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Individuals of African ancestry remain largely underrepresented in

genetic and proteomic studies. Here we measure the levels of 2,873
proteinsin plasmasamples from 163 individuals with type 2 diabetes

(T2D) or prediabetes and 362 normoglycemic controls from the Ugandan
population. We identify 88 differentially expressed proteins between the
two groups. We link genome-wide data to protein expression levels and
construct a protein quantitative trait locus (pQTL) map for this population.
Weidentify 399 independent associations with 346 (86.7%) cis-pQTLs and
53(13.3%) trans-pQTLs; 16.7% of the cis-pQTLs and all of the trans-pQTLs
have not been previously reported inindividuals of African ancestry. Of
these, 37 pQTLs have not been previously reported in any population. We
find evidence for colocalization between a pQTL and T2D genetic risk. Our
findings reveal proteins causally implicated in the pathogenesis of T2D,
which may be leveraged for personalized medicine tailored to individuals of

African ancestry.

Type 2 diabetes (T2D) is becoming a major public health concernin
Africa, congruent with the complexinterplay of genetic, environmental
and socioeconomic factors' . According to the International Diabetes
Federation, itis predicted that, globally, people with T2D will rise by 51%,
reaching 700.2 million by 2045 from 463 millionin 2019*. A substantial
increase of 143% is anticipated in Africa, with numbers expected to
rise from19.4 million in 2019 to 47.1 million in 2045*. Hemoglobin Alc
(HbAIc), also known as glycated hemoglobin®, provides an estimate
ofthe blood sugar level over a period of 2-3 months by measuring the
percentage of hemoglobin with attached glucose®’. An HbAlc level of

6.5% or higher on two separate tests typically indicates diabetes. Levels
between 5.7% and 6.4% suggest prediabetes, and values below 5.7%
are considered normal®. Combining proteomic and genomic data for
blood-based protein quantitative trait loci (pQTLs) has identified hun-
dreds of associations between genetic variants and protein levels’ . A
fraction of individuals with African ancestry in the diaspora has been
studied in proteomics studies to date'*", with continental Africans
largely underrepresented.

To address this, we measured 2,873 proteins using the Olink PEA
Explore assayinthe plasmasamples of 163 individuals with prediabetes
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or T2D (cases) (defined as HbAlc > 5.7%) and 362 normoglycemic con-
trols (defined as HbAlc < 5.7%) (Table 1) from a subset of the Uganda
Genomeresource, hereafter referred to as Uganda Genome Resource
Proteomics Data (UGR-PD). We performed differential protein expres-
sionanalysis between the two groups and carried out proteomic genetic
association analysis to identify sequence variants influencing protein
levels. We subsequently examined the role of the identified pQTLs in
T2D using colocalization and Mendelian randomization (MR) analyses.

First, we studied the association between protein levels and cardio-
metabolic traits measured in the UGR-PD (Supplementary Table 1). A
total of 208 proteins were associated with HbAlc, 42 with high-density
lipoprotein (HDL) and 46 with low-density lipoprotein (LDL) at a false
discovery rate (FDR) of 5% (Fig. 1). Some of the associations, such as
ERCCI found to be associated with HbAlc (P, = 6.77 x107) and HDL
(P,;;=1.91x107%), have been shown to affect glucose intolerance in
a progeroid-deficient animal model causing an autoinflammatory
response that leads to fat loss and insulin resistance®.

Next, we sought to identify differentially expressed protein (DEP)
levels between cases and controls. DEPs were defined based ona twofold
change (log,(fold change) > 0.5) in expression levels at an FDR of 5%.
This led to the identification of 88 DEPs. Among these, 57 were signifi-
cantly upregulated, with log, fold changes ranging from 0.50 to 1.18,
while 31 proteins were downregulated with log, fold changes between
-0.51and -1.17 (Fig. 2a and Supplementary Table 2). EGF-like repeats
anddiscoidin I-like domains 3 (EDIL3), associated with processes such
as cell adhesion, migration and vascular development, showed the
mostsignificant upregulation with P,; 1.2 x 10™°. EDIL3 is differentially
expressedinthe adiposetissue of insulin-resistant and insulin-sensitive
individuals'®”, and is involved in angiogenesis'®?°. Impaired angio-
genesis has been implicated in the progression of diabetic retinopa-
thy and nephropathy”-**. The DEPs were primarily enriched in Gene
Ontology terms such as chemokine receptor binding and chemokine
and cytokine activity (Supplementary Table 3). We further compared
cases and controls withregard to adipokines, biomarkers of obesity and
proteins linked to pancreatic function before and after adjusting for
obesity to disentangle obesity-driven signals from those independently
associated with diseases status (Fig. 2b). In cases of the unadjusted
model, leptin (LEP) was significantly upregulated compared to controls
(log(fold change) = 0.759, P,;= 1.62 x 107). C-X-C motif chemokine
ligand 5 (CXCL5) showed the highest upregulation in cases (log(fold
change) =1.056, P,;; =1.76 x 107). Resistin and interleukin-18 were
significantly downregulated in cases compared to controls (log(fold
change) P,4;=-0.292, 8.51x 10~ and -0.367, and 5.89 x10™*, respec-
tively). Additionally, angiopoietin-like protein 2 was elevated in cases
(log(fold change) = 0.426, P, ;= 0.00153), while inflammatory markers
such astumor necrosis factor and interleukin-6 showed nonsignificant
expression level differences between cases and controls. However, upon
adjusting for obesity, CXCL5 and LEP were attenuated indicating that
their expressions may be mediated by obesity (Fig. 2b).

