
Article | Article in Press https://doi.org/10.1038/s41467-026-76741-8

Alternative tandem transcription initiation
links noncoding variants to human disease
through translational control

Xudong Zou 1,7, Wei Wang2,7, Yinuo Wang1,7, Hui Chen 1,3,7, Xing Li1,
ShuxinChen1, FeihongWeng4, Yangcan Li5, Qin Li 6, ChenYu 2 & Lei Li 1

Alternative tandem transcription initiation is a pervasive mechanism of gene
regulation, yet its genetic impact on human disease remains largely unknown.
Here, we systematically quantify the genetic regulation of alternative tandem
transcription initiation across 25,859 samples from 49 human normal tissues
and 33 tumor tissues. We identify approximately 0.4 million genetic variants
associated with alternative transcription initiation in 5295 genes, with 32%
operating independently of gene expression. Moreover, we discover 2238
multi-tissue alternative tandem transcription initiation outliers enriched for
rare deleterious promoter and 5′ UTR variants, demonstrating that both
common and rare variants modulate transcription initiation. Strikingly, 74% of
disease variants that colocalize with genetic variants regulating alternative
transcription initiation cannot be identified through expression quantitative
trait loci. Transcriptome-wide association studies identify 614 disease sus-
ceptibility genes associated with alternative transcription initiation, including
known cancer drivers such as MAFF and MLLT10. Functional validation
uncovers OSGEP as a breast cancer risk gene, where the alternative allele
lengthens the 5′ UTR and reduces protein abundance through upstream open
reading frame-mediated translation repression, and suppresses breast cancer
cell proliferation. Our findings establish alternative transcription initiation as a
major, underappreciated mechanism associating noncoding variation to dis-
ease, providing a critical resource for interpreting disease risk loci.

Genome-wide association studies (GWAS) have identified thousands of
genetic variants associated with human traits and complex diseases1,2.
However, elucidating the underlyingmolecularmechanisms remains a
significant challenge as most disease-associated variants lie within
noncoding regions3. Oneprevailing hypothesis is thatmanynoncoding
variants contribute to traits by modulating gene expression or alter-
native splicing events4,5. Therefore, molecular phenotypes, such as

expression quantitative trait loci (eQTLs), have provided mechanistic
insights into disease-associated loci. Nevertheless, a substantial pro-
portion of GWAS signals remain without molecular interpretation,
suggesting that additional layers of regulatory variation have yet to be
explored.

Alternative transcription initiation represents a highly regulated
and critical step ingene expression, constituting a significant sourceof
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transcriptomic and proteomic diversity independent of alternative
splicing and polyadenylation6–9. More than 50% of human protein-
coding genes harbormultiple transcription start sites10,11. Systematic 5′
-end mapping efforts, such as cap analysis of gene expression (CAGE),
have revealed that 76% of detected TSSs reside within 5′ UTRs12.
Transcription initiation from alternative promoters typically exhibits
two distinct patterns: alternative first exons (AFE), in which the initia-
tions occur from distant transcription TSSs, and alternative tandem
TSSs (ATTSS), in which initiation sites differ at their 5′ end within the
same 5′ UTR. These alternative 5′ UTRs can alter key regulatory ele-
ments, including upstream open reading frames (uORFs) and CpG
islands, thereby influencing mRNA stability and translational
efficiency13. In contrast, usage of AFEs often alters coding sequences or
triggers nonsense-mediated decay, leading to truncated or unstable
proteins. Both mechanisms are crucial for fine-tuning gene expression
during development and are frequently dysregulated in disease14,15. For
example, CAGE sequencing analysis of mRNA promoter dynamics
across embryonic developmental stages has revealed numerous
instances of TSS alterations, including the shifting of TSS positions
within the promoter region of cyclin D1 (CCND1) gene from the
maternal to the zygotic stage16. Another example is the dynamic reg-
ulation of alternative promoters in brain-derived neurotrophic factor
(BDNF), which harbors nine functional promoters that exhibit differ-
ential activities across various cell types17. In addition, widespread
promoter alterations have been observed across diverse tumor types,
suggesting that alternative TSS usage may contribute to oncogenic
processes14,18. Despite accumulating evidence for dynamic alternative
transcription initiation in various biological and pathological contexts,
the genetic basis governing alternative tandem transcription initiation
(ATTSS) in human tissues remains largely uncharacterized.

Here, we present a comprehensive atlas of genetic regulation of
alternative transcription initiation across diverse human tissues. Using
ourDATTSS algorithm19, we quantified thedistal TSS usage of detected
ATTSS events from 25,859 RNA-seq datasets with matched genotype
data spanning 49 normal and 33 tumor tissues. We identified
approximately 0.40 million common cis-acting genetic variants asso-
ciated with distal TSS usage across 6829 ATTSS events in 5295 genes.
Notably, 32.1% of these 5′aQTLs showed no overlap with eQTLs. Fur-
ther integration with GWAS summary statistics revealed significant
enrichment of 5′aQTLs in several disease risk loci, with ~ 7.6% of GWAS
variants colocalizing with 5′aQTLs. Furthermore, 5′aQTL-based
transcriptome-wide association analyses (5′aTWAS) identified 614
susceptibility genes, including known oncogenic drivers and gene
candidates, such as OSGEP. We experimentally validated that alter-
native 5′aQTL alleles lengthen the 5′ UTR in OSGEP, reducing OSGEP
protein levels independent of mRNA level and thereby impacting
breast cancer cell proliferation. Overall, our findings reveal a reg-
ulatory mechanism by which noncoding genetic variation is linked to
human disease through alternative transcription initiation.

Results
A multi-tissue atlas of genetic regulation of alternative tandem
transcription initiation
To systematically quantify alternative tandem transcription initiation
(ATTSS) across diverse human tissues, we first curated a comprehen-
sive reference set of transcription start sites by aggregating from
GENCODE (v44), RefSeq (v200), and CAGE data from FANTOM5 and
the ENCODE20 (see “Methods”), yielding 27,792 transcripts from 17,078
genes annotated with multiple TSSs within their 5′ UTRs. We then
applied our DATTSS19 algorithm, which incorporates these reference
TSSs to quantify the relative usage of the distal TSS for each transcript,
expressed as the distal TSS usage index (DTUI), which represents the
relative expression contribution of upstream (distal) TSS compared to
the remaining (proximal) TSSs within each transcript. Biologically, this
index reflects alternative promoter activation, which results in RNA

isoforms with different 5′ UTR lengths. Given the enrichment of reg-
ulatory elements such as upstream open reading frames (uORFs) and
RNA structural components, change of 5′UTR lengthmay impact gene
expression regulation by affecting transcript stability or translational
efficiency. We analyzed 25,859 RNA-seq datasets from 49 normal tis-
sues and 33 tumor types (Fig. 1a). Across normal tissues, we identified
26,345 ATTSS events in 13,550 genes, representing approximately 79%
of all multi-TSS genes in our reference set. In tumor samples, 25,355
ATTSS events were detected in 13,457 genes. On average, each normal
tissue and each tumor type exhibited 9249 and 7799 alternative TSS
events, respectively (Supplementary Fig. 1a, b). Hierarchical clustering
analysis based on DTUI values demonstrated that samples grouped
tightly by tissue and cancer type (Supplementary Fig. 1c, d), confirming
that distal TSS usage patterns are biologically informative.

