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Abstract

Premature termination codons (PTCs) can result in the production of truncated proteins or the
degradation of mRNAs by nonsense-mediated mMRNA decay (NMD). Which of these outcomes
occurs can alter the effect of a mutation, with the engagement of NMD depending upon a series of
rules. Here, by applying these rules genome-wide to obtain a resource called NMDetective, we
explore the impact of NMD on genetic disease and approaches to therapy. First, human genetic
diseases differ in whether NMD typically aggravates or alleviates the effects of PTCs. Second,
failure to trigger NMD is a cause of ineffective gene inactivation by CRISPR-Cas9 gene editing.
Finally, NMD is a determinant of the efficacy of cancer immunotherapy, with only frameshifted
transcripts that escape NMD predicting a response. These results demonstrate the importance of
incorporating the rules of NMD into clinical decision-making. Moreover, they suggest that
inhibiting NMD may be effective in enhancing cancer immunotherapy.

Nonsense mediated decay (NMD) is a quality control pathway that degrades mMRNAS
containing premature termination codons (PTCs) because of nonsense or frameshifting
mutations'~3. However, not all PTCs trigger NMD. For example, PTCs less than 50
nucleotides (nt) upstream of the last exon-exon junction typically do not trigger NMD (“the
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50nt rule’)*. PTCs in the last exon of a gene were also found not to trigger NMD (‘last exon
rule”)>6. These two ‘canonical rules’ of NMD have been widely validated’, including by
analyzing the impact of thousands of inherited human PTCs82 and thousands of PTCs
introduced by somatic mutations in human tumors®10 on mRNA levels.

Through a large-scale analysis of human cancer exomes and transcriptomes we recently
suggested additional ‘non-canonical rules’ of NMD, e.g. that very long exons (>~400 nt)
inhibit NMD (“long exon rule’), a finding supported in subsequent experiments!l. Moreover,
PTCs less than 150 nt from the start codon typically fail to trigger NMD (“start proximal
rule), likely because of translation reinitiation®. These rules, and the effect of the distance
between a PTC and the wild-type stop codon, and the presence of certain RNA-binding
protein motifs, were validated in inherited PTCs and together they explain much of the
systematic variability in NMD across genes and mutations in human®.

Studies of individual genes have highlighted that NMD can have a strong bearing on human
disease phenotypes. In beta-thalassemia, 5’ end PTCs in the beta-globin gene, which are
seen by NMD, result in a recessive form of the disease, however 3’ end PTCs, which escape
NMD, result in the dominant form, implying that NMD has protective effects by preventing
production of a toxic truncated protein. Conversely, in Duchenne muscular dystrophy, PTCs
at the 3’ end of the dystrophin gene result in mild phenotypes, while PTCs further upstream
are seen by NMD and result in a severe phenotype due to loss of expression of a truncated
protein that retains partial activity. NMD can therefore either ameliorate or aggravate
diseases'214, PTCs cause a large proportion of human genetic diseases'®. However, the
overall extent to which NMD suppresses or enhances the effects of human genetic disease is
unclear'216, This is an important question because drugs that inhibit NMD may represent a
general strategy to treat diseases when the production of a truncated protein is
beneficiall’=20,

To evaluate the impact of NMD across diseases we have developed a resource,
NMDetective, that predicts the effects of PTCs genome-wide in human and mouse.
Applying NMDetective to known disease mutations reveals that human genetic diseases tend
to be often aggravated by NMD. We then use NMDetective to show that the efficacy of
NMD is an overlooked consideration when performing gene editing using CRISPR-Cas9
and a cause of ineffective gene inactivation. Finally, we apply NMDetective to tumor data
and show that whether frameshifting mutations do or do not trigger NMD predicts of the
efficacy of cancer immunotherapy.

A resource for genome-wide prediction of NMD efficacy

To evaluate the impact of introducing PTCs across the human genome, we used rules of
NMD learnt from a large-scale analysis of ~10,000 matched tumor exomes and
transcriptomes®. The NMD efficacy acting on a particular PTC was estimated as the —logs
fold-difference in the mRNA level in a tumor sample bearing the PTC, versusthe median
mRNA level in a set of tumors matched by tissue and global gene expression patterns, but
with no detectable PTCs in the transcript, as in Lindeboom, et al. 2 (Fig. 1a). Full NMD
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efficacy would correspond to a score of 1 (50% decrease in mMRNA level due to a
heterozygous PTC) and completely inefficient NMD a score of 0 (no change in mRNA
level). The genomic features associated with altered NMD efficacy across 2,840 PTCs were
incorporated into a predictive model using Random Forest Regression that explained 71% of
the systematic variance in NMD efficacy, as estimated on an independent set of 3,151 PTC-
inducing frameshifting indel mutations (Fig. 1b; Methods).

We used this model to perform an /in silico screen of the NMD efficacy of all possible single-
nucleotide variants and frameshifting mutations resulting in PTCs in the human and mouse
genomes. For the human genome, this produced 1.2 x 108 predictions for 101,781 protein-
coding transcripts (UCSC Genes, hg38 assembly). Predictions are available as a resource
named NMDetective-A (Lindeboom, R. G. H.. NMDetective. (2019). doi:10.6084/
m9.figshare.7803398).

An analysis of the distribution of NMD efficacy scores (Extended Data Fig. 1a; Methods)
suggests that 51% of all possible PTCs in the human genome are predicted to efficiently
trigger NMD (NMMDetective-A score >0.52) resulting in destruction of their mMRNA
transcripts. In addition, 22% of PTCs are predicted not to trigger NMD (NMDetective-A
score <0.25) meaning that their transcripts will not be degraded (the remaining 27% of PTCs
have an intermediate NMD efficacy). Thus, whether NMD is triggered or not varies very
extensively across possible PTCs in the human genome.

