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RNA editing underlies geneticrisk of
common inflammatory diseases
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A major challenge in human geneticsis to identify the molecular mechanisms of
trait-associated and disease-associated variants. To achieve this, quantitative trait

locus (QTL) mapping of genetic variants with intermediate molecular phenotypes
such as gene expression and splicing have been widely adopted'*. However, despite
successes, the molecular basis for a considerable fraction of trait-associated and
disease-associated variants remains unclear®*. Here we show that ADAR-mediated
adenosine-to-inosine RNA editing, a post-transcriptional event vital for suppressing
cellular double-stranded RNA (dsRNA)-mediated innate immune interferon

responses® ™!

,isanimportant potential mechanism underlying genetic variants

associated with common inflammatory diseases. We identified and characterized
30,319 cis-RNA editing QTLs (edQTLs) across 49 human tissues. These edQTLs were
significantly enriched in genome-wide association study signals for autoimmune and
immune-mediated diseases. Colocalization analysis of edQTLs with disease risk loci
further pinpointed key, putatively immunogenic dsRNAs formed by expected
inverted repeat Alu elements as well as unexpected, highly over-represented
cis-natural antisense transcripts. Furthermore, inflammatory disease risk variants,
inaggregate, were associated with reduced editing of nearby dsRNAs and induced
interferonresponses ininflammatory diseases. This unique directional effect agrees
with the established mechanism that lack of RNA editing by ADAR1 leads to the
specific activation of the dsSRNA sensor MDAS and subsequent interferon responses
and inflammation”®. Our findings implicate cellular dsRNA editing and sensing as a
previously underappreciated mechanism of commoninflammatory diseases.

Genome-wide association studies (GWAS) have led to the discovery
of hundreds of thousands of risk variants involved in trait and disease
aetiology, but understanding their molecular function remains an
ongoing challenge. QTL studies, best exemplified by gene expression
QTLs (eQTLs), have been successfulinbridging GWAS variants to their
molecular mechanisms"% Alternative splicing QTLs (sQTLs) have
further expanded discovery of these mechanisms™. However, other
post-transcriptional processes, such as RNA editing, remain largely
unexplored, despite the increasing appreciation of their important
functions in health and disease'***,

One ofthe most abundant RNA modificationsis adenosine-to-inosine
(A-to-1) RNA editing catalysed by adenosine deaminases acting on RNA
(ADARs) that bind to dsRNA substrates and convert adenosines to
inosines’. Asinosine is recognized as guanosine, RNA editing events can
beaccurately identified and quantified by standard RNA sequencing,
unlike most other RNA modifications®. Previous studies have identified
millions of RNA editing sites in humans, more than 99% of which are
locatedininverted repeat Alus (IRAlus) that form dsRNA substrates™® %,

Key to editing in mammals are two enzymatically active ADAR proteins,
ADAR1and ADAR2, which have distinct physiological functionsin vivo®.
ADARI, which is ubiquitously expressed across human tissues, has a
critical rolein suppressing dsRNA sensing thatis mediated by MDAS5, a
cytosolicsensor of ‘non-self’ dsSRNA”° (Fig. 1a). Mice deficient in ADAR1
editing are embryoniclethal due to elevated innate immune responses
indicated by the induction of interferon-stimulated genes (ISGs), but
canbe rescued to full life span when MdaSis knocked out®. In humans,
ADARI loss-of-function and MDAS gain-of-function mutations have
beenidentified in rare autoimmune diseases such as Aicardi-Gou-
tieres syndrome®?, further establishing the ADAR1-dsRNA-MDAS
axis as an underlying mechanism in immune disease (Fig. 1a). Protec-
tive, loss-of-function alleles in MDAS have also been found in GWAS of
commoninflammatory diseases such as type 1 diabetes”?, psoriasis®,
inflammatory bowel disease (IBD)*, vitiligo®?, vitamin B, deficiency
anaemia®, hypothyroidism*and coronary artery disease (CAD)*?. Fur-
thermore, aberrant editing hasbeenreportedin several common auto-
immune diseases, including psoriasis, rheumatoid arthritis, systemic
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Fig.1/RNA edQTL mapin human tissues. a, Schematic of the ADARI-dsRNA-
MDAS5 axisininnate immunity. b, Illustration of the cis-edQTL concept. The
levels of RNA editing are quantified from bulk RNA sequencing of tissue samples
by countingthe fraction of edited reads over edited and unedited reads for each
editingsite, and local genetic effects (edQTLs) are quantified acrossindividuals
foreachtissue.c, The number of edSites mappedin GTEx tissues, compared to
the number mappedinlymphoblastoid cell lines (LCLs) from a previous study>®.
Eachtissueis colour-coded accordingtoits overall editing level. Tissues of
notably high or low overall editing level are labelled. The dashed line represents
linear regression between the number of edSites and the sample size across 49
tissues. d, Pairwise sharing of edQTLs acrosstissues. Coloursindicate Pearson’s
correlation coefficient by the magnitude of the edQTL effect size. Tissues with
notably distinctive edQTL profiles arelabelled. e, Comparison of the

lupus erythematosus and multiple sclerosis”>°. However, the extent
to which common genetic differences in RNA editing may contribute
to immune and inflammatory diseases remains to be identified.

Identification of cis-RNA edQTLs

Inthis study, we aimed to obtaina systematic understanding of the roles
of A-to-1RNA editing in common and complex traits and diseases. We
mapped cis-edQTLs (hereafter denoted asedQTLs) using the GTEx V8
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distribution of SNPs mapped as eQTLs,sQTLs oredQTLs around gene bodies
(top), splicejunctions (middle) and RNA editing sites (bottom). The density of
SNPsisnormalizedto [0, 1]. The shaded areadenotes the standard deviation
with the meanasthecentreline. TTS, transcription terminationsite; TSS,
transcriptionstartsite. f, Alignment of ADAR1binding profile withedQTL SNPs
inthe Alu consensus sequence. The ADAR1binding profile was estimated using
ADAR1CLIP-seqdata (Methods). SNPs are coloured by local density (window
size=10nt). g, Correlation between the binding preference of ADAR1and the
absolute effect sizes of edQTLs. We divided the 300-nt Alu consensus sequence
into 60 equal bins, and within each bin, we tested the correlationbetween the
average absolute effect sizes of SNPs and the average ADAR1binding preference
using Spearman’s method. Error barsrepresentstandard deviation with the
mean as the centre point (n =22 autosomes).

RNA sequencing and genotype data (Fig. 1b; Methods), with substantial
improvements over previous efforts® 3¢ such as larger sample size
and more comprehensive RNA editing site annotation. We first meas-
ured RNA editing levels—defined as the fraction of edited (‘G’) tran-
scripts over total (‘A’and ‘G’) transcripts—at single nucleotides (‘sites’)
across a catalogue of more than 2.8 million sites and obtained reliable
editing-level quantification for 14,993-60,581 sites per tissue type
(Extended DataFig.1a,b; Methods). To identify and control for poten-
tial confounding factors of editing-level measurement, we performed
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Fig.2|Contribution ofedQTLs to complex diseases and traits. a, Quantile-
quantile plots of Pvalues for GWAS SNPs annotated as edQTLs,sQTLs and
eQTLs.Random SNPs matching the edQTLs are used as negative controls
(Methods). b, Enrichment of heritability for 24 human traits and diseases
mediated by edQTLs,sQTLsand eQTLs. Autoimmune diseases are shownin
bold. Enrichmentis measured as the regression coefficient of the mediated

principal component (PC) analysis and found that the expression level
of ADARI correlated with the top PC explaining 8% of the overall vari-
ance in editing level (Extended Data Fig. 1c,d; Methods). Moderately
(40-60%) edited sites showed high levels of variation across individuals,
whereas lowly (less than 10%) or highly (more than 90%) edited sites
had little variation (Extended Data Fig. 1e). Similar observations were
also made for DNA methylation level*” and RNA splicing ratios, in which
acompetition model between splicing isoforms hasbeen proposed to
explain how splicing ratios responded to local genetic perturbation®

Next, we identified edQTLs in each GTEx tissue type using the QTL
mapping pipeline widely adopted by the GTEx Consortium?*, We con-
sidered proximal (within £100 kb of editing sites) common variants
(minor allele frequency of more than 5%) and editing sites observedin
atleast 60 samples of each tissue type (Methods). Of all 287,965 editing
sitestested, weidentified edQTL for 30,319 sites (10.6%, false discovery
rate of less than 5%, permutation-based; Methods); hereafter, we denote
editing sites with edQTLs as edSites. In addition, edQTLs were present
in32% (7,165) of all edited genes, which we denote hereafter asedGenes
(Extended Data Fig. 2a). Within edGenes, the majority (approximately
60%) of the edQTLs affected multiple editing sites at the same time

expressionscoreregression (Methods). Theerror bars represent jackknife
standard errorsaround the estlmates of enrichment. ¢, Estimated percentage
of heritability mediated by edQTLs ( "“"") across GTExtissues for 24 human
traitsand diseases. Traits and disease$ are shownin the same orderasinb.
Tissues withcommon biological origin are putinto tissue groups (top row;
see Methods). Sample sizes are provided in Supplementary Table 1.