The comparison of significant DEPs in UGR-PD with the same set
of proteins in the UK Biobank Pharma Proteomics Project (UKB-PPP)
using the T2D definition described in ref. 23 (1,5 r20) = 2,461 and
Neonrots = 50,553) showed some population-specific differences (log(fold
change)).Forinstance, proteins such as apolipoprotein F (APOF), tumor
necrosis factor superfamily member 12 and lipoprotein lipase (LPL)
are significantly upregulated in patients with T2D compared to con-
trols in the UGR-PD but not in the UKB-PPP. lysophosphatidylcholine
acyltransferase 2 and interleukin-8 are more strongly downregulated
in patients with T2D compared to controls in the UGR-PD. Proteins
such as prolylcarboxypeptidase, LEP, EDIL3 and apolipoprotein A-1IV
(APOA4) showed the same trend of expression between patients with
T2D and controls in the two populations (Fig. 2c).

Among the significant DEPs in the UGR-PD, eight have
T2D-associated genome-wide association study (GWAS) hits within
40 kb (Table 2), although none of the significant DEPs showed evidence

Table 1] Clinical characteristics of the study participants

Cases Controls
Number of participants, n (%) 163 (31.05) 362 (68.95)
Age (years), meants.d. 49.82+18.5 50.39+17.76
Male, n (%) 47 (28.83) 139 (38.40)
Female, n (%) 16 (7117) 223 (61.60)
BMI, kgm™ 23.4 221
HbA1lc, % 6.46+1.24 5.13+0.48

BMI, body mass index.

of colocalization with T2D. The association of these proteins with T2D
and the nearby GWAS signals strengthens the hypothesis that these
proteins could have a causal or mediatory rolein the pathophysiology
of T2D in this population.

After quality control, we undertook pQTL analysis with up
to 15.8 million imputed variants with a minor allele frequency
(MAF) > 0.05 for 2,873 proteins. We identified 399 independent
associations after multiple testing correction at P value thresholds
of P<1.46 x107®and P <2.2x107° for cis- and trans-pQTLs, respec-
tively (Supplementary Table 4). We identified 346 (86.7%) cis-pQTLs
and 53 (13.3%) trans-pQTLs. Seven proteins had both cis-pQTLs and
trans-pQTLs. We also identified four trans-pQTLs located within a
pleiotropiclocus.

To determine the uniqueness of the pQTLs identified in the
UGR-PD, we compared them against the pQTLs of 47 genome-wide
pQTL studies (Supplementary Table 5). We identified six independ-
ent cis-pQTLs and 31 independent trans-pQTLs that were not pre-
viously reported in any population (Supplementary Table 6), and
362 pQTLs reported in prior studies (Supplementary Table 7). We
compared our pQTL findings against the African ancestry data of
the UKB-PPP and found that 16.7% (58 of 346) of the discovered
cis-pQTLs and all trans-pQTLs have not been reported previously
(Supplementary Table 8). We tested the conditionally independent
UGR-PD pQTLs for replication in the UKB-PPP. Of the 399 pQTLs, we
were able to test 392 in the UKB-PPP data. Of these, 303 replicated at
P<1.2x107* (Bonferroni-corrected threshold) and 270 also had the
same effect estimate direction (Supplementary Table 9).

We examined the relevance of the previously identified pQTLs
with T2D and associated risk factors, such as lipid traits, blood
pressure and cardiovascular disease, by cross-referencing with the
GWAS Catalog and ref. 24. Of the 362 previously identified pQTLs
(Supplementary Table 7), six were associated with T2D or T2D-related
traits (Supplementary Table 10).

One hundred and fifty-one identified pQTLs overlapped or
fell within a 500-kb window of T2D-associated GWAS variants
(Supplementary Table 11). Only one of these pQTLs (rs6075339)
colocalized with a T2D signal. rs901886 (ICAMS5) located on chromo-
some 9 overlapped with multiple T2D-associated variants, including
rs74956615 and rs34536443, which have been implicated in immune
regulation and inflammation®?®, processes known to contribute to
T2D pathophysiology. rs62068711 (DPEP1) on chromosome 16 also
overlaps with rs12920022, a variant previously linked to T2D risk”,
suggesting a potential role of dipeptidase-related pathwaysin glucose
metabolism. Furthermore, a pleiotropic pQTL, rs532436, identified
near SELE, IL-7R and ALPI in our study is also associated with a GWAS
hit (rs529565) for ABO protein levels?®. The association of rs532436
with multiple proteins (for example, ABO, SELE, IL-7R) suggests that
this variant may affect upstream regulatory mechanisms (for example,
transcription factor binding, chromatinaccessibility) influencing the
expression of multiple genes (Fig. 3).