To identify genetic variants associated with alternative tandem
transcription initiation, we performed 5′ UTR alternative TSS quanti-
tative trait locus (5′aQTL) analysis. After quantile normalizing DTUI
values and correcting for known covariates, including sex, sequencing
platform, PCR (Polymerase Chain Reaction), and hidden technical
covariates inferred using probabilistic estimation of expression resi-
dual (PEER)21 factors (Supplementary Fig. 2a, b; detailed correlation
between PEER factors and known technical covariates for all 49 tissues
were listed in Supplementary Data 1), we used QTLTools (v1.3.1)22 to
identify common genetic variants (MAF > 1%) associated with differ-
ential usage of normalized DTUI values in each tissue or cancer type.
Using a false-discovery rate (FDR) thresholdof 5%,we identified in total
approximately 0.27 million variants associated with DTUI of 4679
genes across 49 normal tissues, representing approximately 47.2% of
all expressed genes with multiple TSSs (Fig. 1b and Supplementary
Fig. 3a). In addition, we identified 0.13 million genetic variants asso-
ciated with DTUI of 3818 genes in 28 tumor types (Supplementary
Fig. 3a, b). On average, 36.3% of these genes across tumor types were
not identified in matched GTEx tissues (Supplementary Fig. 3c).
Notably, the proportion of 5′aGenes identified only in TCGA was
moderately correlated with sample size (Supplementary Fig. 3d),
suggesting that differences in statistical power may partially con-
tribute to the observed TCGA-specific fraction. This finding suggests
that incorporating TCGA samples substantially expands the discovery
of cis-regulatory variants controlling alternative TSS selection. Sig-
nificant variant-DTUI associations (FDR < 5%) were defined as 5′aQTLs,
with the corresponding genes termed 5′aGenes. Many of these 5′
aGenes were associated with important disease-related genes. For
example, we identified significant 5′aQTLs for STAT6 (signal transducer
and activator of transcription6), a key transcription factor required for
the IL-4-mediated biological response23, and FES (tyrosine-protein
kinase Fes/Fps), a known proto-oncogene24 (Supplementary Fig. 4a, b).
Moreover, the 5′ UTR length of translocase of inner mitochondrial
membrane (TIMM13), previously shown to use a shorter 5′ UTR in lung
cancer samples compared with normal tissues19, was significantly
modulated by a 5′aQTL located in its 5′ UTR (rs4806847, A/G;
P = 3.0 × 10‒4) (Fig. 1c).

We next explored the genetic architecture of ATTSS regulation by
estimating heritability and performing genetic fine-mapping. Using a
linear mixed model implemented in the GCTA25, we estimated the
heritability of the ATTSS variation attributable to 5′aQTLs within a
1-megabase (Mb) cis region. We observed that 5′aQTLs can explain, on
average, 10.1% of ATTSS variations (Fig. 1d), ranging from8.6% to 31.9%
of ATTSS variations in individual tissues, and specifically, over 40% of
ATTSS variations in 24 genes. For example, 43.5% of the variation in
alternative tandem TSS usage of TMEM45A can be attributed to 5′
aQTLs. Although the cis-heritability of ATTSS ismodestonaverage, it is
consistent with estimates reported for other molecular phenotypes.
For reference, cis-heritability of gene expression averages ~ 14–26%per
tissue26,27, with considerable heterogeneity across tissues and genes.
To account for linkage disequilibrium (LD) among the identified 5′
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aQTLs, we used the sum of single effects (SuSiE)28 to fine-map inde-
pendent 5′aQTLs (summarized as 95% single-effect credible sets) for
eachATTSS event in each tissue.We observedmultiple independent 5′
aQTLs for 61.3% of tissue-transcript pairs, revealing widespread allelic
heterogeneity in the genetic regulation of transcription initia-
tion (Fig. 1e).

In summary, these results establish a foundational atlas of alter-
native tandem transcription initiation regulation across human tissues
and cancers. By integrating nearly 26,000 RNA-seq datasets with
comprehensive TSS annotations, our analysis reveals that alternative
tandem transcription initiation is widespread, genetically controlled,
and highly tissue-dependent. The discovery of thousands of 5′aQTLs
provides a valuable resource for dissecting how common genetic

variation shapes transcription initiation, thereby bridging a critical gap
between noncoding variants and transcriptional initiation regulation.

Genetic regulation of alternative transcription initiation reveals
tissue-restricted patterns
We next examined the cross-tissue sharing of the genetic regulation of
alternative tandem transcription initiation. Using a metric adapted
from Storey’s π1 metrics29–31 (weighted π1), we quantified the degree of
5′aQTL sharing between tissues. Specifically, weighted π1 metric
(Methods) is a composite measure designed to quantify the extent of
cross-tissue sharing while accounting for differences in the number of
evaluable associations between tissue pairs. As shown in Fig. 2a and
Supplementary Fig. 5a and b, tissues with similar physiological func-
tions, such as various brain regions, cluster together. This pattern
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extends to other systems. For example, within the circulatory system,
similar tissues (e.g., the three artery tissues and twoheart tissues) show
higher weighted π1 (two-sided Wilcoxon rank-sum test, P =0.00087).
We also used R package mashr v0.2.7332, a frequently used method
which borrows statistical strength across tissues to boost power and
accurately identify shared and tissue-specific QTL effects, to evaluate
the cross-tissue sharing of 5′aQTLs. The tissue-sharing patterns
derived frommashr were similar to those estimated from weighted π1

(Supplementary Fig. 5c). Collectively, these results indicate that

biologically similar tissues share higher reproducibility of 5′aQTLs,
supporting that the observed patterns reflect genuine biological rela-
tionships rather than technical artifacts. We then compared the
weighted π1 of each tissue pair calculated from 5′aQTL with that from
eQTL. Strikingly, 5′aQTLs had significantly smaller weighted π1 values
than eQTLs (median weighted π1 of 0.44 vs. 0.75, Wilcoxon rank–sum
test P < 2.2 × 10‒16; Fig. 2b), indicating substantially higher tissue spe-
cificity of 5′aQTLs compared to eQTLs.
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Source data are provided as a Source Data file.
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To further characterize the presence of 5′aGenes across tissues,
we identified 3012 5′aGenes (55.9%) present in only one tissue (Fig. 2c).
These tissue-restricted 5′aGeneswere predominantly enriched in brain
tissues and testis, consistent with the known transcriptional com-
plexity of these tissues and their pervasive use of alternative pro-
moters. Specifically, 505 and 389 5′aGenes were uniquely detected in
the brain and testis, respectively (Fig. 2d). For example, anoctamin 8
(ANO8), which encodes a transmembrane protein ubiquitously
expressed across all human tissues, was identified as a significant 5′
aGene only in the brain tissues (Supplementary Fig. 5d–f). Similarly,
potassium channel tetramerization domain 7 (KCTD7) exhibited a
testis-specific 5′aQTL absent from all other tissues (Supplementary
Fig. 5g–i). Given the variation in sample size across tissues,which raises
false negatives in 5′aQTL effects, we further examined tissue specificity
of 5′aQTL effects using multivariate adaptive shrinkage (MASH)32,
which jointly estimates effect sizes across tissues and borrows infor-
mation from multiple tissues to improve detection of underpowered
shared signals. Following the approach implemented in mashr and
adopted by previous studies, we estimate tissue-sharing of 5′aQTL
effect by sign (effects have the same sign across tissue pairs) and by
magnitude (effects have similar magnitude, here defined as within a
factor of 2). Across all 49 tissues, we observed similar tissue-restricted
patterns (57.34%) by magnitude compared to the above significance-
threshold method, while the majority of them show shared signs
across tissues (Supplementary Fig. 5j, k). Similarly, in brain tissues,
although a majority of 5’aQTLs were found to be restricted to a single
brain region by considering effect magnitude in mashr (Fig. 2e and
Supplementary Fig. 5l), most of them show concordant effect sign
across brain regions (Supplementary Fig. 5m).

