitis Bor CDNA by polymerase
chainreactionor signs of any current acute infection. Extreme clinical
phenotypes, such as spontaneous ‘elite’ controllers, and rapid progres-
sorswereidentified as described previously” as well as carotid plaque
assessment using B mode ultrasound.

The 2000HIV study was approved by Independent Review Board
Nijmegen (NL68056.091.81) and published at ClinicalTrials.gov
(NCT03994835). Written informed consent was received from par-
ticipants before inclusion in the study. All experiments with human
samples were conducted following the principles of the Declaration
of Helsinki.

Multi-omics measurements

Genomics—genotyping array. DNA was extracted from each par-
ticipant’s whole blood. The Illumina Infinium Global Screening Array
was used for genotyping all participants of multiple ethnicities in the
2000HIV cohort. PLINK version 1.90b** was used to perform quality
control on raw variants and samples before imputation. The dataset
excluded genetic variants with call rate genotype missingness of more
than 5% and deviations from Hardy-Weinberg equilibrium (HWE) with
P <10°°. The HWE exact test was performed with variants stratified by
ethnicity. We excluded samples with a call rate of less than 97.5% and
heterozygosity rates that deviated more than 3 s.d. from the meanrate
per self-reported ethnicity. Genetic variants that passed quality control
were converted from GRCh37 to GRCh38 using the UCSCliftOver tool*.
Next, TOPMed Freeze 5 was used on genome build GRCh38 to align
strands to the TOPMed reference panel. We used the McCarthy group
tools foralignment (https://www.well.ox.ac.uk/~wrayner/tools/). After
quality control, 582,404 variants from 1,864 individuals were kept for
the imputation process. The filtered raw variants were uploaded to
the TOPMed Imputation server and compared to the TOPMed (version
r2 on GRCh38) reference panel. The imputed variants were filtered
using BCFtools stratified by ethnicity*®, excluding variants with low
imputation quality scores (R*< 0.3 or empirical R* < 0.7) or minor allele
frequency (MAF) <1%. This yielded 10,810,841 variants from 1,864
members of the 2000HIV multi-ancestry cohort.

The above-mentioned quality control and imputation procedure
was appliedindependently to the European ancestry discovery and vali-
dation cohorts. During quality control per marker, variants with a call
rate greater than 5%, MAF < 1% and deviation from HWE (P <107%) were
removed from the European datasets of the discovery and validation
cohorts. Samples with a call rate less than 97.5%, heterozygosity rates
that deviated over 3 s.d. from the mean and ethnic outliers identified
through principal component analysis (PCA) were removed during
quality control. Individuals were defined as ethnic outliers if their
genetic principal component 1 (PC1) and/or principal component 2
(PC2) deviated by more than 3 s.d. from the mean PC1 and/or PC2 of

the European population from the 1000 Genomes Project”. After
quality control and imputation, the imputed variants were filtered as
described above, yielding 9,148,674 and 9,130,602 SNPs from 1,003 and
257individualsinthe discovery and validation cohorts, respectively.

Afterimputation, PLINK 2.0 (ref. 48) was used to perform quality
control. Any variants failing the HWE testat P < 1 x 10"2and those with
MAF <1%and R? < 0.05 were eliminated. In total, 8,944,122 imputed SNP
variants were kept for further analysis after quality control.

Epigenomics—methylation array. A total 0f 1,914 samples underwent
DNA methylation. The Radboudumc Genetics Department isolated
DNA from EDTA whole blood using the chemagic STAR automated con-
figuration (consisting of the Microlab STAR and Chemagen Magnetic
Separation Module 1; Hamilton Robotics) combined with Chemagen
nucleic acid extraction technology with magnetic polyvinyl alcohol
(M-PVA) beads, which follows a standard and automated bind-wash-
elute protocol. ANanoDrop spectrophotometer was used to determine
the DNA concentration and 260/280-nm ratio. Samples were then
normalized to 50 ng pl™in TE buffer and randomly distributed among
plates. The lllumina Infinium MethylationEPIC BeadChip array was used
to profile DNA methylation across the genome. Standard sample-based
and probe-based quality control was carried out. DNA methylation
values were estimated from raw IDAT files using R’s ‘minfi’ package
(version 4.2.0). Preprocessing steps eliminated two sex mismatch
samples fromthe discovery cohortand one low-quality sample fromthe
validation cohort (call rate <99%). Probes (discovery: n = 2,743 and vali-
dation: n=2,641) with missing methylation values (detection P> 0.01)
inmore than10% of samples, as well as probes on the sex chromosome
(n=19,627), were excluded from the downstream analysis. Because the
participants are European, we also removed probes containing SNPs
at target CpG sites with MAF > 5% in European populations as well as
probes that mapped to multiple loci (both discovery and validation:
n=>52,173). Next, we applied stratified quantile normalization. Meth-
ylation S-values were calculated as a percentage: =M/ (M + U +100),
where Mand Urepresent methylated and unmethylated signal intensi-
ties, respectively. The -values were then transformed to M-values as
log,(8/ (1-p)), and M-values were used in all subsequent analyses.