Next, we performed colocalization analysis to determine
the shared risk variants between pQTLs and T2D using a large
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Fig. 1| Association of protein levels with clinical traits. The y axis represents the
association’s FDR-adjusted —log,,(P); the x axis of each plot represents the effect
size estimated using linear regression. The horizontal red dashed line indicates

the multiple testing adjusted significance threshold with associations above the
line considered statistically significant. GGT, gamma-glutamyl transferase; SBP,
systolic blood pressure.

multi-ancestry GWAS?. We found one colocalizing signal with strong
evidence for a shared T2D risk variant. Specifically, we observed
a posterior probability (PP4 = 95.5%) for colocalization between a
T2D-associated variantand apQTL (rs6075339) regulating the expres-
sion of the signal regulatory protein alpha (SIRP«) protein (Fig. 4a,b).
Genetic studies have implicated SIRP signaling in diabetes pathogen-
esis. For example, asingle-nucleotide polymorphismin human SIRPy,
encoding a SIRP family receptor that also binds CD47, was associated
with type 1diabetes™.

We undertook an MR analysis to examine the causal relationship
betweentheidentified cis-pQTLs and T2D. We found 18 proteinsto be
causally associated with T2D. Our MR results showed that genetically
increased angiotensin-converting enzyme (ACE), CA13, MLN, SERPINAS
and WFIKKN1 levels were associated with anincreased risk of T2D. Pro-
teinssuchas ADHIB, CNTN2, COMT, CPM, GHR,ICAMS5 and ILR6 showed
a protective effect on T2D risk (Fig. 4c and Supplementary Table 12).
ACEisanessential component of the renin-angiotensin system and it
hasacrucial roleinthe development of insulin resistance®. By increas-
ing insulin sensitivity and decreasing inflammation, ACE inhibitors,
which are frequently used to treat hypertension, have been demon-
strated in clinical studies and meta-analyses to lower the incidence of
new-onset T2D in people at high risk*’. the COMT variant rs4680 is asso-
ciated withlower HbAlc and protection from T2D*. This corroborates
our MR findings where the COMT pQTL rs4680 showed a protective
effectagainst T2D. While no other significant pQTLs identified through

MRwere directly associated with T2D, several proteins (TFPI, LTA, GHR
and ADHIB) encoded by genes within which these pQTLs reside have
beenlinked to T2D or T2D-related traits (Supplementary Table 13).

Inline withits established functionin blood pressure regulation,

the pQTL rs4363 showed significant associations with cardiovascu-
lar traits in the phenome-wide association study (PheWAS), such as
high blood pressure and hypertension. Furthermore, its associations
with Alzheimer’s disease (neurological domain) and T2D (metabolic
domain)indicate wider in metabolic and neurodegenerative processes.
It also showed some significant associations with anthropometric
traits, such as height and standing height. rs3213739 exhibited signifi-
cant associations with the waist-hip ratio (anthropometric domain)
and the resting heart rate and pulse rate (cardiovascular domain),
highlighting its role in body composition and metabolism (Fig. 4d,e
and Supplementary Table 14).

Lastly, we assembled a list of 1,804 postulated effector genes
for T2D from nine GWAS studies. If a gene coding for any of the pro-
teins associated with the identified pQTLs in our study was found in
the curated list, we defined such gene/protein as reported; if not, we
classified them as previously unresolved. We identified 320 proteins
previously unresolved as potentially linked to effector genes for T2D
based on these GWAS signals (Supplementary Table 15).

Our work takes a first step toward addressing the under-
representation of continental African individuals in genetics and
proteomics studies. Thus, we were able to delineate the molecular

Nature Genetics | Volume 58 | January 2026 | 39-46

1


http://www.nature.com/naturegenetics
https://www.ncbi.nlm.nih.gov/snp/?term=rs6075339
https://www.ncbi.nlm.nih.gov/snp/?term=rs4680
https://www.ncbi.nlm.nih.gov/snp/?term=rs4680
https://www.ncbi.nlm.nih.gov/snp/?term=rs4363
https://www.ncbi.nlm.nih.gov/snp/?term=rs3213739