In addition to NMDetective-A, which uses Random Forest Regression, we also implemented
a simplified predictive model, NMDetective-B, that is fully transparent about the series of
tests it performs in a decision tree to reach the final prediction about whether a PTC triggers
NMD or not (Fig. 1c). The predictive performance of NMDetective-B is only slightly lower
than that of the Random Forest model (68% versus 71% variance explained on an
independent set of PTCs introduced by frameshifting indels; Fig. 1b). NMDetective-B
therefore provides a reasonable trade-off for situations where interpretability is critical, such
as in clinical applications.

NMDetective-B consists of four nested tests that incorporate the two canonical rules of
NMD as well as two additional rules learnt by analyzing the impact of thousands of PTCs in
cancer genomes®. The four nested tests in the tree are: (i) if the PTC is in the last exon, (ii) if
it is in the last 50 nt of the penultimate exon; (iii) if it is less than 150 nt away from the start
codon; and (iv) if it is in a long exon (>407 nt). The four rules in the decision tree were
obtained via automated inference from data, without manual adjustment, yet they
nonetheless reflect the known mechanistic bases for NMD activity.

All four rules are important for evaluating the impact of PTCs in the human genome.
Considering all possible PTCs, 55% are seen by NMD, while others evade NMD: the ‘last
exon rule’ covers 18% of PTCs, the “50nt rule’ 3%, the ‘start-proximal rule’ 12%, and the
‘long exon rule’ 12% of PTCs (Fig. 1d).
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NMD efficacy impacts the selection on germline variants

Genetic variants that cause severe phenotypes tend to be rare in human populations because
they are removed by purifying selection?1:22, We can therefore evaluate whether NMD
contributes to the deleterious effects of PTCs by comparing the allele frequencies of PTCs
predicted to trigger and evade NMD. Indeed, 52% of rare PTCs (minor allele frequency,
MAF = 106 — 104 in EXAC) are predicted to trigger NMD compared to only 25% of
common PTCs (MAF>1%) and 30% of intermediate frequency PTCs (MAF between 10
and 1072, all differences significant at p<2.2e—12 by Fisher’s exact test; Fig. 2a). Additional
tests for selection that account for trinucleotide sequence composition (Supplementary Note,
Extended Data Fig. 2a-b) are consistent with NMD frequently modulating deleterious
phenotypes resulting from PTCs.

We examined this effect for each of the NMD-evasion rules separately, finding consistent
differences between common variants and rare ones for the last-exon and start-proximal
rules (Fig. 2a), which are predicted to induce the strongest NMD evasion (Fig. 1c). The
effect size for the start-proximal rule (ORs of 1.45 and 1.73 when comparing the relative
amount of very rare to intermediate/common PTC variants in different types of NMD
regions, respectively) is similar to the one for the well-established last-exon rule (ORs of 1.5
and 2.37), further validating this rule using population genomic data. A cautionary note
concerning these analyses is that the observed population variation patterns, which suggest
selection on NMD activity, might in part also reflect other types of selection, such as that
against longer 3’ gene end truncations.

NMD variably aggravates and alleviates genetic diseases

For germline variants, therefore, the overall impact of NMD is to aggravate the fitness cost
of PTCs. This global trend may not, however, apply equally to all genes, as evident in the
contrasting examples of the Duchenne muscular dystrophy (DMD gene) and the beta-
thalassemia (HBB gene)23:24, To investigate the impact of NMD across different diseases,
we evaluated whether clinically-reported PTCs in human disease genes are predicted to
trigger NMD. We considered 7,514 nonsense and 12,756 indel variants with clinical
significance (having ClinVar assertions) in 752 genes causing genetic disorders for which
more than five PTC variants were available.

The direction of the effect of NMD is variable across genes and diseases (Extended Data
Fig. 1b): in total, 49 disease genes were more than 2-fold enriched for pathogenic PTCs
predicted to evade NMD. An excess of pathogenic PTCs in NMD-evading regions suggests
that NMD reduces the pathogenicity of PTCs that it can detect and thus that NMD alleviates
the phenotype (illustrated in Extended Data Fig. 1c). However, when considering the
converse case, 155 disease genes were more than 2-fold enriched for pathogenic PTCs that
trigger NMD. This predominance of genes where pathogenic PTCs tend to trigger NMD
(155 versus 49, P=5.1e—-14 by sign test) suggests that, globally, NMD tends to more
commonly aggravate rather than ameliorate the effects of genetic diseases.

When examining individual genes, we found 17 disease associated-genes significantly
enriched for PTCs that trigger NMD and 13 significantly enriched for PTCs that do not
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trigger NMD (Fig 2b-c; False Discovery Rate (FDR) <5%; this increases to 35 and 40 genes,
respectively, at FDR<25%, Extended Data Fig. 3c-d). Similar results were observed when
normalizing to local density of missense variants (Extended Data Fig. 3a-b, Supplementary
Note). This indicates that NMD affects the severity of phenotypes in these heritable diseases.

