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® colocRedRibbon is a new tool to match genetic variants with
gene expression changes

® The tool uncovers 292 islet gene regions tied to diabetes and
glycemic traits

@ It can co-localize genetic variants with transcripts, proteins,
and DNA methylation

® These co-localizations provide insight into how GWAS
variants confer disease risk
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In brief

Piron et al. present the tool
colocRedRibbon, which identifies
hundreds of gene regions where genetic
variation influences diabetes risk and
glycemic traits through effects on
pancreatic islet gene expression. This
approach enables the discovery of
tissue-specific mechanisms and
advances understanding of the genetic
architecture of diabetes.
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SUMMARY

Over 1,000 genetic variants have been associated with diabetes by genome-wide association studies
(GWASSs), but for most, their functional impact is unknown; only 7% alter gene expression in pancreatic islets
in expression quantitative trait locus (eQTL) studies. To fill this gap, we developed a co-localization pipeline,
colocRedRibbon, that prefilters eQTLs by the direction of effect on gene expression and shortlists overlap-
ping eQTL and GWAS variants prior to co-localization. Applying colocRedRibbon to recent diabetes and
glycemic trait GWASSs, we identified 292 co-localizing gene regions, including 24 co-localizations for type
1 diabetes and 268 for type 2 diabetes and glycemic traits, representing a 4-fold increase. A low-frequency
type 2 diabetes protective variant increases islet MYO5C expression, and a type 1 diabetes protective variant
increases FUT2 expression. These novel co-localizations advance the understanding of diabetes genetics
and its impact on human islet biology. colocRedRibbon has broad applicability to co-localize GWASs and
various QTLs.

INTRODUCTION

Diabetes is a complex, multi-factorial disease characterized by
elevated blood glucose levels. More than 589 million people are
affected worldwide, and diabetes prevalence is forecasted to
reach 1.31 billion by 2050."* Common forms are type 1 (10%-
15%) and type 2 (>85%) diabetes. Environmental factors such
as sedentary lifestyle, obesity, aging, viral infections, and gut mi-
crobiome play important roles in the development of diabetes

and underlie the increasing prevalence.>> Familial clustering
and heritability studies have long provided evidence for the role
of genetic factors, and type 1 and type 2 diabetes are now estab-
lished as polygenic. Progressive pancreatic islet dysfunction,
caused by environmental and genetic factors, is central in most
forms of diabetes.®® Therefore, the study of human islet patho-
physiology is essential to better understand the disease.

Large genome-wide association studies (GWASs) and fine-
mapping analyses have associated >700 genetic loci with the
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risk for type 1 and type 2 diabetes and glycemic traits,” ' but the
mechanism of action for most remains poorly understood. 89%
of fine-mapped type 2 diabetes GWAS variants lie in non-coding
genomic regions’; these are typically named after the closest
gene. Cis-expression quantitative trait locus (cis-eQTL) analyses
link variants with gene expression. Such approaches have iden-
tified gene expression changes associated with variants lying
farther away or in intronic regions of other genes in human tis-
sues'® and islets,'”"'® showing that the closest gene is not
necessarily the effector. eQTLs further inform about the direction
of effect, i.e., whether a variant is associated with lower or higher
gene expression. Linking diabetes-associated variants to gene
expression is therefore an essential step to understanding dia-
betes genetics and pathophysiology.

One of the methods to link disease variants with gene expres-
sion is to co-localize GWAS and cis-eQTL variants. The Geno-
type-Tissue Expression (GTEXx) project generated eQTLs for 54
human tissues,'® including pancreas. However, pancreatic is-
lets—a key tissue in diabetes pathogenesis—are not part of
the GTEX collection. Separate initiatives have identified human
islet eQTLs and co-localized them with diabetes GWAS hits,
advancing the domain but falling short of expectations: only
around 50 are associated with gene expression variation.'”'®
We hypothesized that this missing link is, at least in part, caused
by methodological limitations of the available co-localization ap-
proaches. Indeed, we observed that existing co-localization
tools miss matching GWAS and eQTL signals when analyzing
chromosomal regions that contain multiple strong GWAS sig-
nals. These tools also do not consider the direction of effect of
variants in a region tested for co-localization.

To test this hypothesis and fill the co-localization gap, we
developed a new co-localization pipeline, colocRedRibbon.
The method uses novel prefiltering steps, shortlisting variants
before running an existing co-localization tool. We use colocRe-
dRibbon to co-localize human islet cis-eQTLs'” and GWASs for
type 1 diabetes,”® type 2 diabetes,'® and glycemic traits."' We
significantly expand the number of co-localizations to 268 for
type 2 diabetes and to 24 for type 1 diabetes, making this study
the largest to date and improving knowledge about genetic regu-
lation in human islets.

colocRedRibbon is a versatile tool designed to co-localize a
wide range of datasets, extending beyond diabetes and islets.
It enables the integration of GWAS data for any trait with various
QTL types or with other GWAS datasets. To highlight its broad
applicability, we applied colocRedRibbon to protein QTLs
(PQTLs),?" methylation QTLs (meQTLs),?* obesity GWASs,**
and BMI GWASs.*

RESULTS

Previous studies have linked diabetes GWAS signals to eQTL
variants in human islets, a highly disease-relevant tissue that
maintains glycemia. The vyield of the 2 largest studies to
date'”'® has been limited, identifying co-localization with eQTL
variants for only 7% of GWAS hits. To investigate the hypothesis
that methodological limitations in co-localization approaches
contributed to the “co-localization missing link,” we developed
a novel tool called colocRedRibbon. The pipeline employs a
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two-step approach for shortlisting variants and then runs the co-
loc co-localization package.?® The novel shortlisting method first
categorizes risk variants based on the direction of effect on gene
expression and then uses RedRibbon rank-rank hypergeometric
overlap.?® In this second step, variants are ranked by p values for
both GWASSs or QTLs, and potential overlap between the ranked
lists is statistically examined (see the STAR Methods section). In
the last step, coloc?® is used to assess the posterior probability
(PP) that both dataset signals share the same causal variant,
known as hypothesis H4; a PP.H4.abc > 0.8 is considered signif-
icant. Additionally, SNP.PP.H4 represents the PP that the lead
SNP is the shared causal variant in both datasets. We applied
colocRedRibbon to recent large-scale eQTL,"” pQTL,*
meQTL,?” and GWAS'"'520-23:2% datasets (Figure 1). The eQTL
dataset is from the translational human pancreatic islet genotype
tissue-expression resource (TIGER), which is, with its meta-anal-
ysis of eQTLs in 4 cohorts comprising 404 islet samples, one of
the largest eQTL analyses of human islets.'” The European and
multi-ancestry type 2 diabetes GWASs were from the Type 2
Diabetes Global Genomic Initiative (T2DGGI).'®> The Wellcome
Center for Human Genetics provided the GWAS for type 1 dia-
betes.?® Quantitative glycemic trait GWASs originate from
MAGIC."" These GWASSs are among the biggest to date, having
included >2.5 million cases/controls for type 2 diabetes,
>170,000 for type 1 diabetes, and up to 200,000 for glycemic
traits (Table S1). The pQTL from deCODE includes data from
35,000 individuals on 4,907 aptamers.?' The adipocyte meQTL
from the Twins UK cohort comprises 538 participants.”> The
obesity GWAS from FinnGen analyzed 500,000 individuals,
including 31,000 cases,”® and the BMI GWAS from GIANT
included 700,000 participants.®”

The co-localization of variants identifies important
diabetes genes

With this new colocRedRibbon pipeline, we identified a total of
434 co-localizations between islet eQTL and diabetes and
glycemic trait GWAS variants. These co-localizations are shown
by their chromosomal position in a circle plot, highlighting the
regulated genes for GWAS SNPs for type 1 diabetes (n = 24),
type 2 diabetes (multi-ancestry GWAS n = 216; European
ancestry n = 143), and the glycemic traits fasting glucose
(n = 22), post-challenge 2-h glucose (n = 4), HbA1c (n = 20),
and fasting insulin (1 = 2) (Figure 2; Tables S2 and S3).

