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Abstract 

Background: Nonsense-mediated mRNA decay (NMD) was originally conceived 
as an mRNA surveillance mechanism to prevent the production of potentially deleteri-
ous truncated proteins. Research also shows NMD is an important post-transcriptional 
gene regulation mechanism selectively targeting many non-aberrant mRNAs. How-
ever, how natural genetic variants affect NMD and modulate gene expression remains 
elusive.

Results: Here we elucidate NMD regulation of individual genes across human tis-
sues through genetical genomics. Genetic variants corresponding to NMD regulation 
are identified based on GTEx data through unique and robust transcript expression 
modeling. We identify genetic variants that influence the percentage of NMD-targeted 
transcripts (pNMD-QTLs), as well as genetic variants regulating the decay efficiency 
of NMD-targeted transcripts (dNMD-QTLs). Many such variants are missed in tradi-
tional expression quantitative trait locus (eQTL) mapping. NMD-QTLs show strong 
tissue specificity especially in the brain. They are more likely to overlap with disease 
single-nucleotide polymorphisms (SNPs). Compared to eQTLs, NMD-QTLs are more 
likely to be located within gene bodies and exons, especially the penultimate exons 
from the 3′ end. Furthermore, NMD-QTLs are more likely to be found in the binding 
sites of miRNAs and RNA binding proteins.

Conclusions: We reveal the genome-wide landscape of genetic variants associated 
with NMD regulation across human tissues. Our analysis results indicate important 
roles of NMD in the brain. The preferential genomic positions of NMD-QTLs suggest 
key attributes for NMD regulation. Furthermore, the overlap with disease-associated 
SNPs and post-transcriptional regulatory elements implicates regulatory roles of NMD-
QTLs in disease manifestation and their interactions with other post-transcriptional 
regulators.
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Background
Nonsense-mediated mRNA decay (NMD) is an important post-transcriptional regu-
latory mechanism defining gene expression. It was originally conceived as an mRNA 
surveillance mechanism that recognizes and degrades transcripts harboring a prema-
ture termination codon (PTC) to prevent the production of potentially deleterious 
truncated proteins [1, 2]. These mRNAs with PTCs originate from various sources 
(e.g., nonsense mutations, aberrant alternative splicing, and DNA rearrangements) 
[3]. The broader impact of NMD has been revealed in genetic disease, gene editing, 
and cancer immunotherapy [4]. Nonsense mutations account for 20.3% of all disease-
associated single base-pair mutations and many of them introduce PTCs [5]. While 
NMD is a protective mechanism against the production of C-terminal truncated 
proteins, NMD can either aggravate or alleviate the effects of those PTCs that cause 
genetic diseases [6].

Research also shows NMD is an important post-transcriptional gene regulation mech-
anism targeting many non-aberrant mRNAs [7–11]. Transcriptome-wide studies suggest 
NMD accounts for autoregulation of 3–10% of normal transcripts in different cell types 
[12–14]. Our own analysis of the GENCODE annotation showed that about 12% of natu-
ral transcripts are presumably targeted by NMD regulation, since they follow the 50-nt 
rule (i.e., the presence of a terminal codon > 50 nt upstream of the last exon-exon junc-
tion). Accordingly, NMD factors are implicated in cellular homeostasis, stress response, 
cell cycle, differentiation, development, neural activity, immunity, and spermatogenesis 
[15–24]. NMD typically downregulates its substrate by 2–20 folds [25, 26], generating 
significant functional and clinical implications. Although the overall degradation pro-
cess is believed to be similar for both erroneous and normal transcripts, factors involved 
in NMD recognition and regulation of degradation efficiency are poorly understood.

Variations in NMD efficiency are observed across tissues and individuals [27, 28]. Such 
variations can influence the outcome of PTC read-through therapeutic strategies aimed 
at suppressing nonsense mutations to restore full-length proteins, as the efficacy of such 
nonsense suppression largely depends on NMD efficiency (reviewed in [29]). Thus, a 
thorough examination of natural genetic variants affecting NMD efficiency is essential 
in understanding not only NMD regulation but also phenotypic variability and different 
degrees of expressivity manifested in various nonsense-mutation-triggered diseases.

Genetic variants associated with changes in gene expression (expression quantitative 
trait loci, eQTLs) are being cataloged for human tissues on an unprecedented scale (e.g., 
the Genotype-Tissue Expression (GTEx) project) [30, 31]. Genetical genomics has been 
focused on identifying genetic loci linked to variation(s) in mRNA expression levels. 
Recent studies have extended the analysis to identify genetic variants associated with 
other molecular phenotypes (e.g., ribosome occupancy, protein abundance, allele-spe-
cific expression, and alternative splicing) [32–34]. eQTLs mapped to NMD factors (e.g., 
SMG7, UPF3B, MAGOH, and so on) provide valuable information about how genetic 
variants may affect the NMD pathway through their cis-acting regulation on NMD fac-
tors. Several studies examined how loss-of-function variants and protein-truncating var-
iants affect their own gene expression, which implicated the involvement of surveillance 
NMD [35–37]. However, no systematic survey of cis genetic variants on individual NMD 
substrates and their impact on NMD regulation has been done.
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Here we utilize the GTEx resources and build a genome-wide landscape of tissue-spe-
cific genetic variants involved in NMD regulations. To distinguish the NMD effect on 
steady-state mRNA levels from that of transcriptional regulation, we built a novel and 
robust statistical model. We focused on natural mRNAs targeted by NMD according to 
the 50-nt rule instead of aberrant mRNAs caused by DNA mutations or RNA process-
ing errors. We identified natural genetic variants controlling the percentage of NMD-
targeted transcripts, and variants regulating the decay efficiency of NMD-targeted 
transcripts.

Results
Modeling of NMD‑QTLs

We propose a statistical model to identify and characterize genetic variants associated 
with NMD and apply it to human tissue data (Fig. 1a). The mRNA transcripts of a gene 
were divided into two categories: NMD-targeted and non-NMD transcripts, based on 
whether they were annotated by the “nonsense_mediated_decay” tag in the GENCODE 
annotation. Genes with both NMD-targeted and non-NMD transcripts were referred 
as NMD genes. We used α and θ to parameterize NMD regulation: α represents the 
percent of transcribed transcripts targeted by NMD, and θ represents the percent of 

Fig. 1 Modeling of NMD-QTLs. a Identification of NMD-QTLs across human tissues based on the GTEx data. 
b Parameterization of the expression of NMD genes. t represents the total amount of transcribed transcripts, 
α represents the percentage of transcribed transcripts targeted by NMD, and θ represents the percentage 
of NMD-targeted transcripts that remained after degradation. The parameters can be different for different 
alleles of a genetic variant. c Allelic effect sizes of a pNMD-QTL, dNMD-QTL, or eQTL for NMD-targeted 
transcripts and non-NMD transcripts
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NMD-targeted transcripts remaining after degradation. As illustrated in Fig.  1b, gene 
haplotypes bearing different alleles (“A” or “a”) may generate different amounts of tran-
scribed mRNAs (tA or ta), different percentages of transcribed mRNAs (αA or αa) may be 
targeted by NMD regulation, and these NMD-targeted transcripts may be degraded at 
different efficiencies (1 − θA or 1 − θa). Note that degradation efficiency is relative to the 
regular degradation of non-NMD transcripts. Generally, genetic variants identified from 
a regular eQTL analysis are those with allele-specific transcription levels (i.e., tA ≠ ta) 
without taking into consideration NMD-transcripts (α) and their degradation (1 − θ). 
Here, we aim to capture genetic variants resulting in different α or θ values. The former, 
called pNMD-QTLs, controls the different percentages of NMD-targeted transcript iso-
forms (αA ≠ αa). The latter, called dNMD-QTLs, regulates the degradation efficiency of 
NMD-targeted isoforms (θA ≠ θa). Herein they are jointly referred to as NMD-QTLs.