Examples of disease genes where the enrichments suggest that NMD aggravates the disease
(Extended Data Fig. 3c) include multiple tumor suppressor genes (76-fold enrichment,
FDR=2.6e—-10), consistent with mutations in these genes acting via a loss-of-function
mechanism that would be intensified by NMD. Besides tumor suppressors, other examples
include the genes JAGI, DYRKI1A and Z/CZ2, which have all been reported to cause disease
though haploinsufficiency?>-27. For these cases, drugs that inhibit NMD or that cause stop-
codon read-through may alleviate disease severity28:2%, For example, an inhibitor of NMD
can restore levels of P53 protein and the expression of its downstream targets, causing cell
death in cells that bear NMD-triggering PTCs in 7P53%0,

There are, however, multiple diseases where we predict that NMD alleviates the phenotype
(discussed in Supplementary Note; Extended Data Fig. 3d). In these cases inhibiting NMD
would not have a favorable impact.

These analyses show that NMD commonly modulates the severity of phenotypes resulting
from PTCs. We therefore hypothesized that considering NMD rules can improve
pathogenicity predictions of PTCs (Supplementary Note). Indeed, including the NMD rules
in a joint model with known predictors of pathogenicity significantly improves the
prediction after all other features are controlled for (Fig. 2d-e). This suggests that NMD
rules should be included in statistical models that predict variant pathogenicity.

NMD efficacy determines the outcome of gene editing

CRISPR-Cas9 and related gene editing technologies have become widely adopted for gene
inactivation and offer great promise for the treatment of genetic diseases3! and for high-
throughput genetic screens32-36, The mutations introduced by Cas9 are most often
frameshifting indels3”. These frameshifts can result in PTCs that will either result in mMRNA
degradation by NMD or the production of truncated proteins, depending upon whether NMD
is triggered or not (Extended Data Fig. 1c). Both scenarios can be used as loss-of-function
models2, but degradation of mRNA is desirable because of partial rescue and gain-of-
function effects that may result from truncated proteins.

To systematically evaluate the importance of NMD for gene inactivation by gene editing, we
made use of a dataset where tiled SJRNAS were used to target nine genes encoding human
and mouse cell surface markers38. In all eight multi-exon genes we found higher protein
levels, suggestive of reduced NMD efficiency, if the SgRNA sites were located in the 3’ ends
of the coding sequence in regions that evade NMD by the last-exon or the 50nt rule (Fig. 3a;
difference 2.4-fold and 2.5-fold, respectively, normalized to NMD-detected regions of a
gene). There is a certain diversity of effect sizes across these eight genes (Extended Data
Fig. 4c; interquartile range, IQR, 1.5-fold to 5.0-fold for the last-exon rule. The start-
proximal and the long-exon NMD rules are also associated with higher protein levels in this
dataset (Supplementary Note). Furthermore, analysis of saturation editing of the BRCA1
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gene3® validates that the first 150 nt of the coding region are not well suited for gene
inactivation by CRISPR-Cas9 (Fig. 3c; Extended Data Fig. 5b-e, Supplementary Note).

To further substantiate these findings, we analyzed the data from a genome-wide CRISPR
screen for gene essentiality32. Here we contrasted the sgRNAs targeting different regions of
each gene for their ability to produce a fitness defect in essential genes32. sgRNAs targeting
regions covered by each of the four NMD evasion rules were highly significantly associated
with increased cell fitness (Fig. 3b).

For the last exon rule there was a 38% reduced sgRNA depletion in essential genes,
compared to NMD-trigger regions (p<2e-16 by two-tailed Mann-Whitney U test). For the
50nt rule there was a 12% reduction (p=8e-5) and for the long exon rule there was a 31%
reduction (p<2e-16). Finally, the same held true for the start-proximal rule, which had a
larger effect in the cases where there is an in-frame downstream AUG (20% reduction, p=2e
-12) than when the downstream AUG is out-of-frame (9% reduction, p=2e-4), further
supporting re-initiation of translation as a common mechanism by which a 5’ PTCs evade
NMD?.

Importantly, the effect size for the non-canonical long exon rule is similar to the established
last exon rule (31% vs 38% reduced sgRNA depletion), and the effect size for the non-
canonical start-proximal rule is larger than for the canonical 50nt rule (20% vs 12%),
underscoring the importance of the two non-canonical rules for governing NMD efficacy. In
a set of known non-essential genes, there was no loss of fitness, irrespective of the NMD
rules (Extended Data Fig. 5a). The above observations validated in two additional genome-
wide CRISPR screen studies for gene essentiality33-34 (Extended Data Fig. 6). Accounting
for NMD rules improves predictions of sgRNA efficacy: NMD-triggering sgRNASs can
distinguish essential from non-essential genes at an AUC=0.90, while this is reduced for
NMD-evading sgRNAs (AUC=0.74-0.88 for different NMD-evasion rules; Extended Data
Fig. 4b).

Lastly, these CRISPR screen data also support additional non-canonical determinants of
NMD efficacy °. In particular, we observed reduced NMD efficacy when the distance to the
downstream exon junction or to the end of the coding region is long, or when mRNAs that
have shorter half-lives are targeted (Extended Data Fig. 6), consistent with competition
between NMD and other mRNA turnover processes.

Only frameshifts not detected by NMD predict the response to immunotherapy

In recent years, immune checkpoint inhibitors have demonstrated remarkable efficacy in a
subset of cancer patients3®. A robust predictor of the response to immunotherapy is the
overall tumor mutation burden, presumably because it reflects the propensity to generate
neo-antigenic peptides that can be detected by the immune system3%40, The mutations most
strongly associated with immunotherapy response are small indels*1, consistent with indels
resulting in the production of frameshifted peptides with aberrant amino acid sequences.
However, frameshifts also usually introduce PTCs and so can trigger NMD. We
hypothesized therefore that NMD may modulate the efficacy of cancer immunotherapy and
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specifically that only the burden of frameshifts that do not trigger NMD will predict clinical
response.