(Extended Data Fig. 2b), which is expected as editing sites tend to be
located in close proximity™*®. In addition, nearly 30% of the edGenes
had multiple independent edQTLs (Extended Data Fig. 2¢), indicat-
ing that editing sites can be co-regulated by multiple independent
single-nucleotide polymorphisms (SNPs) (Extended DataFig. 2d). The
number of edSites per tissue type was mostly dependent on sample
sizes and overall editing levels (defined as transcriptome-wide frac-
tion of edited transcripts over total transcripts) (Fig. 1c). Compared to
arecent study using a smaller dataset®, we identified approximately
nine times more edSites (Extended Data Fig. 2e).

Characterization of edQTLs

We compared the effects of edQTLs between tissues by performing
ameta-analysis*® (Methods). We observed that cis-genetic effects on
RNA editing were highly consistent across tissues (Fig.1d and Extended
Data Fig. 2f-g’). More specifically, the direction of effects across all
tissues was consistent for 87.6% of the edQTLs (Fig. 1d and Extended
DataFig. 2f), whereas only 538 edQTLs showed tissue-specific effects
(twofold or more difference in the magnitude of effects; Methods)
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b,c, Genome-wide directional effects of risk variants on editing levels (b) and
expression levels (c) observed inIBD. Effect sizes estimated through signed
linkage disequilibrium profile regression (Methods) are shown on the xaxis to
denote the overall direction of effects of risk variants on editing level, and are
plotted against genome-wide significance (y axis) for each GTEx tissue. Tissues
showing significant directional effects are colouredinred
(Bonferroni-corrected multiple comparison P<1x1073, shownas ahorizontal
dashed line). d, Risk variants associated with reduced RNA editing levels and
induction of ISG expressioninrheumatoid arthritis. RNA sequencing data from
patient-derived samples (n =152 biologically independent synovial tissues)*’
were used to calculate the overall editing levels of dsSRNAs associated with risk
versus protective alleles defined by GWAS (see Methods). The diagonal dashed

(Extended DataFig.2h).Inaddition, 31.1% of edQTLs were found only in
onetissue due totissue-specific gene expression. Our resultsindicate
that the genetic landscape of RNA editing in humans is complex and
requires multiple tissue data to fully describe.

We next compared edQTLs with eQTLs and sQTLs identified in the
same GTEx dataset®. Unlike eQTLs that were enriched near the tran-
scription start sites, edQTLs were enriched in the 3’ untranslated
regions (UTRs), which was reflective of the large proportion (43%) of
edSites located in the 3’-UTRs (Fig. 1e, top panel). Consistent with a
previous report?, sQTLs, but not edQTLs, were enriched near splicing
junctions (Fig. 1e, middle panel). As expected, edQTLs were strongly
enriched near editing sites (Fig. 1e, bottom panel). The subtle enrich-
mentobserved foreQTLs and sQTLs near editing sites suggests poten-
tial overlaps between edQTLs and eQTLs or sQTLs. Indeed, 18.7% and

lineshows wherey=x.Eachsampleis coloured by interferon (IFN) scores
calculated using expression levels of signature ISGs from the same RNA
sequencing samples (see Methods). e, Immune signature scores of the
rheumatoid arthritis samples grouped by the extent of reduced editing levels
(protective - risk alleles) in quantiles (Q), from low to high. Ineach group, n =38
biologicallyindependent samples. Expression of predefined signature genes
encodinginterferon (****P<0.0001, MHC-I1(NS, P> 0.05), TGFf (NS, P> 0.05)
and PD1-PDL1(NS, P> 0.05) immune pathways*’ were used to calculate the
scores for each sample. Statistical tests were performed using one-way analysis
ofvariance for the association between eachimmune signature score and
editing-level differences, respectively. Box plots show interquartile ranges and
median, with whiskers extending to minima and maxima. Horizontal dashed
lineindicates baselineimmune score of 1.f, Schematicillustrating RNA editing
ofimmunogenic dsRNAs bridges the gap betweenrisk variants and
susceptibility of autoimmune and immune-related diseases.

21.5% of edQTLs were also eQTLs or sQTLs, respectively (Extended Data
Fig.3a; Methods), whichisinagreement witharecentstudy of asmaller
scale®*. In genes with both an edQTL and an eQTL, most of the lead
SNPs for edQTL and eQTL were more than10 kb away from each other
and enriched in genomic elements of distinct functional annotations
(Extended Data Fig. 3b,c). Our findings highlight that most edQTLs
arenot detected as significanteQTLs or sQTLsinthe GTEx dataset and
potentially represent independent genetic regulatory effects.

Our edQTLs map also provides a unique opportunity to investigate
how RNA sequence and/or structural changes are associated with edit-
inglevelinhumantissues. We observed that edQTLs in closer proximity
to the editing sites generally showed higher statistical significance
(Extended Data Fig. 4a), highlighting the effects of proximal regula-
tory elements such as ADAR-binding sites, RNA sequence motifs and
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RNA secondary structures*. We subsequently conducted a focused
meta-analysis on Alu elements where more than 99% of human editing
sites reside® due to ADAR-binding preference (Fig. 1f; Methods). We
observed that the effect size of edQTLs was significantly correlated
with the estimated ADAR1-binding strength (Fig. 1g), suggesting that
genetic variants could alter editing levels by affecting ADAR1 binding
onRNAs. We then evaluated how changes in RNA sequences because of
genetic variants may affect the editing levels of nearby sites (Methods).
We found that the ‘AUAGG’ sequence motif centring at the edited ‘A’
(underlined) was preferential for high editing levels (Extended Data
Fig. 4b-d), which agreed with the previously reported ‘UAG’ motif
preferred by ADAR*. Furthermore, we observed that edQTL SNPs were
13-54% more enriched in RNA secondary structures recognized by
ADAR than nearby non-edQTL SNPs (Extended Data Fig. 4e,f).

Enrichment of edQTLs in GWAS signals

Toevaluate the potential role of A-to-1dsRNA editingincommon genetic
diseases and traits, we assessed the enrichment of edQTLs in GWAS
signals of multiple studies. Similar approaches have been successfully
appliedineQTL and sQTL studies to reveal major contributions of gene
expression and RNA splicing to complex diseases and traits>2***3, We
found that edQTLs are highly enriched in GWAS signals for autoim-
mune diseases (as exemplified by IBD, lupus, multiple sclerosis and
rheumatoid arthritis) and immune-related diseases (as exemplified by
CAD), more than the randomly drawn control SNPs that were matched
with anumber of SNPs in linkage disequilibrium, allele frequency and
gene density (Fig. 2a; Methods). Although eQTLs and sQTLs were also
enriched, consistent with previous studies>?*?, edQTLs had effects of
larger magnitude thaneither eQTLs and sQTLs (Fig. 2a). This observa-
tionstill held true when only considering eGenes and sGenes expressed
comparably to edGenes, which are generally more highly expressed
(Extended Data Fig. 5a). We further confirmed these results by quan-
titatively assessing the enrichment of QTL-explained heritability for
GWAS of complex diseases and traits listed in Supplementary Table 1.
In eight out of nine autoimmune diseases tested, edQTLs were more
enriched in heritability than eQTLs and sQTLs (Fig. 2b). In addition,
edQTLswere enrichedinamyotrophiclateral sclerosis, CAD, triglycer-
idesand low-density lipoproteins (Extended Data Fig. 5b), all of which
are implicated with immune functions**.

The multi-tissue GTEx data also allowed us to test the tissue-specific
contribution of edQTLsin common diseases. Using arecently published
approach that specifically aims to distinguish directional, mediated
effects fromnon-directional pleiotropic and linkage effects*®, we esti-
mated the proportion of heritability mediated by edQTLs (defined as

;1“2:’ ; see Methods) in 24 diseases and traits (Supplementary Table 2).
Again, an overall higher proportion of heritability was mediated by
edQTLs (0.18 + 0.04) than by eQTLs (0.11+ 0.02, estimated using the
same methods applied to GTEx V8 (ref. *8)) in autoimmune and immune-
related diseases, but not in traits without implicated immune contribu-
tion (0.033 + 0.02). Notably, edQTLs of tissues of the immune system
(lymphocytes, spleen and whole blood) collectively explained the
largest proportion of heritability in most autoimmune and immune-
related diseases tested (Fig. 2c and Extended Data Fig. 5¢). The edQTL-
mediated heritability was also enriched in known tissues of disease
relevance, such as digestive tissues (smallintestine and colon) for IBD
and coeliac disease, brain tissues for amyotrophic lateral sclerosis and
Parkinson disease, cardiovascular tissues for CAD, and the pancreas
for type 1diabetes (Fig. 2c and Extended Data Fig. 5¢’).

