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Alternative splicing (AS) in human genes is widely viewed as amechanism

for enhancing proteomic diversity. AS can also impact gene expression
levels without increasing protein diversity by producing ‘unproductive’
transcripts that are targeted for rapid degradation by nonsense-mediated
decay (NMD). However, the relative importance of this regulatory
mechanism remains underexplored. To better understand the impact

of AS-NMD relative to other regulatory mechanisms, we analyzed
population-scale genomic data across eight molecular assays, covering
various stages from transcription to cytoplasmic decay. We report
threefold more unproductive splicing compared with prior estimates
using steady-state RNA. This unproductive splicing compounds across
multi-intronic genes, resulting in 15% of transcript molecules from
protein-coding genes being unproductive. Leveraging genetic variation
across cell lines, we find that GWAS trait-associated loci explained by AS are
as often associated with NMD-induced expression level differences as with
differencesin proteinisoform usage. Our findings suggest that much of the
impact of AS is mediated by NMD-induced changes in gene expression rather
than diversification of the proteome.

Alternative splicing (AS) has the potential to expand the number of
functional peptides encoded in messenger RNA. Large-scale transcrip-
tomics studies have confirmed that nearly all protein-coding genes
generate multiple—sometimes dozens—of distinct mRNA isoforms.
This findingis ofteninterpreted as supporting therole of ASin diversi-
fying the proteome; yet, most alternatively spliced isoforms are lowly
expressed and lack cross-species conservation' . To explain these
observations, multiple studies have suggested that the vast majority
ofisoforms are nonfunctional transcripts resulting from mis-splicing
rather than regulated AS*™.

Mis-splicing from aberrant activation of unconserved ‘cryptic’
splicesites oftenintroduces frameshifts in the mRNA coding sequence,

resulting in premature termination codons (PTCs). Consequently,
downstream exon junction complexes, which would normally be dis-
placed by translating ribosomes, recruit nonsense-mediated decay
(NMD) machinery to the mRNA for degradation. Thus, most transcripts
with one or more aberrant splicing events are considered to be ‘unpro-
ductive’, as they are expected to undergo rapid NMD.

Unproductive transcripts can also result from regulated AS'2.
Forexample, some splicing factors control AS of their own pre-mRNA,
relying onthe coupling between AS and NMD (AS-NMD) to autoregu-
late their expression levels’>*'"7?!, However, regulated AS-NMD has
only been documented in a handful of genes. While most genes have
annotated unproductive isoformstructures®, the extent towhich these
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isoformsinfluence gene expression levels, impact phenotypes and/or
areimportant for organismal fitness is unknown. Assessing these ques-
tions is complicated partly because the rapid decay of unproductive
isoforms obscures quantitative measurements of their splicing”***.

An early study of unproductive splicing estimated that up to a
third of transcriptisoformsinferred from expressed sequence tags sup-
ported unproductive rather than productive splicing and hypothesized
that AS-NMD may be awidespread regulatory mechanism’. Since then,
multiple studies have attempted to test this hypothesis usingimproved
methods, forexample, by measuring gene expression levels before and
after knocking down core NMD factors such as UPF1 or UPF2. These
studies revealed amodestimpact on gene expression levels, noting that
only asmall fraction (<10%) of genes show appreciable change in gene
expression levels upon knockdown®?, providing evidence against a
widespread role of AS-NMD?. By contrast, recent studies”***** sup-
port partial redundancy between core NMD factors, which can obscure
knockdowns of single NMD factors and underestimate the impact of
AS-NMD on mRNA expression levels. Thus, the impact of AS on gene
expression levels remains unclear'®*>33-3¢,

Results

High-throughput measurements of AS before mRNA decay

To assess the impact of AS on steady-state gene expression levels, we
must jointly consider multiple stages of gene regulation that reflect
mRNA before and after the influence of cytoplasmic decay processes. To
dothis, we leveraged alarge collection of molecular assays in lympho-
blastoid celllines (LCLs) derived primarily from 40-86 Yoruba individu-
als (Fig.1aand Supplementary Fig. 1). These datasets® ** have been used
to study the impact of genetic variants on molecular phenotypes and
consists of measurements tracking major steps of mRNA biogenesis
including chromatin activity at enhancers (H3K4mel and H3K27ac
combining chromatin immunoprecipitation sequencing (ChIP-seq))
and promoters (H3K27ac and H3K4me3 ChIP-seq), newly transcribed
polyARNAs (4sU pulse-labeled for 30 or 60 min) and steady-state mRNA
levels (RNA sequencing, RNA-seq). However, these data fail to capture
spliced mRNA before potential cytoplasmic degradation, preventing
us from capturing rapidly degraded mRNA transcripts.

To measure AS of pre-mRNA splicing before mRNA decay, we
used nascent RNA-seq (naRNA-seq). We obtained atotal of 22.4 billion
naRNA-seq reads across 86 LCLs. To further increase the temporal
resolution of our dataset, we also collected CUT&Tag data from 95
LCLsto profile H3K36me3, amark associated with active transcription
elongation (Supplementary Fig. 2).

The correlation between gene expression measurements in
steady-state RNA and gene expression measurement at previous stages
of RNA processing reveals a clear temporal pattern, matching our
expectationthat our naRNA-seq data capture mRNA atan earlier stage

of maturationthan4sUsequencing labeled for 30 min (Fig. 1a). We fur-
ther verified that naRNA-seq captures RNA associated with chromatin
and nascent pre-mRNA in several ways (Extended DataFig.1), showing
that our naRNA dataset allows high resolution analysis of splicing
outcomes before cytoplasmic degradation.

Unproductive mRNA splicing is pervasive

We used naRNA-seq data to estimate the prevalence of ‘unproductive
splicing’, that is, splicing outcomes that are expected to induce NMD
of the host transcript. In contrast, ‘productive splicing’ is expected to
preserve the proper reading frame of the host transcript. Thus, exon—
exon junction reads from unproductive transcripts are expected to
be depleted in steady-state RNA-seq, while the junction reads iden-
tified in naRNA would reflect unbiased rates of unproductive splic-
ing. We find 0.44% of all junction reads overlapping protein-coding
genes from naRNA-seq map to splice junctions uniquely annotated in
NMD-targeted transcripts (Gencode annotations®’) compared with
0.15% in steady-state RNA (Extended Data Fig. 2a). Moreover, we find
that2.4% of junctionreadsin naRNA are not attributable to annotated
junctions of stable protein-coding transcripts, compared with 1.1%in
30 min labeled 4sU RNA and 0.60% in steady-state RNA (Fig. 1b). As
only asmall fraction of these 2.4% of junction reads can be attributed
to annotated NMD transcripts, we sought to understand whether the
remaining represent unproductive isoforms. We find that about half
of these remaining junctions are annotated in transcripts that are
expected to be NMD substrates, albeit, not explicitly defined as so by
Gencode (for example, transcripts associated with a retained intron)
(Fig. 1b, Extended Data Fig. 2b,c and Methods). Most of these splice
junctions are greatly depleted in steady-state RNA (Supplementary
Fig. 3a), consistent with their rapid decay. To categorize the unanno-
tated splice junctions, we developed a method to predict their effect
on transcript coding potential (Supplementary Methods). We find
that these unannotated junctions are overwhelmingly expected to
either frameshift or introduce a PTC in the coding sequence, thus,
resulting in a transcript targeted by NMD. To confirm the quality of
our productive/unproductive categorizations of splice junctions, we
assessed the change in abundance of splice junctions in short hair-
pin RNA (shRNA)-induced knockdowns of core NMD components, by
reprocessing RNA-seq data fromsingle knockdowns of UPF1,SMG6 and
SMG7 and a double knockdown (dKD) of SMG6 and SMG? (ref. 24). As
expected, annotated and unannotated splice junctions that we classify
as productive are relatively unchanged upon NMD knockdown, while
unproductivejunctionsincreaseinabundance (Supplementary Fig. 3b).
Single knockdown of core NMD factors displayed much smaller abun-
dances of unproductive splice junctions compared with double SMG6
and SMG7 knockdowns (Extended Data Fig. 3), suggesting functional
redundancy between these NMD factors. Overall, we find a similar

Fig.1| Genomic data captured before, during, and after transcription
reveal an abundance of NMD isoforms. a, Subset of the population-scale
datasets we analyzed, covering stages of mRNA biogenesis, from activation
of enhancers/promoters (that is, H3K27ac and H3K4me3 ChiP-seq) to
steady-state RNA (polyA RNA-seq). The gene expression correlation matrix
(using promoter peak coverage for H3K27ac and H3K4me3, gene body
coverage for H3K36me3 and exonic read coverage for RNA-seq) relative to
steady-state RNA samples is shown as a heat map. b, Left: fraction of splice
junctionreads in each RNA-seq sample (columns, grouped by dataset) that
arein Gencode-annotated productive transcript structures (blue) versus
unannotated or annotated unproductive transcript structures (gray). The
dashed lines indicate the median for each dataset. Right: for the 2.4% of splice
junctionsin naRNA-seq data that are not in annotated productive transcript
structures, we checked for their unique presence in annotated unproductive
transcript structures (for example, transcripts tagged by Gencode as ‘retained_
intron’), or if unannotated, we attempted to translate sequences surrounding
the splice sites (Supplementary Methods). The stacked bars indicate fraction

of naRNA-seq splice junctions in each subcategory. ¢, Similar to b, comparing
steady-state RNA from shRNA scramble control (n = 6) and shRNA dKD
(n=3)of SMG6 and SMG7 in HeLa cells*. d, Fraction of cassette exons that

are symmetric (thatis, length divisible by three) as function of their usage,
estimated as percent spliced in PSI. The error bars represent standard error of
values for LCL lines treated as replicates (circular markers, same dataset as b)
and standard error across replicate shRNA knockdown experiments (triangular
markers, same dataset as ¢). e, Cumulative distribution of log fold differences
insteady-state gene expression versus gene transcription (measured by
H3K4me3 promoter activity, naRNA, H3K36me3 or 30 m 4sU-labeled RNA), a
proxy for degradation rate. Genes are grouped by quintiles based on percent of
unproductive junction reads. The quintile of genes with the most unproductive
splicing (darkest) show the strongest signature of mRNA degradation. The
correlation between unproductive splicing and 30 min labeled 4sU RNA/
steady-state RNA is weaker than in comparisons using the other degradation
rate proxies, consistent with rapid decay of unproductive transcripts.