Indeed, in a pan-cancer cohort we find that the burden of frameshifts that do not trigger
NMD correlates with tumor immune reactivity (Extended Data Fig. 7-8; Supplementary
Note). The enhanced immunoreactivity of tumors carrying frameshifting mutations that
escape NMD suggests that these tumors may also respond better to immunotherapy. To test
this, we collated five datasets of tumor exomes paired with patient response data: melanoma
(treated with PD-1 and CTLA-4 inhibitors)#243, renal cancer (anti-PD-1)*4, lung cancer
(anti-PD-1)45, and an additional set with diverse cancer types and treatments*®. We stratified
the patients into responders and non-responders (Methods) and compared their frameshifting
indel burden separately for regions predicted by NMDetective to trigger or evade NMD.

In four out of five studies, the responders had a significantly higher number of frameshifts
predicted not to trigger NMD than the non-responders (1.5 - 4.3 fold higher in responders
compared to non-responders, p=0.007-0.017, one-tailed Mann-Whitney U test; Fig 4a). In
the fifth study there was a trend in the same direction (p=0.075), giving a pooled p-value of
1.5 x 10" in a meta-analysis across the studies (Fisher’s method for combining p-values)
and a mean 2.4-fold difference in burden of NMD-evading frameshifts.

In contrast, when examining frameshifts predicted by NMDetective to trigger NMD, there
was no association with the response to immunotherapy in any study (p=0.129-0.666) or
overall (meta-analysis p=0.641; Fig 4a). The average number of somatic frameshifts per
patient that were predicted to trigger NMD or not was similar (Fig 4a). The above results
broadly hold regardless of whether the frameshifts are classified by the location of the
frameshifting indel (Fig. 4a) or by the location of the proximal downstream PTC caused by
the frameshift (Extended Data Fig. 9a).

The NMD-evading frameshifts classified by all four rules were enriched in responders (Fig.
4b) and were most commonly covered by the last exon rule (49%), followed by the long
exon rule (33%), and the non-canonical start-proximal rule (12%; Fig. 4c), demonstrating
the importance of the complete set of NMD rules in NMDetective.

In a joint predictive model that classifies responders versus non-responders, the NMD
features have a substantial contribution to predictive ability (Supplementary Note; Extended
Data Fig. 9b,c). We register an increase by 5.86% of the fraction of patients correctly
classified in a model which considers tumor mutation burden (TMB) and NMD-evading
frameshifts, compared to a TMB-only baseline (p=0.003; Extended Data Fig. 9d). The area
under the precision-recall-curve increases from 0.55 (TMB-only) to 0.63 (TMB + NMD-
evading frameshifts).

Taken together, these analyses provide strong evidence that, by preventing the expression of
neoantigens, NMD reduces the efficacy of cancer immunotherapy.
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Discussion

Methods

We have shown here that the activity of the NMD pathway is of broad importance for
selection on germline variants, disease phenotypes, gene editing efficacy, and the immune
reactivity of tumors. NMDetective is a comprehensive resource containing predictions for
whether PTCs occurring at any location in the human and mouse genome will trigger NMD.

Overall, NMD tends to aggravate phenotypes for many PTCs, suggesting that
pharmacological NMD inhibition may be a broadly applicable strategy for curbing the
progression of many genetic diseases!’~20, Inhibitors of NMD have been developed and are
well tolerated?9:30.47.48 ' However, knowing the causal mutation for each patient and whether
it triggers NMD will be crucial for targeting therapies to patients who will benefit.

We also further validate the non-canonical NMD rules previously discovered in our large-
scale analysis of cancer genomes®. Both population allele frequencies and gene editing by
CRISPR-Cas9 validate that start-proximal PTCs and PTCs in long exons do not efficiently
trigger NMD. These non-canonical NMD rules cover a substantial proportion of the human
coding genome and are similarly important for predicting the efficacy of NMD as the
canonical rules (Fig. 1). For gene editing in particular, the tendency of sgRNA design
algorithms to target the first 150 nts of coding sequence needs to be revised, as frameshifts
in these regions often fail to trigger NMD and so can result in incomplete gene inactivation.

Finally, we suggest that NMD suppresses both the immune reactivity of tumors and their
response to immunotherapy. Remarkably, only those frameshifting indels that evade NMD
were associated with a response to immune checkpoint inhibitors. Together with the
enhanced immune reactivity of tumors with mutations in the NMD pathway, this suggests
that inhibiting NMD may be an effective strategy to potentiate the efficacy of checkpoint
inhibitors1849. By preventing the destruction of PTC-containing transcripts, reduced NMD
activity may enhance the expression of neo-antigens and so the efficacy of immunotherapy.

Predicting NMD efficacy

The fold-change in mMRNA abundance of PTC-bearing transcripts was used to quantify
NMD efficacies as described in Lindeboom, et al. °. In short, after stringent filtering to
exclude genome segments with copy-number alterations, we identified 2,840 high-
confidence nonsense mutations in the dominant transcript>© of 1,900 protein-coding genes in
9,769 tumor samples with matched exome and transcriptome data in the TCGA Data Portal
(superseded by NCI Genomic Data Commons®). Next, we compared the mRNA abundance
(as TPM, after filtering by a principal components analysis as in Lindeboom, et al. 9) of each
PTC-bearing transcript to the median expression of the same transcript in similar tumor
samples (defined by tumor type and further subdivided by non-negative matrix factorization
clustering on global gene expression patterns), but where PTCs were absent. Finally, the
-log, fold-difference in TPM was then used to quantify NMD efficacy acting upon each
PTC. We used these NMD efficacy scores derived from cancer transcriptomes as a training
set to derive the NMDetective predictive models. Such models were then used to make
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genome-wide predictions for all possible PTC variants, based on genomic features we found
to be associated with NMD efficacy acting on observed PTC mutations, and additionally
requiring that these features validated in an independent set of somatic frameshifting indels
and also in a set of germline PTC variants®.