As shown in Fig.  1c, pNMD-QTLs and dNMD-QTLs can be identified and distin-
guished from regular eQTLs by separately examining their allelic effect sizes (i.e., the 
magnitude of the effect of an allele has on the expression level, or slope estimations of 
the linear regression models) for NMD-targeted transcripts and non-NMD transcripts. 
For a pNMD-QTL, the allelic effect sizes are in the opposite direction of NMD-targeted 
and non-NMD transcripts, and the observed regulatory strength is smaller for NMD-
targeted transcripts as fewer are detected after degradation. For a dNMD-QTL, the 
significant association is only observable in NMD-targeted transcripts. Examples of a 
pNMD-QTL and a dNMD-QTL are shown in Fig. 2a. A positive effect size is observed 
for the alternative allele of the pNMD-QTL when considering NMD-targeted transcripts 
(i.e., higher transcript amount when an individual contains more copies of the alter-
native allele). However, the allelic effect size is negative for non-NMD transcripts. For 
the dNMD-QTL, the copy number of the alternative allele only affects the amounts of 
NMD-targeted transcripts.

Evaluation of NMD‑QTL Modeling

To evaluate the performance of our models, we estimated precision and recall for the 
identification of pNMD-QTLs and dNMD-QTLs from simulations. A total of 10,000 
genetic variants were simulated; 5% were pNMD-QTLs (αA ≠ αa, θA = θa, tA = ta), 5% 
were dNMD-QTLs (αA = αa, θA ≠ θa, tA = ta), and the remainder (90%) were null cases 
for NMD-QTLs (αA = αa, θA = θa). The null cases were either regular eQTLs or variants 
not associated with expression depending on the randomly assigned differences between 
tA and ta. When the allelic effect size of NMD-QTLs was between 10 and 15% (i.e., 
|αA − αa|= 0.1–0.15 or |θA − θa|= 0.1–0.15), at a recall rate of 0.8, the precision was 0.93 
and 0.84 for the identification of pNMD-QTLs and dNMD-QTLs, respectively (Fig. 2b). 
More detailed results and results for other simulations with smaller (5–10%) or larger 
(15–20%) allelic effect sizes can be found in Additional file 1: Fig. S1. The simulations 
verified we can distinguish NMD-QTLs from regular eQTLs by jointly considering the 
significance and directions of the allelic effect sizes for NMD-targeted and non-NMD 
transcripts. To ensure the accuracy of the effect size estimation, we applied an additional 
quantile regression model (see Methods) as quantile regression has the desired robust-
ness to outliers and dropouts in transcriptomics data, and it significantly improves eQTL 
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mapping with an accurate effect size estimation [38], which enables us to better identify 
NMD-QTLs.

Identification of NMD‑QTLs across different human tissues

We identified pNMD-QTLs and dNMD-QTLs in cis for each of the 48 tissues in GTEx 
v7 with the sample size ≥ 70. On average, 6033 pNMD-QTLs and 34,049 dNMD-QTLs 

Fig. 2 Identification of pNMD-QTLs and dNMD-QTLs. a Examples of a pNMD-QTL and a dNMD-QTL. A variant 
is identified as a pNMD-QTL if the allelic effect size is in opposite directions for NMD-targeted transcripts 
and non-NMD transcripts. A variant is identified as a dNMD-QTL if the association is only observed in 
NMD-targeted transcripts. b Precision-recall curves for identifying pNMD-QTLs and dNMD-QTLs. The effect 
size was simulated between 0.1 and 0.15. c The number of pNMD-QTLs and dNMD-QTLs detected for each 
of the 48 tissues. The shaded areas represent the number of variants also identified as eQTLs in GTEx. The 
color scheme used for tissues is the same as the one used in GTEx. d The fractions of positive effect sizes of 
pNMD-QTLs and dNMD-QTLs for NMD-targeted transcripts in each tissue
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were detected for a tissue (Fig.  2c). Usually more dNMD-QTLs were discovered than 
pNMD-QTLs (4–11 folds in different tissues). The thyroid and tibial nerves had the 
highest numbers of NMD-QTLs (99,053 and 95,803 respectively), while the minor 
salivary gland and vagina tissues had the lowest (7044 and 12,148 respectively). Worth 
noting is that GTEx, which models the overall expression as phenotypes without dissect-
ing the NMD regulation, did not identify 7.3–93.0% of pNMD-QTLs and 24.4–76.0% 
of dNMD-QTLs as eQTLs (Fig.  2c, non-shaded areas). NMD-QTLs were identified 
for many well-known NMD targets. For example, we discovered 11 dNMD-QTLs for 
BAG1, ten dNMD-QTLs and one pNMD-QTL for HNRNPL, seven dNMD-QTLs for 
GADD45B, and three dNMD-QTLs for SRSF10.

To distinguish NMD-QTLs promoting or inhibiting NMD, we examined the effect size 
for NMD-targeted transcripts (Fig. 2d). Since the genotype was coded as the number of 
alternate non-reference alleles, a positive effect size suggests that αalt > αref  (pNMD-
QTLs) or 1− θalt < 1− θref  (dNMD-QTLs). An average of 59% pNMD-QTLs across tis-
sues had positive signs. Thus, the alternate non-reference alleles promote the generation 
of NMD-targeted transcripts. Usually < 50% of dNMD-QTLs had positive signs (average: 
47%). Thus, the non-reference alleles of these dNMD-QTLs inhibit the decay of NMD-
targeted transcripts. Equivalently, an average of 53% dNMD-QTLs had negative signs 
and their non-reference alleles promote the decay of NMD-targeted transcripts.

Tissue specificity of NMD‑QTLs

To examine the tissue similarity of NMD regulation, we considered a similarity score 
reflecting the enrichment of shared NMD-QTLs between two tissues (details in Meth-
ods). As shown in Fig. 3a, brain tissues had unique lists of NMD-QTLs: the NMD-QTL 

Fig. 3 Tissue specificity of NMD-QTLs. a The similarity of NMD-QTL signatures between tissue pairs. The 
similarity score s* reflects the enrichment of shared NMD-QTLs among different tissues. The detected 
NMD-QTLs from brain tissues are very distinctive from other tissue. b Tissue interaction map. No edge 
is drawn if the similarity score s* between the two tissues < 10. Black edges: 10 ≤ s* < 20; orange edges: 
20 ≤ s* < 30; and red edges: 30 ≤ s*. c The number of tissues in which an NMD-QTL variant is detected. Brain 
tissues are combined as one tissue
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similarities were generally high among different brain tissues (average of 24.7), but the 
average similarity between brain and any other tissues was as low as 6.6. This suggests 
that NMD-QTLs were shared within different brain sub-regions but were substantially 
different from those in other tissues.

The tissue interaction map based on the similarities of NMD-QTLs (Fig.  3b) clearly 
shows the distinction of brain tissues as well as the connections among major viscera 
(small intestine, spleen, stomach) and reproductive organs (uterus, vagina, ovary). 
The strong tissue specificity of NMD-QTLs is also supported by the observation that 
54.3% of NMD-QTLs were discovered only in a single tissue (Fig.  3c, n.b. brain sub-
regions were combined as one tissue). Taken together, NMD-QTLs exist as ubiquitously 
across the human body as NMD regulation itself, and many demonstrate strong tissue 
specificity.