In addition to the GWAS of autoimmune and immune-related dis-
eases, we evaluated the edQTL enrichment in GWAS signals of 33 highly
heritable immune traits defined in a recent study*’. We found that
edQTLs were more enriched for GWAS of interferon response-related
immune traits than other immune traits tested (Extended Data Fig. 6).
This is consistent with genetic data from human and mouse showing
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that lack of ADAR1 RNA editing triggers an MDAS-mediated innate
immune response involving interferon’®, Together, our data provide
compelling evidence that edQTLs make a significant contribution to
the heritability of autoimmune and immune-related diseases, presum-
ably through triggering the interferon response mediated by dsRNA
editing and sensing.

Identification ofimmunogenic dsRNAs

The genome-wide significant enrichment of edQTLs in heritability of
autoimmune and immune-related diseases prompted us to pinpoint
specific dsRNA loci of disease relevance. We denote these dsRNAs as
putatively immunogenic dsRNAs whose sufficient editing is impor-
tant to suppress autoimmunity, presumably by evading activation of
MDADS. We identified putatively immunogenic dsRNAs by systemati-
cally investigating signal colocalization between edQTLs found in 49
humantissues and previously reported genetic variants obtained from
24 GWAS, including 17 diseases and traits implicated with immune
functions (Supplementary Table 3; Methods). In total, we identified
1,974 colocalization events (loci x edGenes), linking 17 immune-related
diseases to 194 genes expressing putatively immunogenic dsRNAs
(Fig.3aand Supplementary Table 3). Because dsRNAs must be sensed
by cytosolic MDAS to elicit immunogenicity, we reasoned that they
should be predominantly located in exons or UTRs instead of introns
tobepresentinthe cytosol. Indeed, of the 194 putatively immunogenic
dsRNAs, 178 (92%) were located in exons, specifically in UTRs where
long dsRNA structures are often formed (Fig. 3b, top). By contrast, of
all15,620 dsRNAs associated with edQTLs identified in this work, only
2,967 (19%) were located in exons/UTRs, compared to 10,465 (67%)
located inintrons where most IRAlu dsRNAs reside (Fig. 3b, bottom).

Characterization ofimmunogenic dsRNAs

We characterized the 194 putativelyimmunogenic dsRNAs. A majority
ofthem (130, 67%) were located in IRAlus, which appeared to be substan-
tially lower than expected because almost all long dsRNAs are thought
to be formed by IRAlus in human® (see below). Of the 194 dsRNA, 42
(22%) were shared between at least two diseases (Fig. 3¢), suggesting
that the immunogenicity of dsRNAs can serve as a common cause
of susceptibility for multiple diseases. For example, a top candidate
dsRNA found in TNFRSFI14 was shared in five diseases/traits. Instead
of being formed by IRAlus, this dsSRNA was formed by overlapping
genes transcribed in opposite directions, also known as cis-natural
antisense transcripts (cis-NATs)> (Fig. 3d, top). Unlike IRAlus that fold
intointramolecular dsRNAs, cis-NATs can formintermolecular, perfect
dsRNAs when not edited. Through acommon putative causal SNP,
rs1886731, the locus was most strongly shared between the IBD GWAS
and edQTL, rather than with aneQTL or sQTL (Fig. 3d, top). The forma-
tion of dsRNA by this cis-NAT was further supported by three pieces of
evidence.First, the overlap of two genes (TNFRSF14 and TNFRSF14-ASI)
transcribed in opposite directions was supported by strand-specific
RNAsequencing data (Fig.3d, bottom; Methods). Second, the approxi-
mately 500-bp overlapping region was hyper-edited™®, with 62 out of a
total of 86 adenosines editable (Fig. 3d, bottom). Third, using multiple
GTEx tissues, the expression of both TNFRSF14 and TNFRSF14-AS1was
required to observe hyper-editing at the overlapping region and to
achieve a significant colocalization score (Fig. 3e).

Next, we expanded our analysis toall17immune-related diseases. In
13 of 17 diseases with at least six colocalized loci, we found that arange
0f27-59% of all putatively immunogenic dsRNAs were cis-NATs, with an
average of 33% (Fig. 3f and Supplementary Table 4). By contrast, only
11% of colocalized dsRNAs identified in body mass index were cis-NATSs.
The enrichment of cis-NATSs as putatively immunogenic dsRNAs in
immune-related diseasesimplies theirimportance as potential MDAS
ligands with high potency.



We compared dsRNAs formed by IRAlus and cis-NATs by their
sequence and structural features (Methods). IRAlus typically form
238-bp long dsRNAs (base-pairing region), whereas cis-NATs form
611-bp long dsRNAs on average, with the top 25% longer than 6 kb
(Fig. 3g, left panel). IRAlus share an average of approximately 80%
sequence identity between two Alus, which would result in approxi-
mately 48 mismatches along an average 238-bp IRAlu. By contrast,
cis-NATs form perfect dsRNAs because two stems are transcribed from
the same genomic locus (Fig. 3g, middle panel). These data suggest
that, without being edited, cis-NATs, compared to IRAlus, generally
form longer, better base-paired dsRNAs that are preferred substrates
for MDAS sensing®?, thus making cis-NATs potentially more immuno-
genic. These dsRNAs need to be hyper-edited, presumably by ADAR1,
to suppress the immunogenicity. On average, we observed that 46%
of reads were hyper-edited in IRAlus, whereas 76% were hyper-edited
in cis-NATs (Fig. 3g, right panel).

Immunogenicity of cis-NAT dsRNAs

To experimentally validate the immunogenicity of dsSRNAs formed
by cis-NATs, we first evaluated whether MDAS proteins could form
filaments on cis-NATs in vitro. We tested three cis-NAT pairs using
negative-stain electron microscopy> (Methods). The dsRNA of each
cis-NAT pair, but not their single-stranded RNA controls, formed MDAS
filaments of varying lengths proportional to the cis-NAT dsRNA length
(Fig. 3h, left and middle, and Extended Data Fig. 7a-c). Furthermore,
the lengths of filaments were significantly reduced when the dsRNAs
were in vitro edited by ADAR1 before MDAS incubation (Fig. 3h and
Extended Data Fig. 7d), suggesting that cis-NATs need to be edited to
evade MDAS sensing.

We next validated the immunogenicity of cis-NATs in human cells
with multiplelines of evidence. First, we sought for evidence of dSRNA
formation by cis-NATs beyond the indicative hyper-editing. By using
the publicly available structure mapping>* and ADAR1-binding data®
in human cells, we found that of 38 cis-NATs expressed in the corre-
sponding cell lines, 29 showed RNA structure signals of high confi-
dence (normalized icSHAPE score of 0.7 or more) for both strands in
the overlapping regions, indicating formation of double-stranded
structures between the sense and antisense transcripts (Extended
Data Fig. 7e,f). Second, we evaluated the ability of cis-NAT to induce
MDAS5-dependent immunogenicity by over-expressing a candidate
in human cells. We expressed the CTSA-PLTP cis-NAT pair, as a proof
of concept, in ADARI1 editing-deficient cells with inducible MDAS5 so
that the exogenous cis-NAT would not be edited to diminish itsimmu-
nogenicity (Extended Data Fig. 8a; Methods). By transfection of a
plasmid that expressed both sense and antisense transcripts at the
overlapping region to mimic the formation of cis-NATs, we observed
elevatedimmuneresponse asindicated by theinduction of three rep-
resentative ISGs upon expression of MDAS (Fig. 3i, unedited versus
single-stranded RNA control, and Extended Data Fig. 8b-d). Third, we
examined the immunogenicity of this cis-NAT in cells with wild-type
ADARL. As expected, theimmune response was significantly reduced
compared to ADARI1 editing-deficient cells (Fig. 3i, unedited versus
edited), suggesting that RNA editing by ADAR1 of the cis-NAT dsRNAs
(Sanger sequencing data shown in Extended Data Fig. 8e) dampened
their immunogenicity. Fourth, we hypothesized that the immuno-
genicity of cis-NATs is dictated by the long dsRNA structure rather
than the sequences. To test this, we generated a scrambled version
of the cis-NAT, with the overlapping sequences randomized while
maintaining base-pairing complementary (Extended Data Fig. 8b).
We found indistinguishable immune induction between the scram-
bled and the wild-type version of cis-NATs (Fig. 3i, unedited versus
scrambled), which validates our hypothesis. Together, our analyses
indicate that the long dsRNA of cis-NATs, without being edited by
ADAR1, makes them highly potent ligands for MDAS to trigger the

innate immune responses, echoing their over-representation and
importance in inflammatory diseases.