We examined a total of 10,835,771 GWAS variants,
including non-significant ones, within a 2 million base-pair re-
gion around the transcription start site of genes exhibiting at
least one significant GWAS variant and one eQTL. The distri-
bution of the 10,835,771 variants across traits revealed that
type 2 diabetes accounts for the majority (73%), with multi-
ancestry GWAS contributing 41% and European ancestry
32%. Type 1 diabetes represented 18% of the variants, and
glycemic traits were represented to a lesser extent: HbA1c
(5%), 2-h glucose (0.5%), fasting glucose (3%), and fasting in-
sulin (0.5%) (Table S4).

Type 2 diabetes demonstrated the highest number of co-
localizations (Tables S2, S3, and S5). The lowest number
was found for fasting insulin, which reflects insulin resis-
tance rather than f cell function. This aligns with the
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Figure 1. The colocRedRibbon pipeline

(A) The workflow of colocRedRibbon. GWAS and eQTL SNPs are split into two effect sets depending on the direction of effect on gene expression for the
increasing risk allele. The RedRibbon rank-rank hypergeometric overlap method is applied on both SNP sets ranked by p values. If significant overlap is detected
by RedRibbon, shortlisted SNPs are analyzed by coloc. Otherwise, coloc is applied to the two effect sets without overlap shortlisting.

(B) The interquartile range mode of colocRedRibbon adds a background of variants between dotted orange lines, where Q is the 25" percentile (first quartile) of
the chromosomal positions of the core set, Q, the 75" percentile (third quartile), and IQR the interquartile range.

expectation that insulin resistance would primarily manifest in
skeletal muscle, liver, or adipose tissue rather than in pancre-
atic islets.

colocRedRibbon shortlisting steps solve the issue of
multiple GWAS signals
Cis-eQTL signals for a gene typically manifest themselves as a
single peak of variants in linkage disequilibrium, whereas
GWAS signals often comprise multiple independent peaks.
This multiplicity of signals can confound coloc, potentially leav-
ing legitimate co-localizations undetected. A prime example is
observed in a 2 million base-pair region surrounding the
RPL39L gene. coloc identifies a lead variant in a strong type 2
diabetes GWAS signal (red dot at the top, Figure 3A) but over-
looks an adjacent, highly significant—albeit weaker—signal
(Figure 3A) that holds potential for a legitimate co-localization
given the presence of a matching eQTL at the same chromo-
somal position (Figure 3A, bottom). coloc assumes under the
H4 hypothesis that each trait has a single causal variant that is
shared between traits. For coloc to be reliable, the analysis
must be restricted to genomic regions where the single causal
variant assumption holds. In the case of RPL39L, this could be
achieved by narrowing the region and excluding the stronger
GWAS signal.

To address this issue, we shortlisted SNPs using RedRibbon
overlap. This approach involves ranking GWAS and eQTL variant

lists from lowest to highest p value and searching for overlapping
SNPs using a rank-rank hypergeometric overlap approach. The
resulting overlap map reveals a strong and highly significant
overlap among low p values (Figure 3B, top left). By selecting
the variants with the most significant overlap (Figure 3B, blue
dots at bottom left), we identified matching GWAS and eQTL
peaks and the lead SNP (Figure 3B, red dot on the right). This
shortlisting step eliminates spurious GWAS signals unrelated
to eQTL peaks, enabling coloc to detect co-localization. The
lead SNP rs3887925 is the only variant in the 99% credible set.
The T effector allele that is associated with type 2 diabetes risk
upregulates RPL39L transcript expression in human islets
(Figure 3C). The SNP lies in regulatory genomic regions, and
RPL3IL is differentially expressed in islets from type 2 diabetic
vs. non-diabetic donors, pointing to biological relevance (see
below).

The colocRedRibbon method further refines the analysis
through a direction-of-effect step, which splits variants into
two disjoint subsets based on whether their risk alleles up- or
downregulate a gene. This premise reduces the number of
variants considered by coloc. For instance, in a region around
the gene TH with multiple type 2 diabetes GWAS signals
(Figure 3D, top), coloc fails to detect co-localization due to
the confounding effect of the strongest GWAS signal. By only
retaining variants for which the risk allele downregulates TH
expression and excluding many highly significant GWAS
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Figure 2. Circle plot of 434 colocRedRibbon co-localizations of islet eQTLs with diabetes and glycemic trait GWAS

eQTL genes are positioned at their starting position on the chromosome. Concentric circles correspond to GWASs, each dot to an SNP, and color matches eQTL
gene color. Square dots indicate identical SNPs. T1D, type 1 diabetes; T2D, type 2 diabetes. See also Figures S1-S5 and Table S2.

variants, coloc detects another significant signal (Figure 3E).  while both increase diabetes risk (Figure S1; Table S6). This
Conversely, variants for which the risk allele upregulates TH gamma-secretase catalyzes intermembrane cleavage of mem-
expression do not exhibit co-localization (Figure 3F), aligning

brane proteins. GSAP plays a role in lipid homeostasis and mito-
with the biologically plausible assumption that risk alleles only  chondrial function.?”
associate with one direction of effect.

Of note, five genes co-localize for risk allele expression in both
downregulation and upregulation. Among these is gamma-sec-
retase activating protein (GSAP). colocRedRibbon detects two
distinct signals going in opposite gene expression directions,

This refined approach demonstrates the power of coloc-
RedRibbon in uncovering previously undetected co-localiza-
tions and providing more nuanced insights into the rela-

tionship between genetic variants, gene expression, and
disease risk.
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colocRedRibbon doubles the number of co-localizations
The 434 co-localizations between human islet cis-eQTLs and
GWASs for type 1 and type 2 diabetes and glycemic traits
encompass 344 distinct lead variants, mapping to 289 unique
genes (Figure 4; Table S3). Only 214 were detected by running
coloc without shortlisting steps (Figure 4A); in other words, co-
locRedRibbon doubled the detection. Improvements were
observed for most GWASSs, and the largest was for type 1 dia-
betes. A total of 307 co-localizations were identified across
236 distinct regions for which no co-localization was previously
reported.