Nature Genetics | Volume 56 | September 2024 | 1851-1861

1852


http://www.nature.com/naturegenetics

Article https://doi.org/10.1038/s41588-024-01872-x

enrichment of unproductive splice junctions in the dKD experiments
(Fig.1c) asinour naRNA (Fig. 1b), suggesting NMD is the primary mecha-
nism explaining the abundance of unannotated junctions in naRNA.

Thus, we estimate that ~2.3% of splicing events target transcripts for
NMD, as measured in naRNA, compared with ~0.55% in steady-state
RNA (Extended Data Fig. 2c).

Population-scale measurements of transcription and post-transcriptional RNA processing
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We further describe the abundance of unproductive splicing
revealed by naRNA in a qualitative manner by analyzing exons whose
length is divisible by three (‘symmetric exons’) and, thus, are frame
preserving whether the exon is skipped or included. Previous studies
using steady-state RNA-seq data found that highly included and con-
served alternatively spliced exons (‘cassette exons’) are biased toward
being symmetric'**, suggesting that there is selective pressure to
maintain coding frame for highly included cassette exons (Extended
DataFig. 4a). Indeed, ~55% of highly included cassette exons are sym-
metriccompared with only -35% of rarely used cassette exons (percent
spliced in (PSI) <1%). However, we find that in naRNA the fraction of
symmetric exonsis low, under 40%, even for the most highly included
cassette exons (Fig. 1d and Extended Data Fig. 4b). We find similar
resultsinsteady-state RNA after knockdown of NMD factors (Fig. 1d and
Extended DataFig.4b). These observations show thatin the absence of
NMD, there is no bias for alternatively spliced exons to be symmetric.
These findings question the widely held belief that the main function
of ASis protein diversification.

Having observed such abundant unproductive splicing, we
wondered to what extent AS-NMD influences gene expression levels
genome wide. We find that the genewise fraction of unproductive
splicing correlates with multiple measures of degradationrate (Fig. 1e),
and we conservatively estimate that AS-NMD explains at least 9% of
post-transcriptional gene expression variance across genes (Sup-
plementary Note1).

Despite the abundant effects of AS-NMD on gene expression
levels, it is not clear to what extent AS-NMD is functionally regulated
and optimized through selection versus a result of splicing mistakes,
which nonetheless impact gene expression. To better understand
this, we explored which classes of genes and introns are most prone to
AS-NMD. We found that highly expressed (Extended DataFig. 5a,b) and
evolutionarily constrained genes (Extended Data Fig. 5¢) have among
the lowest rates of unproductive splicing. Because evolutionarily con-
strained genes are expected to be under strong selective pressure to
be tightly and accurately regulated*, the fact that we see the least
unproductive splicing in them suggests that unproductive splicing
generally represents molecular noise, rather than a form of regula-
tion. However, we find exceptions—for example, the highly conserved
SR-family proteins have among the highest rates of unproductive splic-
ing even when controlling for expression (Extended Data Fig. 5b and
Supplementary Note 2), consistent with previous reports of conserved
AS-NMD-based autoregulatoryloopsin these genes™> *"71%2, Still, splic-
ingregulators represent only asmallfraction of genes with the highest
rates of unproductive splicing (Supplementary Note 2). Further, we
observe that introns with weak splice sites (Supplementary Fig. 4)
and long introns (Fig. 2a) have higher unproductive splicing rates,
consistent with splicing errors caused by appreciable competition
between bona fide functional splice sites and cryptic splice sites. We
alsoreasoned thatif unproductive splicingis regulated and optimized,
most unproductive splicing would be derived from a single alternative
event that could be efficiently regulated by cis-regulatory elements, as
isthe case for SR protein autoregulatory loops. Yet, for most genes, we
were unable to attribute a majority of unproductive splice eventstoa
single splice junction (Fig. 2b and Supplementary Fig. 5).

Based on these observations, we propose amodel in which every
protein-codingintron of a gene can generate unproductive junctions
at a specific ‘error’ rate, which depends on intron length, splice site
strength and other genomic features. This model predicts that unpro-
ductivejunctions will compound along the entire length of pre-mRNA,
making long genes—or genes with many introns—more likely to pro-
duce unproductive transcripts than those with fewer introns (Fig. 2c).
Under the simplest binomial model, assuming that 2.3% of splicing
events are unproductive, we predicted that ~17% of mRNA transcripts
would be unproductive for a typical human gene with eightintrons. To
test this prediction, we analyzed long-read RNA-seq (LRS) data from

datasets collected using Oxford Nanopore technology”*. We investi-
gated the number of transcripts containing one or more unproductive
junctions, binned LRS reads by their number of junctions and calcu-
lated the fraction of reads with an unproductive junction for eachbinto
estimate the abundance of unproductive transcripts. We first analyzed
LRS naRNA from chromatin cell fractions from K562 cells*’. We found
that ~15% of naRNA reads spanning a typical human gene contained
one or more unproductive junctions (Fig. 2d). Importantly, we also
investigated LRS of steady-state mRNA following shRNA knockdown
of NMD machinery* and found that -15% of reads spanning a typical
human gene had one or more unproductive junctions (Fig. 2d). We
further corroborated these findings by analyzing the small subset
of LRS reads that probably represent full-length mRNA transcripts,
which we directly evaluated for adherence to known molecular rules
governing NMD** (Extended Data Fig. 6). Taken together, we estimate
that for a typical multi-intronic gene, ~15% of all transcript molecules
generated are NMD targets, though rates of unproductive splicing
vary greatly across genes. For example, at lowly expressed genes, we
estimate the fraction of NMD targets for transcripts with ten exons is
25% of mMRNA molecules, and for transcripts with 15 or more exons, this
number increases to over 50% (Supplementary Fig. 6).

Artificially induced cryptic splicing widely triggers NMD

Our findings collectively suggest that a large fraction of AS events
result in unproductive transcripts that are targeted by NMD for rapid
degradation. To validate this finding experimentally, we measured
the effects of a splice-switching drug on gene expression levels in
LCLs (Fig. 3a). Risdiplam was originally identified as a small molecule
splicing modulator that upregulates SMN2by activating a productive
GA|GU 5’ splicesite (5’ss) at the expense of an unproductive isoform*+,
Recent studies***find that at higher doses, risdiplam’s effects are less
selective, extending to GA|GU 5’ss in many other genes. We predicted
increases in these cryptic GA|GU splice sites would generally lead to
an abundance of unproductive, NMD-targeted transcripts and, con-
sequently, decreased expression of the affected genes. To test this,
we treated LCLs with risdiplam and sequenced steady-state RNA at
eight increasing doses of risdiplam and naRNA at two doses (Fig. 3a).
We observed widespread, genome-wide induction of GA|GU 5’ ssin
a dose-dependent manner but no effect on canonical AG|GU 5’ss or
other noncanonical splice sites (Fig. 3b and Supplementary Fig. 7).
For example, MYB, a transcription factor protooncogene targeted by
anumber of antitumor therapies, contains a risdiplam-induced exon
(Fig.3c). Thisexonisuniquely annotated in an unproductive transcript
isoform, and MYBis downregulated in a dose-dependent manner.

In total, we identified 316 risdiplam-induced cassette exons, 281
(92%) of which are unannotated. We found that 257/281 (91%) of the
unannotated risdiplam-induced exons are within the coding region
of the transcript (not in UTRs). Of these, 214/257 (61%) result in a
frameshift, matching the expectation that two-thirds of cryptic splic-
ing changes should produce aframeshift. An additional 56/281 (20%) of
theunannotated exons containanin-frame PTC and are also expected
toinduce NMD (Fig.3d). The effects of these risdiplam-induced exons
on expression matched our expectation that inclusion of predicted
frame-shifting- and in-frame-PTC-containing exons generally results in
downregulation of steady-state steady RNA but not naRNA (Fig. 3e and
Supplementary Fig. 8). This set of 230 unproductive risdiplam-induced
exons in 219 genes included some with robust expression effects in
potentially disease-modifying genes (Supplementary Fig. 9). Notably,
these 219 risdiplam-regulated genes were not limited to gene fami-
lies traditionally thought of as ‘druggable’ by protein-targeting small
molecule drugs (for example, kinases) (Fig. 3f and Supplementary
Fig.10a). Consistent withour observation that unproductive junctions
accumulate across the length of the transcript and that long introns
andlonggenes are most susceptible to AS-NMD, we found thatintrons
and genes hosting these risdiplam-induced exons tend to be longer
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a, Correlation between percent of unproductive junction readsin

LeafCutter clusters versus length of the most used productive intronin

the cluster (Spearman’s rho coefficient of 0.19; two-sided correlation test
Pvalue =1.3 x10%*). Correlation presented as cumulative distribution of
percent unproductive splice junctions, for increasing groups of intron length.
b, Percent unproductive splice junctions for each gene that are attributed

to the most common (rank 1) unproductive junction, the second most
common unproductive junction and so on. ¢, Model of unproductive splicing
compounding across multi-intronic transcripts. Alow unproductive rate at many
independently spliced introns produces a high rate of unproductive molecules

No. of junctions in long read

atthe transcriptlevel. d, Nanopore long-read sequencing quantifies the percent
of full-length reads that are targeted by NMD, defined as containing at least one
unproductive junction, as a function of the number of splice junctionsin the
read. The vertical dashed line marks eight splice junctions, corresponding to a
typical full-length human transcript. The total RNA were isolated from shRNA-
mediated dKD of NMD factors SMG6 and SMG7 or shRNA scramble control*

in HeLa cells. The naRNA data were from K562 cells*. Multiple points of the
same color indicate replicate experiments. The blue and orange shaded area
represents the binomial expectation when assuming 1.5-2.5% and 0.2-0.7% of
unproductive junction reads at each independent junction.

than matched controls (Fig. 3g and Supplementary Fig. 10). Finally,
weidentified anasymmetryinrisdiplam-induced post-transcriptional
effects (Extended Data Fig. 7) favoring downregulation. Thus, random
splicing changes, such as those introduced by similar nonspecific
splice-switching drugs or mutations, usually result in NMD-targeted
transcripts and subsequent downregulation, as opposed to frame
preserving or frame correcting (for example, SMN2) transcript changes.