In summary, the genetic regulation of alternative transcription
initiation is widespread and is characterized by broadly shared reg-
ulatory directions across tissues but substantial tissue-dependent dif-
ferences in effect magnitude. These results reveal a distinct and
context-dependent layer of transcriptional regulation shaped by
genetic variation.

5’aQTLs represent a distinct regulatory layer beyond eQTLs
To determine whether 5′aQTLs capture distinct genetic variation
beyond eQTLs and other molecular QTLs, including splicing QTL
(sQTL) and alternative first exon QTL (afeQTL), we systematically
compared 5′aQTLs with these QTL types across 49 tissues. We found
that, on average, 36.6% of 5′aGenes across tissues were exclusively
identified by 5′aQTL rather than any of the other QTL types (Supple-
mentary Fig. 6a). Specifically, 48.9% of 5′aGenes per tissue were not
identified as eGenes, 79.4% and 66.2% of 5′aGenes were not identified
as afeGenes and sGenes, respectively (Fig. 1b and Supplementary
Fig. 6a). Moreover, even among the shared 5′aGenes and eGenes
(average π1 value of 0.62 vs. 0.04, P = 3.5 × 10−15; Supplementary
Fig. 6b), 71.3% had different causal variants as exemplified by 5′aGene
MYEOV (myeloma overexpressed) (Supplementary Fig. 6c, d), the lead
SNP (rs72930287) was significantly (P = 8.8 × 10−9) associated with
ATTSS rather than mRNA abundance of this gene, suggesting inde-
pendent cis-regulation of 5′ UTRs relative to mRNA abundance. To
further characterize the molecular features distinguishing 5′aQTLs
from eQTLs, we performed functional annotation enrichment analysis.
We classified 5′aQTL variants based on functional annotations and
used Torus33 to assess enrichment across various genomic features.
Consistent with their role in transcription initiation, 5′aQTL variants
exhibited greater enrichment in promoter and 5′ UTR regions com-
pared to eQTL variants (Fig. 2f and Supplementary Fig. 7). Both 5′aQTL
variants and eQTL variants were highly enriched in regions near TSSs
(Fig. 2g, h). We further applied fine-mapping using CAVIAR34 and per-
formed enrichment analysis across six causality bins based on pos-
terior probabilities. We found that 5′aQTLs in the most causal bin
(larger than 90th quantile) exhibited 10-fold enrichment in 5′ UTR

regions compared with 5′aQTLs in the least causal bin (less than 50th

quantile) (Fig. 2i). Moreover, 5′aQTLs showed a tendency to be enri-
ched in conserved regions (phastCons conservation score > 0.9)
(Fig. 2j), suggesting potential selective constraint on variants affecting
transcriptional initiation. We also observed distinct genomic archi-
tectures between 5′aGenes and eGenes. Compared to eGenes—which
were randomly shuffled to match the exon numbers and expression
levels of 5′aGenes—the 5′aGenes exhibited significantly longer 5′ UTRs
(P < 5.4 × 10−19). In contrast, only marginal differences were found in
CDS lengths (P = 0.001), and no significant difference was observed in
3′ UTR lengths (P = 0.3; Fig. 2k). In summary, 5′aQTLs represent a dis-
tinct class of genetic regulatory variants, preferentially localized to
promoter and 5′ UTR regions and frequently operating independently
of eQTL effects, probably correlated with protein abundance (Sup-
plementary Fig. 8). These findings reveal that genetic control of tran-
scription initiation provides unique and functionally important
mechanisms beyond regulation of mRNA abundance.

Transcription factor binding underlies 5′aQTL regulation
Alterations in core promoter elements can explain only a small per-
centage of 5′aQTLs (Fig. 2f and Supplementary Fig. 7), suggesting that
most 5′aQTLs affect 5′ UTR length via other mechanisms. We hypo-
thesized that many 5′aQTLs modulate transcription initiation by
altering transcription factor binding sites. To test this hypothesis, we
analyzed 407 ChIP-seq datasets of 126 transcription factors, obtained
from the Roadmap Epigenomics and ENCODE projects20. We system-
atically examined 5′aQTL enrichment within ChIP-seq peaks of each
transcription factor and compared them with matched random
genomic sequence regions as controls. We applied the computational
strategy mentioned earlier35 to predict the trans-regulators and epi-
genetic regulators of transcription initiation and identified 123 tran-
scription factors whose binding regions show enrichment for 5′aQTLs
in at least one tissue. Among these, 49 transcription factors were
enriched in 5′aQTLs across more than 30 tissues, including the well-
known transcription initiation factors such as SP1, MAZ, NFY, ETS-
family, and YY1(Fig. 3a). We conducted de novo TF binding motif
enrichment analysis for 5′aQTL lead variants and identified 23 TF
motifs that were significantly enriched in 5′aQTLs, including known
transcription initiation factors like members of the ETS family and
SP1 (Fig. 3b).

To characterize how 5′aQTLs modulate transcription initiation by
altering transcription factor bindings, we intersected fine-mapped
(PIP > 0.5) 5′aQTLs with transcription factor binding sites and identi-
fied 168 fine-mapped 5′aQTLs that were located in known transcription
factor bindingmotifs (Fig. 3c and SupplementaryData 2). For instance,
we identified a fine-mapped 5′aQTL (rs7786826, A >G) located in the 5′
UTR of RNA-binding protein 33 (RBM33), which alters the binding
motif of the transcription initiation factor MAZ (Supplementary
Fig. 9a, b). To test whether MAZ indeed regulates RBM33 transcription
initiation, we analyzed RNA-seq data from the K562 cell line with MAZ
knockdown. We revealed altered distal TSS usage relative to control
samples (Supplementary Fig. 9c), confirming that MAZ binding at this
site functionally regulatesRBM33 transcription initiation. In addition to
validating known transcription initiation factors, our analysis also
uncovered regulatory relationships involving factors not previously
associated with transcription initiation control. We identified a fine-
mapped 5′aQTL (rs3120064) that impacts transcription initiation reg-
ulation of O-sialoglycoprotein endopeptidase (OSGEP) by altering the
binding motif of transcription factor E2F4 (Fig. 3d). To determine
whether this 5′aQTL indeed modulates OSGEP transcription by dis-
rupting E2F4 binding, we performed E2F4 knockdown in MCF-7 and
MCF-10A cell lines, followed by RNA sequencing (Fig. 3e, f), and
observed consistent increase of distal TSS usage of OSGEP upon E2F4
knockdown in both cell lines (Fig. 3g, h and Supplementary Fig. 9d–f),
while no consistent OSGEP expression changes were observed. These
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observations suggest a role for E2F4 in modulating the alternative
transcription initiation of OSGEP.