Out of the 434 co-localizations, 48 had a unique lead variant in
the 99% credible set (SNP.PP.H4 > 0.99), and 37% had <5
candidate variants in the 99% credible set. This restricted
number narrows the list of potential candidates for experimental
validation. For instance, a unique co-localizing lead variant,
rs10830963, was detected in MTNR1B (Table S2). This SNP
has been extensively studied and is associated with increased
type 2 diabetes risk.*%*’

For type 2 diabetes co-localizations, risk alleles are signifi-
cantly more associated with increased gene expression
(Figure 4B). Half of the glycemic trait genes are also associated
with type 2 diabetes (Figure 4C). Type 1 and type 2 diabetes
share only 3 genes (FUT2, SULT1A2, and WASF5P; Figure 4D)
with differing alleles and effects on gene expression (Table S2).

For type 2 diabetes, 35 genes are specific to European
ancestry (Figure 4E; Table S7), and 106 are exclusively detected
using multi-ancestry GWAS. This is not unexpected, as the multi-
ancestry GWAS encompasses a larger number of samples,
including those of European ancestry. For 10 of the 106 co-local-
izations, the lead variant GWAS p value is significant for non-Eu-
ropean ancestry and non-significant for European ancestry
(Table S8), suggesting potential ancestry specificity. For
example, we found a novel co-localization for a variant that
increases PRELID1 expression in islets and is associated with
reduced type 2 diabetes risk in East Asians. PRELID1 is a lipid-
shuttling protein needed for mitochondrial structure and func-
tion. The minor-allele frequency for 50 of the 106 multi-ancestry
co-localizations is at least 1.5 times higher in one or more non-
European GWAS cohorts compared with the European cohort.
This is illustrated by the novel co-localization for GRSF1, another
protein needed for mitochondrial function, with an East Asian
type 2 diabetes protective variant increasing islet GRSF1
expression. This variant is more common in South Asian, His-

Cell Genomics

panic, East Asian, and African American ancestries (with respec-
tive minor-allele frequencies of 11%, 14%, 21%, and 49%) as
compared with Europeans (minor-allele frequency of 4.5%).
These findings underscore the importance of genetic diversity
in enhancing the power to discover disease mechanisms.

Co-localizing variants largely lie in regulatory regions
Co-localizing lead variants showed a notable over-representa-
tion in regulatory regions of the genome (Figure 4F; Table S9),
with 383 lead variants situated in such areas. Significant enrich-
ment was observed in exonic (n = 71), promoter (n = 56), pro-
moter-flanking (n = 65), and transcript (n = 310) regions. In this
tissue-agnostic analysis, no enrichment was detected in open
chromatin, enhancer, or CTCF-binding sites from Ensembl
GRCh37 regulatory features.®?

Given the tissue- or cell-type-specific nature of many regulato-
ry regions, we further investigated the distribution of co-local-
izing lead variants within regions known to modulate human islet
chromatin structure.”® This revealed a significant enrichment in
the human islet regulome (Figure 4G; Table S10), particularly in
active promoters (n = 30), active enhancers (n = 50), inactive en-
hancers (n = 18), and strong CTCF-binding regions (n = 29). No
enrichment was observed in open inactive chromatin regions.
When applying an enhancer subclassification, the most signifi-
cant enrichment of co-localizing lead variants was detected in
active class | enhancers (p = 2.16 x 10~ '8, n = 25), characterized
by higher H3K27ac marks and stronger Mediator protein occu-
pancy, both key factors in gene expression regulation.?®

In summary, 361 co-localizing lead variants were found to
reside in exons, transcripts, and regulatory and islet-specific
chromatin interaction regions that consist of active promoters
and enhancers.?®** These findings underscore the functional
importance of these variants in gene regulation and their rele-
vance to disease susceptibility.

Co-localizing variants identify important pathways

Gprofiler2 pathway enrichment of pooled co-localizing genes for
type 2 diabetes and glycemic traits revealed pathways related to
cellular localization, vesicle dynamics, mitochondrial function,
fatty acid metabolism, and synthesis (Figures 4H, S2A, and
S2B), suggesting a role for these islet cell processes in type 2
diabetes pathogenesis. These pathway enrichments were
corroborated by analyses using Metascape and EnrichR
(Figures S2C-S2F). Genes downregulated by lead variants

Figure 3. colocRedRibbon shortlisting steps identify genuine co-localizations

(A) GWAS and eQTL Manhattan plots for the RPL39L region. Two signals are present for GWAS. coloc alone does not detect co-localization: the lead SNP (red
dot) on the highest GWAS peak does not have an eQTL signal, while the matching eQTL and GWAS peaks are missed. The red dotted line is the gene transcription
start site.

(B) colocRedRibbon shortlisting method applied to RPL39L detects a co-localization for the lower GWAS signal. Overlapping—shortlisted —SNPs are shown in
blue and the lead SNP in red on the bottom.

(C) Islet RPL39L expression according to lead SNP C or T alleles.

(D) GWAS and eQTL Manhattan plots for the TH gene. coloc does not detect a significant co-localization for the eQTL peak and 6 GWAS peaks.

(E) colocRedRibbon shortlisting of SNPs that increase diabetes risk (increasing risk allele [IRA]) and lower TH expression unmasks co-localization. The most
significant GWAS peak (see D) is dismantled by shortlisting the direction of effect of gene expression. The overlap map in the top left shows significant overlap
between GWAS and eQTL SNPs. Shortlisted SNPs are shown in color (bottom left): overlapping SNPs in blue, 99% credible set in green, and lead SNP in red.
(F) There is no co-localization for risk alleles that decrease TH gene expression.

(G) SPATA20 shows co-localization for type 2 diabetes GWAS variants with islet eQTLs (left) and plasma pQTLs (right), sharing lead variant rs8076632.

See also Figure S1.
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were mainly involved in cellular localization and trafficking,
whereas upregulated genes were primarily associated with cyto-
plasmic function (Figures S2A and S2B). The co-localizing gene
set exhibited significant (p = 0.00783) overlap with genes differ-
entially expressed in islets from type 2 diabetic vs. non-diabetic
donors®® (Table S2, column fGSEA.t2d). For example, we de-
tected a signal associated with type 2 diabetes risk and
decreased PDESB islet expression. PDES8B was downregulated
in islets from type 2 diabetic vs. non-diabetic donors and upon
palmitate exposure of non-diabetic donor islets.>* PDESB en-
codes a high-affinity cAMP-specific phosphodiesterase that
maintains low basal cAMP levels in § cells, with PDESB knock-
down disturbing glucose-stimulated sub-plasma-membrane
cAMP oscillations and pulsatile insulin secretion.®®

Among the type 2 diabetes genes in the vesicle pathway
(Figures 4H and S2B) is MYO5C. The low minor-allele frequency
(5%) T allele confers protection against type 2 diabetes and in-
creases islet MYO5C gene expression (Figure S3). MYO5C en-
codes myosin type V, a molecular motor that moves along actin
filaments and is involved in secretory granule trafficking.*® The
lead variant, rs149336329, is located in promoter and transcript
regions, as well as in a human islet-specific active promoter
(marked by Mediator, H3K27ac, and H3K4me3) (Tables S10
and S11) near the transcription start site (Figure S3A), making
it a plausible causal variant. A different lead SNP (rs3825801)
was reported by Mahajan et al.'” after fine-mapping, but coloc
co-localization was unsuccessful.