Global effects of sSQTLs on gene expression levels

The prevalence of unproductive splicing, along with the observation
that unproductive splicing anti-correlates with gene expression levels
genomewide, predicts that genetic effects on RNA splicing would often
impact RNA expression levels. To test this prediction, we used quantita-
tive trait loci (QTL) mapping (Fig. 4a) toidentify genetic variants associ-
ated with expression (eQTLs) and splicing (splice junctionabundance,
sQTLs)innaRNA-seq, 4sU sequencing and steady-state RNA-seq data. To
better distinguish splicing-mediated expression effects from transcrip-
tional effects, we mapped histone QTLs (hQTLs), reflective of variants
impacting promoter and enhancer activity (H3K27ac, H3K4mel and

H3K4me3) and transcription across gene bodies (H3K36me3). In total,
weidentified 57,981 QTLs for 620,020 tested molecular traits (Supple-
mentary Fig.11). Consistent with previous work, we find alarge fraction
of eQTLsare explained by transcriptional regulation, as indicated by the
high degree of sharing between eQTL and hQTL signals. For example,
we estimate that 67% of eQTL-containing genes (eGenes, steady-state
RNA) contain hQTL effects at the gene’s promoter (Storey’s 7, = 0.67;
Supplementary Fig.12a), consistent with transcriptional regulation. As
expected, we observe a strong concordance in the direction of hQTL
and eQTL effects, wherein hQTL alleles that increase H3K27ac signal
at the promoter overwhelmingly have corresponding upregulating
signalsat thelevel of mRNA (Fig. 4b). The remaining steady-state RNA
eQTLsthatdonothave hQTLsignal probably function during or shortly
after transcription, as the effects of an additional 24% of steady-state
eQTLs are also detected in 30 min 4sU-labeled RNA (rr; = 0.91; Sup-
plementary Fig.12a).

Tobetterinterpret molecular mechanisms of eQTLs while account-
ing forlinkage disequilibrium, we performed amultitrait colocalization
analysistoidentify molecular QTLs that probably share causal variants
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Fig.3|Risdiplam-induced splicing alterations mediate expression changes
athundreds of genes. a, Overview of risdiplam-based approach to assess
pervasiveness of NMD after splicing perturbations. LCLs were treated with
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(Fig. 4a, Supplementary Fig. 13a and Methods). For example, at the
CCHRClIlocus, weidentifyaneQTL,anhQTLand ansQTL (Fig. 4a). While
boththesQTLand hQTL are nominally significant for aneQTL associa-
tion, colocalization analysis reveals that only the hQTL and eQTL are
probably caused by the same genetic variant (posterior probability of
full colocalization, PPFC >0.5). This suggests that transcriptional regu-
lation explains the eQTL effect, while the sQTL constitutes a distinct
genetic effect that does not explain the primary eQTL signal. Across
all 3,970 steady-state RNA eQTLs, we find 831 (-20%) colocalized with
an hQTL (PPFC >0.5) (Fig. 4c and Supplementary Fig. 13a). We do not
interpret this to suggest that only 20% of eQTLs are caused by tran-
scriptional regulation but rather that 20% represents a lower limit of
the degree of transcriptional regulation. Nevertheless, we reasoned
that the abundance of eQTL colocalizations with hQTLs relative to
their colocalizations with other molecular QTLs may be informative.
When considering eQTLs that colocalized with any molecular QTL
(molQTL) we tested, 62% colocalized to an hQTL, consistent with our
previous finding that approximately two-thirds of eQTLs are driven by
chromatin effects. Among the remaining 38%, which we hereafter refer
toas ‘post-transcriptional eQTLs’, nearly half colocalized withan sQTL
(Fig.4cand Supplementary Fig.13b), suggesting that AS may be amajor

contributor to interindividual variation in gene expression levels. By
comparison, alternative polyadenylation QTLs (apaQTLs) colocalized
withonly -5% of the non-hQTL colocalizations, suggesting that alterna-
tive polyadenylation plays a comparatively minor role.

The degree of sQTL-eQTL colocalization suggests that a large
number of genetic variants may impact gene expression levels through
AS. However, we and others have noted that alternative transcrip-
tion initiation or polyadenylation can alter splicing quantifications
and vice versa****', Furthermore, preferential decay of specific
mRNA isoforms may manifest as sQTL-eQTL colocalizations™, with-
out being mediated by AS. To better assess whether splicing changes
causally drive eQTL-sQTL colocalizations, we asked which genomic
annotations are most enriched among post-transcriptional eQTLs,
compared with transcriptional eQTLs as controls. As expected,
post-transcriptional eQTLs are strongly depleted in enhancers and
promoters. In terms of enriched genomic regions, we find signifi-
cant enrichment of post-transcriptional eQTLs near polyadenyla-
tionsites and in splice donor, branch site and splice acceptor regions
(Supplementary Fig.13c). While polyadenylation sites and splice sites
are similarly enriched among post-transcriptional eQTLs over tran-
scriptional eQTLs, splice sites account for a far greater fraction of
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Fig. 4| Genetic variants that alter expression post-transcriptionally are
enriched insplice-altering variants that are predicted toinduce NMD.

a, Approach for identifying mechanisms of gene regulation, using data from
CCHCRI1locus as illustrative example. Genetic variants that associate with
chromatin peak height, RNA expression, splicing and so on (molQTL) are
identified. The boxplots grouped by genotype at lead SNP depict innerquartiles
of phenotype values with whiskers extending to most extreme value no greater
than 1.5 IQR from hinge. Multitrait colocalization (Methods) compares
alignment of molQTL signals (scatter plots**) to identify molQTLs that probably
share causal SNP. b, Effect size (8) of H3K27ac hQTLs at promoter versus eQTL
effect sizes estimated in each RNA-seq dataset. Correlation summarized with
Spearman’s rho coefficient and two-sided significance test. ¢, Tally of steady-
state eGenes by their colocalizing molQTLs. A total of 831 eGenes colocalize
(coloc) withan hQTL (*, H3K27ac, H3K4mel, H3K4me3 or H3K36me3), and 518
‘post-transcriptional’ (post-txn) eGenes (**) do not colocalize withany hQTL
but do colocalize with other molQTL, some of which may be sQTL or apaQTL.

d, Example eQTL functioning through AS-NMD from poison exon (red). H3K27ac
ChIP-seq and RNA-seq coverage grouped by genotype of lead eQTL SNP. The
pinkinset region (chr22:46,289,343-46,294,094) shows effect on splicing of
poison exon, depicted as sashimi plots with relative usage (intronic PSI) of
splice junction arcs. e, QQ plot shows inflation of eQTL signal among groups of
SNPs (lead SNPs for p-sQTLs and u-sQTLs within the host gene, H3K27ac QTLs
within100 kb of test gene or random test SNPs). f, Similar to b. Top: effect size
of p-sQTLs (only significantly affecting productive splice junctions) versus host
gene eQTL B. Bottom: effect size of u-sQTLs (significantly affecting at least one
unproductive splice junction) versus effect on host gene expression. g, eQTLs
consistent with transcriptional regulation (eQTL/hQTLs, purple) in discovery
dataset (LCLs) compared with eQTLs consistent with AS-NMD (eQTL/u-sQTLs,
red). Left: each eQTL (SNP:gene pair, rows) assessed for eQTL effectsin GTEx
tissues (columns). Right: cumulative distribution of number tissues with
significant effects. The Pvalue for atwo-sided Mann-Whitney test is shown.

post-transcriptional eQTLs (Supplementary Fig.13d). These observa-
tionsindicate that changes in RNA splicing causally drive many of these
post-transcriptional eQTLs.

As an illustrative example of a splicing-mediated eQTL, we high-
light the TTC38 gene (Fig. 4d) for which the lead eQTL variant has no
detectable effect on promoter activity. Rather, we observed a clear
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effect of the lead eQTL variant on splicing. The allele associated with
decreased expression levelis also associated withanincrease in splic-
ing of unproductive introns. These unproductive splice junctions are
substantially more abundantin naRNA than steady-state RNA, consist-
entwith their rapid degradation, though the sQTL effect size is similar
in naRNA and steady-state RNA (Fig. 4d). More generally, when we
stratify sQTLs by whether they affect an unproductive splice junction
(henceforth ‘u-sQTLs’), versus merely switching between alternate
productive protein-coding isoforms (henceforth ‘p-sQTLs’), we find
thatu-sQTLsare particularly enrichedineQTL signal for the host gene
(Fig. 4e and Supplementary Fig. 14a), with even stronger eQTL signal
than H3K27ac QTLs within 100 kb of the gene (Fig. 4e). Furthermore,
thoughwe identify similar numbers of p-sQTLs versus u-sQTLs, u-sQTLs
explain 77% of sQTL colocalizations with post-transcriptional eQTLs,
compared with 23% for p-sQTLs (P=5.9 x 107, hypergeometric test;
Supplementary Fig. 14b). These results again suggest that AS-NMD
isamajor contributor to the genetic regulation of expression levels.

To further validate that u-sQTLs affect gene expression levels
through post-transcriptional decay, we considered the concordance
of normalized effect sizes between u-sQTLs and eQTLs (Methods). As
expected, p-sQTL variants are largely inert with respect to expression
levels (Fig. 4f). In contrast, u-sQTL effects are strongly anticorrelated
with expression, such that alleles increasing the unproductive junc-
tionare associated with decreased expression of the host gene (Fig. 4f,
steady-state facet). These effects on expression are most apparent in
steady-state RNA, weaker in our 4sU RNA-seq data and largely absent in
naRNA (Fig. 4f and Supplementary Fig.15), whichis expected, as NMD
occurs post-transcriptionally and in the cytoplasm.