Letter

https://doi.org/10.1038/s41588-025-02421-w

a
15 o
L4 L]
.
o
10 H ..' (1]
= ° e .
o o .
o L ]
e ° o HE
g : G
I 3
5 . .3 s ,'1.; o
Joe .3,
. L 3.
o e,
................. SHNNR AW ° _______________.
04
T T T T T
-2 -1 0 1 2
log,(fold change)
[
o
o CXCL5
o 1.0+ °
< ccL27
S
°
kel
3 ccLi3 CESS
% ‘ C.XCLB
2 08
o
o
@
[O) CCN1
= ®
CXCL13
°
0.6 >
EDIL3
CCN4g
T T T
-0.2 0] 0.2

UKB-PPP log(fold change)

Fig. 2| Proteomic profiling identifies differentially expressed proteins
linked to type 2 diabetes. a, Volcano plot showing DEPs, with significantly
overexpressed proteins annotated in red and downregulated proteins in blue,
using alinear model implemented in limma. The black horizontal dashed line
represents the -log,,(FDR) cutoff corresponding to a 5% false discovery rate.
b, Comparison of cases and controls with regard to adipokines and other

b Protein log(fold change)
Unadjusted Obesity-adjusted
ocs| |
we [ I
aveeriz | [N |
FABP4 -| [ | |
o CCL2- [ | |
g Rers [ | | B Downregulated
& NAMPT 4 I M Upregulated

IL-6 -
TNF -
LCN2 -

\
I |
[ | 1
retn - [

IL18 |

T T T T T
0.8 -04 0 0.4 0.8

T T
-0.4 (0] 0.4

log(fold change)

proteins that are biomarkers of obesity and central adiposity before and after
adjusting for obesity. The log(fold change), a measure of protein expression
changes between patients with T2D and controls, was calculated as the base-2
logarithm of the ratio of the mean expression in patients with T2D to the mean
expression in controls. ¢, Scatter plot of the comparison of the top significant
DEPs with UGR-PD on the y axis and UKB-PPP on the x axis.

Table 2 | Significant DEPs with a T2D GWAS hit within 40kb
of the transcription site of the gene encoding the protein

Protein GWAS hit GWAS hit (reported gene) Distance (kb)
LEP 7128223242 LEP,MIR129-1 19

CCN4 8:133184606 TG,CCN4 6

FARSA 19:12927601 FARSA 5

NMI 2:151310003 TNFAIP6,NMI 40

APOA4 11:116809702 LNC-RHL1,APOA5 n

IGFBP6 12:53083566 SPRYDS,IGFBP6 14

APOF 12:56347444 STAT2 13

LPL 8:19922799 LPL 21

landscape of 2,873 unique proteins in a context that might be piv-
otal to understanding drivers of T2D pathophysiology, identified 58
African-ancestry-specific cis-pQTLs that have notbeenreported previ-
ously andidentified 18 proteins that are causally associated with T2D.
The generalizability of these findings may be limited to the continent
because the population was drawn from a single demographic group
within Africa. Hence, thereis aneed toinclude more ancestrally diverse
populationsin future studies.

In this study, we used the Olink targeted proteomic assay, which
hassome limitations; for example, only a subset of the full proteome is
studied and the affinity of aptamers may be affected by missense vari-
ants. While HbAlcis a highly standardized and accurate test with lower
intraindividual variability compared to fasting glucose, inindividuals
of African ancestry, using HbAlc as a blood sugar level indicator may
not provide the full spectrum of the metabolic conditions associated
with T2D because of the prevalence of hemoglobinopathies, such as
glucose-6-phosphate dehydrogenase (G6PD) deficiency. Inindividuals
with G6PD deficiency, there is increased susceptibility to hemolysis,
whichmay lead toreduced HbAlc levels potentially leading to missed
T2D diagnosis®**.

The DEP analysis of adipokines and metabolic proteins between
cases and controlsrevealed differencesin the role these proteins have
inobesity, inflammation and pancreatic function. LEP was significantly
upregulated in cases, which is consistent with its known association
with adiposity and metabolic regulation®. Previous studies linked
circulating LEP levels with insulin resistance and T2D development?’;
experimental models suggest that it may influence Beta cell function
and glucose metabolism***,

Population-specific differences in protein expression were
observed when DEPs were compared between the UGR-PD and
UKB-PPP cohorts. Some proteins were upregulated in patients
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with T2D compared to controls in one cohort but not in the other.
In comparison, other proteins were downregulated in one cohort
but upregulated in the other. These differences suggest that factors
beyond disease status may influence variation in protein expression.
Ancestral genetic variation is one potential explanation, as genetic
diversity affects gene regulation and metabolic pathways*’. Addition-
ally, environmental factors, including diet, lifestyle and exposure to
infections, may contribute to disparities in protein expression pro-
files. Lastly, variationsin T2D disease progression, comorbidities or
medication use across the two cohorts could also have a role. Some
significantly expressed DEPs had a T2D GWAS hit within a 500-kb
window. However, none colocalized with T2D. The finding provides
evidence that disease risk may be influenced by genetic variants close
to T2D-associated proteins via protein-mediated pathways. Proteins
like LEP, LPL, EIF5A and CCL25 have several GWAS hits within +500 kb
of them, which shows that these proteins may mediate genetic pre-
disposition to T2D.