In summary, 5′aQTLs are preferentially located within active
promoter regions enriched for transcription initiation factor binding.
Through 5′aQTL analysis, we identified additional transcription initia-
tion regulators.

Rare variants influence tandem TSS usage across human tissues
While common variants explain a substantial portion of alternative
transcription initiation variations, thousands of rare genetic variants are
present in individual genomes36, and many have been found to con-
tribute to both rare and common diseases37,38. To determine whether
rare genetic variants (minor allele frequency < 1%) affect complex dis-
ease risk by modulating tandem TSS usage, we explored characteristics
of rare variants influencing tandem TSS usage using an outlier enrich-
ment approach39,40. We identified 2238 multi-tissue 5′ alternative tan-
dem transcription initiation outlier events (5′aOutliers).Weuse the term
5′aOutlier, defined as the individual-gene combination that is an outlier
in the majority of an individual’s sampled tissues (Fig. 4a). We required
individual-gene pairs with ATTSS events quantified in at least two tis-
sues and absolute median Z-scores > 3 to be classified as multi-tissue 5′
aOutliers. These 5′aOutliers comprised 1735 ATTSS events (1532 genes)
across 593 individuals, resulting in 3.8 outlier events for each individual.
Unlike previously reported gene expression outliers (eOutliers), splicing
outliers (sOutliers), and alternative polyadenylation outliers
(aOutliers)41, the majority of 5′aOutliers exhibited positive Z scores,
indicating that these genes have longer 5′ UTRs in outlier individual(s)
compared with the majority of individuals (Supplementary Fig. 10).

To test whether nearby rare variants in outlier individuals con-
tributed to 5′aOutlier events, we systematically analyzed the genomic
context of these outliers and identified 3830 rare variants within 10 kb
of the first exon region associated withmulti-tissue 5′aOutliers (Fig. 4a
and Supplementary Data 3). As expected, we observed significant
enrichment of rare genetic variants, including single-nucleotide var-
iants (SNVs) and small insertions and deletions (indels) (Fig. 4b).

Importantly, enrichment was greater when restricted to deleterious
variants (Combined Annotation-Dependent Depletion, CADD score >
25; Fig. 4b). In addition to CADD annotations, we examined rare var-
iants across different genomic annotation categories in 5′aOutliers
relative to eOutliers and sOutliers. Notably, 5′aOutliers are not enri-
ched for most classes of rare variants that showed significant enrich-
ment in eOutliers and sOutliers. Instead, 5′aOutliers were significantly
enriched only for 5′ UTR and promoter rare variants (Fig. 4c). Among
these 5′aOutliers, several significant genes were identified, including
NSFL1C, a cofactor for the VCP/p97 ATPase and involved in
proteasome-mediated protein degradation. Two 5′aOutlier individuals
were identified for this gene. NSFL1C with two 5′aOutlier individuals
was found to utilize the longer 5′UTR in outlier individuals (Fig. 4d, e).

In summary, rare variants with substantial functional impact can
perturb tandem TSS usage, predominantly through promoter and 5′
UTR alterations. These findings extend the contribution of rare varia-
tion to transcription initiation regulation and reveal an additional
mechanismbywhich rare noncodingmutations can influence complex
disease risk.

Genetic regulation of transcription initiation contributes to
complex trait heritability
To investigate the contribution of 5′aQTLs to the heritability of com-
plex traits and disease risk, we collected GWAS summary statistics for
84 human traits and diseases, including 52 cancer GWASs (Supple-
mentary Data 4). Using functional genome-wide association analysis
(fgwas)42, we evaluated enrichment of 5′aQTL variants among trait-
associated GWAS SNPs across tissues. We observed significant
enrichment of 5′aQTL variants in 13.2% of tissue-trait pairs, particularly
in disease-relevant tissues. For instance, we detected strong enrich-
ment (OR = 3.17, 95% CI: 1.56 to 4.62) in skin tissue for basal cell car-
cinoma (Fig. 5a). Compared with eQTLs, 5′aQTLs exhibited more
substantial enrichment in 92 tissue–trait pairs, suggesting that tran-
scription initiation provides additional context-specific regulatory
insights into disease risk.
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Fig. 5 | Genetic regulation of transcription initiation contributes to complex
traitheritability. aTissueswith 5′aVariant enrichment but no eQTL enrichment for
basal cell carcinoma traits. The enrichment values (effect size) were calculated
using functional genome-wide association analysis, which quantifies the relation-
ships between trait-associated variants and 5′aQTLs/eQTLs. Points represent esti-
mated effect sizes, and error bars indicate 95%CIs.bNumber of 5′aQTL-colocalized
genes, colored based on whether the gene also colocalized with eQTLs. Gray
represents 5′aQTL-colocalized genes that are also eQTL colocalized genes, and red
represents 5′aQTL-colocalized genes are not eQTL colocalized genes. cManhattan
plots of 5′aTWAS results in 10 cancers using prediction models from 49 human
tissues. Each point represents the Z-score of a single 5′aTWAS association. Colored
points represent significant associations with cancer types at FDR < 0.05, with
each of the 10 colors representing 1 of 10 different cancer types. d Bar plots show