Reduced editing underlies disease risk

Our analyses above suggest functional roles of the putatively immu-
nogenic dsRNAs in autoimmune and immune-related diseases. In the
well-established ADAR1-dsRNA-MDAS5 mechanism, the activation of
MDAS and the subsequentimmune responses are triggered by the lack
of ADARI-mediated editing of immunogenic dsRNAs”"’. Very likely,
these dsRNAs act in aggregate, rather than alone, to elicit the cellular
immunogenicity. Therefore, we reasoned that risk variants of these
aforementioned diseases should show directional effects to collec-
tively reduce editing levels of the nearby dsRNAs. Reduced editing of
dsRNAs would yield better ligands for the host dsSRNA sensor MDAS,
thus leading to elevated interferon response (Fig. 4a).

To test this model, we applied signed linkage disequilibrium profile
regression®® to 24 complex traits and diseases (listed in Supplementary
Table 1) to assess the direction of genome-wide, collective effects of
disease risk variants on editing levels while controlling for linkage
disequilibrium structure, allele frequency, gene expression and other
potential systematic bias (Methods). Across multiple autoimmune
and immune-related diseases, we detected overwhelmingly negative
direction of effects (that is, risk GWAS variants are associated with
less dsRNA editing in general), which supports our hypothesis that
reduced editing levels of dsRNAs collectively may lead to greater dis-
easerisk (Fig.4b and Extended Data Fig. 9). The directional effects on
RNA editing were even more significant when tested in tissue types
of disease relevance, as exemplified by digestive tissues for IBD, car-
diovascular tissues for CAD, pancreatic tissue for type 1 diabetes and
brain tissues for Parkinson disease, whereas such directional effects
were not observed for eQTLs or control non-directional SNPs (Fig. 4c
and Extended Data Fig. 9c).

We further tested the directional effects using RNA sequencing data
from patient samples of fourimmune-related diseases. A challenge of
such analysisisthat the reduced editing ofimmunogenic dsRNAs leads
to interferon responses, which may subsequently induce expression
of ADAR1and affect the overall editing levels*%. Therefore, the initial
reduction of editing associated with risk variants could be masked by
the eventual increase of editing in a disease state. To overcome this,
we examined allele-specific editing levels, enabling the measure-
ments of editing levels associated with risk versus protective alleles.
In total, we analysed 152 synovial tissue samples from patients with
rheumatoid arthritis®, 72 white matter samples from patients with
multiple sclerosis®, 20 peripheral blood mononuclear cell samples
from patients with systemic lupus erythematosus® and 81 coronary
artery samples from patients with CAD. For each disease cohort, we
observedsignificantly reduced editing levelsin association with the risk
alleles compared with protective alleles (Fig. 4d, relative reduction of
33.7 £15.6%, paired Student's t-test, P< 2.7 x 10'%; Extended Data Fig. 10
and Supplementary Table 5). Moreover, the extent of reductionin edit-
ing level was positively correlated with elevated interferon response
as measured by interferon scores (Methods), but not other immune
signatures (Fig. 4e). This finding agrees with the known mechanism of
reduced ADAR1-mediated RNA editing resulting in dsSRNA-mediated
interferon responses’®, and provides support for our hypothesis that
impaired dsRNA editing contributes to the genetic risk for common
autoimmune and immune-related diseases.

Discussion

The main function of dsSRNA editing by ADAR1 on cellular transcripts is
to evade MDA5-mediated dsRNA sensing and autoimmunity”°. Muta-
tionsin ADAR1and MDAS can trigger strong dsSRNA-mediated immune
responses and lead to very rare autoimmune diseases®%. In this work,
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we aimed to understand how the editing status of dsSRNAs may con-
tribute to common human diseases. We found that common genetic
variants associated with RNA editing levels were significantly enriched
in GWAS signals of common autoimmune and immune-related diseases
and accounted for a significant fraction of disease heritability. We
further showed adirectional effect that GWAS-associated genetic risk
variants, in aggregate, generally are associated with reduced editing
levels of nearby dsRNAs, particularly in disease-relevant tissues. The
less-edited dsRNAs serve as better substrates of MDAS to trigger inter-
feronresponse, whichis consistent with the well-established ADAR1-
dsRNA-MDAS axis”® (Fig. 4f). Our findings suggest that the loci at which
GWAS risk variants and edQTLs colocalize, by collectively reducing
the editing levels of associated dsRNAs (probably in the number of
hundreds), contribute to MDA5-dependent interferon response and
inflammation. Thisis further supported by previous findings of MDAS5
protective, loss-of-function alleles in GWAS studies for several inflam-
matory diseases®?*?¢, Together, our work, built on human genetics
and well-established mechanisms, implicates a potential actionable
therapeuticapproachtotreating patients with inflammatory diseases
by antagonizing MDAS.

Our analysis also allowed us to pinpoint key, putatively immunogenic
dsRNA substrates in relevant tissues and diseases. In addition to the
abundant IRAlus as usual suspects of putativelyimmunogenic dsRNAs,
we identified cis-NATs as a new species of putatively immunogenic
dsRNAs that have been previously overlooked, showcasing the utility
of the unbiased analysis empowered by human genetics. We found
that cis-NATSs, although being rare in the transcriptome®, are highly
over-represented as disease-relevant putativelyimmunogenic dsRNAs.
This may be attributed to the dsRNA features that make cis-NATs the
preferred substrates for MDAS. In summary, our work presents RNA
editing as an important mechanism underlying the genetic risk for
numerous autoimmune and immune-related diseases, and suggests the
manipulation of the dsRNA editing and sensing pathway for potential
therapeutic developments.
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Methods

Editing-level quantificationin GTEx samples

The GTEx gene expression data used in this study were obtained
from the GTEx portal (GTEx Analysis V8 release: https://gtexportal.
org/home/datasets) and measured in transcripts per million (TPM).
The editing level was quantified on the GTEx Analysis Release V8
(dbGaP accession: phs000424.v8.p2), which consists of a total of
17,382 RNA sequencing (RNA-seq) samples, sequenced in 76-bp long
paired-end reads.

Wefirst compiled alist of reference editing sites for quantification.
By incorporating knownssites in the RADAR database®, tissue-specific
sites identified in GTEx V6pY, and recently published hyper-editing
sites™, we finalized a list 0f 2,802,572 human editing sites.

To quantify the editing levels, we computed the ratio of G reads
divided by the sum of A and G reads at each site. We included 15,201
RNA-seq samples from 838 donors with matching genotypes in 49
tissues with sample size of 70 or more for editing-level quantification
and downstream analyses. For duplicated reads tagged during the
RNA-seq mapping process, we chose to retain the read with the high-
est base quality (if they were the same base quality, arandom read
was selected). We required that in each tissue, editing sites should be
covered by 20 or morenon-duplicated reads in 60 or more samples to
be considered as testable in the downstream analyses, and the varia-
tion across samples is non-zero for edQTL mapping. After applying
the above filters, we obtained 14,993-60,581 sites for downstream
analyses, varying across tissues (Extended Data Fig.1a). Codes used for
editing-level quantificationin GTEx V8 dataand the reference editing
site list are available at: https://hub.docker.com/r/vanessa/mpileup/.

Because GTEx RNA-seq data are not strand specific, the reads can-
not be automatically assigned to sense and antisense strands, so that
the quantification of cis-NAT editing level may be affected by expres-
sion of either of the two overlapping genes. Therefore, we developed a
method to measure the RNA editing level of a given site using the reads
derived fromthe corresponding transcript (sense for A-to-G edits and
antisense for T-to-C edits), with less influence by the other overlapping
transcript. For reads that are edited, they would be derived from the
sense transcript if the edits are A-to-G, and from the antisense tran-
scriptifthe edits are T-to-C. For therest of the reads that are unedited,
we estimated the numbers derived from the sense versus antisense
transcripts in proportion to their expression levels.

We validated the accuracy of our method using stranded RNA-seq
datasets obtained from ENCODE, which allowed us to count reads in
sense and antisense strands separately. We compared editing levels
of approximately 800 cis-NAT editing sites (20 or more reads cover-
age) quantified using the estimated reads counts (without taking the
strandness into account, using the method described above) versus the
exactreads counts (Extended Data Fig. 1b). Overall, the two approaches
generated very consistent results of measuring editing levels (R* = 0.98),
thus validating the utility of our method.

cis-edQTL mapping
We first used PC analysis to identify potential confounders in
editing-level measurements. Editing-level measurements are usually
less confounded than gene expression”**, We found that the top ten
PCs collectively contributed to approximately 20% of total variance
in editing level (Extended Data Fig. 1c) and PC1 was highly correlated
with the expression level of ADARI, agreeing with previous obser-
vation'”**5%® The numbers of PCs regressed out from editing-level
measurements (see below) were chosen to maximize the number of
detected cis-edQTLs with five or less PCs needed in all tissues (we tested
0-10PCs).