The NMDetective-A resource was generated using Random Forest regression (randomfForest
package version 4.6-14 in R), while the NMDetective-B resource was based on a decision
tree model using a conditional inference tree algorithm (party package version 1.3-1 in R).
Both models were trained on NMD efficacy scores, while using the following predictive
features: on_last_exonand in_last 50nt of penultimate exon as boolean features, with
rna_halflife quantified in minutes and with the following features quantified in number of
nucleotides: distance to coding start, exon_length, distance to downstream EJC and
distance_to_wildtype stopcodon. The 3’'UTR was not included when calculating the exon
length of the last exon, and the distance to _coding startwas capped was capped at 1000 nt.
RNA half-life values were taken from Friedel, et al. 52 and missing values were imputed
with the median RNA half-life (which was 300 minutes). The distance to downstream EJC
was calculated from the presumed 5’ border of the EJC, located 50 nt from the exon
junction. An additional feature that was included in the training data set was the variant
allele fraction (\VAF) of each somatic PTC variant; in order to obtain the predictions in the
NMDetective-A/B resources, the median VAF values in the training data were supplied to
the models.

The NMDetective-A efficacy scores were clustered by a univariate gaussian mixture model
on all hg38 scores. Expectation maximization by the flexmix package version 2.3-15in R
was performed for 1,000,000 iterations at a tolerance of 1le-15, testing 1 to 15 clusters to
determine optimal amount of clusters (determined with the bayesian information criterion).
This resulted in 5 clusters and the clusters with the two highest, the two intermediate, and
the lowest mean NMD efficacy scores were classified as efficient, intermediate and
inefficient NMD efficacy clusters, respectively.

Random Forest regression was performed with 100,000 trees and the amount of variables
sampled at each split set to one. Only splits significant at a permutation-based P value < 0.05
were selected for the final decision tree model. The performance of both models reported in
Fig 1b was assessed using an independent test set with NMD efficacies of 3,151 PTC-
introducing frameshift mutations®, thus obtaining the R? values which were adjusted to
account the maximum attainable R2 given the reproducibility of the measurements
(correction for attenuation; see Lindeboom, et al. 9).

Unless stated differently, downstream analyses were performed by using the NMDetective-B
NMD efficacy predictions on the UCSC knownGene databases downloaded in January
20183, after excluding genomic regions with multiple NMD efficacy scores because of
isoforms or overlapping genes.

The data deposited at Lindeboom, R. G. H.. NMDetective. (2019). doi:10.6084/m9.figshare.
7803398 contains NMDetective-A and NMDetective-B efficacy scores for all possible
single-nucleotide variants and out-of-frame indel mutations that introduce PTCs in (UCSC
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knownGene) protein coding transcripts of recent versions of the human and mouse genome
(hg19, hg38, mm9 and mm10).

Disease genetics

Release 1.0 of the Exome Aggregation Consortium®* (ExAC) was used to analyze the
signatures of selection acting on nonsense mutations. Variants with clinical significance
were taken from the ClinVar database version 20170905°° on genome build GRCh37.
Common nonsense mutations (allele frequency > 0.001) in EXAC were selected as benign
mutations and compared to known pathogenic nonsense mutations in ClinVar to train and
test a logistic model that separates benign and pathogenic variants based on ALoFT>6
features and on our NMD prediction. Only the selection of ALoOFT features shown in Fig. 2e
were used to predict pathogenic mutations, removing features that were redundant or that
could be confounded with our NMD rules (for example distance to start- and stop-codon).
Features describing protein domains and post-transcriptional modifications were described
by a binary variable for every feature with the test if the variant intersected with a domain or
modification. The ALOFT sequence conservation feature was quantified as dN/dS ratios
compared to mouse.

To test for significant differences in density of clinically relevant PTCs in NMD-evading
regions of individual genes, we used all nonsense and frameshift mutations in ClinVar and
focussed only on genes with at least five PTC introducing variant. The largest UCSC
knownGene transcript per gene was selected for analysis. For every gene, we compared the
PTC density in individual NMD regions, and in all NMD evading regions combined, to the
PTC density in the NMD-detected part of the gene. To control for potential effects of
mutation hotspots and amount of ClinVar entries per gene, we also compared ClinVar PTCs
to rare missense mutation density in EXAC (allele frequency < 0.001) in Extended Data Fig.
3a-b.

To control for a possible bias in sequence properties of germline variants in different types
of NMD regions, we used the trinucleotide context of all germline variants reported in the
whole-genome gnomAD release 2.1.157 to determine sequence and VAF dependent
substitution probabilities. We used these probabilities to simulate mutations at different VAF
ranges and filtered for PTC-introducing variants to test for differences in their distribution
over different types of NMD regions.

CRISPR-Cas9 gene inactivation efficiency

We used genome-wide CRISPR screen data from Wang, et al. 32, to test if NMD evasion
affects the knock-out efficiency of essential genes presented in Fig. 3b (18166 genes
targeted, ~10 sgRNASs per gene). Similar data from Meyers, et al. 33 and Wang, et al. 34 and
was used as validation datasets and presented in Extended Data Fig. 6a-€. In all three
studies, cancer cell lines were grown for several doublings after being transduced with a
genome-wide sgRNA library, and the depletion of sgRNAS in the population was used to
identify essential genes. To calculate the fold change in sgRNA abundances shown in Fig.
3b, we normalized the read counts by total sequencing depth and added 0.001 to every read
count value. Essential gene definitions used in Fig 3b were taken from the corresponding

Nat Genet. Author manuscript; available in PMC 2020 April 28.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Lindeboom et al.