Transcriptomics—RNA sequencing. For transcriptomics analysis,
PBMCs were sequenced in bulk using short-read sequencing with
current lllumina technology (>30 million reads per sample). STAR
alignment was used to map the sequencing reads to the most recent
version of the humanreference genome NCBI build 38. Gene expression
was estimated using the HTSeqCount function from DESeq2 with the
most recent Ensembl gene annotation. The DESeq2 pipeline is used
to process raw counts by applying rlog transformation, normaliza-
tion and exclusion of low abundant transcripts. Further details on the
quality control of the transcriptomics data can be found in the paper
describing the cohort®.

Proteomics—Olink platform. Circulating plasma protein expression
was measured using a commercially available multiplex proximity
extension assay (PEA) from Olink Proteomics AB in three batches.
Thisstudy used the entire library (Olink Explore 3072), whichincluded
3,072 targeted proteins organized into eight 384-plex panels focus-
ing oninflammatory, oncological, cardiometabolic and neurological
proteins. Protein measurements were delivered as normalized protein
expression (NPX) values following a quality control and normalization
process developed and provided by Olink. NPX values are derived by
subtracting the extension control and the plate values from Cq values.
A correction factor is applied to shift the scale, and all values are
reportedinthelog,scale. Bridging normalization was used to remove
batch effects in each of the eight panels from the Olink Explore 3072
platform, and IL-6, TNF, CXCL8, LMOD1, SCRIB and IDO1 were meas-
ured as technical duplicates for quality control purposes. Strong
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correlations were observed between the technical duplicates among
panels, and, therefore, we selected the measurements from the inflam-
matory panel. Next, we excluded proteins with limit of detection
(LOD) =25 of the samples (n = 547 proteins were excluded), resulting
in 2,367 proteins for follow-up analysis. Next, during quality control
persample, we performed PCA using the NPX. Outliers were defined as
those samples falling above or below 4 s.d. from the mean of PC1and/
or PC2. In total, seven samples were excluded based on PCA, result-
ing in 1,910 samples analyzed. After this, samples from individuals of
European genetic ancestry were selected for this analysis.

Metabolomics—mass spectrometry. The abundance of 1,720 cir-
culated metabolites in 1,902 serum samples was determined using
General Metabolics’ untargeted metabolic platform. Untargeted
metabolome profiling was carried out on plasma samples using flow
injection electrospray time-of-flight mass spectrometry, as described
previously, in collaboration with General Metabolics*’. Metabolites
were identified based on the mass-to-charge ratio (ion m/z). Prior to
analysis, the raw metabolome data were averaged and normalized to
remove duplicate peakintensity using amoving median normalization.
PCA was then used to identify potential outlier samples. Metabolites
were annotated and classified according to the metabolomic source
(endogenous, food or drug) and chemical taxonomy using publicly
available data from the Human Metabolome Database (HMDB)**.
According to the HMDB, 851 of the 1,720 metabolites were identified
asendogenous and were used for further analysis.