Tomap edQTLs, we considered all SNPs with minor allele frequency
(MAF) of 0.05 or more within +100 kb of editing sites. Variant call files
of genotype data for 838 GTEx donors with matching RNA-seq data

were obtained from dbGAP (accession ID: phs000424.v8) based on
GRCh38/hg38reference.

We used FastQTL* for edQTL mapping. Raw editing-level measure-
ments were logit-transformed before regressed out PCs, and then
normalizedto N (0, 1) distributionacrossindividuals within each tissue.
The top three genotype PCs together with sex and age were used as
covariates for edQTL mapping. For each editing site, the adaptive per-
mutation mode was used with the setting --permute 100010000. The
beta distribution-extrapolated empirical Pvalues from FastQTL were
used to calculate trait-level g values® with a fixed Pvalue interval for
the estimation of ty (lambda = 0.85). A false discovery rate (FDR) thresh-
old of 0.05 or less was applied to identify editing sites with at least one
significant edQTL.

To identify the list of all significant variant-site associations for
cis-edSites, a genome-wide empirical Pvalue threshold was defined
as the empirical P value of the site closest to the 0.05 FDR threshold.
The nominal Pvalue threshold was then calculated for each editing site
based on the beta distribution model (from FastQTL) of the minimum
Pvaluedistribution obtained from the permutations for the gene. For
each editing site, variants with anominal P value below the threshold
were considered significantand includedin the finallist of variant-site
pairs.

Weimplementedin the edQTL mapping pipeline with strict removal
of gene expression levels to control for potential confounding effects
of gene expression. More specifically, for each editing site, we included
the expression level of its host gene (measured in TPM values) as an
additional covariate alongside genotype and phenotype covariates
to be regressed out from the editing-level measurements and used
the residuals for edQTL mapping. For cis-NAT editing sites, expres-
sion levels of both sense and antisense genes were included as two
independent covariates.

Tissue sharing of edQTLs

We applied the multivariate adaptive shrinkage implemented in
MashR** to compare edQTL effect size between tissues. To fit the MashR
model, we used the set of approximately 4,000 edQTLs shared between
20 major tissue types to learn the MashR prior, and then fit the MashR
model using 40,000 randomly selected variant-trait pairs for the same
set of edSites.

We learned data-driven MashR priors by: (1) PC analysis with the
number of PCs = 3; (2) empirical covariance of observed Z-scores. The
data-driven covariances were further denoised by calling cov_ed in
MashR. Furthermore, we included the set of canonical covariances, as
described in the section ‘cis-edQTL mapping’, as an additional MashR
prior. We fit the MashR model using the set of randomly selected vari-
ant-trait pairs with the error correlation estimated by applying the esti-
mate_null_correlation functionin MashR and the priors obtained above.
Theresulting MashR model was used to compute the posterior mean,
standard deviation and local false sign rate for a given variant-trait pair.
Estimates of effect size and local false sign rate outputted by MashR
were used as metrics of edQTL magnitude and activity, respectively.

Comparative analyses between edQTLs, eQTLs and sQTLs

We obtained eQTLs and sQTLs mapped by the GTEx Analysis Work-
ing Group using GTEx V8 data from dbGaP (accession: phs000424.
v8.p2). We assessed the sharing of edQTLs with eQTLs and sQTLs by
applying Storey’s , (ref. ®’). More specifically, we identified significant
SNP-editing pairsinaspecific tissue, and then used the distribution of
the Pvalues for these pairs but tested for expression levels or splicing
ratios to estimate 1, the proportion of non-null associations.

For meta-gene analysis, we considered genes that have all three types
of QTLs mapped in GTEx tissues. For each gene, the lead SNP for each
QTL was used to represent the corresponding cis-signal (for edQTLs,
the lead SNP of each site was used and compared to the lead SNPs of
edQTLs and sQTLs of the same gene). We used the gene-level models
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based on the GENCODE®®V26 transcript annotation, in whichisoforms
were collapsed toasingle ‘transcript’ per gene as reference to calculate
the distribution of QTL SNPs. All genes plus +2-kb sequences were col-
lapsed to asingle meta-gene and further divided into 50 equal bins to
calculate the density of SNPs. Splice junctions plus +1-kb sequences
and editing sites plus +1-kb sequences were treated in the same way
for density calculation.

ADARI1 CLIP-seq analysis

Public ADARI cross-linking immunoprecipitation and sequencing
(CLIP-seq) datain US7MG cells® was used for analysis. Standard quality
control and filtering were performed using trim_galore (https://www.
bioinformatics.babraham.ac.uk/projects/trim_galore/) to filter for
high-quality sequencing reads with adapter sequences removed. Reads
shorter than 15 nt after trimming were discarded. To characterize the
binding profile of ADAR1in Alurepeats, all reads were first mapped to
RefSeq genes using STAR” with default settings. We then used BLASTN™
toalign the mapped reads to Alu consensus sequences’*and only kept
the best hit for each read (parameters: -evalue 1e-10 -best_hit_score_
edge 0.05 -best_hit_overhang 0.25 -perc_identity 50 -strand plus).
RNA-seq data of US7MG cells®’ were used as a control set. We processed
the control RNA-seq reads in the same way as CLIP-seq reads. Reads
passing quality control were mapped to US7MG reference genome
sequence using STAR with default settings’™. The final mapped reads
were then aligned to Alu consensus sequences as described above. To
account for unevenreads coveragein Alu, we used the control RNA-seq
to calculate the reads density level per base within the Alu consensus
sequence and then computed the normalization factor per base by
dividing the density level by the average density level of the entire Alu.
Then for CLIP-seq data, read enrichment was calculated by multiplying
the read count with the normalization factor.

RNA sequence motif

Given that ADAR recognizes the triplet ‘UAG” motif in a position-
dependent manner*”3, we sought to test whether particular type
(ortypes) of nucleotide change at certain positions would have signifi-
cantly stronger effect on alternating editing levels. For each edSite, we
consider all significantly associated SNPs located within 50 nt upstream
and 50 nt downstream of the editing site (100 positions in total).
We compiled the ribonucleotide changes on RNA according to the
SNP and the strand annotation of the gene (for example, ifthe SNPisa
A-to-C mutation on the reverse strand, it will be interpreted as U-to-G
onRNA). For each ofthe 100 positions, we assessed the average effects
for all 12 types of ribonucleotide changes (Extended Data Fig. 4c). Of
note, not all symmetrical nucleotide changes show the same opposite
effects. For example, C-to-A changes at -1 position have an average
effect size of -0.8, whereas A-to-C changes at the same position have
an average effect size of +0.6. In some cases, the effects were in the
same direction, such as A-to-U versus U-to-A changes at +1 position
(-0.3 versus -0.2) and G-to-U versus U-to-G changes at +1 position
(-0.4 versus -0.1). To simplify the signal and reduce the measurement
noise, we further grouped the data to show the final effects of each of
the four types of trinucleotides, in regard to the alternative alleles.
We plotted the sequence motif using ggseqlogo™ with the averaged
effect size used to adjust for weight. Overall, a strong preference for
A and Uwas observed at -2 and -1 positions, plus preference for Gs at
+1and +2 positions, showing a AUAGG’ motif.

RNA secondary structure

To understand how mutations affect editing levels through changes
onRNAsecondary structures, we predicted local RNA structures con-
taining edSites and the associated SNPs. As computational predic-
tion oflong RNA molecules is technically challenging”, we limited the
prediction window to +800 bp around each edSite (in total 1,601 bp)
and only considered the SNPs that fall into that window. We further

restricted our analysis to the non-Alu editing sites. In total, we pre-
dicted secondary structures for 8,043 editing sites and subsequently
annotated them with structural features using bpRNA” (Extended
Data Fig. 4e,f). For each of the five structural features (pseudoknots
and dangling ends were not considered due to insufficient data), we
compared annotations of edVariants to SNPs that are not associated
withediting levels but are also found in the same local structure using
Mann-Whitney U-test.

Enrichment analysis of QTLs in GWAS signal

To make quantile-quantile plots of the GWAS signal annotated with
QTLinformation, we clumped the significant QTLs to obtainindepend-
ent signals using PLINK”” (--clump-r2 0.4 --clump-kb 250). To control
for overall higher gene expression levels of edGenes than eGenes and
sGenes, we matched eGenes and sGenes to edGenes by the median
expression levels across tissues. To generate a negative control set, we
considered four features to match the control SNP set to edVariants’®:
(1) for MAF distribution, all edVariants were divided to 50 equal bins
by allele frequency and the median MAF of each bin was used to select
control SNPs of matching allele frequencies from the EUR set of 1000
Genomes; (2) the number of proxy SNPsin linkage disequilibrium (LD;
LD ‘buddies’, r*= 0.7).Similar to MAF filtering, LD buddies were sampled
by matching withthe medianin each bin of edVariants distribution; (3)
for3’-UTR density, edQTLs are strongly enriched around 3’-UTRs (aver-
ageenrichment = 2.1, compared to genome-wide), sowe matched the
number of 3’-UTRsin loci around the control SNPs (enrichment = 2.0),
using LD (*> 0.7) and physical distance (250 kb) to define the loci;
and (4) distance to the nearest transcription termination site (TTS).
We sampled the SNP-to-TTS distance (measured from the upstream
side of TTS so that control SNPs are located within expressed region)
to be within the same deviation estimated from the distribution of
edQTL-to-TTS distance.