A handful of NMD-QTLs were discovered in all tissues (Fig.  3c). These are located 
in important genes such as TP53I13 (a tumor suppressor gene), ST7L (homologous to 
tumor suppressor gene ST7), NDUFAF7 (an enzyme involved in the assembly and sta-
bilization of Complex I, an important complex for mitochondrial respiratory chain), 
IRF5 (belongs to a transcription factor family with diverse roles including virus-medi-
ated activation of interferon, cell growth, differentiation, apoptosis, and immune system 
activity), MMAB (an enzyme that catalyzes the final step in the conversion of vitamin 
 B12 into adenosylcobalamin), and three ribosomal proteins (S19, L13, L27a). It is known 
that NMD has high inter-individual variability and closely affects the clinical outcome 
for genetic disease [39, 40]. Therefore, these natural variations of NMD-QTLs impacting 
tumor suppressors and important metabolic genes across all tissues may be exploited 
to enhance personalized cancer immunotherapy and to treat a wide range of genetic 
diseases.

Remarkably, we found the direction of the allelic effect to be highly consistent across 
tissues for NMD-QTLs identified in many tissues. Among 62.9% (1840 out of 2923) of 
the pNMD-QTLs identified in more than 20 tissues, the sign of allelic effect was the 
same across tissues. Thus, the allelic effect sizes of a particular pNMD-QTL were all 
negative or all positive in the tissues that it was detected. For dNMD-QTLs identified 
in more than 20 tissues, the allelic effect was even more consistent across tissues. About 
82.1% (14,547 out of 17,709) of them exhibited the same sign across all the tissues that 
they were detected.

Overlap of NMD‑QTLs and disease SNPs

Functional variants are well-known to play an important role in disease etiology. Utiliz-
ing the collection of disease-related SNPs in DisGeNET [41], we explored the overlap 
of NMD-QTLs and disease-related SNPs. Specifically, out of the 54,643 non-redundant 
pNMD-QTLs and the 319,608 non-redundant dNMD-QTLs, 1151 (2.10%) and 3952 
(1.24%) of them were found to be disease SNPs reported in DisGeNET, respectively 
(Fig. 4a). Compared to regular eQTLs discovered in GTEx for NMD genes (0.82% were 
found to be disease SNPs), NMD-QTLs were much more likely to overlap with disease 
SNPs: the odds ratio was 2.54 for pNMD-QLTs vs. eQTLs (p-value of the Fisher’s exact 
test: 8.5 ×  10−154); and 1.49 for dNMD-QTLs vs. eQTLs (p-value of the Fisher’s exact 
test: 4.2 ×  10−94).
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We observed a tendency for NMD-QTLs to be located in closer proximity to genes’ 
TSS compared to eQTLs, with a notable enrichment within a 500-kbp region of the 
TSS (Additional file  1: Figs. S2a–b). Considering that GWAS SNPs also tend to be 
located near the gene’s TSS [42], we investigated whether the enrichment of disease-
associated NMD-QTLs could be attributed to their location preferences. To examine 
this, we categorized NMD-QTLs and eQTLs into three groups based on their dis-
tance from the TSS: < 100 k, 100–500 k, and 500–1 M. It was consistently observed 
that NMD-QTLs showed a higher likelihood of overlapping with disease SNPs (Addi-
tional file  1: Figs. S2c–e), although the enrichment signal for dNMD-QTLs was 
slightly weaker in the > 500 k group (Additional file 1: Fig. S2e).

Although the total number of non-redundant NMD-QTLs was only 11.53% of the 
total number of non-redundant eQTLs (331,233 vs. 2,872,430 for NMD genes), we 
also discovered 33.87% disease eQTLs acting as NMD-QTLs (Fig. 4b). More impor-
tantly, 37.76% disease NMD-QTLs were not detected as eQTLs (Fig. 4b). A total of 
737 diseases were associated with NMD-QTLs, suggesting that NMD regulation may 
be an important component in maintaining the normal function of cells.

Among the 8073 total diseases considered in DisGeNET, we identified 43 with 
prominent NMD-QTLs enrichment (p-values < 0.05 for both the proportion test 
and the hypergeometric test, details in Additional file  1: Supplementary Texts). 

Fig. 4 Variant-disease association analysis for NMD-QTLs. a Percentages of pNMD-QTLs, dNMD-QTLs, 
and eQTLs overlapping with disease SNPs. b Venn diagram among disease-associated NMD-QTLs and 
disease-associated eQTLs. c Top 10 diseases associated with enriched NMD-QTLs. They are ranked by the p 
values of the proportion tests. d Overlap with disease SNPs under each MeSH term. The overlap scores are 
compared among pNMD-QTLs, dNMD-QTLs, eQTLs, and randomly sampled SNPs (the number is the same as 
that of NMD-QTLs)
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Remarkably, 9 out of the 43 (20.9%) diseases were categorized as “mental disorders 
(F03)” under the “psychiatry and psychology (F)” category of the Medical Subject 
Headings (MeSH) system. The most significant was “unipolar depression”, followed by 
“bipolar disorder”. The top 10 diseases are shown in Fig. 4c and the complete list of 43 
diseases is in Additional file 2: Table S1. Mutations in core NMD pathway genes are 
implicated in multiple mental disorders [43–46]. Together with our aforementioned 
findings that NMD-QTLs show special distinctiveness and tissue-specificity in brain 
tissues, the brain disease association further suggests the critical role of NMD regula-
tion for brain function and malfunction.

The diseases in DisGeNet were categorized into 29 MeSH terms. We then stud-
ied the detailed overlap status of disease SNPs and NMD-QTLs for each specific 
MeSH term. The calculation of the overlap enrichment score is described in Meth-
ods. As shown in Fig. 4d, dNMD-QTLs were observed to be enriched in nervous sys-
tem diseases (C10) and mental disorders (F03). The fold-change of the enrichment 
for dNMD-QTLs vs. eQTLs was 2.2 for C10 and 2.3 for F03. The fold change was as 
high as 9.0 for C10 and 8.0 for F03 when comparing dNMD-QTLs with randomly 
sampled SNPs. Contrariwise, pNMD-QTLs were less enriched than eQTLs for these 
two terms. But the fold change was still as high as 2.8 and 2.3, respectively, when 
compared to randomly selected SNPs. This suggests regulating the decay efficiency of 
NMD-targeted mRNA substrates could be an important part of NMD regulation.in 
the brain and neural systems. Additionally, dNMD-QTLs but not pNMD-QTLs were 
more enriched than eQTLs in terms such as neoplasm (C04) and pathological condi-
tions (C23). Both pNMD-QTLs and dNMD-QTLs were more enriched than eQTLs 
for terms such as musculoskeletal diseases (C05), digestive system diseases (C06), res-
piratory tract diseases (C08), skin and connective tissue diseases (C17) and immune 
system diseases (C20).

Some NMD-QTLs were related to many diseases. For example, the pNMD-QTL 
SNP rs5443 was associated with 48 out of the total 8073 diseases. It acted as a pNMD-
QTL to regulate the fraction of NMD-targeted transcripts of the DNA repair gene 
XRCC3 in 18 tissues including 6 brain tissues. This implies that NMD regulation may 
interplay closely with DNA repair to ensure genome integrity and preventing genetic 
disease. The dNMD-QTL SNP rs1800629, regulating the degradation efficiency of 
NMD-transcripts of genes HLA-C and ATP6V1G2-DDX39B (read-through transcrip-
tion between neighboring genes ATP6V1G2 and DDX39B), was related to 58 diseases, 
18 of which were related to neoplastic processes.