Cytokine production assay. PBMCs were stimulated with a range of
whole (inactivated) pathogens, pattern recognition receptor ligands,
other pathogen-derived antigens and viral stimuli to quantify the
capacity for cytokine production. Round-bottom 96-well plates
(Greiner Bio-One) containing 500,000 cells per well were used for the
stimulations, which were carried out for either 24 hours at 37 °C and
5% CO, or 7 days (with 10% human pool serum added). Supernatants
were gathered and kept at —20 °C until ELISA was used to measure the
relevant cytokines. Specifically for the 24-hour stimulations, the stimu-
lants usedincluded polyI:C, LPS, imiquimod, IL-1a, HIV viral envelope,
CMV and S. pneumoniae, and the cytokines measured included IL-1B,
IL-1Ra, IL-6, IL-8, IL-10, MCP-1, MIP-1a and TNF. For the 7-day stimula-
tions, the stimulants used included E. coli, S. aureus, S. pneumoniae,
M. tuberculosis, C. albicans (conidia), C. albicans (hyphae) and PHA,
and the cytokines measured included IL-5, IL-10, IL-17, IL-22 and IFNy.
A detailed explanation of the concentrations, manufacturers and
strains can be found in the cohort publication.

Data processing was as follows. For the 24-hour experiment, sam-
plesfrom1,742 participants were measured, of which 42 samples were
excluded for being RPMI positive, defined as having concentrations of
above 2x the lower limit of detection (LLOD) after RPMI stimulation
in two out of TNF, IL-1b or IL-6. Outliers on PCA were defined as those
with +4 s.d. away from the mean of PC1 and/or PC2 (n =13). Data from
1,687 participants were used in downstream analysis. For the 7-day
experiment, samples from1,744 participants were measured, of which
42 samples were excluded for being RPMI positive, and 20 outliers on
PCAwere removed as inthe 24-hour experiments. Datafrom a total of
1,682 participants were used in downstream analysis. For the current
analyses, only data from participants of European genetic ancestry
were used.

Cell count. Whole blood samples were immunophenotyped using
three flow cytometry panels, each with 17-20 markers, and custom-
made tubes containing dry antibodies from DURA Innovations Tech-
nology (Beckman Coulter). Cells were collected in a21-color, six-laser
CytoFLEX-LX (Beckman Coulter) with CytExpert software 2.3. Daily
instrument quality control and standardization were carried out
with CytoFLEX Daily QC Fluorospheres (Beckman Coulter, cat. no.

B53230), CytoFLEX Daily IR QC Fluorosphere Beads (Beckman Coulter,
cat. no. C06147) and SPHERO Rainbow Calibration Particles, 6 peaks
(Spherotech, cat. no. RCP-30-5A-6). The data analysis was performed
using Kaluza version 2.1.2 and Cytobank Platform version 9.0
(Beckman Coulter).

Multi-omics integration

Alldata modalities except genomics, namely epigenomics, transcrip-
tomics, proteomics, metabolomics and cytokine production, were
integrated by applying MOFA™. Each modality was preprocessed inde-
pendently, and transcriptomics, metabolomics and cytokine produc-
tiondatawere lognormalized. Toreduce the number of featuresinthe
epigenomics data (DNA methylation), the top 20,000 CpG probes with
higher variance were selected. Each modality was corrected for age, sex
andtheinstitutein which the samples were collected by extracting the
residuals of alinear model. Only samples with all modalities available
inthe discovery cohort were included. MOFA was run by applying the
R function ‘run_mofa’ with default parameters, 30 factors and view
scaling. Factors that correlated with the average of all features inany of
the modalities with an absolute correlation above 0.6 were considered
technicalartifacts and were discarded for interpretation. Only factors
that explained more than1% of the variance across all modalities were
considered for interpretation. This resulted ina total of 21 LFs.

Association between LFs and other variables

The 21 LFs identified by running MOFA were tested for association
with theimmunological data, covariates and clinical variables present
inthe study.

Toassociate withIL-1B levels, normalized and scaled protein, gene
expression and cytokine values were used. A cytokine ‘IL-13 score’ was
calculated by averaging IL-1B production among all 24-hour stimula-
tions. Each of these three values was correlated to each of the 21 LFs
using Pearson’s correlation, and the significance of the correlation was
assessed by applying FDR correction. The inter-correlation between
IL-1B scores was also calculated using Pearson’s correlation (Extended
DataFig. 8), including a measure of gene expression to protein levels
ratio by calculating the difference between the normalized IL-1j3 levels
between both.