Some of theidentified pQTLs were associated with T2D or relevant
to T2D via association with other cardiometabolic traits, including
lipid and blood pressure traits. Previous studies found rs532436 and

rs505922 to be associated with T2D, HDL cholesterol levels, triglyc-
erides (TGs) and diastolic blood pressure (DBP) **** across diverse
ancestral populations. In addition, rs77924615 has been linked to
cardiovascular disease and blood pressure traits***, supporting its
potential contribution to metabolic syndrome, akey risk factor for T2D.
The association of rs10460181, rs2455069 and rs12721054 with lipid
traits**™*® corroborate previous findings that lipid dysregulation has
avital role in developing insulin resistance and T2D***°. According to
the MRresults, the COMT pQTL rs4680 had a protective effect against
T2D. Thisis consistent with astudy conducted inthe Women’s Genome
Health Study, which found that the high-activity G-allele of rs4680 was
linked to lower HbAlc levels and a slight decrease in the risk of T2D in
women of European ancestry®,

In conclusion, the associations and causally associated proteins
identified offer promising avenues for developing targeted thera-
pies and personalized treatment strategies for T2D, contributing to
improved management and prevention of this global health challenge.
Our findings demonstrate the utility and discovery opportunities
afforded by including individuals of African ancestry in large-scale
proteomic studies.
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Methods

Ethics

The studywas approved by the Uganda Virus ResearchInstitute Research
and Ethics Committee (UVRI REC no. GC/127/907) and the Uganda
National Council for Science and Technology (no. UNCST HS2527ES).

Study population

Participants were selected from the UGR, a subset of the General
Population Cohort (GPC). As described previously**?, the GPC is a
population-based cohort of over 22,000 people from 25 nearby com-
munities in the remote Southwest Ugandan sub-county of Kyamulibwa,
whichisa partofthe Kalungu district. We selected 528 samples fromthe
UGR-PD based onage, sexand HbAlc. After hemolysis of anticoagulated
wholeblood, the concentrations of total hemoglobin and HbAlc were
measured using turbidimetric inhibition immunoassay quantitative
hemoglobin Alc Gen®.. In addition to the genotype quality control
described inref. 51, we used a Hardy-Weinberg P<1x107°.

Association with clinical characteristics

We used linear regression to determine the association between pro-
tein levels and systolic blood pressure, DBP, alanine, albumin, alka-
line phosphatase, aspartate aminotransferase, bilirubin, cholesterol,
gamma-glutamyl transferase, HDL, LDL, TGs and hemoglobin Alc. All
Pvalues were FDR-corrected.

DEPs and functional enrichment

We determined DEPs between cases and controls using limma®*; we
used a Benjamini-Hochberg FDR for multiple testing>*. DEPs are
defined as proteins withan FDR < 5% and afold change greater than 0.5
(log,(fold change) > 0.5). To better understand the functional impact
of the proteins, we used the enrichr tools from clusterProfiler>.

Proteomics quality control

The Olink’s proximity extension assay technology® was used to measure
the plasmalevel of 2,978 proteins in 528 samples across eight Olink pan-
els. The levels of protein expression were measured logarithmically as
Normalized Protein eXpression units. We adjusted all phenotypes using
alinearregression for age, sex, plate number and sample collection sea-
son, followed by aninverse-normal transformation of the residuals. Dur-
ingthe quality control process, we excluded one sample because the PCR
plate well was empty; an additional two samples were further excluded
because of a missingness greater than 40%. For assay quality control,
40 assays were excluded because they did not have Normalized Protein
eXpression values. Additionally, we excluded 31assays thathad afraction
of assay warninggreater than15%. No assay was excluded because of limit
ofdetection.Inall, 525 samples and 2,873 assays remained after quality
control and were subsequently used for further analysis.

Single-point association

Covariates such as sex, age, plate and mean protein expression per
sample were regressed using R’s LM function. Residuals were then
translated into z-scores and used for the association analysis. We used
the single-point-analysis-pipeline v.0.0.2 (dev branch) (https://github.
com/hmgu-itg/single-point-analysis-pipeline/tree/dev) to perform
the association analysis for single-nucleotide polymorphisms with
a MAF > 0.05. GCTA v.1.93.2 beta was used to conduct a mixed linear
model association analysis; the genetic relationship matrix function
within the GCTA software was used to estimate the genetic relationships
among individuals. We then used GCTA-CQJO, designed for approxi-
mate conditional and joint stepwise model selection, toidentifyinde-
pendent associated variants at each locus.