To further underscore the significance of NMD-QTLs in complex traits, we per-
formed colocalization analysis between NMD-QTLs and GWAS signals using the 
ezQTL tool [47] (https:// analy sisto ols. cancer. gov/ ezqtl/#/ home). For example, we 
performed colocalization analysis between dNMD-QTLs derived from adipose (sub-
cutaneous) tissue, targeting gene ENSG00000243696, and GWAS signals associated 
with body mass index (BMI) [48]. As shown in Additional file 1: Fig. S3, our analysis 
highlighted SNP rs6769789 as a potential causal NMD-QTL for BMI, with a posterior 
probability of 0.846 using the HyPrColoc [49] colocalization analysis (cutoff: 0.5), and 
a posterior probability of 0.023 using the eCAVIAR [50] colocalization analysis (cut-
off: 0.01).

https://analysistools.cancer.gov/ezqtl/#/home
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Disease‑associated NMD‑QTLs in brain tissues

Compared to non-disease NMD-QTLs, disease-associated NMD-QTLs showed an even 
stronger tissue specificity in brain sub-regions (Fig. 5a). By contrast, brain compartmen-
talization was weaker in disease eQTLs than in non-disease eQTLs. This reaffirms that 
NMD-QTLs play a critical role in maintaining neural system functionalities and can be 
valuable for examining brain and psychiatric pathogenesis.

We examined the sub-region membership of genes with at least one discovered NMD-
QTL (i.e., the specific set of brain sub-regions from which NMD-QTLs were discovered 
for a given gene). The 25 most frequent brain sub-region memberships were displayed 
via an UpSet plot (Fig. 5b). The most frequent membership pattern appeared to be genes 
with NMD-QTLs identified in a single or a few sub-regions (blue and orange boxes in 
Fig. 5b), as well as genes with NMD-QTLs discovered in most brain sub-regions (green 
box in Fig. 5b).

NMD‑QTLs are more likely to be located within gene bodies and exons compared to eQTLs

The 50-nt rule was applied to tag NMD-targeted transcripts in GENCODE because the 
rule has the strongest predictive value for NMD susceptibility [51]. In this study, NMD-
targeted transcripts all follow this rule but the percentage of transcripts undergoing 
NMD and their decay efficiency can vary. The genomic positions of NMD-QTLs can 
inform additional determinants of NMD regulation.

First, we examined whether NMD-QTLs had any preference for residing inside 
a gene body or in the intergenic regions. For each gene, we counted the numbers 
of NMD-QTLs located within  (Ni,g) or outside  (No,g) of the gene body. Then a lin-
ear model was fit between  Ni,g and  No,g taking the gene length  (lg) into account: 
Ni,g = w0 + w1No,g + w2log2

(
lg
)
 . We modeled each tissue separately and compared the 

results for NMD-QTLs and eQTLs. As shown in Fig. 6a, the estimations of ŵ1 for NMD-
QTLs were consistently larger than those for eQTLs, especially for brain tissues (Fig. 6c). 
This suggests that, compared to eQTLs, NMD-QTLs are more likely to function within 
a gene body than in intergenic regions. However, the estimations of w2 for NMD-QTLs 
and eQTLs were similar (p-value = 0.37, Wilcoxon test, Fig. 6b). This suggests that the 
gene length factor was controlled at a similar level for both.

Fig. 5 Disease NMD-QTLs in brain tissues. a Tissue pair-wise similarity of non-disease and disease QTL 
signatures. Disease NMD-QTLs but not disease eQTLs are more similar in brain tissues. b UpSet plot showing 
the top 25 most frequent brain sub-region memberships displayed by genes with NMD-QTLs
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Fig. 6 Genomic locations of NMD-QTLs. a The coefficient estimations for ŵ1 . b The coefficient estimations 
for ŵ2 . ŵ1 and ŵ2 are for the model Ni,g = w0 + w1No,g + w2 log2

(
lg
)
 , where Ni,g is the number of NMD-QTLs 

(or eQTLs) inside a gene, No,g is the number of NMD-QTLs (or eQTLs) outside of any gene, and lg is the 
gene length. c The ŵ1 estimation for each tissue. Error bars: 95% confidence intervals. The ŵ1 estimations 
for NMD-QTLs are consistently larger than those for eQTLs, meaning that NMD-QTLs prefer locating inside 
a gene body. d The proportion of genic variants that are located on exons. The exonic proportions are 
significantly higher for NMD-QTLs, compared to eQTLs discovered for the same genes. e The scatter plots of 
the exonic proportions. The size of the symbol is proportional to the sample size for a specific tissue
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For those NMD-QTLs residing within a gene body, we further examined whether they 
prefer exon or intron regions. Compared to eQTLs, NMD-QTLs were more likely to 
be in exonic positions (Fig.  6d, p-values from Wilcox tests < 1 ×  10−6). The tissue-wise 
exonic proportions of NMD-QTLs and eQTLs are compared in Fig.  6e, further sup-
porting the exonic location preference of NMD-QTLs. Regulatory elements for mRNA 
degeneration are usually exonic after mRNA splicing. In addition, exon-junction com-
plex (EJC) has been reported to be involved in the initiation of NMD [52, 53]. It is pos-
sible that NMD-QTLs in exonic regions interact more effectively with the deposition of 
EJC to tag NMD regulation for natural transcripts.

Ordinal positions of NMD‑QTLs along exons and introns

Since the location of EJC is essential for NMD regulation, we next studied the relative 
positions of NMD-QTLs within a gene body by defining an ordinal rank for exons and 
introns. For each gene, the combined exon intervals from the collapsed gene model (i.e., 
combining all isoforms of a single gene into a single transcript) used in GTEx were con-
sidered. The intron intervals are deduced from those exon intervals. We ranked these 
exon and intron intervals separately from both 5′-end and 3′-end, starting from 0. For 
all genes with NMD-QTLs, the frequency count and the median length of the exon (or 
intron) intervals on each ordinal position are shown in Additional file 1: Figs. S4a–b. We 
recorded exon (or intron) ordinal positions for all genic NMD-QTLs; the raw count dis-
tributions are shown in Additional file 1: Figs. S4c–d.

To remove counting bias, we normalized the raw count by the number of exon or 
intron intervals at each ordinal position (Fig. 7a, b), and further by the median length 
of exon or intron intervals at each ordinal position (Fig.  7c, d). Both pNMD-QTLs 
and dNMD-QTLs were more likely to be located in the last exon interval (rank 0 at 3′, 
Fig. 7a). This was partly due to the fact that the last exon interval is usually much longer 
than other exons (median length of 831 vs. 187). Taking the exon interval length into 

Fig. 7 Ordinal positioning of NMD-QTLs along exon and intron intervals. The exon and intron intervals are 
deduced from the collapsed gene model and ranked from 0 for both 5’ and 3’ ends. a Distribution of the 
count of NMD-QTLs on each exon ordinal position normalized by the exon count per ordinal position. b 
Distribution of the count of NMD-QTLs on each intron ordinal position normalized by the intron count per 
ordinal position. c Distribution of NMD-QTL counts on each exon ordinal position normalized by both the 
exon count and exon length per ordinal position. d Distribution of NMD-QTL counts on each intron ordinal 
position normalized by both the intron count and intron length per ordinal position
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account, the chance of an NMD-QTL locating in an exonic position of the last exon 
interval (rank 0 at 3′) was actually much lower (Fig.  7c). The highest frequency was 
within the penultimate exon from the 3′ end (i.e., rank 1), followed by the two upstream 
exons (i.e., ranks 1–2). These 3′ exon ordinal positions may influence the formation of 
the last EJC or affect the interaction between PTC and downstream EJC. As regards the 
intron ordinal positions for NMD-QTLs, both pNMD-QTLs and dNMD-QTLs pre-
ferred the first intron interval (rank 0 at 5′, Fig. 7b, d).