While we observed an overwhelming enrichment of eQTLs among
u-sQTL SNPs (Fig. 4e), previous studies®**** have found that the lead-
ing eQTL and sQTL signals for a given gene tend to be independent.
To reconcile these observations, we provide two mutually compat-
ible explanations: (1) an eGene’s top sQTL signal is often a p-QTL, not
an expression-modifying u-sQTL (Supplementary Fig. 16a,b) and (2)
many genes have multiple eQTLs****, and u-sQTLs may contribute to
expression even when they are not the lead eQTL.

Given reports that lead eQTLs can sometimes change across tis-
sues™* and our previous observation that sQTL effects are generally
more stable across tissues than eQTLs*, we hypothesized that the
effects of splicing-mediated eQTLs would be more consistent across
tissues than the effects of transcription-mediated eQTLs. Indeed,
we find that eQTLs mediated by splicing mechanisms are eQTLs in
alarger number of GTEx tissues than eQTLs mediated by transcrip-
tion regulation (Fig. 4g and Extended Data Fig. 8), indicating that the
regulatory impact of variants that function through AS-NMD are more
tissue-pervasive thanthose that function through transcription. Such
variants could be relevant for interpreting genome-wide association
study (GWAS) signals that have yet to be explained by eQTLs inknown
cell-types.

AS-NMD impacts GWAS traits

Given the pervasive effects of AS-NMD on gene expression, we won-
dered towhatextent AS that affects complex phenotypes are mediated
by NMD versus protein-diversifying stable isoforms. To answer this
question, we compiled summary statistics from 45 GWAS for blood
and immune-related traits and evaluated the enrichment of GWAS
signal among various classes of molecular QTLs: eQTLs, H3K27ac QTLs,
p-sQTLs and u-sQTLs. For example, using multiple sclerosis GWAS
summary statistics, we find enrichment of u-sQTLs on par with that of
p-sQTLs, hQTLs and eQTLs (Fig. 5a). Similar results are found in most
complex traits we examined (Supplementary Fig. 17).

To better resolve the mechanisms at these GWAS loci, we used
multitrait colocalization toidentify GWAS signals that colocalize with
hQTLs, eQTLs, sQTLs or various combinations of QTLs. Across all com-
plex traits, approximately 70% of GWAS loci could not be colocalized

with any molecular QTL (Fig. 5b), in line with previous studies with
similar sample sizes”. Approximately 18% of GWAS loci colocalize
with either an hQTL, eQTL or some combination of molecular QTLs
(Fig. 5b). The remaining 12% of loci colocalize with an sQTL but not an
hQTL, consistent with splicing-mediated impacts on traits. We next
sought to assess whether these GWAS/sQTL loci possess characteristics
consistent withan AS-NMD mechanism versus protein diversification.

Notably, we find that these sQTLs largely affect low-usage splice
junctions, such that 57% of these splice junctions are spliced in at
PSI <5% (Fig. 5¢). This observation is consistent with that of a recent
study®” and naturally poses questions as to how such low-usage iso-
forms might impact traits. We found that most of these low-usage
sQTLsareu-sQTLsthatalter the balance of unproductive and produc-
tive isoforms, consistent with AS-NMD mediating these loci. We also
found that the allelic effects of u-sQTLs that colocalize with GWAS loci,
similar to that of u-sQTLsin general (Fig. 4f), were anticorrelated with
their effects on gene expression levels, again consistent with NMD
(Fig. 5d). These u-sQTLs are also enriched among the GWAS/sQTL
loci that also colocalize with eQTL signal (Extended Data Fig. 9a). For
example, areticulocyte-count-associated GWAS signal colocalizes with
au-sQTLin NUDTI4gene,as well as NUDT14 eQTL signal (Extended Data
Fig.10a,b). Asexpected, the allele thatincreases usage of the unproduc-
tive splicejunctionis associated with NUDT14 downregulation (Fig. 5¢).
While the effect on splicingis similar inboth steady-state RNA-seq and
naRNA-seq (Extended Data Fig.10c), the effect on NUDT14 expression
is only apparent in steady-state RNA (Extended Data Fig. 10d), again
consistent with AS-NMD.

More generally, u-sQTLs that colocalize with GWAS and eQTL
signals tend to also display lower usage in steady-state RNA than
naRNA (Extended Data Fig. 9b), with sQTL and eQTL effects that are
also consistent with AS-NMD (Extended Data Fig. 9c). In contrast,
the sQTLs that colocalize with GWAS but not eQTL do not share these
characteristics and probably function by tuning the expression levels
of alternative protein-coding isoforms. Given that there are a similar
number of these GWAS loci that colocalize with both sQTL and eQTL
(and not hQTL), as compared with just sQTLs (Fig. 5b), we conclude
that AS-NMD carries similarimportance as splicing-mediated protein
diversification for complex organism-level traits.

Discussion
The molecular impact of AS has been challenging to verify experi-
mentally, as it has been difficult to study the function of individual
isoforms at the protein level, and the rapid decay of unproductive
isoforms obscure their quantification at the mRNA level. Through
detailed analysis of molecular measurements that capture the major
steps of RNA maturation, we found that aberrant splicing produces
remarkably high levels of unproductive transcripts bearing a PTC.
Unproductive mRNAs account for around 15% of allmRNA transcripts
from the average human gene, even exceeding 50% for many long
genes expressed at low levels. These estimates may be surprising,
given earlier studies that utilized single knockdown of UPFI or UPF2
toidentify arelatively small subset of AS-NMD-regulated genes® %",
suggesting that unproductiveisoforms are produced at such low rates
that expression levels of most genes are unaffected by AS-NMD?.
However, we find that early estimates are consistent with incomplete
inhibition of NMD due to partial redundancy between core NMD fac-
tors.Indeed, thelevels of unproductive splicing in steady-state mRNA
stabilized from double SMG6 and SMG7 knockdowns—but not that of
single UPFI1 knockdowns—were nearly identical with that estimatedin
our nascent mRNA dataset. Thus, previous studies using knockdowns
of single NMD factors appear to have substantially underestimated
the impact of AS-NMD.

Notably, we also show that an important previous observation—
that highly used AS exons are enriched for being frame-preserving—
is largely due to NMD surveillance rather than selection at the level
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Fig. 5| Splicing-mediated NMD contributes to complex trait biology. a, QQ
plot of multiple sclerosis GWAS signal, grouped by categories of SNPs. p-sQTLs
thatimpact the balance of protein-coding isoforms and u-sQTLs that impact
usage of unproductive splice junctions are similarly inflated for GWAS signals.
b, Fraction of GWAS loci that colocalize with various sets of molQTLs in each of
45blood orimmune-related traits. Number of loci for which colocalization was
attempted isindicated at the top of each column. ‘Other combinations’ includes
loci that colocalize with alternative polyadenylation QTLs, hQTLs and sQTLs or
other combinations that may include sQTLs and other molQTLs and are difficult

tointerpret mechanistically. ¢, Histogram of usage of unique sQTL junctions
that colocalize with a GWAS signal, grouped by sQTL type. Intronic PSI (junction
read count divided by most abundant junction in LeafCutter cluster) for each
junction was summarized as the median from steady-state RNA samples which
are homozygous for the PSl-increasing allele. Many GWAS sQTLs, especially
u-sQTLs, have low PSI, even in samples with genotypes that favor higher usage.
d, Effect size (B) of sQTLs and eQTLs for distinct u-sQTLs that colocalize witha
GWAS signal. Correlation was summarized with Spearman’s rho coefficient and
two-sided significance test.

of splicing regulation. Thus, our study suggests that the molecular
impact of AS is largely shouldered by NMD, which regulates protein
output by targeting unproductive transcripts for degradation. Sup-
porting this view, we identified nearly as many genetic variants that
impact production of these unproductive transcripts as compared with
those that tune the balance of stable mRNA isoforms. Importantly, this
observationalso holds for sQTLs that colocalize with GWAS signals to
influence organism-level traits. These unproductive sQTLs can have
variable effects on expression, wherein small changes in splicing are
sometimes associated with large changes in expression or vice versa.
While the biological basis for this variability is unknown, we speculate
that multiple mechanisms, including transcriptional adaptation®®
and differential efficiency of NMD**, may be at play. Nonetheless, the
general tissue-pervasive nature of these AS-NMD-mediated eQTLs
compared with transcription-mediated eQTLs may have particular
relevancebothinenhancing the phenotypicimpact of AS-NMD-based

regulation and in mapping the regulatory mechanisms underlying
genetic associations for complex traits.

What fraction of mRNA isoforms encode functionally diverse pep-
tides has long been under debate™”*>**!, Novel isoforms continue to
be discovered as RNA-seq experimentsincrease in depth, making this
question particularly timely. Our observation that introns are often
mis-splicedinto substrates of NMD indicates that splicing is inherently
noisy and that novel isoforms uncovered by RNA-seq generally do not
encode functional proteins. This view is consistent with previous find-
ings thatmost AS events are lowly used and do not show cross-species
conservation.

Still, we posit that future research will reveal a preponderance of
cases whereregulated AS functions by tuning protein expression levels
rather than by creating protein diversity, as the sheer abundance of AS-
NMD events presents opportunities for evolution to co-opt AS-NMD
as a functional regulatory mechanism. Regulated AS-NMD has been
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identified in the past, but it has largely been found in genes encoding
splicing regulators. While we confirmed that splicing regulators are
enriched among genes with high levels of unproductive transcripts,
splicingregulators represent only asmall fraction of allgenes with very
high levels of unproductive transcripts. We predict that future work
using long-read sequencing of RNA across multiple species, stages of
maturation and biological systems will provide us with a much more
complete understanding of the mechanisms by which AS functionally
impacts cellular function, organismal phenotypes and evolution.
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acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41588-024-01872-x.
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Methods

We confirm that thisresearch complies with all relevant ethical regula-
tions. Ethical approval was not required because the Yorubain Ibadan,
Nigeria (population code YRI) panel of cell lines used here (derived
from consenting individuals with publicly available genotypes®?), from
which molecular sequencing data was generated, are not considered
human subjects research by the institutional review board at the Uni-
versity of Chicago.