Page 11

study, for every cell line separately at FDR<5%. Genes with a short half-life (<5 hours) were
not shown in Fig. 3b, but were included in Extended Data Fig. 5a. In Extended Data Fig. 6,
we averaged the fold change for each sgRNA within each study, and show only sgRNAs that
target a gene that was a significant essential gene in at least one cell line in Wang, et al. 32 at
FDR<5%.

To quantify how well the depletion of sgRNAs in different types of NMD regions can
predict essential genes, we used the log transformed fold change of individual sgRNAs from
Wang, et al. 32 to predict curated essential and non-essential genes from Hart and Moffat 8.
Saturation genome editing data by CRISPR of the BRCAL gene was taken from Findlay, et
al. 35. Here, BRCA1 mRNA and genome sequencing in saturation genome-edited HAP1
cells was performed to quantify the mRNA expression of PTC-introducing SNVs,
normalized to their abundance in the genomic DNA (yielding the RNA score). We used
these RNA scores to investigate if NMD evasion of affected the expression of PTCs
introduced by CRISPR.

Data from a CRISPR screen tiling genes encoding three human and six mouse cell surface
proteins, in which protein knock-out efficiencies were determined by flow cytometry was
obtained from Doench, et al. 36, We used blastn®® version 2.2.28+ to align sgRNA target
sequences to the hg19 or mm9 genome to obtain the genomic target site, and only selected
sgRNAs with a perfect match to the targeted genes. Read counts for sgRNAs were
normalized for total sequencing depth, and for every cell surface protein we compared the
mean normalized read counts from the negative population to the unsorted population. We
only considered genes that were targeted by more than 50 sgRNAs and where the mean fold
change in sgRNA abundance differed from the unsorted population by >25%. For every
targeted gene, we show the isoform that was targeted by most sgRNA matches.

To identify appropriate CRISPR design tools to investigate the distribution of affected NMD
rules by sgRNAs designed for CRISPR knock out experiments, we focused on highly used
tools that allow for batch submission of target genes. We therefore used the CRISPR design
tools E-CRISP®C and ‘CRISPRko’ offered by the Genetic Perturbation Platform of the Broad
Institute, to design sgRNAs for knock-out experiments of the top 100 most cited genes (from
http://doi.org/10.5281/zenod0.1066066).

Tumor immune reactivity

Somatic mutation data detected by the MuTect2 algorithm from tumor samples in the TCGA
program were downloaded on 3 October 2017 from the GDC Data Portal®®. Predicted
immunogenomic features were taken from Thorsson, et al. 5. RNA expression of immune
checkpoint related genes shown in Extended Data Fig. 7 were downloaded using the R
package RTCGA version 1.12.0.

We gathered whole exome sequencing (WES) data of pretreatment tumor samples from
patients receiving immune checkpoint blockade drugs from five different studies*2-46 (273
patients in total). Most patients were stratified by response evaluation criteria in solid
tumors®2 version 1.1 (RECIST 1.1), with the exception of patients in Hugo, et al. 43, who
were classified by irRECIST®3, We classified patients in response or no-response groups
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based on information supplied by the authors of the respective studies. Patients were
classified as responders based on the following information: in Miao, et al. 44 patients with
‘clinical benefit’ or ‘intermediate benefit’ as responders, in Van Allen, et al. 42, Miao, et al.
46 and Hugo, et al. 43 patients with ‘response’, and in Forde, et al. 4° patients with ‘major
pathological response’. Patients in the studied cohorts received the following immune
checkpoint blockade drugs: Van Allen, et al. 42 were metastatic melanoma samples and
received ipilimumab (anti CTLA-4), Hugo, et al. 43 were melanoma samples that received
pembrolizumab and nivolumab (anti PD-1), Miao, et al. 4 contained metastatic clear cell
renal cell carcinoma samples that received nivolumab, Forde, et al. 4> were advanced non-
small-cell lung carcinoma samples that received nivolumab. Miao, et al. 46 included tumor
samples originating from bladder, lung, skin and head/neck, which were treated with anti
PD-1, anti PD-L1, and anti CTLA-4 drugs. Because Miao, et al. 4 presented a collection of
previously published samples together with some new WES samples, care was taken in
selecting the WES samples unique to this study. To count the number of frameshifts that
cannot trigger NMD, we used the indel variants supplied by the authors and aligned them to
NMD efficacy scores on the canonical transcript database of UCSC, and counted the
frameshifts in any of the NMD rules as frameshifts that do not trigger NMD. The tumor
mutational burden (TMB) was defined as the total amount of SNVs in a tumor sample.

All statistical analyses were performed in R version 3.4.4. The statistical tests applied are
described in the corresponding section. Unless stated differently, a two-tailed Mann-Whitney
U test was used. A Life Sciences Reporting Summary accompanies this article.

Extended Data
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Extended Data Fig.1. Thedistribution of genome-wide NMD efficacy scoresand of NMD rulesin
all genes with more than 20 disease-associated PTC variants.

a, the distribution of NMDetective-A scores over all genes in hg38 reveals three global
clusters of inefficient, intermediate-efficiency and efficient NMD. b, genes in which there is
an excess of PTCs in NMD-evading regions (left barplot) and genes where there is a dearth
of PTCs is NMD-evading regions (right barplot). The proportion of PTCs in different NMD-
evading regions is shown as colored segments in the bar chart. The relative portion of the
protein-coding mMRNA sequence that is covered by the NMD rules is shown as a black
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vertical stripe. ¢, a schematic of a gene that illustrates how PTCs that trigger or evade NMD
can lead to different outcomes in protein expression.