Location preference of NMD‑QTLs at the base‑pair (bp) resolution

In addition to the ordinal positions along exons or introns, we examined the base-pair 
(bp) distance of NMD-QTLs to the exon or intron boundary. Both exonic NMD-QTLs 
and eQTLs favored the 0–50-bp regions close to exon boundaries (Fig. 8a for pNMD-
QTLs and Additional file  1: Fig. S5a for dNMD-QTLs). On the other hand, intronic 
NMD-QTLs were more likely to be near intron boundaries than intronic eQTLs (Fig. 8b 
and Additional file 1: Fig. S5b).

The location of PTC is tightly related to NMD regulation. We therefore considered 
the distances between NMD-QTLs and PTCs of NMD-targeted transcripts (vs. regular 
stop codons of non-NMD transcripts). For exonic NMD-QTLs, we calculated the dis-
tances on the transcripts without considering intronic positions (Fig. 8c). Compared to 
eQTLs, pNMD-QTLs were more concentrated in the (− 75 bp, + 150 bp) regions around 
PTCs (orange line vs. gray line in the upper panel of Fig. 8c). Interestingly, pNMD-QTLs 
were also more concentrated around the (− 25 bp, + 50 bp) regions around regular stop 
codons than eQTLs (red line vs. light blue line). We also observed another pNMD-QTLs 

Fig. 8 Distances of NMD-QTLs to boundaries of exons, introns, and stop codons. a Distances to exon 
boundaries for variants located on an exon interval. The comparison is made between pNMD-QTLs and 
eQTLs. b Distances to intron boundaries for variants located on an intron interval. The comparison is made 
between pNMD-QTLs and eQTLs. Similar results for dNMD-QTLs can be found in Additional file 1: Fig. S5. c 
Distances of exonic NMD-QTLs to PTCs of NMD-targeted transcripts, and to regular stop codons of non-NMD 
transcripts. Only exonic positions are counted in the distance calculation. d Distance between genic 
NMD-QTLs and the stop codons. Both exonic and intronic positions are counted in the distance calculation. 
Note that the distance between an NMD-QTL (or an eQTL) and each transcript isoform’s PTC (or regular stop 
codon) was calculated separately. All these distances are shown here
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peak (red line) around 400 bp upstream of the regular stop codons. Since the median 
distance between the upstream PTC and the downstream regular stop codon of the same 
gene is 822 bp (Additional file 1: Fig. S6), the peak on − 400 bp of regular stop codons 
usually corresponds to positions downstream of PTCs.

The exonic dNMD-QTLs were only slightly more concentrated around PTCs (orange 
line vs. gray line in the lower panel of Fig. 8c). Their distribution is almost indistinguish-
able around regular stop codons (red line vs. light blue line in the lower panel of Fig. 8c). 
We also considered the genomic distances (both exonic positions and intronic positions) 
between genic NMD-QTLs and PTCs (or regular stop codons). As shown in Fig.  8d, 
NMD-QTLs can be located upstream or downstream of PTCs but are rarely down-
stream of regular stop codons.

The relationship between NMD‑QTLs and miRNAs or RNA‑binding proteins (RBPs)

We wonder how these cis-acting NMD-QTLs interact with trans-acting factors to 
impact NMD regulation. We focused on miRNAs and RBPs. miRNAs recognize com-
plementary mRNA molecules and function in RNA silence and gene regulation [54, 55]. 
RBPs are critical for post-transcriptional RNA processing and modification (e.g., splic-
ing, mRNA stabilization, and mRNA localization) [56, 57]. We hypothesize some NMD-
QTLs could function by affecting the miRNA or RBP binding sites. Here we examined 
how many NMD-QTLs were located at miRNA target regions predicted by TargetScan 
[58] as well as how many NMD-QTLs were located at RBP binding regions surveyed in 
ENCODE [59].

When we considered the targets of conservative miRNAs, 7.6‰ nonredundant 
pNMD-QTLs and 6.3‰ nonredundant dNMD-QTLs were found to be located in the 
miRNA target regions. Both were higher than the 4.2‰ level observed for regular eQTLs 
(for pNMD-QTLs vs. eQTLs, odds ratio = 1.79, Fisher’s exact test p-value = 6.3 ×  10−29, 
for dNMD-QTLs vs. eQTLs, odds ratio = 1.49, Fisher’s exact test p-value = 1.5 ×  10−62). 
The top 20 miRNAs whose targets were enriched with pNMD-QTLs or dNMD-QTLs 
are shown in Fig.  9a. Seven of them were shared between pNMD-QTLs and dNMD-
QTLs (orange colored). The full list of miRNAs can be found in Additional file  3: 
Table S2. When the overlap percentages were calculated for individual tissues, NMD-
QTLs still had higher percentages than eQTLs (Fig.  9b). The same conclusion can be 
made when only NMD-QTLs (or eQTLs) located in the 3’ untranslated regions (UTRs) 
were used to calculate the overlap percentages (Additional file 1: Fig. S7).

A total of 12.7% nonredundant dNMD-QTLs and 14.9% nonredundant pNMD-
QTLs were found in the binding sites of RBPs in the K562 cell line. Similarly, 14.9% 
nonredundant dNMD-QTLs and 16.4% nonredundant pNMD-QTLs were found in 
the binding sites of RBPs in the HepG2 cell line. These percentages were higher than 
those of eQTLs (10.3% and 12.3% in K562 and HepG2, respectively). For pNMD-
QTLs vs. eQTLs, the odds ratio was 2.84 for K562 and 3.13 for HepG2 (Fisher’s exact 
test p-values <  10−16). For dNMD-QTLs vs. eQTLs, the odds ratio was 2.42 for K562 
and 2.84 for HepG2 (Fisher’s exact test p-values <  10−16). Nine of the top 20 RBPs 
whose targets in the K562 cell line were enriched with pNMD-QTLs or dNMD-
QTLs were shared (Fig.  9c, orange colored). The top 20 RBPs in HepG2 were simi-
lar between pNMD-QTLs and dNMD-QTLs (17 out of 20 were shared and orange 
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colored, Fig. 9e), including UPF1, the key effector of the NMD pathway. Other RBPs 
could function as co-factors or modulators of the NMD regulation pathways. Full 
lists of RBPs are provided in Additional file 4: Table S3. When we considered NMD-
QTLs discovered from each individual tissue instead of pooling them together, we 
still found that NMD-QTLs, especially pNMD-QTLs, were more likely to be in the 
binding sites of RBPs compared to eQTLs (Fig. 9d, f ).

RBPs such as HNRNPL [60] and PTBP1[61] protect mRNAs from degradation, and 
their binding sites are expected to be de-enriched with NMD-QTLs. Upon check-
ing, the binding sites of the two RBPs are indeed de-enriched with NMD-QTLs. For 
example, in the K562 cell line, the total length of PTBP1 binding sites accounted 
for 0.6% of all RBP binding positions, but only 0.16% of pNMD-QTLs and 0.21% of 
dNMD-QTLs residing in RBP binding sites were on PTBP1 binding sites (p-values for 
the de-enrichment < 2 ×  10−10). Similarly, the total length of HNRNPL binding sites 
accounted for 2.5% of all RBP binding positions, but only 1% pNMD-QTLs and 1% 
dNMD-QTLs residing in RBP binding sites were on HNRNPL binding sites (p-val-
ues < 2 ×  10−16). Similar de-enrichment signals were observed in the HepG2 cell line 
(p-values < 2 ×  10−16).