Statistics and reproducibility

Nostatistical method was used to predetermine sample size for novel
data (naRNA-seq, H3K36ME3 CUT&Tag, RNA-seq and naRNA-seq at
various risdiplam doses). We note that our sample sizes are similar to
previous QTL studies using this panel of cell lines****° and risdiplam
transcriptomics studies**%, For eQTL and sQTL mapping using naRNA,
we excluded line NA18855. This was not a predetermined decision.
Rather, principal component analysis revealed this sample as an out-
lier, and differential expression analysis against other lines identified
differentially expressed genes clustered along large sections of chro-
mosomes, suggestive of chromosomal abnormalities. The experi-
ments were not randomized. The investigators were not blinded to
allocation during experiments and outcome assessment, as cell lines
(for QTL studies) and treatment were required knowledge for carry-
ing out the experiments. When data could not be assumed to follow
assumptions for parametric tests, nonparametric tests were used. Tests
for significance of spearman correlation were obtained using
‘cor.test(..., method ="s’)’ inR.

Molecular trait quantification

We aligned the lllumina short-read RNA-seq datasets from LCL and
Hela cells to the human genome version GRCh38 with Gencode v34
annotation using STAR® version 2.7.7a. For the LCL lines, we used STAR’s
WASP mode®* to account for genetic variants. We mapped ChIP-seq
and CUT&Tagreads to the human genome using HISAT® version 2.2.1,
and we used Hornet (https://github.com/TheFraserLab/Hornet, a
reimplementation of WASP pipeline®*) to find reads that overlap
with SNPs for remapping. For the ChIP-seq datasets, we used MACS2
(ref. 66) version 2.2.7.1to call peaks.

We quantified gene expression and histone modification coverage
of H3K27ac, H3K4mel and H3K4me3 using featureCounts® version
2.0.3.We used ‘bedtools multicov’ to count the number of H3K36me3
CUT&Tag reads overlapping each protein-coding gene. For each phe-
notype, we normalized the raw counts into counts per million (CPM)
and selected the top 14,000 autosomal genes with the highest median
CPMinstandard RNA-seq data for downstream analysis.

To quantify splicing efficiency of introns, we used SPLICE-q®®
version 1.0.0 to calculate the reverse intron expression ratio in
protein-coding genes. To quantify splicing in the RNA-seq datasets,
we extracted junction reads by running regtools version 0.5.2 (ref. 69)
onthe filtered Binary Alignment Map (BAM) files. We obtained intron
clusters using Leafcutter®

We developed amethod to predict the effect of splice junctions on
transcript coding potential. Our method attempts to reconcile junc-
tions identified from short-read RNA-seq with introns of annotated
transcripts and predicts whether the junction is compatible with the
open reading frame of the annotated protein-coding transcript. See
the ‘Classification of unannotated splice junctions’ section in Sup-
plementary Methods for a detailed description.

See Supplementary Methods for adetailed description of our map-
ping and quantification pipeline and for a description of our analysis
of Oxford Nanopore Technologies long-read RNA-seq data.

Molecular cis-QTL mapping
To prepare the LCL RNA-seq data for eQTL mapping, we Z-score nor-
malized the top 14,000 expressed protein-coding genes samples.

Then, we enforced normality of the data by applying the rank-based
inverse normal transformto each sample across all genes. We utilized
the same procedure to normalize the gene coverage quantification
for H3K36me3. For hQTLs from ChIP-seq data, we normalized the read
counts quantified by featureCounts at the peaks called by MACS2.

ForsQTL mapping, we used the prepare_phenotype_table.py script
from Leafcutter. This script calculates the PSl of each junction, itapplies
Z-scorenormalizationto eachjunctionacross all samples, and enforces
normality by rank-normalizing each sample across all junctions.

To build a covariate matrix for QTL mapping for each data-
set, we applied principal component analysis on the standard and
rank-normalized feature-by-sample matrix. We selected the number of
principal components that explain more variance thanin a version of
the datamatrix obtained by randomly permuting each feature across
the samples.

For molecular cis-QTL calling, we used as input for each dataset the
standard and rank-normalized data matrices, the principal components
(PCs) obtained as previously described and the corresponding VCF files
fromthe 1000 Genomes Project.

We ran QTLTools” version 1.3.1 for molecular cis-QTL mapping,
using both the permutation and nominal pass versions. For the per-
mutation pass, we used 1,000 permutations using the permute 1000
flag. For the nominal pass, we used the nominal1flag to obtainthe QTL
statistics of all SNPsirrespective of their Pvalue. ForeQTLsand hQTLs,
we used a cis-window 0f 100,000 bp. For sQTLs and splicing efficiency
QTLs, we used a cis-window 0f 10,000 bp. For the permutation pass of
sQTLs, we used the grp-best flag to get only the statistics of the best
hit perintron cluster. For the permutation pass, we applied the Benja-
mini-Hochberg correction to the adjusted g distribution P values to
account for the false discovery rate.

Foranalyses that require unstandardized effect size estimates, we
considered the top QTL SNP from the QTLtools pass using standardized
andrank-normalized datamatrices and reran QTLtools using the same
PC covariates but providing unstandardized expression matrix (that s,
log,RPKM for expression or gene level PSIfor splicing), such that the
estimate is in more directly interpretable units.

See ‘eQTL calling on GTEx gene expression data’ section in Sup-
plementary Methods for details on the QTLTools runs on GTEx data.

naRNA-seq experimental methods

Cell growth. LCLs were grown in Roswell Park Memorial Institute
media (RPMI) + glutamine + penicillin-streptomycin + 20% fetal bovine
serum. Cellswere growninfour batches, with approximately 20-35 cell
lines per batch. The day before collection, cell cultures were counted
and normalized across cell lines to approximately 35 million live cells,
supplemented with media to 50 ml, such that cells were in log-phase
growth with approximately 50 million cells per culture at the time of
collection.

Isolation of naRNA. We collected naRNA from LCLs by first isolat-
ing nuclei through a sucrose cushion followed by high-salt washes to
dissociate nucleoplasm and weakly bound RNAs and proteins from
chromatin with slight modifications from previous protocols for cel-
lular fractionation”, as detailed below.

Cells were collected by centrifugation (300g for 3 min) in 50 ml
conical tubes. Cells were washed twice in cold phosphate-buffered
saline with 1 mM EDTA. We reasoned that the inclusion of EDTA (and
exclusion of magnesium) in buffers used during cellular fractionation
would inhibit splicing during sample processing. However, we have
noted that chelation of magnesiumyields fragile nuclei that are more
proneto premature bursting, and care should be taken to pipet gently
in subsequent steps. Washed cell pellets were resuspended in 400 pl
BufferA (10 mM pH 7.5 HEPES, 10 mMKCl, 10% (v/v) glycerol, 11.6% (w/v)
sucrose, 1 mMdithiothreitol (DTT),1x ROCHE complete protease inhib-
itor) and transferred to 2 ml 96-well plates for convenience. An equal
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volume of BufferA supplemented with 0.2% TritonX was gently mixed
to the resuspended cells, bringing the final TritonX concentration to
0.1%foral2 minincubation onice with periodicinversion. Nuclei were
isolated by centrifugation (1200g, 5 min). Supernatant was discarded,
and the nuclei pellet was washed with 500 pl BufferA, followed by cen-
trifugation (1,200g, 5 min), removal of supernatant, and resuspension
in 250 plnuclear resuspension buffer (20 mM pH 7.5 HEPES, 50% (v/v)
glycerol,75 mMNaCl,1mMDTT, 0.5 mMEDTA, 1x protease inhibitor).
An equal volume of NUN (high salt) buffer (50 mM pH 7.5 HEPES, 1M
urea, 300 mM NaCl, 1 mM DTT, 1x protease inhibitor) was added to
nuclei pellets and gently mixed, following by 5 min incubation on ice
and periodicinversion. Chromatin pellets were isolated by centrifuga-
tion (1,200g, 5 min). Nonchromatin-bound supernatant was removed.
Chromatinpellets were washed with 500 pl BufferA supplemented with
0.2% NP-40, followed by centrifugation and removal of supernatant.
The usually insoluble chromatin pellet was resuspended in 100 pl
nuclear resuspension buffer, added to 1 ml Trizol, and stored in 1.5 ml
centrifuge tubes at —20 °C for further processing.

Trizol samples were vigorously mixed with periodic heating at
50 °Cuntil the pellet dissolved. After adding 200 pl chloroform, vigor-
ously mixing and centrifugation (16,000g,15 min), the aqueous phase
was transferred to clean tubes or 96-well plates. An equal volume of
ethanol was mixed, and samples were bound to Zymo spin [-96-XL plate
(Catalogno.C2010) or individual Zymo Spinii (Catalog no. C1008-50)
columns by centrifugation (2,000g, 2 min). Columns were washed twice
with 500 plwash buffer (80% ethanol, 10 mM pH 8.0 Tris buffer). Sam-
ples were treated with DNAsel (2.5 pul RQ1 Promega DNAsel, 1x DNAse
bufferin 25 pl total volume) while bound to columns and incubated at
roomtemperature for 15 min. Columns were washed with RNA binding
buffer (2 M guanidinium, 75% isopropanol), followed by two washes
with 80 pl wash buffer and a dry spin. RNA was eluted by incubation
with 25 pl water for 5 min followed by centrifugation. RNA yield was
quantified by NanoDrop, typically yielding 5-20 pg naRNA per sample.