Significance threshold
The confidenceintervalsignificant threshold was determined by multi-
plying the Bayes factors by the number of proteins tested; values over1

were capped at 1. The Bayes factor was estimated using eigenMT?.
eigenMT calculates M. as the number of ranked eigenvalues from the
adjusted genotype correlation matrix needed to account for 99% of the
detected genotype variability. Subsequently, the corrected P values
were adjusted for multiple testing by applying the FDR method. Qvalues
were then calculated using the qvalue package, allowing for the identifi-
cation of asubset of significant associations based onag < 0.05. Finally,
thecisthreshold forsignificanceinthe pQTL analysis was determined by
averaging the smallest nonsignificant Pvalue and the largest significant
Pvalue. This method resulted in a cis P=1.462 x 10°%, The trans thresh-
old was calculated based on the effective number of variants (V) and
the number of protein traits (M,g). The N was derived by performing
linkage disequilibrium pruning withtheindep 500 5 0.2 parametersin
Plink v.1.9%. This resulted in an N4 0f 452,593 unique variants. The M,
was calculated using the M, function and Gao method in the poolr R
package®. The trans P value threshold is 2.227 x 107'°. Variants within
1 megabase (Mb) upstream or downstream of the encoding genes are
referred to as cis-pQTLs, while trans-pQTLs are those found beyond
1Mbrelative to the encoding gene. Ensembl’s Variant Effect Predictor
was used to determine the functional impact of the variants.

Comparison of pQTLs to prior published data

To determine the uniqueness of our pQTLs, we used an in-house-built
database of previously identified signals of 46 genome-wide pQTL
studies, including the UKB-PPP". We evaluated novelty by identify-
ing new loci and new variants. New loci were defined as those with no
published variants within +1 Mb of our variants. For variants at known
loci, we checked their rsIDs against those previously reported. Variants
with no prior matches were further conditioned (gcta-cojo-cond) in
the context of other known variants at that locus. These were classi-
fied as new if the significance of their association P value (cis-pQTL:
P<1.462x107°and trans-pQTL P<2.227 x107%°) persisted even after
adjusting for other known variants.

Colocalization analysis

We performed Bayesian-based colocalization analysis using the
Coloc.fast function (https://github.com/tobyjohnson/gtx) between
our pQTL signals and multi-ancestry T2D GWAS summary statistics®
from the DIAGRAM database. To assume shared genetics, we used
default priors and a posterior probability of PP.H4 > 0.8 (ref. 60).
To increase statistical power and strengthen the robustness of our
findings, a multi-ancestry GWAS (n =2,535,601) was selected for
the colocalization analysis rather than the largest African-specific
meta-analysis (n =154,160). The much larger sample sizes available in
the multi-ancestry GWAS data facilitate higher resolution for signal
localization and enhance the capacity to detect genetic associations.

MR

To identify putative causal effects, we performed a two-sample MR
analysis using the cis-pQTL data in the UGR-PD as exposure and the
multi-ancestry T2D GWAS meta-analysis* as the outcome. The analyses
were conducted using the TwoSampleMR®'. We used the previously
defined independent cis-pQTLs as genetic instrumental variables
and considered only those with an F-statistic greater than ten. As all
proteins had at most one independent cis-pQTL, we applied the Wald
ratio estimate. The use of single instrumental variables limits the sen-
sitivity analyses for assessing MR assumptions. Therefore, we assessed
consistency in the direction of effects using the African T2D GWAS
meta-analysis®. We chose the multi-ancestry T2D GWAS meta-analysis
for the primary results to maximize statistical power, acknowledging
that the population structure of the African T2D GWAS meta-analysis
is also not entirely homogeneous with the UGR-PD. Moreover, we
corroborated our findings with a colocalization analysis. However,
differences in linkage disequilibrium structures between the pQTLs
and T2D GWAS datareduced the power to detect colocalizing signals.
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PheWAS

The PheWAS module of the GWAS Atlas®?, a comprehensive data-
base that integrates the findings of GWAS across several phenotypes
and traits, was used to carry out the PheWAS. The analysis aimed to
methodically assess aprotein’s association with several phenotypes and
traits. To account for the large number of tests, the module performs
multiple testing corrections and organizes phenotypes into specified
trait groups (such as metabolic, cardiovascular and immunological).
ABonferroni-corrected P=1.05 x 10 was used to determine whether
an association was significant.

Identification of effector genes

To find putative effector genes for T2D, we compiled effector genes
associated with the T2D GWAS. This dataset was curated from nine
papers published in the Type 2 Diabetes Knowledge Portal, resulting
ina collection of 1,804 distinct effector genes. For classification pur-
poses, proteins that were documented in our curated list were labeled
‘reported’. Those not found on the list were classified as ‘unresolved’.

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

Data availability

The summary statistics for the significant pQTLs, and the results from
the colocalization, are provided in Supplementary Tables 1-16. The
full pQTL summary statistics are available for download from the
GWAS Catalog (https://www.ebi.ac.uk/gwas/) under accession nos.
GCST90648168-GCST90651039. Accession codes for the summary
statistics of each protein are also provided in Supplementary Table 16.

Code availability

The analyses were performed using publicly available software.
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Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
D 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.