Another type 2 diabetes gene is RPL39L, with the T risk allele
inducing islet RPL39L expression (Figures 3A-3C). This unique
variant in the 99% credible set is noteworthy due to its presence
in multiple regulatory regions, i.e., promoter flanking region, tran-
scripts, and islet-specific active enhancers. RPL39L has been
associated with type 2 diabetes in differential gene expression
studies of islets from type 2 diabetic vs. non-diabetic donors,**
a finding corroborated by type 2 diabetes fast gene set enrich-
ment analysis (fGSEA) enrichment analysis (Table S2, column
fGSEA.t2d). RPL39L encodes ribosomal protein L39-like; its func-
tion in islets is unknown. Interestingly, the same variant also af-
fects STBGAL1 expression, although STEGALT is not part of the
leading edge in our type 2 diabetes f{GSEA enrichment for human
islets (Table S12, column fGSEA.t2d). RPL39L and ST6GALT are
co-expressed in multiple tissues, including thyroid, prostate,
ovary, artery, and fibroblasts.®” Notably, STEGAL? belongs to
cellular pathways in our enrichment analysis, i.e., organelle sub-
compartment, bounding membrane of organelle, organelle mem-
brane, membrane, and cytoplasm (Figure 4H; Table S12).

Cell Genomics

colocRedRibbon detected 8 co-localizations for type 1 dia-
betes in the HLA region of chromosome 6 (Figure 2). Pathway
enrichment analysis for type 1 diabetes genes did not reach
significance due to the relatively limited number (n = 24) of co-
localizations.

Among the type 1 diabetes co-localizations, variant
rs11666792 emerged as the lead variant for both FUT2 and
RASIP1 (Figure 5). These genes are co-expressed in the esoph-
ageal mucosa and skin.®” RASIP1 encodes Ras-interacting
protein 1, which has GTPase-binding and protein homodimeri-
zation activities. FUT2, one of the three genes that also co-
localize for type 2 diabetes (albeit with a distinct lead variant),
encodes the enzyme alpha-1,2-fucosyltransferase. This
enzyme is involved in the synthesis of the H antigen, the precur-
sor of secreted ABO blood group antigens. FUT2 has been
associated with type 1 diabetes®®: a common nonsense
mutation in FUT2 abolishes the secretion of ABO antigens in
saliva and the gut, alters the gut microbiome, and confers
susceptibility to type 1 diabetes while protecting from some
viral infections.®®*° In human islets, the protective G allele of
rs11666792 increases FUT2 expression (Figure 5B). FUT2
silencing in human EndoC-pH1 p cells increased coxsackievi-
rus B1-induced apoptosis, suggesting that FUT2 might protect
B cells against potentially diabetogenic viruses (Figures S4A
and 5C). FUT2 silencing did not affect p cell function: insulin
content and glucose- and glucose+forskolin-stimulated insulin
secretion were comparable in FUT2-depleted and -competent
EndoC-BH1 cells (Figures S4B and S4C).

Cathepsin H (encoded by CTSH), a type 1 diabetes candi-
date gene,’*" exhibits a co-localization for lead variant
rs34593439, having a 0.10 minor-allele frequency and a
small 99% credible set (5 variants, Figure S5A). The protective
allele A (type 1 diabetes odds ratio = 0.84) lowers islet CTSH
expression (Figure S5B). CTSH displays complex regulation in
response to inflammatory stimuli. It is downregulated in En-
doC-pH1 cells upon exposure to pro-inflammatory cytokines
interleukin (IL)-1p + interferon (IFN)y.*® The risk allele T of variant
rs3825932 has been shown to reduce islet CTSH expression®’;
this variant is in linkage disequilibrium with rs34593439. Lower
methylation variability may make individuals with the protective
allele potentially less sensitive to cytokines.*' The gene is also
associated with celiac disease®’; type 1 narcolepsy,*® where
the rs34593439 A allele increases risk; and rheumatoid
arthritis.** This association with multiple autoimmune diseases
makes the gene and variant good candidates for further
investigation.

Figure 4. colocRedRibbon doubles the number of co-localizations and detected variants that lie in islet-specific regulatory regions

(A) Number of co-localizing regions. colocRedRibbon (red) significantly improves detection of co-localizations compared with coloc (blue). The more conservative
colocRedRibbon interquartile range (IQR) method (green) is also better than coloc. The percentage increase is shown for GWAS hits for European and multi-
ancestry type 2 diabetes (T2D), type 1 diabetes (T1D), and glycemic traits HbA1c, fasting glucose, 2-h glucose post-challenge, and fasting insulin. “Any” includes

all GWAS SNPs combined. Co-localizations overall increased by 103%.

(B) Direction of effect of the risk allele on gene expression. Inc, increased gene expression; dec, decreased gene expression.
(C-E) The number of regulated genes in common for glycemic traits and diabetes GWAS.

(F) Enrichment in regulatory regions for lead SNPs. “Any” means any of the regions.

(G) Human islet-specific regulome enrichment.?®2° **p < 0.001, *p < 0.01, and *p < 0.05.

(H) Gprofiler2 enrichment in co-localizing genes for type 2 diabetes and glycemic traits.

See also Figures S2 and S3.
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Glycemic trait genes are shared with type 2, but not type
1, diabetes

Among the 48 co-localizations identified for glycemic traits,
only SULT1A2 was present among type 1 diabetes genes. In
contrast, 19 (50%) glycemic trait genes were detected for
type 2 diabetes, with 11 sharing an identical lead variant. A
striking example of this overlap is single lead variant
rs11708067 affecting ADCY5 expression,*® which co-localizes
for type 2 diabetes and all glycemic traits (Figure 6). The type
2 diabetes risk allele A decreases human islet ADCY5 expres-
sion (Figures 6A and 6B). Consistent with its effect on type 2
diabetes risk, the A allele is associated with increased HbA1c
and fasting and 2-h glucose and decreased islet ADCY5
expression (Figures 6C-6E). Conversely, the A allele is associ-
ated with increased fasting insulin and increased ADCY5
expression (Figure 6F). ADCY5 encodes adenylate cyclase
5, an enzyme that converts ATP to cAMP, generating an
essential amplifier of insulin secretion. Decreased ADCY5
expression impairs glucose-induced cAMP production and
insulin secretion.”® These congruent co-localization data
strongly support rs11708067 as the causal variant that in-
creases diabetes risk by decreasing ADCY5 expression. It
underscores the importance of ADCY5 in glucose homeosta-
sis, highlighting how a single genetic variant can have pleio-
tropic effects on related traits.

Concordance between transcriptomic and proteomic
co-localizations in diabetes

To determine whether co-localization signals at the transcrip-
tome level are reflected in the proteome, we used colocRedRib-
bon to co-localize GWAS SNPs with plasma pQTLs.?" Of 268
unique co-localizing genes for type 2 diabetes and glycemic
traits and 24 for type 1 diabetes, 68 with at least one significant
PQTL (Table S13) were detected by aptamers in plasma.”’ Of
these, 21 regions showed co-localization with pQTLs, resulting
in a total of 40 co-localizations across all traits (Tables S13 and
1). Variant rs8076632 co-localizes with the SPT20 protein and
the corresponding spermatogenesis-associated 20 (SPATA20)
gene (Figure 3G), with the type 2 diabetes risk allele located in
an exon concordantly increasing mRNA and protein expression.
While a previous study reported no co-localization in this re-
gion,*” another did, albeit with an unconvincing lead variant.*®
The mechanism by which SPATA20 alters type 2 diabetes risk
remains to be elucidated.