the number of 5′aTWAS significant genes (FDR < 0.05) for 15 cancer traits in 49
human tissues. e The number of disease susceptibility genes identified by both
TWAS and Coloc. The left Venn diagram shows the gene overlapping situation
identifiedby the twomethods, while the right scatter plot displays the PP4valuesof
18 genes identified by both methods. The color of the squares represents different
types of traits (same as the trait category shown in c). f Correlation of the P- values
of 5′aQTL associations for OSGEP and matched P-values in breast cancer GWAS. P-
values of 5′aQTL were obtained from linear regression models used for 5′aQTL
mapping. g Aligned Manhattan plots of Breast cancer GWAS (top), 5′aQTLs (mid-
dle), and eQTLs (bottom) at the OSGEP locus. SNPs are colored by LD (r2). P-values
of QTLwere obtained from linear regressionmodels used forQTLmapping. Source
data are provided as a Source Data file.
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To systematically characterize 5′aQTLs that share genetic signals
with GWAS risk variants, we conducted colocalization analysis to
identify ATTSS events that contribute to disease risk through genetic
effects. By integrating 5′aQTL data from 49 human tissues with GWAS
summary statistics from 32 non-cancer and 52 cancer traits (Supple-
mentary Data 4) using Coloc, we identified 116 loci (7.6%) from 27 non-
cancer GWASs and 37 loci (7.1%) from 15 cancer GWASs that exhibited
colocalized signals with 5′aQTLs (Supplementary Data 5). In total, we
identified 425 significant colocalized signals spanning 76 of the 5′aQTL
genes for the non-cancer GWAS loci and 176 colocalized signals
spanning 32 of the 5′aQTL genes across the cancer GWAS loci (Fig. 5b,
Supplementary Fig. 11 and Supplementary Data 6) using Coloc
PP4 >0.75 and PP4/(PP4 + PP3) > 0.9. Among these colocalized 5′
aGenes, we identified several known cancer driver genes. Notably,
MAFF (MAF BZIP Transcription Factor F), previously implicated in
promoting tumor invasion and metastasis43, exhibited colocalization
with breast cancer GWAS signals (Supplementary Data 6). In addition,
we identified multiple immune-related genes as immune disease sus-
ceptibility loci, including IFITM1 and IFITM2 from the interferon-
induced transmembrane protein family, as well as STAT6 (signal
transducer and activator of transcription 6) (Supplementary Data 6).
For comparison, we also performed colocalization analyses for eQTLs
using the same datasets. Notably, 74.0% of trait-colocalized 5′aQTL
signals were independent of eQTLs (Fig. 5b), indicating a distinct role
of 5′aQTLs in disease risks. These findings establish transcription
initiation regulation as a key molecular intermediary associating
genetic variation in noncoding regions to tissue-specific disease
mechanisms.

To systematically identify disease susceptibility genes associated
with ATTSS events, we adapted FUSION44 to examine associations
between GWAS summary statistics and ATTSS events. TWAS enables
the identification of additional trait-associated loci compared to tra-
ditional GWAS. Briefly, for each dataset, we used amixed-linear model
to estimate the heritability of ATTSS events (normalized DTUI values
after covariates correlation) explained by cis-SNPs proximal to the TSS
of each gene in a reference panel. Only genes with significant herit-
ability estimates were included in subsequent analyses. For each
FUSION-trained model, including BLUP, LASSO, and Elastic Net, we
used cross-validation to select the model with the optimal 5′aTWAS
prediction accuracy for each ATTSS event. We obtained 5025 tissue-
specific 5′aTWAS prediction models from GTEx reference panels,
spanning 2580 ATTSS events. The number of 5′aTWAS prediction
models was highly correlated with the sample sizes of the reference
panels (Supplementary Fig. 12a). The average in-sample prediction
accuracy (measured by heritability-normalized R2, R2/cis-h2) of 5′
aTWAS models was 0.67 for GTEx (Supplementary Fig. 12b), which is
similar to that of expression and splicing TWAS models. These results
indicate that most cis-regulated transcription initiation variations are
effectively captured by cis-SNPs.

We applied these 5′aTWAS models to investigate the interplay
between genetic variation and ATTSS events in disease risk. The 5′
aTWAS models identified 151 genes (Fig. 5c, d) associated with cancer
traits (FDR <0.05) and 536 genes associated with non-cancer traits
(Supplementary Fig. 13). To enhance the detection of disease sus-
ceptibility genes associatedwith alternative transcription initiation, we
integrated all genes identified by both Coloc and 5′aTWAS. Conse-
quently, we identified 18 5′aGenes in seven cancer types, including
MAFF in breast cancer (Fig. 5e). Nine of these genes were found to be
associatedwith breast cancer risk, withmost havingwell-characterized
roles in breast cancer development. These findings highlight the role
of ATTSS events in cancer development.

In summary, 5′aQTLs substantially contribute to the heritability of
complex traits, and 5′aTWAS extends conventional transcriptome-
wide association approaches by incorporating variation in transcrip-
tion initiation. This analysis identifies known and additional candidate

susceptibility genes, demonstrating that alternative TSS regulation
provides a complementary and mechanistically distinct path asso-
ciating genetic variation to cancer risk.

Alternative TSS regulation of OSGEP is associated with breast
cancer risk
Through both colocalization and TWAS analysis, we identified
O-sialoglycoprotein endopeptidase (OSGEP) as a breast cancer risk
gene (Fig. 5f, g). OSGEP is involved in tRNA threonylcarbamoyladeno-
sine modification and has been implicated in rare neurological dis-
orders (OMIM:610107) but has not been previously linked to breast
cancer. Motif analysis at this locus revealed 5′aQTL rs3120064 that
disrupts transcription factor E2F4 binding (Figs. 3d, 6a, b) and exhibits
strong linkage disequilibrium (LD R2 = 1.0 in EUR) with the breast
cancer risk variant rs3120073 (Supplementary Fig. 14a). To functionally
assess the role of alternative alleles at the causal SNP in tumor cellular
phenotypes, we observed higher distal TSS usage associated with the
alternative allele (rs3120064 C >A) (Fig. 6b and Supplementary
Fig. 14b). To directly validate this observation, we performed 5′rapid
amplification of cDNA ends (RACE) in MCF-7 breast cancer cells to
carry either the reference or alternative allele, followed by sequencing
(Fig. 6c). Briefly, the promoter of OSGEP (-1 ~ 1724 bp) with reference
allele (rs3120064 C) or alternative allele (rs3120064 A) was cloned into
a luciferase lentiviral vector, three days post-infection, cells were col-
lected for 5′RACE.Weobserved that the alternative allele of rs3120064
lead to significantly higher distal TSS usage (Fig. 6d, e), demonstrating
the causality of 5′aQTL in modulating OSGEP transcription initiation.
To investigate how alternative TSSs regulate OSGEP protein abun-
dance, we next constructed vectors containing the long 5′ UTR or the
short 5′UTR ofOSGEP for use in dual-luciferase reporter assays, where
long 5′UTR isoformproduced by the distal TSSwas 296 nt longer than
the short 5′ UTR isoform produced by the proximal TSS (Supplemen-
tary Fig. 14b, c). After two days transfection, Renilla and Firefly luci-
ferase activities were measured and we found that the short 5′ UTR
exhibited significantly higher luciferase activity than the construct
containing the long 5′ UTR (normalized to Renilla luciferase activities)
(P = 6.0e-7; Fig. 6f). Inspection of the 5′UTR sequence revealed that the
long 5′ UTR contains an upstream open reading frame (uORF) absent
from the short isoform, disrupting this uORF (with mutation in start
codon sequence; see details and uOFR sequences in Methods) sig-
nificantly increased luciferase activity (Fig. 6g). To assess the effect of
genetic variation and 5′ UTR length on protein levels, we generated
reporter constructs containing the OSGEP promoter with either the
reference allele or the alternative allele driving luciferase expression.
The OSGEP promoter with the alternative allele decreased protein
abundance (normalized to DNA copies) (Fig. 6h and Supplementary
Fig. 14d) but had minimal effect on transcript levels (Supplementary
Fig. 14e, f). These findings suggest that alternative 5′aQTL alleles that
alter 5′ UTR length contribute to reduced OSGEP protein levels
through translational control involving uORF-mediated translational
repression.