Alistof variables was assessed to associate LFs with covariates and
clinical variables (Supplementary Data 2 and 3). Binary variables—for
example, biological sex—were tested using the Wilcoxon rank-sum
test. Categorical variables with more than two categories were tested
by applying the Kruskal-Wallis test. Continuous variables were tested
using Pearson’s correlation. All P values resulting from the multiple
tests were corrected by applying FDR correction. The sign of the asso-
ciation was defined differently depending on the variable type: for
binary variables, it was defined as the difference in the median between
groups; for continuous variables, as the correlation sign; and for vari-
ables with multiple categories it was left as positive for visualization
purposes.

Molecular profiling of the multi-omic LFs
For each of the LFs, a ‘molecular profile’ was constructed to interpret
the biological functions that it is capturing.

A set of features with significant weights was extracted for each
factor and data modality. These significant weights were defined by
standardizing the feature weights per factor and extracting features
whose weight corresponded to a probability of 1% of having more
extreme values, assuming a standard normal distribution.

Factors were tested for enrichment in different categories by
running MOFA2’s R function ‘run_enrichment’, which is based on the
principal component gene set enrichment method. Methylation, gene
expression and protein weights were tested for enrichment against the
gene sets defined by blood transcriptome modules®. Cytokine profile
measures were tested for enrichment based on groupings made at the
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time of stimulation, the stimulant applied and the cytokine measured.
All enrichments were run per sign—that is, separately for features
with positive and negative weights—and with a minimum size of the
feature set of 5.

Multi-omic factor validation

AlILFs estimated by running MOFA in the discovery cohort were inter-
polated tothe validation cohort. Alldata were normalized following the
same stepsasinthediscovery cohort except for the correction for the
institute of collection, as the validation cohort only includes samples
that were collected in a different institute. Features with significant
weights, as defined in the ‘Molecular profiling of the multi-omic LFs’
subsection, were extracted and used for the validation cohort, as this
may reduce data overfitting. Factors were calculated by performing
matrix multiplication between the preprocessed data and the sig-
nificant weights. To test for the robustness of this method, the same
approach was performed on the discovery cohort showing sufficient
correlation (Extended DataFig. 9).

QTL mapping

Using both the discovery and validation cohorts, we performed QTL
mapping for gene expression (ng,. =1,048, n,, = 260), protein levels
(ngis. =1,064, n,, = 266) and metabolite levels (ny,. =1,069, n,, = 267).
For cytokine response QTL, each cytokine stimulation pair encom-
passed a different number of samples, ranging from 196 to 1,031 for
the discovery cohortand from41to 260 for the validation cohort. We
mapped the inverse-rank transformed values baseline omics (gene
expression, proteins and metabolites) as well as cytokine response to
the genotype data using a linear model that included age, sex, body
mass index (BMI), seasonality, inclusion before the COVID pandemic,
COVID vaccination and recruitment center. A sine and cosine wave
with a period of 365.25 days was used to model seasonality. When
combined, these two terms can create asine wave with any phaseand a
yearly frequency*’. QTL mapping was performed using the MatrixEQTL
package®. Co-localization analyses were performed using the coloc R
package’®*. We calculated study-wide Pvalues by dividing GWs (5 x 1078)
by the number of effective tests. The number of effective tests was
calculated following the formula described by Li et al.”*, which takes
into account the correlation matrix of the measurements.

For the comparison of the eQTL, pQTLand mQTLinthe discovery
cohort of PLHIV as opposed to healthy people, we used the public QTL
databases GTEx” and UKB-PPP* as well as the mQTL from a healthy
cohort?. We took the lead SNPs for all the GWs loci and looked for the
same combination of SNP to trait in the corresponding full summary
statistics, regardless of the significance of the association in the healthy
cohort. We then estimated the concordance by considering the direc-
tion of effects as well as the correlation of the effects.