RNA-seq library preparation. rRNA was depleted using Lexogen ribo-
cop v2 kit according to the manufacturer’s protocol. RNA was eluted
in 8 L water, all of which was used as input for NEB Ultra Directional
ITRNA-seq kits according to manufacturer’s protocol. Fragmentation
time was adjusted from the recommended 15 min to 5 min to obtain
larger insert sizes. Samples were pooled and sequenced on a single
NovaSeq flow-cell (2 x 150 bp paired end reads) by UChicago sequenc-
ingcore.

H3K36me3 CUT&Tag

Cellswere grown as described above (naRNA-seq experimental meth-
0ds) and100,000 cells were frozen in10% dimethylsulfoxide (DMSO).
CUT&Tag was performed as previously described’ (detailed protocol
at https://doi.org/10.17504/protocols.io.z6hf9b6) using polyclonal
antibody (‘Reporting summary’ section), with the following modifica-
tions. Rather than13 polymerase chain reaction (PCR) cycles, we used
14 cycles. We determined this on the basis of a test qPCR with ~10% of
the pre-PCR library, estimating that 14 PCR cycles with the remaining
90% would yield fluorescent signal at about halfway to the plateau,
ensuring we have enough DNA material to quantify and sequence.

Molecular QTL sharing
Sharing of molQTLs between datasets and colocalization. We used
Storey’s 1, statistic’, an estimate of the fraction of non-null hypothesis
from a distribution of P values, to get the fraction of molecular QTLs
thatare shared across multiple phenotypes (for example, ‘what fraction
ofeQTLsdiscoveredinsteady-state RNA areeQTLsinnaRNA?’). See ‘i,
sharing of eQTLs between RNA-seq datasets’ and ‘rr; sharing of eQTLs
and hQTLs at TSS’ sections in Supplementary Methods for details.
We simultaneously assessed colocalization of molQTLs around
each gene using hyprcoloc’. Summary statistics for a 100 kb

cis-window surrounding the gene were obtained for each molQTL
from QTLtools nominal pass. Only molQTLs with a permutation pass
P<0.01were considered for colocalization.

Effect size concordance of sQTLs and eQTLs. For each cluster with
asignificant sQTL intron, we classified the sQTL as a u-sQTL if it con-
tains at least one sQTL intron (false discovery rate (FDR) <10%) in an
unproductive intron.sQTLs withanominally significant hQTL (P< 0.01,
for any H3K4me3, H3K27ac or H3K36me3 trait) were filtered out. To
avoid plotting nonindependent sQTLs, we selected only asingle sQTL
intron per cluster, retaining the intron with the largest absolute value
of sQTL B. The top SNP of remaining sQTLs was used to look up the
corresponding eQTL effect size in the host gene. Test for significance
of correlation was performed with ‘cor.test(method="spearman’)’ inR.

Effects of AS-NMD-mediated eQTLs and transcription-mediated
eQTLs across tissues. We first identified a set of 359 eQTLs, which
we were most confident are mediated by AS-NMD. Specifically, the
steady-state eQTL must colocalize with an u-sQTL within the gene
(‘Colocalization of molQTLs’ sectionin Supplementary Methods) and
not with any hQTL. Furthermore, the lead SNP for the colocalizing
u-sQTL junction must not be nominally significant (P> 0.01) for any
hQTL test feature (considering all H3K34me3, H3K27ac peaks within
100 kb of the gene and H3K36me3 for the gene body). The top colocal-
izedeQTL/u-sQTL SNP was then assessed for effect size across GTEx tis-
sues (‘eQTL calling on GTEx expression data’ sectionin Supplementary
Methods). We similarly identified aset 313 eQTLs which we were most
confident are mediated by expression effects: the steady-state eQTL
must colocalize with an hQTL at the eQTL gene’s promoter (see ‘i
sharing of eQTLsand hQTLs at TSS’ section in Supplementary Methods
for linking hQTLs to promoters; H3K4me3, H3K27ac and H3K4mel
peaks were considered). The top colocalized eQTL/hQTL SNP was
then assessed for effect size across GTEx tissues (‘eQTL calling on GTEX
expression data’sectionin Supplementary Methods). To assess effect
sizes across tissues, we used the (not quantile-normalized) log,CPM
matrix for eQTL mapping with QTLtools, enabling interpretable
comparisons of effect sizes (f) across tissues in units of log, fold-
change per altallele.

Colocalization of molQTLs with GWAS loci. Summary statistics for
GWAS” 8! were downloaded from the GWAS Catalog or other source
datasets. One mega-base windows centered at lead GWAS SNPs were
determined as previously described*®, using a lead SNP threshold of
5x1078 to consider locus for colocalization. Summary statistics for
all molQTL features within each GWAS locus window were obtained
using QTLtools nominal pass, after selecting only those with a QTLtools
permutation pass P < 0.01. Hyprcoloc was used with default settings to
colocalize molQTLs and GWAS signals. Loci were categorized as ‘Only
hQTL, ‘Only eQTL’ or ‘Only sQTL, ifthe only molQTLs to colocalize with
the GWAS signal were either hQTLs (H3K36me3, H3K27ac, H3K4me3 or
H3K4mel),eQTLs (innaRNA, 4sU or steady-state RNA-seq) or sQTLs (in
naRNA, 4sU or steady-state RNA-seq), respectively. If all of the molQTLs
couldbe classified aseQTLs or hQTLs, oreQTLsand sQTLs, thelociwas
classified as ‘hQTL+eQTL’ or ‘sQTL+eQTL,, respectively. All other loci
with amolQTL colocalization were classified as ‘other combinations’.
We chose to classify these loci as ‘other combinations’ because sQTLs
thatalso colocalize withboth eQTLand hQTL or withapaQTL or other
combinations are hard tointerpret, and we wanted to refrain from sug-
gesting these loci may be mediated by AS-NMD or alternative protein
isoforms caused by AS.

Risdiplam dosage series experiment

Cell growth, library preparation and RNA-seq. LCL growth, naRNA
isolation and conversion to sequencing libraries were performed as
described above (naRNA-seq experimental methods). Risdiplam was
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added 24 h before cell collection. Total (‘steady-state’) RNA was con-
verted to sequencing libraries using NEB polyA capture kit (prod-
uct no.) followed by NEB Ultra directional Il RNA-seq library Kkits.
Steady-state RNA-seq libraries were sequenced by (2 x 150 bp paired
end). naRNA-seq libraries were sequenced by UChicago sequencing
core (2 x150 bp paired end).

Identification and quantification of risdiplam-induced exons. All
splice junctions containing GA|GU in reference genome sequence at
the 5’ss were assessed for a significant positive dose:response cor-
relation using leafcutter’s intron excision ratio as the response. Sig-
nificance was assessed using R’s ‘cor.test(..., method="spearman’)’
function, and P values were adjusted for multiple testing with
Storey’s g-value method. All significant (g < 0.1) GA|GU introns
with a leafcutter-clustered splice junction that has a 3’ splice site
(3’ss) 500 bp upstream of the GA|GU splice donor were considered
asrisdiplam-induced cassette exons. Splicing at these cassette exons
was requantified using the cassette exon PSI metric (see ‘Analysis of
alternative splicing and symmetry of cassette exons’in Supplemen-
tary Methods).

Prediction of transcripts effects. We utilized Gencode transcript
structures and their predictions for coding potential (‘basic’-tagged
transcripts being deemed as productive) to annotate cassette exons
that use an annotated GA|GU downstream splice junction. Cassette
exons with an unannotated downstream GA|GU splice junction were
translated in-frame using the most-expressed ‘basic’-tagged transcript
(transcript quantifications derived from Salmon®) as a reference,
using custom scripts. For simplicity, we classified unannotated exons
as unproductive if the exon-included translation is shorter than the
exon-excluded translation. While splicing in UTRs may trigger NMD
by 50 nt rule, all risdiplam-induced exons in UTRs are, by definition,
alreadyinanintron-containing UTR and, thus, we did not classify those
asunproductive.

Quantification of expression and splicing. Gene expression was quan-
tified using featureCounts as described above. naRNA-seq samples
were analyzed using edgeR®, with two contrasts: (1) 100 nMrisdiplam
versus DMSO and (2) 3,160 nM risdiplam versus DMSO contrast. The
unconventional experimental design of the titration series experiment
(asinglereplicate at eight doses) precluded use of many standard dif-
ferential splicing or differential gene expression analysis approaches.
For those samples, we fit splicing quantifications (in units of cassette
exon PSI) and gene expression quantifications (in units of log2CPM)
to a four-parameter log-logistic curve using the drc package®* in R:
‘drc::drm(formula=cpm -~ dose, fact=LL.4(), ...)". Effect size estimates
and standard errors at 100 nM and 3,160 nM were extracted from the
modelfitsusing ‘predict(..., se.fit=T)". FDR was estimated with Storey’s
g-value. Genes were classified as transcriptionally regulated if they
had an absolute log,FC between naRNA and steady-state RNA less
than 1.5, with FDR <0.1in both naRNA and steady-state RNA. If genes
had FDR <0.1in steady-state RNA but with an effect size difference
between naRNA and steady-state greater than log,(1.5), they were
classified as post-transcriptionally downregulated. Similarly, genes
had FDR <0.1in steady-state RNA but with an effect size difference
between naRNA and steady state less thanlog,(1.5), they were classified
as post-transcriptionally upregulated.