Heritability assessment and enrichment testin GWAS

We used the mediated expression score regression pipeline for herit-
ability analyses*®. We first estimated the overall editing scores from
individual-level editing level quantified in each GTEx V8 tissue with
matched genotype information. Five editing level PCs (described
above in the ‘cis-edQTL mapping’ section) were used as covariates.
For meta-analysis across tissues, the editing scores were generated
with edQTL effect sizes estimated using LASSO. Next, we estimated
editing-mediated heritability (h2med) using the editing scores from
both individual tissues and tissue groups. GWAS summary statistic
dataof24 traits described in Supplementary Table 1were obtained and
converted to the .sumstats file format described here https://github.
com/bulik/Idsc/wiki/Summary-Statistics-File-Format. LD scores com-
puted from 1000 Genomes phase 3 stratified over a modified version
of the baseline LD model v2.0 were downloaded from https://data.
broadinstitute.org/alkesgroup/LDSCORE/. We kept the SNPs known
to HapMap 3 as the SNP ‘universe’.

To test edQTL enrichment in immune-related traits, we used GWAS
fromref.*. Intotal, 33 immune traits were highly heritable among the
139 well-defined immune traits measured from approximately 9,000
patients with cancer enrolled in The Cancer Genome Atlas (TCGA),
and GWAS was subsequently performed on these 33 immune traits®.
The GWAS summary statistics data for these 33 immune traits, includ-
ingthe sixinterferon response-related immune traits, can be publicly
accessed via: https://figshare.com/articles/dataset/Sayaman_et_al_
TCGA_Germline-Immune_GWAS_Summary_Statistics/13077920.

Estimating directional effect of RNA editing on complex traits
and diseases

We applied the signed LD profile (SLDP) regression method to estimate
the directional effects as described in the original paper®. We used the
1000 Genomes phase 3 European genotypes to generate the reference
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panel for SLDP regression. LD scores of the same population were
downloaded for the reference panel https://data.broadinstitute.org/
alkesgroup/SLDP/LDscore.tar.gz. We converted the GWAS summary
statistic files as described above in the ‘Heritability assessment and
enrichmenttestin GWAS’section. We processed the reference panelfiles
by computing a truncated singular value decomposition for each LD
blockinthereference panel, whichwere later used to weight the regres-
sion conducted by SLDP regression. The signed effect sizes of edQTLs
were used as functional annotations to generate signed LD profiles.
For the SNPs associated with multiple editing sites, we aggregated the
effectsizes across the associated sites within the closest editing cluster
using Stouffer's Z-score combination method. To explicitly control
for the potential signed effects of gene expression, we also used the
effect sizes of cis-eQTLs from the same set of genes called withedQTLs
to generate a separate set of signed LD profiles to be used as a signed
background model. As described in the original paper®, directional
effects of minor alleles in five equally sized MAF bins were included in
the signed background modelto control for systematic signed effects
of minor alleles, which could arise from either population stratification
or negative selection”.

We obtained publicly available patient-derived disease samples for
allele-specific editing analysis. In total, we tested 152 synovial tissue
samples from patients with rheumatoid arthritis (GSE89408), 72 white
matter samples from patients with multiple sclerosis (GSE138614), 20
peripheral blood mononuclear cell samples from patients with systemic
lupus erythematosus (GSE122459) and 81 coronary artery samples from
patients with CAD (GTEX). For each sample, we phased the mapped
RNA-seq reads nearby the corresponding disease GWAS risk variants,
designating eachread asbelongingto either the risk or the protective
haplotype. We then quantified editing levels of the nearby editing sites
(found onthe same paired-end reads asthe variants orits LD buddies,
r’>0.4) for each haplotype and computed the overall editing level for
sites near risk and protective alleles in each sample.

Interferonscores were calculated with mRNA expression data (meas-
ured in TPM) normalized by the median absolute deviation modified
Z-score. The score was defined as the median absolute deviation modi-
fied Z-score value of all signature genes in each sample. Interferon
signature genes were determined according to a previous study in
inflammatory disease®.

GWAS download and preparation

We downloaded and consistently re-formatted public GWAS sum-
mary statistics from various sources (Supplementary Table 1),
using tools freely available at https://github.com/mikegloudemans/
gwas-download (‘download’ and ‘munge’ modules).

SNP selection for colocalization analysis

Because the total number of GWAS traits x GWAS loci x QTL tissues x
cis-QTL featuresis very large, it is computationally difficult and unnec-
essary torunevery possible combination. We ran the ‘overlap’ module
given at https://github.com/mikegloudemans/gwas-download to gen-
erate a list of all trait-locus-tissue-feature combinations for which
thelead GWAS SNP for that trait at the given locus has P< 5 x107%, and
overlapsaneQTLwith P<1x107for the given QTL featurein the given
tissue. Each of these combinations represented asingle colocalization
test to be performed. We performed this process for edQTLs, sQTLs
and eQTLs to generate a comprehensive list of 375,000 tests to run
(26,000 edQTLs, 183,000 sQTLs and 165,000 eQTLs).

Colocalization analysis

Forthe set of tests determined in our previous step, we ran colocaliza-
tion analysis using the tool COLOC® with the default parameter set-
tings, estimating allele frequencies from the full set of 1000 Genomes
individuals. For each test, we obtained the H4PP; that is, an estimate
of the probability that the GWAS and QTL studies share acommon

causal variant. For subsequent analyses, we considered a test a ‘colo-
calization’ if H4PP was more than 0.9, unless otherwise stated. This
threshold indicates a high level of support for colocalization. An
implementation of the wrapper pipeline that we used for performing
COLOC analysis is available at https://github.com/mikegloudemans/
ensemble-colocalization-pipeline.

For locuszoom plots shown in Figs. 3 and 4, we used the publicly
available R package LocusCompareR to generate plots comparing
the signal overlap between GWAS and edQTLs, sQTLs and eQTLs in
our locus of interest.

Comparative analyses of dsRNA features for MDAS sensing
Three dsRNA features key to MDAS sensing were compared between
cis-NATs and IRAlus in Fig. 3, including two about RNA secondary struc-
tures and one about hyper-editing.

For structural analyses, we used the collection of annotated cis-NATs
inthe human genome® together with the newly identified cis-NATs from
our QTL mapping analysis, in total 501 cis-NATs, in comparison to the
1,212 IRAlus annotated in the human genome that are also edited. For
each cis-NAT, structure prediction was performed on regions where
thetwo transcripts overlap with each other using RNAduplex fromthe
ViennaRNA package®®, whereas for IRAlus, the entire region annotated
with IRAlus and editing sites were used for structure prediction using
RNAfold also from the ViennaRNA package®. To account for the differ-
ences of regions not involved in dsSRNA formation between cis-NATs and
IRAlus, we summed the total length of base-pairing regions, excluding
mismatches andloops, as the total length of stems (Fig. 3g, left panel),
and used the percentage of base-pairing bases in stems, excluding inter-
nal loops and multi-loops, as the sequence identity of stems (Fig. 3g,
middle panel).

For hyper-editing analysis, we took brain cerebellum samples, where
the highest overall editing levels were observed”. We used SPRINT®* to
map the RNA-seqreads and call hyper-editing eventsin the annotated
cis-NATs and IRAluregions de novo. Werequired that each dsRNA region
had at least five hyper-edits detected to be considered as a hyper-edited
dsRNA. Stranded RNA-seq from ENCODE (accession numbers: ENCS-
ROOOAEE and ENCSROOOAED) was used for STAR mapping’° to validate
the opposite transcription directions of cis-NATSs.

MDAS and ADARI1 protein expression and purification

Human MDAS protein (residues 298 to 1025; Supplementary Table 6)
was expressed from pET-50b(+) in Escherichia coli C41 cells, induced
byadding 0.2 mMisopropyl 3-D-1-thiogalactopyranoside (IPTG). After
20 hofincubation at18 °C with shaking, cells were harvested by centrif-
ugation, resuspended in a buffer containing 20 mM Tris-HCI, 500 mM
Nacl, 5% glycerol, 20 mM imidazole, 0.5 mM phenylmethylsulfonyl
fluoride (PMSF), pH 8.0, and lysed with high-pressure homogenization.
The proteins were purified to homogeneity using Ni-NTA affinity, cation
exchange, second Ni-NTA affinity and size-exclusion chromatography
(inthat order). HRV3C protease was added after first Ni-NTA affinity
chromatography for tagged His6-NusA cleavage.