Mendelian randomization

A systematic Mendelian randomization analysis was done using the R
package TwoSampleMR*¢, with the inverse-variance weighted (IVW)
method” being the primary approach. For each exposure (gene expres-
sion, protein levels and metabolite levels), genetic instruments were
carefully selected to ensure adherence to the assumptions. First, they
were strongly associated (P <1x107) with the exposure in the discov-
ery cohort. They were then further validated, excluding any SNPs not
nominal significant in the validation cohort. SNPs with MAF < 0.05
were filtered out. Lastly, SNPs associated with more than four other
traits within the same exposure were considered too pleiotropic and
were excluded. Next, stringent clumping was performed (r*=0.001,
kb =10,000) toensureindependent SNPs. Only ifthere were still at least
three SNPs remaining, Mendelian randomization was performed. For
Mendelian randomization with significant IVW (P < 0.05), sensitivity
analyses were performed—horizontal pleiotropy, heterogeneity and
leave-one-out. We performed the same Mendelian randomization in

the other directions (bidirectional), and any results that had anominal
significant IVW result in the other direction, while also passing all the
sensitivity checks, were excluded.

Inflammasome score calculation

To estimate the activity of the inflammasome complex at both tran-
scriptional and proteomic levels, a score was calculated per sample.
For each sample, the inflammasome score was defined as the average
of expression of allgenesin the gene set using the covariate corrected
values. The following gene sets were extracted from the Molecular
Signatures Database (https:/www.gsea-msigdb.org/gsea):

* GOBP_POSITIVE_REGULATION_OF_INFLAMMASOME_MEDIATED_
SIGNALING_PATHWAY.v2023.2.Hs

* REACTOME_INFLAMMASOMES.v2023.2.Hs

* GOCC CANONICAL_INFLAMMASOME_COMPLEX.v2023.2.Hs

* REACTOME_THE_NLRP3 INFLAMMASOME.v2023.2.Hs

* GOCC_NLRP3_ INFLAMMASOME_COMPLEX.v2023.2.Hs

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

Data availability
AllrawdataaredepositedintheRadboudDataRepository (https://doi.org/
10.34973/p96d-kz55). Summary statistics for QTL mapping and
Mendelian randomization are available at https://lab-li.ciim-hannover.
de/apps/hiv_xqtl_atlas.

Code availability
All code used for this study is available at https://github.com/
CiiM-Bioinformatics-group/HIV-integration.
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Extended Data Fig. 6 | Inflammasome scores in gene expression in PBMCs and protein abundance in Plasma. a, Spearman correlation for scores between gene
expression and protein abundance. Calculated based on four different gene sets: Gene Ontology (GO) biological processes (BP), GO cellular component (CC) and
Reactome. b, Association of rs34436714 with the four different gene sets.
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Extended DataFig. 7 | Correlation between the inflammasome score in gene expressionin PBMCs and protein abundance in plasma and plasma metabolite
abundances of AMP and Taurine. Spearman correlation.
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Extended Data Fig. 8| Multi-omics IL-18 scores. a, Distribution of IL-13 scores across three data layers. b-e, Spearman correlation of the IL-1§ scores between each pair
of datalayers.
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Extended Data Fig. 9| Spearman correlation between factor values computed by MOFA and the values interpolated by multiplying the significant feature

weights by the feature values.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
IZ The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

000 0 O00000%

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software was used for data collection

Data analysis PLINK v1.90, PLINK2 v2.00, snakemake 7.24, topr 2.0.2, MatrixEQTL 2.3, liftOver v2, TOPMed Imputation server (r2), minfi v4.2, DESeq2 1.36,
MOFA2 v1.9.2, coloc v5.1, TwoSampleMR 0.5.6, CytExpert 2.3, Kaluza 2.1.2, Cytobank Platform V9.0
All code available at https://github.com/CiiM-Bioinformatics-group/HIV-integration

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The transcriptome and genotype data arAll raw data is deposited on the Radboud Data Repository (10.34973/p96d-kz55)
Summary statistics for QTL mapping and Mendelian Randomisation are available at https://lab-li.ciim-hannover.de/apps/hiv_xgtl_atlas.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Throughout the manuscript we refer to the biological sex of the participants, as collected by self-reported questionnaires and
confirmed with genotyping data. Further information on the 2000HIV study can be found in the original publication (Vos et
al., Front. Immunol. 2022).

Reporting on race, ethnicity, or | The participants included were part of the 2000HIV study. Only participants of self-reported and genetically confirmed

other socially relevant European genetic ancestry were included to mitigate the effect of population stratification on genetic associations. Further
groupings information on the 2000HIV study can be found in the original publication (Vos et al., Front. Immunol. 2022).
Population characteristics The participants in the study are virally suppressed people living with HIV in the Netherlands. A detailed description of the

cohort can be found in Vos et al., Front. Immunol. 2022. The cohort has a 89% of male participants and a median age of 54
years, and has been living with HIV a median of more than 10 years.