Nat Genet. Author manuscript; available in PMC 2020 April 28.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Lindeboom et al. Page 15

a
Trigger  Start- Long 50nt- Last

NMD proximal exon rule exon ) 1 09 0.95 0.95 0.98 pueleCIgNLVID)
AAA fraction of all

AAC nonsense-inducing
AAG  substitutions

AAT 0.1

ACA 38008 095 095 1 0.91 098 [REE:

ACG [10.06
ﬁg\ 8-8‘2‘ 0.95 0.86 0.91 1 0.94 FIINANE
AGC 0

AGG 0.

(ORI B VR SRV RSRORZ Y Start-proximal

©

8 0.94 0.98 0.94 Last exon

3
Trigger NMD
Start-proximal
Long exon
50 nt rule
Last exon

CCT Odds ratios comparing simulated to observed (P < 0.01)
CGA 100% —p— —p— —p— p— —p—

75%1

50%1

25%1

®
>
O
Percentage of nonsense variants

1.4 2.0 2 2 4

o
o]
o
o
(%1
o
o

GGC 0%+

0.8
0.6
0.4
0.2

Trigger
NMD

NMD
exclusion
rule:

. Last exon

[l Long exon

50 nt rule

Start-
proximal

9I

! 6 4
[0
=
[0
[%2]
Qo
O

GTT Allele . [1le-6 - [1e-5 - -

TAC frequency ©  1e-5) 1e-4)

@

>
Observed
Simulated
Observed
Observed

i /=)

Simulated { &
Observed

|

cl” Observed

& Simulated

4
3)

—_—

= @ Simulated

i
L

=

—_

e
®9
&=

&

©

(0]
kS

e=
=
n
1e-
1e-

-
[0]
|
N
-~

<HFOO <FHOO <FOO <FOO <00

Extended Data Fig.2. The sequence context of nonsense variantsis not different between
different types of NMD regions.

a, the trinucleotide spectrum of nonsense variants in EXAC is consistent across gene regions
that trigger or evade NMD, b. spectrum of variants shows high Pearson correlations between
the different types of NMD regions. c, the baseline NMD-evasion rule coverage for
population genomic data, obtained from nonsense variants simulated from the trinucleotide
context of whole-genome population variants at different VAF ranges, exhibits a consistent
distribution at different VAF ranges. Observed nonsense variants are increasingly enriched
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towards NMD-evading regions with an increasing VAF, compared to the simulated baseline
at same VAFs. Odds ratios significant at P<0.01 (Fisher’s exact test) are shown, comparing
the distribution of simulated versus observed nonsense mutations.
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Extended Data Fig.3. Disease geneswith a significant enrichment of PTC variantsthat do or do
not trigger NM D, with and without normalization to local density of missense mutations.

a-b, significant enrichment of genes at FDR<0.05 after normalization to the number of
ClinVar missense variants observed in the same NMD regions. c-d, genes significant at an
FDR<25% are shown (see Fig. 2d-e for a list at FDR<5%). Log, odds ratios are for ClinVar
frequencies of NMD-evading frameshifting indel and nonsense variants versus NMD-
detected frameshifting indel and nonsense variants regions of a gene, normalized to the
length of the NMD-evading versus NMD-detected regions. FDRs are by Fisher’s exact test,
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two-tailed, Benjamini-Hochberg adjusted. a-d, log2 odds ratios are shown separately for the
four rules, for each rule which is significant in a particular gene.
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Extended Data Fig.4. Effect of NM D rules observed in CRISPR assays.
a, SgRNAs targeted to gene regions that evade NMD show a smaller enrichment when

selecting for cells that do not express the targeted protein. Fold differences in sgRNA
abundance are pooled per rule and shown for all proteins in a and additionally broken down
by protein in c. P values are by Mann-Whitney U test, two-sided. b, Models that
discriminate essential from non-essential genes based on the fold-depletion of sgRNAs are
more accurate for sgRNAS that target gene regions that trigger NMD than for sgRNAS
targeted to different NMD-evading regions.
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Extended Data Fig.5. Relevance of NMD rulesfor CRISPR sgRNA design.
a, fitness loss upon targeting a non-essential gene (left) versus an essential gene (right) using

a sgRNA directed at gene sections which are covered by various NMD-evasion rules. b-g,
distribution of loci targeted by sgRNAs that are NMD-detected or NMD-evading (according
to the individual NMD rules) for genome-wide CRISPR libraries (b, c) or by sgRNA design

tools (d, e).
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Extended Data Fig.6. CRISPR screening data support canonical and non-canonical deter minants
of NM D efficacy.

a, the non-canonical long-exon NMD evasion rule has similar effects as the canonical last-
exon NMD evasion rule in terms of attenuated loss of fitness when targeting an essential
gene (Methods). b-e, minor non-canonical NMD determinants, which are not included in the
NMDetective-B model, but are included in the comprehensive NMDetective-A model. This
includes: distance to downstream splice site in long exons (b), for the start-proximal rule,
existence of a downstream in-frame AUG codon, presumably facilitating translation re-
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initiation (c), distance to the wild-type stop codon (d), and the effect of mMRNA turnover on
the observed NMD efficacy (€).
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Extended Data Fig.7. Tumor infiltration by immune cellsis associated with a high burden of
NM D-evading frameshifting indels.