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

% 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)

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

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

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

OXX OO 0000 0O X

& 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 colllection

Data analysis Analysis was performed using publicly available software as described in the methods.

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 summary statistics for the significant pQTLs, and the results from colocalization are provided in the supplementary Data. The full pQTL summary statistics are
available for download from the GWAS Catalogue with accession code from GCST90648168 to GCST90651039. Accession codes for the summary statistics of each
protein are also provided in the supplementary table (Supplementary table 16).
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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 Self-reported sex of subjects was recorded at enrollment. Statistical analyses are adjusted for sex based on self-reported sex

Reporting on race, ethnicity, or We used self-reported ethnicity as all the participants are all from the same Country and geographical location. We further

other socially relevant used principal component analysis and linear mixed models to adjust for population stratification.
groupings
Population characteristics The population characteristics of the Uganda Genome Resource data set have been described in Fatumo, et al. "Uganda

Genome Resource: A rich research database for genomic studies of communicable and non-communicable diseases in
Africa". The cohort comprises all residents (52% aged > 13 years, men and women in equal proportions) within one-half of a
rural sub-county, residing in scattered houses, and largely farmers of three major ethnic groups.
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Recruitment From 2010-2011, the research questions have included the epidemiology and the genetics of communicable and non-
communicable diseases (NCDs) to address the limited data on the burden and risk factors of NCDs in sub-Saharan Africa.

Ethics oversight All participants gave informed consent. The study was approved by the Uganda Virus Research Institute Research and Ethics
Committee (UVRI REC #GC/127/907) and the Uganda National Council for Science and Technology (UNCST HS2527ES).

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

@ Life sciences D Behavioural & social sciences D Ecological, evolutionary & environmental sciences

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 Uganda genome resource (UGR) is a genomic resources generated from the Uganda General Population Cohort (GPC). The GPCis a
population-based cohort founded in 1980, and it has over 22,000 participants from 25 neighboring villages in Kyamilibwa in rural Uganda. Of
these individuals, 6,407 consented for genetic study. We used a subset (528) of these 6407 individuals for this proteomics study.

Data exclusions  We excluded one sample because the PCR plate well was empty, additional 2 samples were excluded due to missingness greater than 40%.
Two samples were also excluded, these samples were initially included by Olink for internal control process. For assay QC, 40 assays were

excluded as they did not have Normalized Protein eXpression (NPX) values. Additionally, we excluded 31 assays that had fraction of assay
warning greater than 15%.

Replication We performed replication using the African ancestry pQTL summary statistics of the UKBB-PPP
Randomization  Not applicable as this is not a therapeutic randomization study.

Blinding Not applicable as this is not a therapeutic randomization study.

Behavioural & social sciences study design

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

Study description Briefly describe the study type including whether data are quantitative, qualitative, or mixed-methods (e.g. qualitative cross-sectional,
quantitative experimental, mixed-methods case study).

Research sample State the research sample (e.g. Harvard university undergraduates, villagers in rural India) and provide relevant demographic
information (e.g. age, sex) and indicate whether the sample is representative. Provide a rationale for the study sample chosen. For
studies involving existing datasets, please describe the dataset and source.

Sampling strategy Describe the sampling procedure (e.g. random, snowball, stratified, convenience). Describe the statistical methods that were used to
predetermine sample size OR if no sample-size calculation was performed, describe how sample sizes were chosen and provide a
rationale for why these sample sizes are sufficient. For qualitative data, please indicate whether data saturation was considered, and
what criteria were used to decide that no further sampling was needed.

Data collection Provide details about the data collection procedure, including the instruments or devices used to record the data (e.g. pen and paper,




Data collection computer, eye tracker, video or audio equipment) whether anyone was present besides the participant(s) and the researcher, and
whether the researcher was blind to experimental condition and/or the study hypothesis during data collection.

Timing Indicate the start and stop dates of data collection. If there is a gap between collection periods, state the dates for each sample
cohort.
Data exclusions If no data were excluded from the analyses, state so OR if data were excluded, provide the exact number of exclusions and the

rationale behind them, indicating whether exclusion criteria were pre-established.

Non-participation State how many participants dropped out/declined participation and the reason(s) given OR provide response rate OR state that no
participants dropped out/declined participation.

Randomization If participants were not allocated into experimental groups, state so OR describe how participants were allocated to groups, and if
allocation was not random, describe how covariates were controlled.

Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.
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Study description Briefly describe the study. For quantitative data include treatment factors and interactions, design structure (e.g. factorial, nested,
hierarchical), nature and number of experimental units and replicates.

Research sample Describe the research sample (e.g. a group of tagged Passer domesticus, all Stenocereus thurberi within Organ Pipe Cactus National
Monument), and provide a rationale for the sample choice. When relevant, describe the organism taxa, source, sex, age range and
any manipulations. State what population the sample is meant to represent when applicable. For studies involving existing datasets,

describe the data and its source.