To determine whether OSGEP protein levels functionally impact
breast cancer-relevant cellular phenotypes, we further investigated the
phenotypic consequences of OSGEP dysregulation to mimic the
alternative tandem transcription initiation-mediated protein changes.
OSGEP deficiency induced by CRISPR/Cas9 significantly inhibited cell
proliferation and decreased colony formation compared with non-
targeting control (Fig. 6i, j). Significantly, overexpressing OSGEP
(modified with a synonymous mutation in the sgRNA-targeted geno-
mic region) in OSGEP-depletion MCF-7 cells rescued the cell pro-
liferative phenotype (P =0.003; Fig. 6k). These results establish that
OSGEP protein levels directly regulate breast cancer cell proliferation.
To further establish more direct evidence supporting the association
between 5′aQTL and breast cancer cell phenotypes, we introduced the
A/A or C/C genotype at the rs3120064 locus in MCF-7 cells through

Article https://doi.org/10.1038/s41467-026-76741-8

Nature Communications Article in Press

www.nature.com/naturecommunications


allele-specific base editing (C>A or A >C). We observed that the
introduction of the alternative allele (C >A) significantly decreased the
cell proliferative ability (Supplementary Fig. 14g, h). These results
suggested that the causal genetic variants modulate OSGEP 5′ UTR
length, potentially bymodulating E2F4binding, thereby regulating cell
proliferation and breast cancer risk (Fig. 6l).

Collectively, these findings identify several cancer susceptibility
genes associated with ATTSS and demonstrate that alternative 5′aQTL
alleles influence OSGEP distal TSS usage, resulting in longer 5′ UTR
usage and reduced protein levels.

Discussion
In this study, we establish a comprehensive atlas of ATTSS regulation
across human tissues and cancers. By integrating nearly 26,000 RNA-

seq and matched genotype datasets, along with a unified analytical
framework, we systematically quantified tandem TSS usage and iden-
tified ~0.40 million 5′aQTLs across 49 normal and 33 tumor tissues.
These results reveal that transcription initiation represents a distinct
regulatory layer of gene regulation that complements traditional eQTL
mechanisms. We observed that the overall median cis-heritability of
common SNPs on ATTSS variation is 10.1%. Althoughmodest, it falls in
a similar range of known values for other molecular phenotypes45,46.
For comparison, cis-heritability of gene expression averages ~ 14–26%
per tissue, and this value is heterogeneous among tissues and genes26.
Our analyses suggest that genetic regulation of alternative TSS usage is
characterized by broadly shared regulatory directions across tissues
but substantial tissue-dependent differences in effect magnitude,
highlighting the context-dependent nature of transcription initiation
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regulation. Over half of 5′aQTL-regulated genes are restricted to a
single tissue, with strong enrichment in brain and testis, two tissues
often characterizedby their dynamic promoter switching and complex
transcript diversity. The tissue specificity of 5′aQTL exceeds that
observed for eQTLs, indicating that alternative tandem transcription
initiation usage is a finely tuned and context-dependent regulatory
mechanism. By comparing 5′aQTLs with eQTLs and integrating other
datasets, we demonstrate that common variants affecting transcrip-
tion initiation are preferentially located within promoters and 5′UTRs.
Thesefindings suggest that subtle alterations in transcription initiation
rather than mRNA abundance can mediate the effects of noncoding
variants on cellular function. Extending to rare variation, we found that
deleterious promoter and 5′UTRmutations are strongly enriched near
outlier individuals with aberrant TSS usage, revealing that rare non-
coding variants can perturb transcription initiation across multiple
tissues.

Based on our findings on the E2F4-dependent 5′aQTL associated
with OSGEP, we propose a potential regulatory model in which tran-
scriptional output is shaped by initiation events occurring across
multiple alternative TSSs. In this framework, E2F4 binding near the
proximal promoter of OSGEP may contribute to both preferential
proximal TSS usage and local transcription initiation efficiency,
potentially through modulation of promoter occupancy and the
assembly of the transcriptionalmachinery. Disruptionof E2F4binding,
either through transcription factor depletion or sequence variation
affecting TF binding motif, therefore may shift the balance between
proximal and distal TSS usage while altering transcriptional output.
The broader regulatory circuitry underlying these processes remains
to be established. Our functional characterization of OSGEP exem-
plifies how TSS regulation mediates genetic risk through translation
control rather than transcription. Breast cancer–associated variants
within the OSGEP promoter promote distal TSS usage, producing a
longer 5′ UTR that introduces upstream open reading frames and
reduces translation efficiency. This mechanism directly links noncod-
ing variation in promoter regions to reduced protein abundance and
tumor growth inhibition, underscoring the translational consequences
of transcription initiation control.

Collectively, our work establishes alternative transcription initia-
tion as a key mediator of the relationship between genetic variation
and phenotypic diversity. By integrating the effects of common and
rare variants, this atlas expands the functional interpretation of non-
coding variants and provides a foundational resource for future stu-
dies of transcriptional regulation and disease. Extending this
framework to single-cell and long-read transcriptomics will further
refine our understanding of how promoter choice shapes cell-
type–specific gene expression and human pathophysiology.

Methods
Ethics statement
The studywas designed and conducted in compliancewith all relevant
ethical regulations regarding the use of human study participants and
in accordance with the Declaration of Helsinki. Collection and use of
the human genotype and RNA-seq data from GTEx and TCGA in this
study were conducted in accordance with the ethical guidelines of
their respective consortia. The ethical procedures for data collection,
including informed consent and ethics approval, have been described
in the original publications of both the GTEx project47 and TCGA. As
this study exclusively utilized de-identified, publicly available data
from these repositories, no further institutional ethics review was
required.

Statistics and reproducibility
No statistical method was used to predetermine sample size, which
was primarily based on the availability of the samples in the GTEx
cohort. The experiments were not randomized, and the investigators
were not blinded to allocation during experiments and outcome
assessment, as the study is not a randomized controlled trial. We
conducted most statistical tests using R (v4.1.3), including Fisher’s
exact test, Wilcoxon rank-sum test, and Student’s t test, utilizing the
basic function fisher.test, wilcox.test and t.test, respectively. Please
refer to the corresponding sections in Methods for details on
statistical tests.

Collection and processing of GTEx and TCGA RNA-seq data and
genotype data
Wedownloaded all 17,832 RNA-seqBAM files from49 tissues, obtained
from 838 donors, and corresponding genotype data from the GTEx v8
release in dbGaP (accession no. phs000424.v7.p2). Publicly available
RNA-seq and genotype data from The Cancer Genome Atlas (TCGA)
were obtained from the Genomic Data Commons (GDC) Data Portal
(https://portal.gdc.cancer.gov/). All BAM files were converted to Big-
Wig files using bamCoverage (v3.3.2) with the “binSize” parameter set
to 1, which means the coverage was counted at single-base resolution.
Genotype files (in VCF format) were filtered and processed with PLINK
(v1.9) to remove low-quality and low-frequency (minor allele frequency
less than 5%) variants. This generated a bed format of the genotypefile.
Genotype PCA analysis was conducted using QTLtools to obtain the
PCA components of the genotype data.