CTSH protein contains the type 1 diabetes-associated variant
rs2289702 within its 99% credible set. The risk allele again dem-
onstrates a concordant direction of effects on gene and protein
expression.

Concordance was also seen for PDCD5 and ABO, the latter in
multiple GWASs (Table S13).

Cell Genomics

ColocRedRibbon enables co-localization for diverse
diseases and traits

To demonstrate the broader applicability and versatility of coloc-
RedRibbon, we used it for other combinations of GWASs and/
or QTLs.

We first examined co-localizations between different GWASs
using colocRedRibbon. We analyzed the region around FTO,
known to be associated with type 2 diabetes and BMI
(Table S14). Strong overlap was seen for variants from obesity®*
and type 2 diabetes GWASSs, with rs11642015 being the lead
SNP (Figure S6). The risk alleles are concordant, suggesting
that this variant confers susceptibility to obesity and type 2
diabetes.

We next investigated the relationship between the obesity
GWAS?® and islet eQTLs,'” expecting fewer co-localizations
than for diabetes, given the central role of the brain and adipo-
cytes in obesity. This identified 12 co-localizations (Table S15).
Obesity-associated variants in a chromosome 16 locus increase
islet EIF3C and EIFS3CL expression and decrease lincRNA
ENSG00000251417 (Figure S7); these islet eQTLs also co-
localize with type 2 diabetes (Table S2). The increased EIF3C
transcript expression associated with the lead risk allele
rs62036658 is concordant with obesity and type 2 diabetes.
EIF3C encodes subunit ¢ of eukaryotic translation initiation
factor 3, a critical protein for mRNA start codon selection and
ribosome assembly.*

Finally, we co-localized the BMI GWAS?* with subcutaneous
adipose tissue meQTLs for 28 regions targeted in McAllan
et al.,?® identifying 5 co-localizations (Table S16). The BMI-
increasing rs12450225 allele augments methylation at the
cg14884929 site (Figure S8). cg14884929 is located near
MIR10A, encoding microRNA 10a that regulates adipose tissue
inflammation and homeostasis.’*°' These results suggest that
genetic variants influencing BMI may, in part, exert their effects
through the modulation of adipocyte DNA methylation.

Taking these results together, we show that colocRedRibbon
has broad applicability for co-localization analyses across multi-
ple omics and is versatile in uncovering tissue-specific or shared
genetic mechanisms underlying disease phenotypes.

DISCUSSION

Over the past decades, a plethora of GWASs have linked com-
mon genetic variation to complex diseases and traits. Because
90% of all GWAS hits lie in non-coding regions, the identification
of genes that mediate susceptibility is not straightforward. eQTL
studies in disease-relevant tissues can connect SNPs to func-
tional genes, but the yield of GWAS and eQTL variant co-locali-
zation studies tends to be low. This is illustrated by the >700
variants identified in the diabetes GWAS, of which only around

(B) FUT2 expression plot for co-localizing SNP.

(C) Human EndoC-pH1 B cell apoptosis 24 h after control or FUT2 small interfering RNA (siRNA) transfection and infection or not (NT) with coxsackievirus B1

(n=5). ”p < 0.01and *p < 0.05.

(D) Co-localization plots for RASIP1. SNPs are referenced by rsids, and PP.H4.abf and SNP PP.H4 are the posterior probabilities for coloc tool hypothesis 4. MAF,
minor-allele frequency; IRA, increasing risk allele expression regulation direction. An arrow pointing up or down means increased or decreased gene expression

for the risk allele, respectively.
See also Figure S4.
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50 have so far been linked to changes in pancreatic islet gene
expression. Here, we significantly expanded the number of co-
localizations for type 2 diabetes and identified many novel type
1 diabetes co-localizations using the novel colocRedRibbon
pipeline. This pipeline detected 434 co-localizations corre-
sponding to 289 genes and 344 distinct lead variants. This in-
crease is attributed to a combination of new computational
methods and larger, multi-ethnic, and multi-trait GWASSs.
Without the methodological advancements of colocRedRibbon,
we would have identified 214 co-localizations (128 distinct gene
regions), i.e., less than half, highlighting the importance of these
improvements in uncovering novel associations. colocRedRib-
bon filters variants or delimits regions (interquartile range [IQR]
mode, Figure 1B) to be further analyzed for co-localization. We
used coloc, but any other tool may be used (e.g., SUSIE + co-
loc®?* or smr*¥).

Our analysis revealed that 88% of lead variants are localized in
regulatory regions, including those specific to islets. For type 2
diabetes and glycemic traits, genes are involved in cellular local-
ization, vesicle dynamics, mitochondrial function, fatty acid
metabolism, and synthesis (Figure S1). The enrichment in regu-
latory regions and pathways crucial for p cell function/survival
demonstrates the potential of colocRedRibbon to identify dis-
ease-relevant mechanisms. When comparing detected genes
with those reported as differentially expressed in islets in type
2 diabetes,®® 51 genes overlapped, pertaining primarily to
cellular localization and vesicle pathways. This is substantial,
considering the relatively modest transcriptome sample size
(28 type 2 diabetic and 58 non-diabetic donors) compared to
the large GWAS and eQTL datasets.

Co-localizing lead variants were also found in genes poten-
tially involved in monogenic diabetes, such as FOXA2 and
PCBD1. The transcription factor FOXA2 contributes to pancreas
development and islet gene expression. FOXA2 mutations have
been implicated in diabetes and congenital hyperinsulinism.>®
PCBD1 acts as a cofactor of transcription factor HNF1A, which
is essential for pancreatic development and function.”® These
findings underscore parallels between monogenic and polygenic
diabetes, as have been described for uncommon variants in
monogenic diabetes genes that increase type 2 diabetes risk,
on average, by 3-fold.”’

The HLA region on chromosome 6 resulted in 8 co-localiza-
tions for type 1 diabetes (Figure 2). This region poses a signifi-
cant challenge for co-localization analyses due to the complex
structure of the linkage disequilibrium. It contains numerous im-
munity-related genes that are under strong selective pressure,®
leading to highly intricate linkage disequilibrium patterns. For
several co-localizations (e.g., BTN2A3P and HCG20), colocRe-
dRibbon detected significant subsets of variants through the

Cell Genomics

overlap prefiltering step. The visual representation of these co-
localizations (see data and code availability) appears inconclu-
sive, however, as the colocRedRibbon-identified variants lie
within stronger GWAS signals. This could be a side effect of
the simplification used to assess linkage disequilibrium in
adjusted p value computation, overestimating the overlap signif-
icance or, alternatively, acting as a reflection of the method’s
ability to discern multiple overlapping GWAS signals, resulting
in valid co-localization. Other co-localizations in the HLA region
(e.9., PSMB9 and HLA-DQB1-AS1) appear more convincing,
with well-isolated GWAS signals and the lead variant close to
the top. Future validation of HLA region co-localizations is
required, probably using specialized tools tailored to handle
the unique challenges posed by this genomic locus. Adapting
and fine-tuning colocRedRibbon may help to address the com-
plexities of the HLA region, but this will require a dedicated effort.

colocRedRibbon can now be applied to eQTL studies in other
disease-relevant tissues, such as the immune system for type 1
diabetes,’” as well as muscle, liver, and adipose tissue for type 2
diabetes and glycemic traits.°°® The use of the same pipeline
across multiple tissues and QTLs will comprehensively charac-
terize the tissue-specific genetic architecture of these diseases.