The human ADAR1p110 isoform (Supplementary Table 6) was
expressed in SF9 cells as recombinant protein with a N-terminal
Twin-Strep-tag and purified by Strep-affinity chromatography. The
cells were suspended and lysed in lysis buffer (20 mM Tris-HCI pH
8.0,500 M NaCl,1 mM Tris (2-carboxyethyl) phosphine (TCEP), 0.55%
Triton-X100, 1 mM PMSF, protease inhibitors (Sangon Biotech) and
100 ng mI™ RNase A) and purified by Strep-affinity chromatography.
The protein was eluted with 50 mM Tris-HCI,200 mMKCl, 10% glycerol,
1mMTCEP and 2.5 mM bp-desthiobiotin.

Preparation of cis-NAT dsRNA and in vitro dsRNA editing

All dsRNAs were in vitro transcribed using T7 RNA polymerase. Two
complementary strands were transcripted and purified separately. The
pUC19 plasmids containing target sequences were linearized by EcoRlI,
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extracted with phenol chloroform and precipitated withisopropanol.
The invitro transcription reaction was carried out at 37 °C for 4 hin
100 mM HEPES-K (pH7.9),10 mM MgCl,, 10 MM DTT, 6 MM NTP each,
2 mMspermidine, 200 pg ml™linearized plasmid, 100 pg mI™ T7RNA
polymerase. DNA template was digested with DNase | after reaction.
Transcripts were purified by 8% denaturing urea PAGE, extracted from
gelsliceswith 0.3 Msodium acetate and precipitated withisopropanol.
RNA of both complementary strands were mixed at a molar ratio of
1:1in annealing buffer (20 mM Tris-HCI pH 7.5, 50 mM NaCl and 1 mM
EDTA) and heated to 90 °C for 3 min then slowly cooled to room tem-
perature. For ADAR1 dsRNA editing in vitro, 0.64 pg annealed dsRNA
was diluted and mixed with 0.4 nmol purified hADAR1-p110 to a total
volume of 100 pl in buffer containing 50 mM Tris-HCI pH 7.5, 60 mM
KCl, 4% glycerol, 0.002% NP-40,1 mM DTT,1 mM EDTA, 1 mg mI” BSA
and 0.4 U pl ' recombinant RNase inhibitor (Takara). Reaction was
incubated at 37 °C for 60 min and edited RNA was purified using the
Absolutely RNA Nanoprep Kit (Agilent).

Negative-staining electron microscopy

Samples including 0.38 pM HsMDAS5 (298-1025) and 3.6 ng pl™
dsRNA (regardless of length) were incubated on ice for 60 min with
1 mM ADP-AIF4 in buffer containing 20 mM HEPES, 100 mM Nacl,
2mM MgCl,,2mM DTT and pH 7.5. 5 pl of samples were applied to
the glow-discharged 300 mesh carbon-coated copper grids (Beijing
Zhongjingkeyi Technology), stained with 0.75% uranyl formate and
air-dried. Datawere collected on a Talos L120C transmission electron
microscope equipped with a4K x 4K CETA CCD camera (FEI). Images
were recorded at a nominal magnification of x45,000, correspond-
ing to a pixel size of 3.17 A per pixel. Filament lengths were measured
using Image).

Celllines

HEK293T-ADARI1-E912A-iMDA5-mCherry-pIFN-Lucia cells were
maintained in DMEM (11995-065, Gibco) supplemented with 10%
FBS (16140-071, Gibco). This cell line was generated by transducing
the HEK293T-ADAR1-E912A ADARI editing-deficient cell line with
three lentiviral vectors encoding the rtTA reverse transactivator, a
doxycycline-inducible construct encoding MDAS linked to mCherry,
and the secreted luciferase Lucia (InvivoGen) under the control of an
interferon-responsive promoter.

Plasmid construction

pK-mC3-CTSA-PLTP-mR3 was constructed using gene fragments syn-
thesized by Twist Bioscience and standard molecular cloning tech-
niques. This plasmid contains an mClover3 cassette and an mRuby3
cassette facing towards each other with both under the control of
separate EF-1a promoters and CAG enhancers. The 3’-UTR of CTSA was
attached tomClover3 and the 3’-UTR of PLTPwas attached to mRuby3
tomimicthe endogenous overlapping state of these genes in the human
genome (Extended DataFig. 8a). The scrambled version of cis-NATs was
built on the same backbone as the wild-type cis-NAT with the 208-bp
overlapping region sequences randomized while maintaining com-
plementarity between sense and antisense strands (Extended Data
Fig.8b). pKER-mClover3 containing an EF-1a promoter-driven and CAG
enhancer-driven mClover3 expression cassette with arabbit 3-globin
terminator was cloned to the same vector backbone as the cis-NAT and
used as a ssRNA control.

cis-NAT dsRNA candidate overexpression assay

HEK293T-ADAR1-E912A-iMDAS-mCherry-pIFN-Lucia cells were plated
on poly-L-lysine-coated (A-005-C, Millipore Sigma) 24-well plates
(353047,BD Falcon) at100,000 cells per well. Twenty-four hours later,
cellswere transfected with 500 ng per well of pK-mC3-CTSA-PLTP-mR3,
pKER-mClover3 or Lipofectamine alone using Lipofectamine 3000
(TL30001, Thermo Fisher Scientific), according to the manufacturer’s

instructions. Twenty-four hours post-transfection, media were aspi-
rated and replaced with 500 ul of DMEM containing O or 0.1 pg ml™
of doxycycline. Twenty-four hours after the addition of doxycycline,
cells were washed with PBS and harvested with 0.5% trypsin. RNA was
isolated from cells using the Monarch Total RNA miniprep kit (T2010S,
NEB).cDNA was made from 500 ng of RNA using theiScript Advanced
cDNA synthesis kit (1725038, Bio-Rad). cDNA was diluted roughly two-
fold withnuclease-free water and subjected to quantitative PCR using
Kapa SYBRFAST 2x qPCR Master Mix and primers derived from Primer
Bank (https://pga.mgh.harvard.edu/primerbank/). Primers (200 nM)
were used ineachreaction and runon the Bio-Rad CFX96 following the
manufacturer’s instructions for Kapa SYBR Fast. Data were analysed
using the *2Ct method. Each assay was carried out as three separate
biological replicates.

RT-PCR validation of plasmid expression

To determine whether both cassettes on pK-mC3-CTSA-PLTP-mR3 were
expressing, isolated RNA was subjected to Turbo DNase (AM2238, Life
Technologies) treatment to digest any residual plasmid followed by
purification with the Monarch RNA Cleanup Kit (T2040L, NEB) before
being subjected to cDNA synthesis with iScript Advanced cDNA syn-
thesis kit. cDNA was diluted roughly twofold with nuclease-free water.
Of the diluted cDNA, 1 pul was then amplified via PCR using OneTaq
Quick-Load 2X Master Mix with Standard Buffer (M0486S, NEB) and
primers designed to amplify frommClover3 through the CTSA3’-UTRor
from mRuby3 through the PLTP3’-UTR. Theresultant PCR products were
subjected toelectrophoresis onal%agarose gel (Extended DataFig.8c).

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

Data availability

GTEx V8release editing-level dataand edQTL call sets are available on
the GTEx Portal: https://gtexportal.org. Details of the GWAS summary
statistics used for colocalization are provided in Supplementary Table
1. icSHAPE data were obtained from the RASP database: http://rasp.
zhanglab.net/. CLIP data were obtained from the POSTAR3 database:
http://postar.ncrnalab.org/.