Construction of the reference tandem TSSs
We constructed a reference tandem TSS dataset from three publicly
available resources, including transcription start sites (TSSs) anno-
tated inGENCODE (version 44), RefSeq (version 200) annotations, and

Fig. 6 | Alternative TSS regulation of OSGEP is associated with breast
cancer risk. a Regional association plots of the OSGEP gene showing the nominal
P-values (top) and fine-mapping posterior probabilities (bottom) for the cis-SNPs.
b 5′aVariant (rs3120064) that is strongly associated with the OSGEP 5′ UTR usage.
Left: Distribution of the normalized DTUI for each genotype. P-value was obtained
from linear regression models used for QTL mapping. Each dot in the box plot
represents the normalizedDTUI value for oneparticular sample. Boxplots showthe
median values, with boxes spanning the 25th to 75th percentiles and whiskers
extending to themost extremevalues within 1.5 × IQR from thebox. Right: RNA-seq
coverage track for the OSGEP 5′ UTR. c Schematic diagram for the 5′RACE strategy
inMCF-7 cells.dChanges of 5′UTRusage inMCF-7 breast cells detectedby 5′RACE.
The experiment was repeated independently forn = 3 times. e Sequencing revealed
distal TSS of OSGEP changes between WT and Mut. f Luciferase activity from a
reporter system containing the short and long 5′ UTR of OSGEP in HEK 293 T cells.
Data are presented as mean Firefly/Renilla ratio from n = 3 biological replications,
and error bars represent the standard error of themean (SEM).g Luciferase activity
from a reporter system containing the uORF and the one without the uORF 5′ UTR
ofOSGEP inHEK293 T cells. Data are presentedas themean ratio of luciferase levels

to input DNA copies from n = 3 biological replicates, normalized to the value of the
C allele, and error bars represent the SEM. h Luciferase activity from a reporter
systemcontaining reference allele (rs3120064C) or alternative allele (rs3120064A)
of OSGEP promoter in HEK 293 T cells, normalized to DNA copies. Data are pre-
sented as mean normalized luciferase activity from n = 3 biological replicates, and
error bars represent the SEM. i Cell proliferation of sgRNA-mediated knockdown
cells was analyzed during passage. j Colony formation assay for MCF-7 breast cells
treated with the indicated sgRNAs. Left panel: Images are representative results
from three independent experiments. Right panel: Quantification of colony num-
bers from the left panel. Data are presented as mean values from n = 3 biological
replicates, and error bars represent the SEM. k Colony formation assay for MCF-7
breast cells upon ectopic expression of OSGEP in sg- OSGEP #2-transduced cells.
Left panel: Images are representative results from three independent experiments.
Right panel: Quantification of colony numbers from the left panel. Data are pre-
sented asmean values from n = 3 biological replicates, and error bars represent the
SEM. l Schematic depicts alternative alleles of 5′ UTR variants, mediated 5′ UTR
lengthening promotes cancer progression. Source data are provided as a Source
Data file.
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TSSs annotated by Cap Analysis of Gene Expression (CAGE) from
FANTOM5. For TSS annotations in GENCODE and RefSeq, we merged
transcripts whose first exon ends were identical based on GENCODE
and RefSeq annotations.We chose the 5′most TSS as the start position
of the first exon region. Then we obtained all tandem TSSs for non-
redundant first exon regions of all transcripts. Suppose a given anno-
tatedTSS is locatedbetween the 500nt upstreamstartposition and the
endpositionof thefirst exon regionof a specific transcript on the same
strand. In that case, the TSS is considered a tandem TSS of the tran-
script. Transcripts with multiple TSSs in the first exon region were
collected. This provided us with a comprehensive map of annotated
tandem TSSs to the first exon regions of 27,792 transcripts in
17,078 genes.

Generation of genome-wide tandem TSS quantitative data
BigWig files transformed from BAM files in each of the 49 tissues and
33 cancer typeswere analyzedusing ourDATTSS algorithm toquantify
5′ UTR tandem TSS usage. Briefly, the coverage of each base in the
annotated first exon region in the reference TSSs dataset for each
sample was extracted from the corresponding bigwig file with pyBig-
Wig (v0.3.22). DATTSS algorithm inferred the relative usage of the
distal (5′ most) TSS in each first exon region through the coverage
information, and the relative usage of distal TSS was defined as the
distal TSS usage index (DTUI) representing the relative expression
contribution of upstream (most distal) TSS compared to the pre-
dominant or most proximal TSS within each first exon region of each
gene. Biologically, the distal TSS usage reflects alternative promoter
activation that can influence transcript architecture by altering 5′ UTR
length, therefore may further impact upstream translation regulatory
elements (e.g., upstream open reading frame, uORF) and RNA sec-
ondary structure, and in some cases the N-terminal coding sequence.
To obtain a solid estimate of distal TSS usage, we set the minimum
requiredmean read coverage across the 5′UTR to be 10; otherwise, the
usage was assigned as NA for the corresponding samples.

Covariate correction
We first corrected for population structure to account for hidden
batch effects andunobserved covariates in each tissue. Sitesmarked as
‘wasSplit’ from the GTEx analysis freeze variant call format (VCF) were
removed using BCFtools v.1.3. The variants were further filtered with a
call rate of > 99% and MAF> 1%; LD pruning was performed using
PLINK v.2.0 with a sliding window of 200bp, a step size of 100bp, and
the r2 threshold of 0.1. The top three principal components from the
principal component analysis were consistent with the known three
main subpopulations, includingWhite, Black or African American, and
Asian, in the GTEx samples.We used PEERwith sex, PCR, platform, and
the top 5 genotype principal components as the known covariates to
estimate a set of latent covariates for the DTUI values in each tissue.
The top 5 genotype PCs were included to account for population
structure, as they have been shown to capture subpopulation differ-
ences among GTEx WGS samples48. The number of PEER factors was
optimized based on suggestions from the GTEx Consortium; for tissue
sample sizes < 150, 15 PEER factors were chosen. Thirty PEER factors
were selected if the sample size ranged from 150 to 250, and 35 PEER
factors were selected for > 250 samples.

5′aQTL mapping
We applied a linear regressionmodel in QTLtools (version 1.3.1) to test
the association between the quantile-normalized DTUI values and the
genotype of SNPs within 1Mb around the 5′ UTR region, adjusting for
known covariates (including sex, PCR, platform, and the top five gen-
otype PCs) and hidden covariates inferred by PEER. The number of
PEER covariates for each tissue was determined as suggested by the
GTEx Consortium. We performed 1000 rounds of permutation (with
the parameter “--permutation 1000”) to obtain adjusted P-values for

the association between the quantile-normalized DTUI and the top
variants in cis.