Sampling strategy Note the sampling procedure. Describe the statistical methods that were used to predetermine sample size OR if no sample-size
calculation was performed, describe how sample sizes were chosen and provide a rationale for why these sample sizes are sufficient.

Data collection Describe the data collection procedure, including who recorded the data and how.
Timing and spatial scale |/ndicate the start and stop dates of data collection, noting the frequency and periodicity of sampling and providing a rationale for
these choices. If there is a gap between collection periods, state the dates for each sample cohort. Specify the spatial scale from which

the data are taken

Data exclusions If no data were excluded from the analyses, state so OR if data were excluded, describe the exclusions and the rationale behind them,
indicating whether exclusion criteria were pre-established.

Reproducibility Describe the measures taken to verify the reproducibility of experimental findings. For each experiment, note whether any attempts to
repeat the experiment failed OR state that all attempts to repeat the experiment were successful.

Randomization Describe how samples/organisms/participants were allocated into groups. If allocation was not random, describe how covariates were
controlled. If this is not relevant to your study, explain why.

Blinding Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your study.

Did the study involve field work? []ves [Ino

Field work, collection and transport

Field conditions Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).

Location State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water depth).
Access & import/export | Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and in
compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,

the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.

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 XI|[] chip-seq
Eukaryotic cell lines & \:I Flow cytometry
Palaeontology and archaeology & \:I MRI-based neuroimaging

Animals and other organisms
Clinical data
Dual use research of concern

Plants

XXNXXXXX s
Ooooogo

Antibodies

Antibodies used Describe all antibodies used in the study; as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) State the source of each cell line used and the sex of all primary cell lines and cells derived from human participants or
vertebrate models.

Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines  yome any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,

export.

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

D Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals For laboratory animals, report species, strain and age OR state that the study did not involve laboratory animals.

Wild animals Provide details on animals observed in or captured in the field; report species and age where possible. Describe how animals were
caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if released,
say where and when) OR state that the study did not involve wild animals.

Reporting on sex Indicate if findings apply to only one sex; describe whether sex was considered in study design, methods used for assigning sex.
Provide data disaggregated for sex where this information has been collected in the source data as appropriate; provide overall
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numbers in this Reporting Summary. Please state if this information has not been collected. Report sex-based analyses where
performed, justify reasons for lack of sex-based analysis.

Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMIE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration  Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.
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Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.
Outcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.

Dual use research of concern

Policy information about dual use research of concern

Hazards

Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
in the manuscript, pose a threat to:

Yes
[] Ppublic health

[] National security
D Crops and/or livestock
D Ecosystems

XXXX X &

D Any other significant area

Experiments of concern

Does the work involve any of these experiments of concern:

]

Demonstrate how to render a vaccine ineffective

Confer resistance to therapeutically useful antibiotics or antiviral agents
Enhance the virulence of a pathogen or render a nonpathogen virulent
Increase transmissibility of a pathogen

Alter the host range of a pathogen

Enable evasion of diagnostic/detection modalities

Enable the weaponization of a biological agent or toxin

XXX XX XX X &
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Any other potentially harmful combination of experiments and agents




Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

Authentication VDvg;chl/fZ?;é”g;)‘/ authentication-procedures for-each seed stock-used-or-novel-genotype-generated.- Describe-any-experiments-tused-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

ChlP-seq

Data deposition
D Confirm that both raw and final processed data have been deposited in a public database such as GEO.

D Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,
May remain private before publication. | provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.
Genome browser session Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
(e.g. UCSC)

enable peer review. Write "no longer applicable” for "Final submission" documents.

Methodology
Replicates Describe the experimental replicates, specifying number, type and replicate agreement.
Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.
Antibodies Describe the antibodies used for the ChIP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and

lot number.

Peak calling parameters | Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and index files

used.
Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.
Software Describe the software used to collect and analyze the ChIP-seq data. For custom code that has been deposited into a community

repository, provide accession details.

Flow Cytometry

Plots
Confirm that:
D The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

\:I The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
D All plots are contour plots with outliers or pseudocolor plots.

D A numerical value for number of cells or percentage (with statistics) is provided.

Methodology
Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.
Instrument Identify the instrument used for data collection, specifying make and model number.
Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a

community repository, provide accession details.
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Cell population abundance Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Gating strategy Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

\:I Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type Indicate task or resting state; event-related or block design.

Design specifications Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.
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Behavioral performance measures  State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across

subjects).
Acquisition

Imaging type(s) Specify: functional, structural, diffusion, perfusion.

Field strength Specify in Tesla

Sequence & imaging parameters Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

Area of acquisition State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

Diffusion MRI \:I Used \:I Not used

Preprocessing

Preprocessing software Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

Normalization If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Normalization template Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Noise and artifact removal Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).

Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | whole brain || ROI-based [ ] Both

Statistic type for inference Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

(See Eklund et al. 2016)

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).




Models & analysis

n/a | Involved in the study
D D Functional and/or effective connectivity

D D Graph analysis

D D Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis  Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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