Code availability

A full pipeline to preprocess the GWAS and edQTL data, prioritize
relevant loci, run colocalization tests and generate the associated
plots is publicly available at https://github.com/mikegloudemans/
rna-editing-coloc and https://github.com/vargasliqin/GTEx_edQTL.
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a, Number of editing sites used for cis-edQTL mappingin eachtissue. Editing
sites mapped uniquely by >20 readsin >60 samples of each tissue type were
considered.Both GTEx V6p and V8results are plotted here for comparison.

b, Comparison of RNA editing levels quantified using exact read count versus
estimated read count for cis-NAT editing sites (Methods). To maximize the
number of tested cis-NAT editing sites, we collectively analyzed strand-specific
RNA-seq dataof Shuman tissues (spleen, lung, thyroid, colon and skin) by
pooling the raw reads together. Intotal, n =806 editing sites of 47 cis-NAT

Avg. editing level
PC1 g B

dsRNAs were used for comparison (>20 reads coverage). ¢, Percentage of
editing variance across individuals explained by top 10 principal components
(PCs) of editing level.d, Association between ADARI expression level with PC1
ofeditinglevelinn=175Brain - cerebellar hemisphere samples. e, Density plot
ofediting level measurements and editing level variance between individuals
(n=175; normalized standard deviation) 0f 123,707 sites in Brain - cerebellar
hemispheretissue. Editing sites detected in>60 individuals were used for this
analysis.
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Extended DataFig.2|Identification of RNA editing QTLs across GTEx
tissues. a, Fraction of editing sites (left) and edited genes (right) found with
edQTLsacrossn =49 GTEx tissues. The LCLs data was obtained from previous
edQTL study®. b, Fractions of edQTLs shared between multiple editing sites.
¢, Fractions ofedGenes having multipleindependentedQTLs. Each of the
tissues (n=49) was tested and plotted individuallyinband c.d, Exemplary
locus of TRMT9B showing two independent edQTLs each regulating multiple
editing sites. Thetwo edQTLs are represented by their lead SNPs rs13268982
andrs34995506, respectively. Genome browser view of the TRMT9B 3’ UTR
that consists of four IRAlus (shownin the 1st track from top), with editing sites
(2nd track fromtop), SNP location (black bars) and variant-editing association

effect sizes for each editing site (3rd and 4th tracks) shown from top to bottom.

Effectsizes are colored by direction of effects: red for positive effect and blue
for negative effect. e, Comparison of the number of edSites identified in this
studyandinParketal.,2021.Foreachtissue type, edSites are compared

between twostudies by evaluating (1) whether they are tested for genetic
association, and (2) whether the associations are significant under different
p-value cut-offs (p <1le-3ontheleft, p <le-5ontheright).f, Sharing of edQTLs
acrosstissues by sign (same direction of effects). Euclidean distance matrix
across tissues was calculated for hierarchical clustering using Ward's method.
g, Fraction ofedQTLs shared by the number of tissues according to sign.

g’, Fraction of edQTLs shared by the number of tissues according to magnitude.
Effects with more than 2-fold change of sizes from one another are considered
as of different magnitudes. h, Number of tissue-specificedQTLs effects found
in20 representative tissues. Representative tissues were picked by two
criteria: 1) large sample size (=150); 2) least number of shared editing sites with
other tissue. For example, a high number of editing sites are shared between
threearteries tissues sowe choose Artery-Coronary tissue as the
representative one sinceit has the largest sample size.
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variants, UTR variants, etc.) from snpEff. Splice region variants include variants
located within theregion of splice site (1-3 bases of the exon side or 3-8 bases of
theintronside) and branch point. Structured RNA are defined as regions with
icSHAPE score >0.7inRNA structure mapping datainvivo from multiple cell
lines obtained from http://rasp.zhanglab.net/. ADAR1and other RBP binding
sites are defined using CLIP peaks obtain from http://postar.ncrnalab.org/.
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Extended DataFig.7 |Formation of cis-NAT dsRNAs invitrowithMDAS
proteins and in humancells. For (a) TNFRSF14.TNFRSF14-AS1, (b) CTSA:PLTP
and (c) HBP1:COG cis-NAT dsRNAs, negative stain electron microscopy (EM)
images are shown for MDAS5 proteinsincubated with cis-NAT dsRNAs (left),
sense strand ssSRNA control (middle) and antisense strand ssSRNA control
(right), respectively. All filamentation experiments were repeated
independently for 3 times for each cis-NAT pair with similar results. d, Invitro
editing status of dSRNAs formed by TNFRSF14:TNFRSF14-AS1 cis-NAT. Editing
sitesinboth sense (TNFRSFI4,top) and antisense (TNFRSF14-AS1,bottom)
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strands are shown as red bars separately for the two strands. Editing
information was determined by Sanger sequencing. e, Genome browser
snapshot of the CTSA:PLTP cis-NAT locus. Annotations of gene structure,
Alurepeats, exonic editing sites, RNA structure mapping signal (icSHAPE
scoresin+and - strands) and ADAR1CLIP signal are shown from top to bottom.
f, Correlation oficSHAPE scores between sense and antisense strands for
cis-NAT dsRNAs (n =38).icSHAPE datawas obtained from the RASP database:
http://rasp.zhanglab.net/. ADAR1 CLIP data of human U87 cell lines was
obtained from the POSTAR3 database: http://postar.ncrnalab.org/.
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Extended DataFig. 9| Directional effects of risk variants associated with
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editinglevel). b, Traits and diseases with overall positive or unclear direction of
effectson RNA editing. ¢, Directional effect analysis of four exemplary diseases
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against estimated effect sizein GTEx tissues (n =49), all estimated using SLDP
regression. Significant tissues are colored in red (Bonferroni corrected
multiple test p-value <1x107%). Larger circles denote lower p-values.
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sclerosis, lupus and CAD) were used to calculate the overall editing levels of disease type (a’,b’and ¢’ with matching sample size asa, band c, respectively).
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Software and code

Policy information about availability of computer code

Data collection  Codes used for editing level quantification in GTEx V8 data and the reference editing site list are available at: https://hub.docker.com/r/
vanessa/mpileup/.

Data analysis Codes availability: A full pipeline to preprocess the GWAS and edQTL data, prioritize relevant loci, run colocalization tests, and generate the
associated plots is publicly available at https://github.com/mikegloudemans/rna-editing-coloc and https://github.com/vargasliqin/
GTEx_edQTL.

Third party softwares and codes: we used FastQTL (version v7, https://github.com/francois-a/fastqtl) to map cis-edQTLs. Tissue-wide
comparison of edQTLs was performed using MashR v0.2 (https://github.com/stephenslab/mashr). STAR (v2.5.2b), BLASTN (v2.8.1) and
trim_galore (v0.6.5) were used for ADAR1 CLIP-seq data analysis. ggseglogo (v0.1) and bpRNA (https://github.com/padidehdanaee/bpRNA)
were used for RNA motif and structure analysis. MESC (https://github.com/douglasyao/mesc) was used to estimate heritability mediated by
edQTLs with the effect sizes estimated using LASSO (R package glmmLasso v1.5.1). SLDP (https://github.com/yakirr/sldp) was used for
estimating directional effect of RNA editing in disease genetics. COLOC (v3.2-1) was used for colocalization analysis. RNA secondary structures
were predicted using ViennaRNA (v2.4.14). SPRINT (v0.1.8) was used for hyper editing analysis. PLINK (v1.9) and SNPsnap (https://github.com/
pascaltimshel/snpsnap/) were used to randomly select control sets of SNPs.

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.
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- 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

GTEx v8 release editing level data and edQTL call sets are available on the GTEx Portal: https://www.gtexportal.org/home/datasets, under session: Single Tissue cis-
RNA Editing QTL Data. Details of the GWAS summary statistics used for colocalization are provided in Supplementary Table 1. icSHAPE data was obtained from the
RASP database: http://rasp.zhanglab.net/. CLIP data was obtained from the POSTAR3 database: http://postar.ncrnalab.org/.
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Sample size No sample-size calculation was performed. We required that at least 70 samples per tissue for edQTL mapping to ensure acceptable statistical
power as indicated by data from https://www.science.org/doi/10.1126/science.aaz1776.

Data exclusions  We excluded donors without genotypes and tissues with < 70 samples from the edQTL analysis, which resulted in 49 tissue types and 838
donors. To ensure reliability of the editing level measurement, we only considered editing sites covered by >20 reads in 260 samples per
tissue type for analysis. Details of the number of editing sites used for edQTL analysis are shown in Extended Data Fig. 1a.

Replication We used a previous study of smaller sample size (doi:10.1186/s13059-017-1270-7) to validate our edQTL mapping result. We found 95.5% of
the edQTLs are reproducible between our study and the other study with consistent direction of effects. For experimental data, we conducted

at least 3 independent biological replicates and confirmed all attempts were successful.

Randomization  Donors are randomly allocated into tissue groups for edQTL analysis. To account for confounding effects of population, sex and age, we
included the top 3 genotype PCs as well as sex and age as covariates for edQTL mapping.

Blinding Since the analyses are based on genotypes within in each tissue group instead of individuals, investigators are naturally blinded.
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Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies |:| ChiIP-seq
X Eukaryotic cell lines g |:| Flow cytometry

Palaeontology and archaeology |Z |:| MRI-based neuroimaging
Animals and other organisms
Human research participants

Clinical data

XX XXX OX 5
oooog

Dual use research of concern
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Policy information about cell lines

Cell line source(s) HEK293T-ADAR1-E912A-iIMDA5-mCherry-plFN-Lucia cells were generated in the Li Lab at Stanford University from HEK293T
cells sourced from ATCC
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Authentication None of the cell lines used were authenticated
Mycoplasma contamination The cell lines were not tested for mycoplasma contamination

Commonly misidentified lines  no commonly misidentified cell lines were used
(See ICLAC register)
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