The tool is also applicable to QTLs for protein, open chromatin,
and DNA methylation; the method only requires that GWAS and
QTL data share common genomic positional features. A limita-
tion is the current scarcity of pQTLs, open chromatin, and
meQTLs in relevant tissues. We applied colocRedRibbon to
plasma pQTLs,”’ meQTLs,** and obesity*®> and BMI** GWASs,
showcasing its adaptability to different QTL types and its appli-
cability across diseases or traits. The method is equally suitable
for investigating chromosomal regions located farther away from
the gene—such as those with trans-QTL signals. Users can
specify any region of interest, including the union of regions
around trans-QTL variants associated with the gene under study.
This flexibility allows colocRedRibbon to be readily adapted for
both cis- and trans-QTL co-localization analyses.

In summary, this study leveraged the novel colocRedRibbon
pipeline to analyze a large dataset from human pancreatic islets,
a tissue central in the pathogenesis of diabetes, allowing us to
investigate the expression regulatory variation underlying this
complex disease. colocRedRibbon significantly enhanced the
detection of co-localizations of eQTL and GWAS variants
compared with previous methods, refining the mapping of lead
variants and uncovering numerous novel co-localizations. These
results are a critical step toward understanding how diabetes-
associated variants impact pancreatic islet cell function, eluci-
dating the mechanisms linking genetic variation with diabetes
and, potentially, guiding the translation of GWAS hits to (person-
alized) diabetes therapy.

Figure 6. Co-localization of ADCY5 eQTL and type 2 diabetes and glycemic trait GWAS SNPs
Co-localization plots for ADCY5 show the same lead SNP in red, the 99% credible set in green, and RedRibbon overlap in blue. The red dotted line is the gene

transcription start site.
(A) Type 2 diabetes co-localization.
(B) Expression level for alleles regulating ADCY5.

(C-F) Co-localization for (C) glycated hemoglobin (HbA1c), (D) 2-h glucose (2hGlu), (E) fasting glucose (FG), and (F) fasting insulin (FI). SNPs are referenced by
rsids, and PP.H4.abf and SNP PP.H4 are the posterior probabilities for coloc tool hypothesis 4. MAF, minor-allele frequency; IRA, increasing risk allele expression
regulation direction. An arrow pointing up or down means increased or decreased gene expression for the risk allele, respectively.
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Table 1. Selected co-localizations for diabetes and glycemic traits

Co-localization PP.H4 Cross-analyses

GWAS  Gene (pQTL) Lead SNP IRA  abf SNP Other GWASs Previously reported Regions

T2D CCDC67 rs11600595 inc 86% 91% T2D Eur. INSPire -

T2D TH rs10840495 dec 97% 98% T2D Eur. - -

T2D GSAP rs3912067 inc 82% 21% T2D Eur. - promoter flanking
region

T2D GSAP rs9641219 dec 93% 92% T2D Eur. - promoter, transcript,
active promoters

T2D MTNR1B rs10830963 inc 99% 100% FG, HbA1c, T2D Eur. TIGER transcript, Inactive
enhancers

T2D FUT2 rs681343 inc 99% 25% T1D - exon, transcript

T2D WASF5P rs2905758 inc 97% 56% T1D - transcript

T2D PRELID1 rs28607106 dec 91% 62% - - -

T2D GRSF1 rs10433674 dec 97% 34% = GSEA promoter flanking
region, active
enhancers

T2D PDESB rs7732130 inc 96% 99% FG, T2D Eur. INSPire, GSEA enhancer, transcript,
active enhancers

T2D MYO5C rs149336329 dec 94% 99% T2D Eur. - promoter, transcript,
active promoters

T2D RPL39L rs3887925 inc  99% 98% T2D Eur. GSEA promoter flanking
region, transcript,
active enhancers

T2D ST6GALT rs3887925 inc  99% 99% T2D Eur. TIGER promoter flanking
region, transcript,
active enhancers

T2D ADCY5 rs11708067 dec 99% 99% 2hglu, FG, FI, HbA1c, TIGER, INSPire, promoter flanking

T2D Eur. GSEA region, transcript,
inactive enhancers

T2D FOXA2 rs6048206 inc 89% 32% - GSEA -

T2D PCBD1 (PHS) rs827241 dec 98% 53% T2D Eur. TIGER, GSEA promoter, exon,
transcript, active
promoters

T2D SPATA20 (SPT20) rs8076632 inc  99% 58% - GSEA exon, transcript

HbA1c SULT1A2 rs4149406 inc  86% 22% T1D GSEA promoter, transcript

T1D FUT2 rs11666792 dec 98% 29% T2D - transcript

T1D SULT1A2 rs13331170 dec 81% 12% HbA1c - -

T1D WASF5P rs3130297 inc  93% 99% T2D - -

T1D RASIP1 rs11666792 inc  96% 23% - - transcript

T1D CTSH (cathepsin H)  rs34593439 inc  99% 25% - - transcript

T1D PSMB9 rs2071465 inc 99% 99% - - promoter, transcript

T1D HLA-DQB1-AS1 rs17206350 inc  99% 100% - = =

Gene shows gene symbol. If a protein quantitative trait locus (pQTL) also co-localizes, the protein name is displayed in parentheses. GWASs are for
type 2 diabetes multi-ancestry (T2D), type 2 diabetes European ancestry (T2D Eur.), type 1 diabetes (T1D), fasting glucose (FG), fasting insulin (Fl), 2-h
glucose (2hglu), and HbA1c. IRA indicates the direction of gene expression associated with the risk-increasing allele, where “inc” denotes increased
and “dec” decreased expression. GSEA refers to our fast gene set enrichment analysis (f{GSEA) comparing type 2 diabetic vs. non-diabetic islet dif-
ferential gene expression.*® INSPire data are from Vifiuela et al.’® and TIGER data from Alonso et al."” Genomic regions are defined based on

GENCODE genome annotation and chromatin regulation data.?®

colocRedRibbon is a powerful new tool for integrating genetic
and gene expression data to elucidate the complex interplay be-
tween genetic variation and disease risk. It is poised to expand
knowledge of the genetic architecture of many complex dis-

eases and highlight avenues for therapeutic development. dRibbon

Limitations of the study
colocRedRibbon uses the RedRibbon approach that employs
an evolutionary algorithm to identify the minimal hypergeo-
metric p value within the overlap map. As a result, colocRe-
is subject to the

inherent

non-determinism
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associated with such algorithms. This stochastic variability
can be managed effectively by performing multiple indepen-
dent runs of the overlap analysis to ensure the robustness
of the results.