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

Data availability
Publicly available data sequence data generated as part of this study
(naRNA-seq and H3K36ME3 Cut&Tag) is publicly available and has

been deposited in Gene Expression Omnibus (www.ncbi.nlm.nih.
gov/geo/) under accession GSE252006. Other publicly data utilized
in this study included genotypes were downloaded from the 1000
Genomes project® (http://ftp.1000genomes.ebi.ac.uk/voll/ftp/data_
collections/1000G_2504_high_coverage/). FASTQ files of short-read
RNA-seqdata of shRNA dKD of SMG6 and SMG7in HeLa cells and shRNA
controls fromaprevious study** (SRA accession SRP083135) are avail-
able at https://www.ncbi.nlm.nih.gov/sra. Other publicly available
short-read sequencing dataare described in Supplementary Fig.1. For
these datasets, we obtained FASTQfiles of standard short-read RNA-seq
data from the following accession numbers: ENA project accession
PRJEB3365 (steady-state RNA-seq produced by the GEUVADIS con-
sortium), SRA project accession PRINA268086 (H3K4mel, H3K4me3
and H2K27ac ChIP-seq) and SRA project accession PRJNA302818
(4sURNA-seq). The 3’ sequencing APA data were obtained as asample
by peak expression matrix from authors of a previous study*® (SRA
accession number SRP223759). The data were aligned to GRCh38 and
transcript release v34 annotations from Gencode (https://www.gen-
codegenes.org/human/). Some analyses (Supplementary Methods)
also utilized v37 annotations.

Code availability

Pipelines and all original code are available at Zenodo via https://doi.
org/10.5281/zenodo.12571961 (ref. 85) and also at Github via https://
github.com/bfairkun/ChromatinSplicingQTLs/.
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Extended Data Fig.1| Overview of nascent RNA-seq. (a) Nascent RNA-seq
(naRNA-seq) captures nuclear-retained, non-polyadenylated, and rapidly
decayed RNAs (snoRNAs, IncRNAs), that are absent from labeled and steady-
state RNA-seq datasets. Each column represents an RNA-seq sample, grouped by
the dataset type, each row a different gene. (b) naRNA-seq transcripts are only
partially spliced. The splicing efficiency metric is based on the ratio of spliced
and unspliced (intron:exonjunction) reads, and varies between 0 and 1, with 1
indicating all reads are spliced. The cumulative distribution of splicing efficiency
across allintronsin expressed genes, for each RNA-seq sample from naRNA,
recently transcribed RNA (30 min 4sU), and steady-state RNA. (c) Meta-intron
coverage plotin LCL naRNA-seq sample NA18486 confirms the expected 5’ bias

inintronic coverage genome-wide, consistent with the nascent nature of naRNA
transcripts. Longer introns are naturally expected to have steeper slopes than
shortintrons whenintron lengths are rescaled for metaplot. (d) naRNA-seq
transcripts are only partially spliced. Example sawtooth pattern in nascent
RNAinthe gene XYLT1. The nascent nature of transcripts in naRNA createsa 5’
biasin coverage, and in combination with co-transcriptional splicing, creates a
sawtooth pattern of coverage. (e) Number of exon-exon splice junction reads in
RNA-seq samples. The medianin each dataset is marked with alabeled dashed
line. Though naRNA-seq is only partially spliced, our deeper sequencing of
naRNA-seq results in high coverage of splice junctions, allowing measurements
of splicing before cytoplasmic decay.
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Extended Data Fig. 2| Classification and quantification of splice junction
classes across datasets. (a) The percent of splice junctions in each sample that
are uniquely attributable to transcripts tagged as ‘nonsense_mediated_decay’
(Gencode v37). Box and whiskers show quartiles for LCL samples (individual
jittered points) in each RNA-seq data-type (n=86, 66, 66, and 462 for naRNA, 4sU
30min, 4sU 60min, and steady-state RNA-seq, respectively). Median for each
data-typeislabeled. (b) Splice junctions (arcs) overlapping the NUP42 gene
illustrate approach (Supplemental Methods) for classifying splice junctions.
Annotated splice donors and splice acceptors are marked with vertical dashed
linesin dark and light gray, respectively. Annotated productive junctions are
defined by their presence in at least one transcript with the value of ‘protein_
coding’inthe Gencode transcript type tag. Unannotated productive junctions
arenotinany Gencode transcripts, and skip exons in the principal isoform such
that the reading frame is maintained (that is, splice junction marked with 1).

Annotated unproductive junctions are unique to Gencode transcripts not tagged
with ‘protein coding’. Splice junction 2 is unique to NUP42-207, a ‘retained_intron’
tagged transcript. This splice junction uses adeep intronic 5’ss, creating a
premature termination codon. Junctions 3 and 5 are unique to transcripts tagged
as ‘nonsense_mediated_decay’, and junction 4 is unique to a transcript tagged
with ‘processed_transcript’. All other junctions are classified as Unannotated
unproductive. We attempted to translate the resulting transcripts that use these
junctions, finding that they overwhelmingly introduce frameshift or in-frame
stop codons (Supplemental Methods), such as the splice junction 6 which we
predict tointroduce a frameshift. (c) Similar to (b), where sample is represented
asacolumn, grouped by dataset type, and the fraction of splice junction reads
thatare either productive (annotated or unannotated, classified as in (b), blue) or
unproductive (annotated or unannotated, classified as in (b), red). The medianin
each dataset is marked with a dashed line and labeled.
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efficiently eliminates frame-shifting AS exons such that they appear enriched
for symmetric exons in steady-state RNA but not RNA that directly measures
splicing outcomes without the influence of degradation, such as naRNA or RNA
after knockdown of NMD factors. In both models, we expect that constitutive
exons (PSI-100%) are not strongly enriched for symmetric exons since the

o

@ steady-state RNA (n=89)

< 55 A shRNA ctrl (n=6)
b= \<§ ® naRNA (n=86)
£5 ShRNA dKD (n=3)
€4
n
€ 4
o
53
o

T T T T T T T

o\° o\° o\°_o\e 0\° o° _o\°

/‘) °> A2 D P P

N 6,/ / 6,/ (9/ /q<°/

Cassette exon PSI
reading frame can cross exon-boundaries without consequence if exons are
truly constitutive. Although constitutive and AS exons cannot be experimentally
distinguished by observations of DNA, we included the gene structures at the
DNA level because the two models imply differing selection pressures on DNA
sequence to maintain (Model 1), or not maintain (Model 2) accurate frame-
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apparentinnaRNA or NMD KD.
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(c) Similar to B, showing that genes with a higher S, score®® (suggesting more
selective constraint) have alower unproductive splicing rate. Correlationsin
each panel summarized with spearman correlation coefficient and two-sided
correlation test P value.
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Extended Data Fig. 6 | Assessing AS-NMD prevalence and diversity using
full-length (FL) long reads. (a) Pipeline to assess NMD status of transcripts

(See Supplemental Methods). Aligned Oxford Nanopore cDNA reads of SMG6/
SMG7 double knockdown (dKD) and shRNA control® filtered for FL reads
(anchored at annotated transcript termini). FL reads were translated from the
first annotated start codon, classified with decision tree (steps 2-6 are previously
established rules regarding NMD-targeting efficiency of transcripts*!) into seven
transcript categories referenced in (b-e). Categories on right are qualitatively
considered ‘unproductive’in (e-h); categories on the left are ‘productive’.
Number reads in categories shown. (b) Each splice junction observed in short
read data was classified as productive or unproductive (and annotated or
unannotated) (Supplemental Methods, Extended Data Fig. 2). FL reads were
used to assess accuracy of junction-level classifications by considering most
common transcript categories of FL reads containing that junction (requiring

>2 FLreads). Fraction unique junctions in each short-read category matching
most common context (transcript categories) plotted as bars. Limited number

FL reads means only njunctions in each category (% of total in category) were
assessed, noted on x-axis. (c) Relative degradation efficiency of each category
estimated by comparing the median relative splice junction abundance in control
vs dKD*, and steady-state vs naRNA, short read data. Consistent with previous
reports*, categories differ in degradation efficiency. (d) Percent FL reads in
each category, as function of number splice junctions in read. (e) Fraction

reads belonging in each category across genes (columns). Only genes with >20
reads considered. The dKD sample has fewer reads, and therefore stronger
ascertainment bias, with 143 highly expressed genes (TPM, colored rug) passing
this filter. (f) Isoform structure and relative abundance (read count, and percent
of eachisoform among unproductive reads in control samples) of unproductive
isoforms derived from the PRDX2, where 93.5% of unproductive transcripts
derive from most-common PTC-inducing splice junction (blue). (g) Same as

(f), for PSMB4, which has greater diversity of unproductive splice junctions.

(h) Diversity of unproductive isoforms amongst all genes (columns) with at least
20 unproductive reads in control and dKD samples, respectively.
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Extended Data Fig. 7 | Risdiplam primarily induces down-regulating-post-
transcriptional changes. (a) MA-plots of differential expression upon treatment
withlow (100 nM) or high (3160 nM) dose of risdiplam in steady-state RNA or
naRNA. Overlapping non-significant tests are reduced to gray hexbin, while
significant tests (FDR<1%) represented as black dots. Number of significant
up-or down-regulated genes is labeled to emphasize that while there are similar
numbers of up-and down-regulated genes in naRNA, in steady-state RNA there
isarelative over abundance of down-regulated genes. (b) Genes are classified

by their effect size and significance (See Methods) of expression changes as
measured in naRNA or steady-state RNA-seq after being treated with 3160nM
risdiplam. Transcription (Txn)-based gene expression changes are defined as
having similar and significant effects as measured in naRNA and polyA RNA.
Genes regulated post-transcriptionally have stronger effects in steady-state RNA.