Fig. 9 Relationship between NMD-QTLs and miRNAs or RBPs. a Top 20 miRNAs whose target regions are 
enriched with dNMD-QTLs or pNMD-QTLs. Shared miRNAs between dNMD-QTLs and pNMD-QTLs are orange 
colored. The Y axis shows the percentage of binding site positions that are NMD-QTLs. NMD-QTLs from all 
tissues are combined. b Tissue-wise percentages of NMD-QTLs in miRNA targets compared to those of eQTLs. 
The Y axis shows the percentage of NMD-QTLs locating in miRNA targets among all NMD-QTLs identified 
from a specific tissue. c Top 20 RBPs whose binding regions profiled in K562 are enriched with dNMD-QTLs 
or pNMD-QTLs. Shared RBPs between dNMD-QTLs and pNMD-QTLs are orange colored. d Tissue-wise 
percentages of NMD-QTLs in binding regions of RBPs in K562 compared to those of eQTLs. e Top 20 RBPs 
whose binding regions profiled in HepG2 are enriched with dNMD-QTLs or pNMD-QTLs. d Tissue-wise 
percentages of NMD-QTLs in binding regions of RBPs in HepG2 compared to those of eQTLs
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Overlap of splicing‑QTLs and NMD‑QTLs

In mammalian cells, alternative splicing coupled to nonsense-mediated decay (i.e., AS-
NMD) is a conserved post-transcriptional regulation mechanism in which alternative 
splicing can alter the reading frame to produce a PTC-containing transcript subject to 
NMD [11, 24, 62–65]. We therefore analyzed the overlap of NMD-QTLs and splicing-
QTLs. Here, we identified splicing-QTLs by mapping variants associated with the inclu-
sion ratios of annotated cassette exons (details in Methods). As expected, NMD-QTLs 
were much more likely to overlap with splicing-QTLs than with eQTLs (average odds 
ratios: 15.9 for pNMD-QTLs vs. eQTLs; 6.1 for dNMD-QTLs vs. eQTLs). Compared to 
dNMD-QTLs, pNMD-QTLs were more likely to act as splicing-QTLs simultaneously 
since alternative splicing is coupled with NMD through “producing” transcripts subject 
to NMD. Such overlap of pNMD-QTLs and splicing-QTLs was more prominent in brain 
tissues (average odds ratio in brain tissues for pNMD-QTL vs. eQTLs: 30.8, Fig. 10a). 
The odds ratio was as high as 60.8 in the amygdala which defines and regulates human 
emotions. The results suggest that AS-NMD can be a prevalent post-transcriptional reg-
ulation mechanism for brain tissues, especially in the amygdala.

To validate this finding, we focused on NMD genes with direct annotation-based evi-
dence of AS-NMD coupling: given a cassette exon, all NMD-targeted transcripts include 
the cassette exon and all non-NMD transcripts skip that cassette exon, or conversely, 
all NMD transcripts skip the cassette exon and all non-NMD transcripts include it. As 
shown in Fig. 10b, out of all 6503 NMD genes, 803 (12.3%) of them had direct annotation 
evidence for AS-NMD coupling (the green arc). Out of the 2614 NMD genes with splic-
ing-QTLs (the red arcs), 706 genes (27.0%) showed direct evidence of AS-NMD cou-
pling. For genes regulated by pNMD-QTLs which overlap splicing-QTLs (the blue arcs), 
the percentage of genes with direct AS-NMD coupling was even higher (64 out of 197, 
32.5%). However, this percentage was only 23.1% (226 out of 979) for genes with dNMD-
QTLs which overlap splicing-QTLs (the purple arcs). Therefore, NMD genes with direct 
AS-NMD coupling were more likely to have pNMD-QTLs overlapping splicing-QTLs 
(Fisher’s exact tests p-values <  10−16). This corroborates our hypothesis that alternative 
splicing couples with NMD through “producing” NMD transcripts and suggests that 
alternative splicing itself may not influence decay efficiency of NMD transcripts.

Discussion
To uncover the etiological path from SNPs to resultant phenotypic traits, it is essential 
to understand the mechanisms underlying gene expression variation. The current gene 
expression regulatory landscape derived from eQTL studies is far from complete. Tradi-
tional eQTL studies have focused on the identification of genetic loci linked to variations 
in the overall mRNA expression [31, 66, 67], and more recently to variations in mRNA 
splicing [68–70]. A special interest of the current human eQTL studies is tissue-specific 
genetic impacts such as the efforts in GTEx [30, 31, 71, 72], because they can provide 
valuable insights into disease phenotypes manifested on particular tissues. However, 
transcriptional and post-transcriptional regulations jointly determine tissue-specific 
gene expression, which needs a more careful integrated examination. In this study, we 
analyzed the post-transcriptional processing of RNA and proposed a more fine-grained 
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regulatory QTL model, the NMD-QTL model, to pinpoint genetic variants that function 
via regulating the production percentage of NMD-transcripts (pNMD-QTLs) and the 
decay efficiency of targeted RNAs (dNMD-QTLs).

Through joint consideration of allelic effect sizes for both NMD-transcripts and nor-
mal transcripts, we distinguish pNMD-QTLs and dNMD-QTLs from regular eQTLs. 
Our NMD-QTL identification is on the gene level, but we divided transcripts into two 
groups: NMD-targeted transcripts and non-NMD transcripts. With the advances of 
accurate expression quantification for transcript isoforms, we may consider individual 
NMD transcript isoforms in the future to obtain an even more fine-grained identifica-
tion of isoform-specific NMD-QTLs. The modeling is validated by extensive simulations 
mimicking real data sets. Taking advantage of the unprecedented resource available in 

Fig. 10 Overlap of NMD-QTLs and splicing-QTLs. a Percentages of NMD-QTLs and eQTLs overlapping with 
splicing-QTLs across tissues. Error bars: 95% confidence intervals. (b) Nested pie chart showing the relative 
proportion of each category. The most outer circle shows NMD genes with and without annotation-based 
AS-NMD coupling (i.e., direct or non-direct). The inner circles from outside to inside show NMD genes with 
splicing-QTLs (red arcs), dNMD-genes (i.e., genes with dNMD-QTLs) with overlapped splicing-QTLs (purple 
arcs), and pNMD-genes (i.e., genes with pNMD-QTLs) with overlapped splicing-QTLs, respectively (blue arcs)



Page 18 of 26Sun and Chen  Genome Biology          (2023) 24:164 

GTEx, we reveal the genome-wide landscape of genetic variants affecting NMD regula-
tion which can be missed in regular GTEx eQTLs mapping, and uncover its tissue speci-
ficity and its variant-disease associations.

Our results show NMD-QTLs are valuable in dissecting the variant-disease associa-
tions and to characterize disease susceptibility, especially for brain and mental disor-
ders. The higher overlapping rates of disease SNPs with NMD-QTLs than with eQTLs 
point to the need to include NMD-QTLs in prioritizing and interpreting variants dis-
covered from the genome-wide association studies. The enrichment of NMD-QTLs was 
observed for a variety of diseases, including musculoskeletal diseases, digestive system 
diseases, respiratory tract diseases, skin and connective tissue diseases, and immune 
system diseases. The link between NMD regulation and various disease susceptibility 
stresses the fact that NMD functions as an intricate gene regulation mechanism across 
human tissues. In particular, brain tissues exhibit unique NMD-QTL signatures, and 
these NMD-QTLs can uncover prominent variant-disease associations. NMD is critical 
for proper neuronic development and function, and that disruption of this process can 
lead to neurological disorders. Further research is needed to fully understand the spe-
cific mechanisms by which NMD factors and mutations impact brain function, and to 
develop targeted therapies for these disorders.