Another limitation lies in the limited availability of pQTL, open
chromatin, and meQTL data in relevant tissues. This restricts
the comprehensiveness of our analyses and, consequently,
limits our ability to fully capture the regulatory landscape in all
biologically relevant contexts.
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Data and code availability
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STARxMETHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Bacterial and virus strains

Prototype strain of enterovirus, CVB1/Conn-5 ATCC ATCC VR-28

Chemicals, peptides, and recombinant proteins

Lipofectamine RNAIMAX Transfection Reagent Invitrogen Cat #13778150

Propidium iodide Sigma-Aldrich Cat#P4170; CAS:
25535-16-4

Hoechst 33342 (bisBenzimide H 33342 Sigma-Aldrich Cat#14533; CAS:

trihnydrochloride) 875756-97-1

Forskolin Sigma-Aldrich Cat#F6886; CAS:
66575-29-9

Beta Krebs Human Cell Design Group Cat#BK-100

SsoAdvanced Universal SYBR Green Supermix Bio-Rad CAT#1725274

Critical commercial assays

Human Insulin ELISA
Invitrogen™ PureLink™ RNA Micro Scale Kit

Applied Biosystems™ TagMan™ Reverse
Transcription Reagents

Mercodia
Invitrogen
Applied Biosystems

Cat #10-1113-10
Cat#12183016
Cat#4304134

Deposited data

eQTL
pQTL
meQTL
GWAS

Co-localization list, plots and source code

Alonso et al."”
Ferkingstad et al.”’
McAllan et al.??

Chen et al.,"’ Suzuki et al.,"®
Kurki et al.,”® Yengo et al.”*

This paper

http://tiger.bsc.es/
N/A
N/A
N/A

https://doi.org/10.5281/zenodo.13987433

Experimental models: Cell lines

EndoC-pH1

Ravassard et al.®®

RRID:CVCL_L909

Oligonucleotides

AllStars Negative Control siRNA

Human siFUT2, Stealth siRNA

Human SiFUT2#2, Silencer Select siRNA
Primer for FUT2 Forward: AGCGGCTAGCGAA
GATTCA

Primer for FUT2 Reverse: GGTCCCAGTGCCT
TTGATGT

Primer for ACTB Forward: CTGTACGCCAACA
CAGTGCT

Primer for ACTB Reverse: GCTCAGGAGGAGC
AATGATC

Primer for VAPA Forward: TACCGAAACAAGGA
AACTAATGGAA

Primer for VAPA Reverse: GCCTTAAACCTTCA
TCTCTCAGGT

Qiagen

Thermofisher Scientific
Thermofisher Scientific
This paper

This paper
Costa-Junior et al.®”
Costa-Junior et al.®”

Costa-Junior et al.®”

Costa-Junior et al.®”

Cat #1027281
ID:HSS103862
ID:S533826
N/A

N/A
N/A
N/A
N/A

N/A

Software and algorithms

colocRedRibbon

RedRibbon

el Cell Genomics 5, 101004, November 12, 2025

This paper

Piron et al.”®

https://github.com/antpiron/colocRedRibbon and
https://doi.org/10.5281/zenodo.13987433 (version
used for this paper)

https://github.com/antpiron/RedRibbon

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

GProfiler2 Kolberg et al.®® RRID:SCR_018190 https://cran.r-project.org/web/
packages/gprofiler2/index.html

Coloc Wallace™ RRID:SCR_026041 https://cran.r-project.org/web/
packages/coloc/index.html

fGSEA Korotkevitch et al.®” RRID:SCR_020938 https://bioconductor.org/
packages/release/bioc/html/fgsea.html

GraphPad Prism 9 GraphPad Software RRID:SCR_002798

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

All human sample data and associated metadata are available from the respective data owners, as detailed in the key resources table
section.

METHOD DETAILS

The novel colocRedRibbon R package integrates the coloc co-localization package® with a variant shortlisting method. The short-
listing method is based on RedRibbon rank-rank hypergeometric overlap®® and uses the direction of effect of GWAS risk alleles in the
eQTL analysis and is described in more detail below.

colocRedRibbon workflow

colocRedRibbon is a tool designed to identify common causal candidates by co-localizing GWAS and eQTL (Figure 1A). This
approach aims to pinpoint variants associated both with diabetes risk and gene expression. The method employs a two-step
approach for shortlisting variants: a risk allele effect step and a RedRibbon overlap step. The risk allele effect step categorizes
variants into two disjoint sets based on the direction of effect on gene expression of the disease-risk increasing allele, i.e., down-
or upregulating. The upregulating variant set comprises the variants whose risk alleles increase gene expression, and the downre-
gulating set risk alleles that decrease gene expression. The subsequent steps are applied independently on both variant sets.

In the shortlisting step, the RedRibbon rank-rank hypergeometric overlap method?° is applied on GWAS and eQTL variants. This
step involves the ranking of variants by p-values for both GWAS or eQTLs and statistically examining potential overlaps between
the ranked lists. If significant overlap is detected, the shortlisted SNPs are further analyzed by the coloc package. In cases where
RedRibbon overlap is not significant, coloc analysis is performed without prior shortlisting.

colocRedRibbon shortlisting

Risk allele effect shortlisting

The shortlisting step leverages a known biological principle to categorize variants into two disjoint subsets. This principle is based on
the expectation that risk alleles of multiple variants within a gene region that are in linkage disequilibrium should produce concordant
expression effects, either upregulating or downregulating gene expression. Risk alleles of variants are hence split into two sets, one
upregulating and the other downregulating a gene. Only one of these two sets is likely to yield meaningful co-localization results, as
relevant associations are expected to have consistent directional effects. Compared to analyses that do not include this step, this
division typically halves the number of candidate loci, streamlining subsequent analyses.

RedRibbon overlap shortlisting

The RedRibbon method?® ranks GWAS and eQTL variant lists by increasing p-value, prioritizing variants with the strongest statical
significance. RedRibbon aims to uncover the best overlap among variants with the lowest p-values in both lists. For each coordinate
(i,j) in the two lists, where i represents the GWAS rank and j the eQTL rank, an overlap p-value is computed using a one-sided hy-
pergeometric statistic. Let ¢ be the number of variants common to both lists at the coordinate (i, ) in a RedRibbon overlap map of size
n x n, where n is the number of elements in each list, the overlap p-value is calculated as:

pval =1- CDthper(C - 171',]',17)

where CDFpyer represents the hypergeometric cumulative distribution function. This p-value quantifies the probability of observing
c or more overlapping variants by chance, given the positions in the ranked lists. RedRibbon overlap results in a list of variants
corresponding to the minimal p-value overlap. This approach allows for a statistical assessment of the overlap between GWAS
and eQTL SNPs, facilitating the identification of potential causal variants that influence both disease risk and gene expression.
RedRibbon overlaps shortlisting in interquartile range mode

The list of shortlisted variants can be directly fed into the coloc tool. Or, alternatively, the interquartile range (IQR) method can
be employed to add background, providing a more comprehensive analysis (Figure 1B). The RedRibbon-shortlisted variants
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serve as the core set. The core set is expanded with additional variants based on their chromosomal positions, using as lower bound,
Q1 — 1.5%IQR and upper bound Q; + 1.5 * IQR where Q is the 25" percentile (first quartile) of the chromosomal positions of the
core set, Q, the 75" percentile (third quartile), and QR is the interquartile range (Q3 — Q1). This method adds a background of var-
iants while excluding potential outliers, providing a broader genomic context and ensuring a more robust set for coloc analysis.
Adjusted P-value computation

The colocRedRibbon adjusted minimal p-value is computed, leveraging the p-value adjustment capabilities of the RedRibbon pack-
age.?® This approach utilizes a hybrid permutation-prediction method that splits the variants into two sets, the permuted and pre-
dicted set. The permuted set undergoes, as the name indicates, random permutation. The predicted set is computed from the
permuted set values with the following:

Py = [rPc+ (1 = Ir)P

where the p-value P, for variant y is predicted from the p-value Py for variant x, the coefficient of correlation r representing the linkage
disequilibrium, and a random p-value P generated from the distribution of all values in the original list.