Recruitment Participants were recruited from October 2019 until October 2021. The 2000HIV study is made up of the discovery cohort
and the validation cohort. Participants in the discovery cohort were recruited in three specialized Dutch HIV treatment
centers, two university medical centers and one large general hospital (Radboudumc Nijmegen, Erasmus MC Rotterdam, and
OLVG Amsterdam). Participants in the validation cohort were recruited in a separate medical center, a large general hospital
(Elisabeth-TweeSteden Ziekenhuis Tilburg). Further information on the 2000HIV study can be found in the original publication
(Vos et al., Front. Immunol. 2022).

Ethics oversight The 2000HIV study protocol was approved by an accredited medical research ethics committee, the Independent Review
Board Nijmegen (NL68056.091.81) and published at clinicaltrials.gov (ID: NCT03994835). Written informed consent was
received from participants prior to inclusion in the study. All experiments with human samples were conducted according to
the principles expressed in the Declaration of Helsinki.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Earlier studies in the Human Functional Genomics Project provided insights on the role of genetic and environmental factors in inter-
individual differences in immune function. Cohorts of 250 to 500 individuals, matched with patient-specific cohorts aided in understanding
the diversity in immune responses. In People Living with HIV, a prior study with 200 individuals led to the identification of relevant pathways
and markers in this group, as well as targeted genetic and omics factors. In the 2000HIV study, increasing the sample size significantly will
allow to identify more robust associations and relevant markers, also allowing to increase the dimensionality of the data to measure a broad
number of omics readouts.

Data exclusions  Exclusion criteria were: no informed consent, insufficient communication because of language barriers or other problems, current pregnancy,
detectable viral hepatitis B or C DNA by polymerase chain reaction (PCR) or signs of any current acute infection

Replication A validation cohort was recruited in a different recruitment location, already described in "Recruitment". All relevant multi-omic factors were
tested for replication in the validation cohort. In Mendelian Randomisation estimates, the genetic variants used were tested for replication in
the validation cohort.
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Randomization  The 2000HIV study is an observational and longitudinal study, therefore, randomisation was not necessary.

Blinding No randomization was performed and therefore no blinding was necessary.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChIP-seq

Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging
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Clinical data

Policy information about clinical studies

All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  clinicaltrials.gov, ID: NCT03994835
Study protocol A full study protocol can be found in Vos et al., Front. Immunol. 2022.

Data collection Participants were recruited from October 2019 until October 2021. The 2000HIV study is made up of the discovery cohort and the
validation cohort. Participants in the discovery cohort were recruited in three specialized Dutch HIV treatment centers, two university
medical centers and one large general hospital (Radboudumc Nijmegen, Erasmus MC Rotterdam, and OLVG Amsterdam). Participants
in the validation cohort were recruited in a separate medical center, a large general hospital (Elisabeth-TweeSteden Ziekenhuis
Tilburg). Further information on the 2000HIV study can be found in the original publication (Vos et al., Front. Immunol. 2022).

Outcomes Primary Objectives

Identify a set of candidate biomarkers that correlate with particular non-AlDS-related comorbidities Unravel biological processes
associated with extreme HIV clinical phenotypes.

Find therapeutic targets to identify novel assets or for repurposing of clinical phase assets from other disease areas for HIV.
Secondary Objectives

Evaluate potential relationship of host/immune profiles on efficacy, safety, and tolerability of standard care regimens. Evaluate the
contribution of age, sex, and genetics in host-immune profiles that are:

distinct to HIV infection relative to controls in other cohorts;
associated with non-AlDS-related comorbidities in HIV infection relative to non-HIV chronic disease.

In the current manuscript we evaluated the first primary objective by identifying biomarkers using multi-omics factor analysis and
Mendelian Randomisation, and the first secondary objective by assessing whether the genetic regulation of omics measurements and
immune function correlated with those found in individuals without HIV.
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Seed stocks n/a

Novel plant genotypes  n/a
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