Approximately 3 million individuals in the USA alone are afflicted with genetic dis-
eases caused by nonsense mutations (PTC diseases) [73]. Additionally, deficiencies in 
NMD factors are linked to neurological disorders, immune diseases, and cancers [20, 74, 
75]. An NMD-based therapeutic strategy will be impossible without a comprehensive 
understanding of NMD regulation. First, NMD efficiency influences patients’ response 
to nonsense-suppression drugs [76], but NMD efficiency modulation is unclear. Second, 
NMD inhibitors have been proposed to treat PTC diseases, but potential side effects 
are awaiting to be addressed [29, 73, 77]. Our discovered NMD-QTLs may assist in the 
design of gene-specific NMD inhibition to treat PTC diseases, mitigating the global side 
effects caused by manipulations of core NMD factors [78]. For example, by considering 
the allele configuration of NMD-QTLs for a specific disease gene, we can help to judge 
whether a patient will be more or less responsive to the PTC read-through treatment.

Little is known about the determinants of NMD efficiency. The enrichment of NMD-
QTLs within gene bodies and exons, especially the penultimate exons from the 3′ 
end, suggests embedded sequence features for NMD regulation. Regions around PTC 
are important regulatory regions since NMD-QTLs tend to be located around PTCs. 
The enrichment of pNMD-QTLs in near proximity to regular stop codons and their 
upstream 400-bp positions implies additional determinants producing NMD-targeted 
transcripts.

The location preferences of NMD-QTLs in the targets of miRNAs and RBPs show 
that NMD regulation is not fixated but can be modulated by miRNAs and RBPs. The 
mammalian core NMD machinery includes a PIKK complex (SMG1, SMG8, SMG9) 
and other SMG proteins (SMG5, SMG6, SMG7), UPF proteins (UPF1, UPF2, UPF3A, 
UPF3B), eukaryotic release factors (eRF1, eRF3), and exon junction complex (EJC) mem-
bers (eIF4A3, RBM8A, MAGOH, and MLN51) [14, 66, 67]. Enrichments of NMD-QTLs 
overlapping with RBP binding sites and miRNA targets suggest that these cis-acting 
regulatory elements interact with RBPs and miRNAs to modulate the generation and 
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decay efficiency of NMD transcripts. Additionally, the overlap of NMD-QTLs, especially 
pNMD-QTLs, with splicing-QTLs reinforces the notion that AS-NMD coupling is per-
vasive in NMD regulation. At the same time, it demonstrates that our identified NMD-
QTLs are most likely to be true positives since they exhibit a strong association with 
alternative splicing, as expected.

Conclusions
We explored the post-transcriptional regulatory genetic variants in human tissues and 
built a genome-wide landscape of genetic variants affecting the percentage of NMD-tar-
geted transcripts (pNMD-QTLs), as well as genetic variants regulating the decay effi-
ciency of NMD-targeted transcripts (dNMD-QTLs). These NMD-QTLs demonstrate a 
strong association with disease SNPs and exhibit position characteristics. These findings 
are valuable in understanding post-transcriptional RNA regulation, establishing the eti-
ological roadmap from SNPs to resultant phenotypic traits, and facilitating the research 
of NMD-based therapeutic strategies for genetic disease.

Methods
Data acquisition

For NMD-QTL mapping, we obtained expression data at the transcript level and gen-
otype data from the Genotype-Tissue Expression (GTEx) project (dbGaP accession: 
phs000424.v7.p2). We grouped transcripts tagged by “nonsense_mediated_decay” in 
the GENCODE annotation (release 19, GRCh37.p13) as NMD-targeted transcripts for 
a gene. For disease SNP analysis, we downloaded the curated variant-disease associa-
tions from the DisGeNET database (GRCh38) [79]. Genome coordinates from different 
assembly versions were converted to hg19 through segment_liftover [80]. For miRNA 
targets, we considered the genome coordinates of targets (conserved or not) for con-
servative and broad conservative miRNAs obtained in TargetScan [58] which included 
a total of 257 miRNAs. For RNA binding protein (RBP) binding sites, eCLIP experi-
ments for 120 RBPs from the K562 cell line and 103 RBPs from the HepG2 cell line from 
ENCODE were used.

Modeling of NMD‑QTLs

Assuming the amount of mRNAs being transcribed is t , the percentage of tran-
scribed mRNAs that are subject to NMD is α , and the NMD degradation efficiency 
relative to regular mRNA degradation is (1 − θ ), the amount of NMD-targeted tran-
scripts observed from the RNA-seq experiment is the result of t · α · θ . To apply an 
additive genetic model, the total level for NMD-targeted transcripts can be written as 
T = tA · αA · θA + ta · αa · θa , where the subscript A and a denote the two alleles for a 
biallelic SNP. Two scenarios were our major interests: (i) pNMD-QTL where the genetic 
variant affects the percentage of transcripts subject to NMD ( αA  = αa ), (ii) dNMD-QTL 
where the genetic variant regulates the NMD efficacy ( θA  = θa ). These two cases can be 
distinguished from regular eQTLs by examining their effect sizes obtained in our NMD-
aware QTL mapping procedure as shown in Fig. 1.
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Identification of NMD‑QTLs

Different from a typical gene-level analysis where all isoforms of a gene are considered 
together, the mRNA transcripts of a gene were divided into two categories: NMD-tar-
geted and non-NMD transcripts, based on whether they were annotated by a “nonsense_
mediated_decay” tag in the GENCODE annotation. A transcript is tagged as NMD if (i) 
there is a PTC located > 50 bp from a downstream splice site; or (ii) if the transcript does 
not cover the full reference coding sequence and NMD is unavoidable (i.e., no matter 
what the exon structure of the missing portion is, the transcript will be subject to NMD).

We summarized transcripts level by adding up the transcripts per million (TPM) of 
all isoforms from the NMD-targeted group and the non-NMD group respectively. We 
excluded genes with all or none NMD-tagged transcripts. The summarized expressions 
were normalized within samples by a normalizing factor calculated based on the median 
of the geometric mean of all genes considered and were then normalized across samples 
by a rank-based inverse normal transformation. Detailed formulas for normalization can 
be found in Additional file 1: Supplementary Texts.

QTL mappings were performed with FastQTL [81] on both the NMD-targeted and 
non-NMD groups. According to our modeling, pNMD-QTLs and dNMD-QTLs can 
be identified by comparing their regulatory effect sizes (Fig. 1). For pNMD-QTLs, the 
significant allelic regulatory effect (q-values ≤ 0.05) for NMD-targeted transcripts and 
non-NMD transcripts are in the opposite direction. For dNMD-QTLs, the regulatory 
effect is only observable for NMD-targeted transcripts (q-value ≤ 0.05) but not for non-
NMD transcripts (q-value > 0.8). In our QTL mapping (NMD-QTLs and splicing-QTLs), 
similar to the approach in GTEx, variants in the up- or down-stream 1 Mb cis window 
around the TSS were considered. The same covariates used in GTEx eQTL analysis were 
used. They included genotyping principal components, sequencing platform, sequenc-
ing protocol, sex, and a set of covariates identified using the Probabilistic Estimation of 
Expression Residuals (PEER) method [82]. As in the GTEx eQTL analysis, the permuta-
tion mode in FastQTL was used with the setting “–permute 1000 10,000” and the false 
discovery rate (FDR) threshold of 0.05 was applied in our studies.