The hybrid permutation-prediction of colocRedRibbon uses a linkage disequilibrium approximation to compute the adjusted
p-value. This approximation is given by r function, an approximation of the coefficient of correlation between two variants:

_ half
" half+distance(SNPy, SNP,)

r(SNP1 ,SNPQ)

where distance is the distance in base pairs between the variants under consideration, and half the distance between the variants
where r equals 0.5.

The rationale behind the approximation is to trade-off some of the adjusted p-value accuracy for performance, because using real
linkage disequilibrium would be computationally expensive as it needs to be computed for all pairs of variants. Subsequent coloc
analysis is expected to filter out the remaining false positives.

colocRedRibbon R package

colocRedRibbon is available as a user-friendly R package (see data availability section), designed to streamline the process of co-
localization analysis. This package seamlessly combines risk allele effect and RedRibbon shortlisting steps with the coloc package,”®
providing a comprehensive analysis pipeline. It leverages the fast and accurate rank-rank overlap method from RedRibbon R pack-
age.”® The speed of RedRibbon allows for thousands of co-localizations to be run within hours on standard computer hardware.

Pathway and regulatory elements enrichment

Pathway enrichment was done with gprofiler2 (v0.1.9) and regulatory element enrichment with the hypergeometric model using En-
sembl Regulatory Build GRCh37°? and human islet chromatin regions from.?®*° We used fGSEA R package®® to overlap the co-local-
izing genes with type 2 diabetes differential gene expression from.**

Normalization of gene expression
In the gene expression plots, expression was normalized to the geometric mean of stable genes VAPA, ACTB and ARF1 (in tran-
scripts per million.”® For each sample numbered j, an adjustment factor p; is computed with

B = 1"/1_[1Expr,ef,.‘,-

The expression adjustment is computed for each sample j and gene i as AdjExpri; = p; * Exp r;. This normalization was used only
for the purpose of visualization of gene expression.

Viral infection and FUT2 knockdown in human beta cells

Cell culture

The human EndoC-pH1 beta cell line,°® kindly provided by R.Scharfmann (Institut Cochin, Paris), was cultured on Matrigel-fibro-
nectin-coated plates in DMEM with 5.6 mM glucose, 2% fatty acid-free BSA, 50 uM 2-mercaptoethanol, 10 mM nicotinamide,
5.5 pg/mL transferrin, 6.7 ng/mL sodium selenite, and antibiotics.

Viral infection

EndoC-pH1 cells were infected with prototype strain of enterovirus CVB1/Conn-5 (ATCC) at 0.1 multiplicity of infection using medium
without FBS. After 2-h adsorption at 37°C, the viral inoculum was removed, cells were washed twice and FBS-containing medium
was added to allow viral replication. Cytopathogenic effect was assessed 24 h post-infection.

siRNA transfection

EndoC-pH1 were transfected overnight with 60 nM Allstars Negative Control siRNA (Qiagen, Venlo, The Netherlands) or human FUT2
siRNA (siFUT2, Stealth siRNA, ID:HSS103862, or siFUT2 #2, Silencer Select siRNA, 1D:S533826, both from Thermofisher Scientific)
using Lipofectamine RNAIMAX (Invitrogen) according to the manufacturer’s protocol.”’ After 48-72-h recovery, cells were infected
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with CVB1 coxsackieviruses as described above. RNA extraction (Invitrogen) and reverse transcription (Applied Biosystems) were
performed following the manufacturer’s protocols, and gPCR was carried out as previously described.®”

Cell viability

Cells were stained with the DNA-binding dyes propidium iodide (5 pg/mL) and Hoechst 33342 (5 pg/mL, Sigma). The number of
viable, apoptotic and necrotic cells was assessed in at least 600 cells by two observers, one of whom was blinded to sample identity.
Observer agreement exceeded 90%. This method has been validated by comparison with electron microscopy, caspase-3 cleavage
and DNA laddering."?

Insulin secretion

48 h after siRNA transfection, EndoC-pH1 cells were preincubated for 24 h in DMEM containing 2.8 mM glucose, followed by incu-
bation in glucose-free Krebs solution for 1 h. Cells were exposed in parallel to Krebs solution containing 0 or 20 mM glucose or 20 mM
glucose +10 puM forskolin for 1 h. Insulin was measured in cell-free supernatants and acid ethanol-extracted cell lysates by ELISA
(Mercodia) and normalized to protein content, determined by Bradford assay.

QUANTIFICATION AND STATISTICAL ANALYSIS

Co-localization

ColocRedRibbon method is fully detailed in the method details section. Overlap significance in ColocRedRibbon is defined as an
adjusted p-value <0.05, while significance for coloc tool is defined as a posterior probability PP.H4.abc >0.8. To address the
non-deterministic nature of RedRibbon?® (see limitations of the study section), colocRedRibbon analyses were repeated up to
three times in cases where coloc returned a posterior probability 0.8 > PP.H4.abf >0.6 to ensure result robustness. When minor
allele frequencies were not available from QTL analyses, we used the corresponding GWAS minor allele frequencies as proxies.
We ran the co-localization over the regions containing at least one significant GWAS (P-value <10~%) and one significant QTL, using
significance thresholds as defined by the data owner or, if not provided, derived from a false discovery rate criterion.

Enrichment analyses

Gene enrichment analysis for type 2 diabetes was performed using the f{GSEA software with parameters minSize = 15 and maxSize =
1000.%° Pathway enrichment analysis with gProfiler2 was carried out using the following data sources: GO, KEGG, REAC, MIRNA,
HP, HPA, CORUM, and WP.®® GProfiler2 vizualisation plots were generated with a custom plotting function, which is available in our
zenodo repository number (https://doi.org/10.5281/zenodo.13987433, file src/r-lib/enrichment.R). Variant enrichment in regulatory
regions was assessed using a one-sided hypergeometric test, with multiple testing correction applied by controlling for false discov-
ery rate (FDR <0.05, zenodo file src/r-lib/regulatory.R).

FUT2 statistical analyses

Statistical analyses for FUT2 (Figure S4) were performed using one-way ANOVA for panels A-B and two-way ANOVA for panel C,
followed by Dunnett’s post hoc test for pairwise comparisons using GraphPad software. Data are presented as mean + SEM,
with individual points indicating independent experiments.
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