There are more post-transcriptionally down-regulated genes than up-regulated
genes, suggesting risdiplam-induced splice sites more often destabilize than
stabilize host transcripts. Expectedly, there is significant overlap of the 219 NMD
targets predicted from annotation of induced cassette exons among the post-txn
down regulated genes (Odds Ratio=14.0, P<2x107*, hypergeometric test for
over-representation). (c) Left: Post-txn up-regulated genes may arise by splicing
changes (such as risdiplam-induced exons, depicted as black cassette exon) that
relieve NMD with a frame-correcting exon at a gene that is originally spliced into
anunproductive isoform. The open reading frame is depicted as thick regions
of exons. Right: More commonly, risdiplam-induced splicing changes resultin
post-txn down-regulated genes, consistent with splicing changes that break the
reading frame of genes that are originally spliced into productive isoforms.
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Extended Data Fig. 8 | Transcription-mediated eQTLs (hQTL/eQTLs) are
more tissue-specific than splicing-mediated eQTLs (sQTL/eQTLs). (a) A set
of transcription-mediated eQTLs (hQTL/eQTL colocalization) identified in our
source dataset was compared to a set of splicing-mediated eQTLs (sQTL/eQTL
colocalization without nominal hQTL signal), by estimating the SNP:gene effect
across 38 GTEx tissues (columns) for each eGene (rows). Row-wise summary

|EffectSizel in Median IEffectSizel

across GTEXx tissues

statistics were calculated and plotted as extra columns. (b) Row-wise summary

Standard deviation
of effect across
GTEXx tissues

statistics are plotted as cumulative distributions for visual contrast. From left
toright, we see that (1) the absolute effect size in the Geuvadis LCL discovery
datasetis slightly greater for hQTL/eQTLs than sQTL/eQTLs. Despite this, the
sQTL/eQTLs have a (2) larger median effect size across GTEx tissues, and (3) have
asmaller standard deviation of effect size across tissues. P values from two-sided
Mann-Whitney test.
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Extended Data Fig. 9| GWAS/sQTL colocalizations that also colocalize
witheQTL have characteristics consistent with AS-NMD. (a) sQTLs/GWAS
colocalizations are more likely to come from u-sQTLs than p-sQTLs if the host
gene eQTL also colocalizes in multi-trait colocalization analysis. P value from
hypergeometric test for over-representation. (b) PSI distribution of introns

as cumulative distribution plot for sQTLs that colocalize with eQTL and GWAS
(sQTL+eQTL colocs) versus those that only colocalize with GWAS (sQTL colocs).
We estimate PSI by averaging across samples with shared genotypes, either high/
high genotypes or low/low genotypes (thus, avoiding confounding PSl estimates
with different allele frequencies between datasets). sQTLs in unproductive

introns that are sQTL+eQTLs have smaller PSlin steady-state RNA than naRNA,
consistent with splicing-mediated decay at these GWAS loci transcripts. P-value
for two-sided Mann-Whitney test. (c) Effect sizes of sSQTLs that colocalize with
GWAS, grouped by whether the GWAS signal also colocalizes with an eQTL
(sQTL+eQTL colocs), whether it solely colocalizes with sQTL, or whether it also
colocalizes with some other combination of traits (that is, sSQTL + hQTL) in multi-
trait colocalization analysis. Each junction is plotted once, evenifit colocalizes
with multiple GWAS loci across multiple traits. Correlation of effect sizes
summarized as spearman rho correlation coefficient and two-sided correlation
test P-value.
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Extended Data Fig.10 | u-sQTL regulates NUDT14 expression, likely
contributing to reticulocyte count. NUDT14eQTL and sQTL. (a) Gene structure
of NUDT14-202, the protein-coding isoform marked as the principal isoform
by Gencode. Thick exonic regions mark the open reading frame. Using that
isoformas areference, we predicted the u-sQTL splice junction (labeled arc) that
colocalizes with reticulocyte-count GWAS signal to introduce a premature stop
codon (red octagon), created a transcript with along 3’ UTR, inducing NMD.
(b) Pairwise scatter plots depict the association between the GWAS signal,
NUDT14 eQTL signal, and chr14:105175987-105176534 junction sQTL signal.
Each pointis a SNP. All three traits colocalize in a single trait cluster in multi-trait
colocalization (posterior probability of full colocalization, PPFC > 0.5,

cic cm 1T cic cm Tm
rs3825761 genotype
see Supplemental Methods). SNPs colored according to linkage disequilibrium
relative to the top fine-mapped SNP (rs3825761). (c) NUDT14 sQTL boxplots
showing unproductive splicing quartiles grouped by genotype show that the up-
regulating effect of the Callele on the unproductive splice junctionis presentin
steady-state RNA and naRNA, while the (d) down-regulating effect of the C allele
on NUDTI14 expression is present in steady-state RNA but not naRNA, consistent
with co-transcriptional splicing and post-transcriptional regulation by NMD.
Box represents median and inner-quartiles. Whiskers extend from hinge to most
extreme value no greater than 1.51QR from hinge. Beta and P-value from linear
model to test association between genotype and normalized phenotype.
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and all new code. More description, including the exact version for all softwares used, is available in the Methods

Data analysis Code is available at https://github.com/bfairkun/ChromatinSplicingQTLs. This includes a reproducible pipeline with specific software versions
and all new code. More description, including the exact version for all softwares used, is available in the Methods
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Sequence data (naRNA-seq and H3K36ME3 Cut&Tag) is publicly available and has been deposited in Gene Expression Omnibus (GEO, www.ncbi.nlm.nih.gov/geo/)




under accession GSE252006. Data aligned to GRCh38 and transcript release v34 annotations from Gencode (https://www.gencodegenes.org/human/). Some
analyses (see Supplemental Methods) also utilized v37 annotations.
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Reporting on sex and gender We aimed for a sex-balanced study design. naRNA-seq dataset contained 41 female, 46 male. H3K36me3 dataset contained
45 female, 48 male

Reporting on race, ethnicity, or | We utilized lymphoblastoid cell lines (LCLs) in the NIGMS cell repository from Yoruban ancestry donors (YRI collection), as this

other socially relevant collection of cell lines has been extensively molecularly characterized for molecular QTL studies. Genetic ancestry was not
groupings explicitly accounted for in QTL mapping analyses, though all YRI lines utilized are unrelated and from similar ancestry.
Population characteristics See above

Recruitment Cell lines were obtained from Coriell, under the MTA agreement: MTA000215_Li_Coriell_MTA_3_3_2021

Ethics oversight n/a
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Sample size Sample size is typical for similar molecular QTL studies: at least n>50, with greater sample sizes typically being better powered for more
discoveries. We were able to achieve a sample size of n=93 liens for H3K36me3 Cut&Tag, and n=86 cell lines for naRNA-seq. No statistical
method was used to predetermine sample size for novel data (naRNA-seq, H3K36ME3 CUT&Tag, RNA-seq and naRNA-seq at various risdiplam
doses). We note that our sample sizes are similar to previous QTL studies using this panel of cell lines (ref 37,38,40) and risdiplam
transcriptomics studies (ref 45,48)

Data exclusions  As described in Statistics and Reproducibility Methods section: For eQTL and sQTL mapping using naRNA, we excluded line NA18855. This was
not a predetermined decision. Rather, principal component analysis revealed this sample as an outlier, and differential expression analysis
against other lines identified differentially expressed genes clustered along large sections of chromosomes, suggestive of chromosomal
abnormalities.

Replication For various analyses, we replicated our initial analyses by reanalysis of published datasets (e.g., the conclision that ~2.3% of splice junctions
are unproductive in our initial naRNA-seq analysis was replicated in published RNA-seq of cell lines subject to knockdown of NMD-factors).
Each of our experiments was performed once, with no additional replication. Risdiplam experiment was performed once, with biological
replicates (seperate dishes) for each treatment dose for naRNA-seq, and a single replicate for each dose in steady-state RNA. Analyses utilized
replicates for maximum power, and discoveries were not further replicated in independent datasets

Randomization  The experiments were not randomized, as molQTL studies typically do not require randomization for confounders, which are assumed to
already be randomized with respect to genotype. Experiments with risdiplam used a single isogenic cell line, grown in a single well-controlled

batch, such that randomization is not needed.

Blinding The Investigators were not blinded to allocation during experiments and outcome assessment, as cell lines (for QTL studies) and treatment
were required knowledge for carrying out the experiments
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Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study
|:| Antibodies |Z |:| ChiIP-seq
|:| |Z Eukaryotic cell lines |:| Flow cytometry
|Z |:| Palaeontology and archaeology |Z |:| MRI-based neuroimaging
|:| Animals and other organisms
X|[] clinical data
|Z |:| Dual use research of concern
X|[] Plants
Antibodies
Antibodies used H3K36Me3 CUT&Tag used 1ul of the following antibody per sample: Abcam catalog no. ab9050, lot GR3386101-2.
Validation We validated by analyzing meta gene profile of CUT&Tag sequencing data (Figure S2). Further, manufacturer states "Our Abpromise

guarantee covers the use of ab9050 in the following tested applications: ICC/ICF, WB, ChIP" (https://www.abcam.com/products/
primary-antibodies/histone-h3-tri-methyl-k36-antibody-chip-grade-ab9050.html?productWallTab=Abreviews)

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s)

Authentication

Mycoplasma contamination

Commonly misidentified lines
(See ICLAC register)

Plants

LCL line GM12878.

Coriell cell repository, NIGMS collection, YRI sub-collection LCL lines:
NA18486,NA18497,NA18498,NA18499,NA18502,NA18504,NA18505,NA18507,NA18508,NA18510,NA18511,NA18516,NA18
519,NA18520,NA18522,NA18523,NA18852,NA18853,NA18855,NA18858 NA18861,NA18862,NA18864,NA18867,NA18868,N
A18870,NA18876,NA18877,NA18879,NA18881,NA18907,NA18909,NA18910,NA18912,NA18913,NA18915,NA18917,NA1892
3,NA18924,NA18934,NA19092,NA19093,NA19095,NA19096,NA19098, NA19099,NA19101,NA19102,NA19107,NA19108,NA1
9114,NA19117,NA19118, NA19119,NA19121,NA19122,NA19127,NA19128 NA19130,NA19131,NA19137,NA19138,NA19140,
NA19141,NA19143,NA19146,NA19147,NA19150,NA19152,NA19153,NA19159,NA19160,NA19171,NA19184,NA19190,NA19
193,NA19195,NA19196,NA19198, NA19200,NA19201,NA19203,NA19206,NA19207,NA19209,NA19210,NA19213,NA19214,N
A19223,NA19225,NA19236,NA19238 NA19239,NA19247,NA19257

Identity of all cell lines was verified from molecular profiling sequencing data (eg assessment of SNP genotypes in H3K36me#
CUT&Tag or naRNA-seq data)

cell lines were not tested for mycoplasma

No commonly misidentified lines were used in this study

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a
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