Effect size confirmation with quantile regression

RNA-seq quantifications tend to be heavy-tailed and with inflated number of zeros. 
The effect size estimation in the ordinary linear square fit in FastQTL is sensitive to 
such non-normality and outliers, even with the applied inverse normal transforma-
tion. To reduce false positives and increase the model robustness, for pNMD-QTLs and 
dNMD-QTLs discovered from FastQTL, we further fit quantile regression models on 
TPM values without the inverse normal transformation as we did previously [38]. Only 
pNMD-QTLs and dNMD-QTLs still exhibiting desired effect size properties in quantile 
regression models were in our final discovery list. Thus, for pNMD-QTLs, both quantile 
regression nominal p-values of the effect sizes should be smaller than 0.05, and opposite 
signs of effect sizes for NMD-targeted and non-NMD transcripts should be observed 
and the former absolute value was smaller. For dNMD-QTLs, significant effect size 
(quantile regression nominal p-value ≤ 0.05) was only observed for NMD-targeted tran-
scripts, but not for non-NMD transcripts (quantile regression nominal p-value > 0.95).
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Simulation studies to test our model

To validate our NMD-QTL models, we estimated the precision and recall for identi-
fying pNMD-QTLs and dNMD-QTLs via massive amount of simulations. We simu-
lated the expression levels (total detected transcripts) for NMD-targeted transcripts 
and non-NMD transcripts by formulas in Fig.  1c for different scenarios. Then we 
performed QTL calling for both NMD-targeted and non-NMD transcripts through 
regression models. We declared pNMD-QTL or dNMD-QTL findings according to 
the desired effect size and directions.

Specifically, we performed three rounds of simulations, each round with different 
regulatory strength and 10,000 simulated genetic variants. For each genetic variant, 
n genotypes, X = [x1, x2, . . . , xn] , were simulated with a minor allele frequency of m , 
where n = 500 and m = 0.05 . The total detected transcripts, Yc =

[
yc1, y

c
2, . . . , y

c
n

]
 , were 

simulated as a function of genotype, transcript type c (NMD-targeted transcripts or 
not), and plus a Gaussian random noise: yci = fc(xi;�i(t,α, θ))+ σi.

For the simulated expression and genotype data, we performed a linear regression 
Yc = βcX + ǫ for each SNP and inspected the coefficient βc . If βc s were significant 
(p-value less than a particular threshold) for both NMD-targeted and non-NMD tran-
scripts and were in opposite directions, the SNP was identified as a pNMD-QTL. If βc 
was significant for NMD-targeted transcripts but not for non-NMD transcripts, the 
SNP was identified as a dNMD-QTL. The detailed parameter settings for simulations 
with different regulatory strengths can be found in Additional file 1: Supplementary 
Texts.

Control experiment to assess false discovery rate

We randomly selected 6000 non-NMD genes. The transcript isoforms from these 
genes were randomly grouped into two groups to mimic the NMD-targeted transcript 
and non-NMD-transcript groups. Then we performed the same NMD-QTLs call-
ing procedures for this control setting. We tested the adipose subcutaneous tissue. 
Using the same criteria mentioned for our NMD-QTL identification, 2228 pNMD-
QTLs were identified in the random control. This is about 12% of the total number of 
pNMD-QTLs discovered for adipose subcutaneous in our results (18,571). Thus, the 
FDR is controlled by 0.12. For dNMD-QTLs, the estimated FDR based on the control 
set is about 0.17 for adipose subcutaneous.

Genome‑wide NMD‑QTL mapping for GTEx tissues

The analysis power for NMD-QTL detection was linearly related to the sample size 
(Additional file 1: Fig. S8a, the regression coefficient of the sample size was 28.8 for 
pNMD-QTLs and 117.0 for dNMD-QTLs), but less sensitive than that for eQTL 
detection (Additional file  1: Fig. S8b, regression coefficient: 2938). The testis and 
whole blood tissues were drastically deviated from this linear trend (Additional file 1: 
Fig. S8a), suggesting that the testis had many more NMD-QTLs while the whole 
blood had many less NMD-QTLs than expected. Such deviations were also observed 
in the eQTLs mapping (Additional file 1: Fig. S8b).



Page 22 of 26Sun and Chen  Genome Biology          (2023) 24:164 

NMD‑QTL signature similarity between a tissue pair

To measure the similarity of identified NMD-QTLs between tissues, we calculated 
sij = nij/(ni − nij)/(nj/(n − nj)) where nij is the number of NMD-QTLs shared between 
tissue i and j; ni and nj are the numbers of NMD-QTLs discovered in respective tis-
sues; and n is the total number of nonredundant NMD-QTLs discovered across all 
tissues. Thus, sij compares the odds of observing tissue j’s NMD-QTLs in tissue i with 
the odds of observing tissue j’s NMD-QTLs in all NMD-QTLs. Note that  sij is not 
necessarily equal to sji, we calculated s∗ij =

sij+sji
2  as the final similarity score for NMD-

QTL signatures between two tissues. If two tissues share many NMD-QTLs, s∗ij is 
large.

Overlap of NMD‑QTLs with disease‑associated SNPs

Considering the disease-associated variants reported in DisGeNET, we compared 
how likely the regular eQTLs reported by GTEx and our NMD-QTLs to overlap with 
disease SNPs. We devised a strategy with the combination of a proportion test and a 
hyper-geometric test to examine the significance of the overlap between disease SNPs 
and NMD-QTLs. Here, we pooled NMD-QTLs identified across different tissues. 
Thus, one NMD-QTL could be counted multiple times if it was identified in multi-
ple tissues. Detail of such two tests can be found in Additional file 1: Supplementary 
Texts.

Overlap enrichment score for MeSH

For a disease category represented by a MeSH term (C01-C26, F01-F03), the over-
lap enrichment score was calculated as the number of pNMD-QTLs or dNMD-QTLs 
which were also associated with the disease SNP in the DisGeNET database for the 
MeSH term, further normalized by the total number of pNMD-QTLs or dNMD-
QTLs and the total number disease SNPs annotated by the MeSH term in DisGeNET. 
The same calculation was performed for eQTL and randomly sampled SNPs.

Enrichment of NMD‑QTLs in the targets of miRNAs and RBPs

miRNA and RBPs were ranked by the number of nonredundant pNMD-QTLs or 
dNMD-QTLs across all tissues which were located in their target regions and normal-
ized by the total base-pair length of the target regions. To compare NMD-QTLs to 
eQTLs concerning their overlap with miRNA and RBP binding sites, the percentage 
of NMD-QTLs (or eQTLs) residing in the target regions among all NMD-QTLs (or 
eQLTs) identified from a specific tissue was calculated.

Splicing‑QTL mapping

We identified all cassette exons from the GENCODE annotation. A cassette exon is 
defined as a non-boundary exon between two other exons and can be either included 
or skipped to generate two distinct transcripts in alternative splicing. To simplify, we 
considered transcripts either using or skipping the cassette exon entirely. In other 
words, transcripts partially overlap with the cassette exons were excluded. To perform 
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splicing-QTL mapping, for a given cassette exon, we used the inclusion ratio of that 
cassette exon as the quantitative trait. The inclusion ratio of a given cassette exon is 
calculated as follows:

where t(j)inc are transcripts including the cassette exon, t(k)exc are transcripts excluding the 
cassette exon, and TPM() is the detected transcripts per million for a transcript. We pro-
vide the list of cassette exons and their corresponding transcripts in Additional file 5: 
Table S4.
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