a-b, Individual immune markers for the TCGA samples were estimated using gene
expression data®0. FDR is by two-sided Mann-Whitney U test, Benjamini-Hochberg
adjusted. In panel b, only tests significant at FDR<25% are shown.
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Extended Data Fig.8. Evidence that NMD activity is a determinant of immunereactivity of
tumors.

a, in the TCGA kidney cancer cohorts (KIRC, KICH and KIRP), a cancer type where indel
burden is known to be particularly strongly associated with immunogenicity4%, higher
relative burden of NMD-evading frameshifts was associated with longer survival (p=0.011
for pooled data from both panels, by log-rank test) without application of immunotherapy.
Patients were separated based on the number of frameshifting indels that do not trigger
NMD being higher than the number that trigger NMD (cyan) and those patients where the
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converse is true (red). b, in the TCGA UCEC cohort of uterine corpus endometrial
carcinoma, where the key NMD gene UPF1 is commonly mutated, the predicted higher
impact of UPF1 mutations is associated with multiple gene-expression based markers of
lymphocyte, but not macrophage, infiltration. Patients with more than one UPF1 mutation
were assigned to the group of the mutation with the higher VEP score. P values by Mann-
Whitney U test.
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Extended Data Fig.9. NM D rulesimprove predictions of response to immunother apy across

multiple cancer types.

a, assigning NMD rules to frameshift mutations based on the location of the first
downstream PTC in the new reading frame also shows that the burden of frameshifts that

cannot trigger NMD is higher in patients that respond to immunotherapy. P values are by a
one-tailed Mann-Whitney U test. b, standardized regression coefficients and the 95%
confidence interval in a logistic regression model that predicts responders versus non-
responders. ¢, pseudo-R? for sequential addition of features to a joint model. The null model
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includes only the study (dataset) as a covariate. d, precision-recall curves for logistic
regression models with three different sets of features: a tumor mutation burden (TMB)
baseline, another baseline where TMB and all frameshifting indels are considered together,
and the full model that considers TMB and NMD-evading and NMD-detected frameshifting
indels separately. P values are by Chi-squared test. AUPRC, area under the precision-recall
curve.
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Editorial Summary

The authors explore the impact of nonsense-mediated mMRNA decay (NMD) on human
genetic disease and cancer immunotherapy by applying the rules of NMD genome-wide
as a resource called NMDetective.
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Figure 1. NMDetective catalogues the effects of all possible PT Csin the human genome.
a, an overview of the data used to create the NMDetective-A and -B resources. b, accuracy

of predictions by NMDetective evaluated on an independent set of frameshifting indel
mutations. c, the NMDetective-B decision tree model. The number of PTCs in the training
set assigned to each group is shown as 7. d, coverage of the gene coding regions with NMD

rules.
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Figure 2. Disease phenotypes arising from germline PTCs are modulated by NMD.
a, signatures of negative selection on NMD-detected variants in population genomic data. b,

genes where NMD is predicted to aggravate the phenotype, c. genes where NMD is
predicted to alleviate the phenotype. b-c. genes significant at an FDR<5% are shown (see
Extended Data Fig. 3c-d for a more permissive list at FDR<25%). Log, odds ratios are for
ClinVar frequencies of frameshifting indel and nonsense variants in NMD-evading versus
NMD-detected regions of a gene, normalized to the length of the regions. FDRs are by a
Fisher’s exact test, two-tailed, Benjamini-Hochberg adjusted. d, NMD rules significantly
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improve predictions of PTC pathogenicity, e. variable importance in the PTC pathogenicity
predictor, * significant at p<0.001 by Chi-Square-test.
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Figure 3. NMD rules deter mine the outcome of CRI SPR-Cas9 gene editing.

a, a decrease in protein expression due to tiling sSgRNASs placed along the length of human
and mouse genes (y axis quantifies the sgRNA fold difference between a low-expressing
versus high-expressing set of cells) reveals, overall, similar associations with the non-
canonical start-proximal NMD rule to the canonical NMD last-exon rule. The CD13 gene
demonstrates the effect of the non-canonical long-exon rule. Shaded regions are 95%
confidence interval of the /oess fit to protein expression. Pearson correlation coefficients and
two-sided tests for association were computed by comparing the loess fit to the
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NMDetective-A NMD efficacy scores. b, evading NMD attenuates the loss of fitness (y axis)
due to knockout of essential genes. Data for non-essential genes are in Extended Data Fig.
5a. P values are by Mann-Whitney U test. The knock-out efficiency compares the reduction
of sgRNAs in NMD evading regions to the reduction in regions that trigger NMD. ¢, a
‘saturation genome editing” CRISPR experiment shows strongly reduced mRNA levels for
nonsense mutations in BRCA1, except for those introduced into regions covered by the start-
proximal (top) and last-exon NMD evasion rules (bottom panel).
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Miao et al, Science, 2018
(10.1126/science.aan5951)
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Figure 4. Efficacy of immunotherapy is predicted by the burden of NM D-evading frameshifting

indels but not other indels.

a, across five studies, responders to immune checkpoint blockade are enriched for a high
burden of NMD-evading (top panels) but not for NMD-detected (bottom panels)
frameshifting indels. P values are by Mann-Whitney U test (one-tailed, testing positive
association of responders with higher burden). b, enrichment for NMD-evading
frameshifting indels in responders versus non-responders is observed for all four NMD
rules. Error bars are 95% confidence intervals, c, coverage of NMD-evading frameshifting
indels by the individual NMD rules, observed in exomes of immunotherapy responders.
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