5′aQTL mapping for TCGA datasets
The QTL process for TCGA samples was also conducted by using
QTLtools. Genotype data of samples in each tumor typewere obtained
from GDC, and SNPs were filtered by call rate > 99%, minor allele fre-
quency (MAF) > 1%. SNPs within the 1Mb cis window of tested TSSs
were used for 5′aQTLmapping. DTUI values in samples of each tumor
type were quantile-normalized. Genes with > 50% missing DTUI values
or samples with > 80% missing DTUI values were removed, and the
remaining missing DTUI values were imputed using the median DTUI
value across samples, following the same procedure as that used in the
GTEx dataset. Known factors, such as sample age and sex, the top five
genotype PCs, and PEER factors inferred from DTUI, were used as
covariates for QTL mapping. The number of PEER factors for each
tumor type was determined based on sample size, following an
approach similar to thatused inGTEx.Wealsoperformed 1000 rounds
of permutation to adjust P-values.

The SNP heritability estimation for individual ATTSS events
The genome-wide complex trait analysis (GCTA, v1.94.1) toolkit25 was
applied to estimate the heritability of individual ATTSS events. Speci-
fically, the restrictedmaximum-likelihood (REML)model implemented
in GCTA was applied to estimate the proportion of variance in ATTSS
usage explainedby commonSNPs (MAF > 0.01). For eachATTSS event,
normalized distal TSS usage index (DTUI) values across samples within
each tissue were used as the phenotype, and common SNPs located
within 1Mb of the ATTSS event were included to construct the genetic
relationship matrix for the analysis. Heritability was defined as the
proportion of phenotypic variance in DTUI attributable to the additive
effects of the assessed genetic variants.

Fine-mapping of causal variants to 5′aQTL
Fine-mapping of causal variants for 5′aQTL was conducted using SuSiE
software28 and CAVIAR34. In brief, the SuSiE can operate on individual-
level data (genotypes and ATTSS phenotypes) and efficiently analyze
loci containing many independent effect variables. We used default
parameters in SuSiE, which allowed a maximum of 10 independent
effects for each gene in the current study. Linkage disequilibrium (LD)
matrices used in SuSiE were calculated directly from individual-level
genotype data within GTEx. In parallel, CAVIAR was applied using
marginal association statistics and LDmatrices derived from the same
GTEx genotype data to estimate the posterior probability of each
variant being causal. The maximum number of causal variants per
locus was set to 2, and 95% credible sets were constructed to prioritize
candidate causal variants.

QTL enrichment in genomic annotations
We downloaded a reference annotation (WGS_Feature_-
overlap_collapsed_VEP_short_4torus.MAF01.txt.gz) from theGTEx data
portal. This reference annotation file contains 18 genomic features for
each variant, including enhancer, promoter, open_chromatin_region,
CTCF_binding_site, TF_binding_site, 3_prime_UTR_variant, 5_pri-
me_UTR_variant, frameshift_variant, intron_variant, missense_variant,
non_coding_transcript_exon_variant, splice_acceptor_variant, splice_-
donor_variant, splice_region_variant, stop_gained, and synony-
mous_variant. Then we use TORUS to perform enrichment analysis of
5′aQTL on each genomic feature.

Estimation of QTL sharing between ATTSS and expression
To estimate the sharing between 5′aQTL and eQTL in matched tissues,
we first identified the best SNP-gene pair of 5′aQTL (the most sig-
nificant one). We then used Storey’s π1 method31 (qvalue) to estimate
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the sharing between 5′aQTL and eQTL by considering the association
P-value of the best SNP-gene pair from ATI in expression.

Colocalization between 5′aQTL and eQTL
To examine whether 5′aQTLs share genetic signals with eQTLs in
matched tissues, we performed colocalization analysis using the Coloc
R package (v5.2.3). For each tissue, genes identified as both 5′aGenes
and eGenes were included in the analysis. Coloc computes five pos-
terior probabilities corresponding to five alternative hypotheses, as
described in the original colocalization framework applied to GWAS.
Based on the posterior probabilities for hypothesis 3 (PP3) and
hypothesis 4 (PP4), genes were classified into two categories: (1)
PP4 >0.8, indicating that the 5′aQTL and eQTL signals likely share a
common causal variant; (2) PP3 > 0.8, indicating that the 5′aQTL and
eQTL signals are likely driven by independent causal variants.

Tissue sharing and specificity analysis of 5′aQTL
To estimate the tissue specificity of 5′QTL between tissues, we
designed a weighted π1 metric by considering the proportion of the
best SNP-gene pairs from tissue A shared in tissue B. In brief, the
weighted π1 between tissue A and tissue B is calculated as: weighted
π1(A,B) = p(A,B) ×π1(A | B),where p(A,B) is the proportionof significant
5′aQTL SNP-gene pairs from tissue A that are also testable in tissue B,
and π1(A | B) is the Storey’s π1 statistic estimating the proportion of
true positives among these shared associations in tissue B. Notably,
weighted π₁ metric is not equivalent to the within-tissue true positive
rate of the original QTL discovery analysis. Rather, it is a composite
measure designed to quantify the extent of cross-tissue sharing while
accounting for differences in the number of evaluable associations
between tissue pairs.

The cross-tissue sharing of 5′QTLwas additionally evaluated using
multivariate adaptive shrinkage (mash) as implemented in R package
mashr (v0.2.73)32. Briefly,mash jointlymodels effect size estimates and
their corresponding standard errors across multiple tissues, allowing
information to be shared across multiple tissues, allowing information
to be shared across tissues to improve estimation accuracy and sta-
tistical power. For each 5′aQTL locus, the nominal p-value and effect
size estimated in all 49 tissues were used as input to the mash model.
Posterior effect estimates and local false sign rate (LFSR) were calcu-
lated, and a 5′aQTL effect was considered significant in a tissue if the
corresponding LFSR <0.05. Following the approach implemented in
mashr and adopted by previous GTEx studies, two tissues were con-
sidered shared by sign if significant effects (LFSR <0.05) had the same
direction (Eq. 1), and shared bymagnitude (Eq. 2) if the effects had the
same direction and their posterior effect sizes were within a factor of
two of each other.

Sharing by sign:

signðβ̂iÞ= signðβ̂jÞ ð1Þ

Sharing by magnitude:

0:5≤
β̂i

β̂j

≤ 2 ð2Þ

Enrichment analysis of 5′aQTL in transcription binding regions
We obtained 407 ChIP-seq data for 126 unique transcription factors
(TF) and 162 CLIP-seq data for 114 RNA-binding proteins (RBPs) from
the Encyclopedia of DNA Elements (ENCODE) data portal for HepG2,
K562 cells and other cell lines. To assess the enrichment of 5′aQTLs in
TF/RBP binding peaks, we selected 5′aQTL variants within promoter
regions representing the region of 3 kb upstream and downstream of
the transcription start site (TSS). We created a control variant set by
randomly shuffling the genomic locations of a selected 5′QTL variant

set within the same promoter regions. We then counted the 5′aQTL
variants in binding peaks of each TF/RBP using bedtools. Finally, we
compared the number of 5′aQTL variants to that of random variant
sets in TF/RBP binding regions using Fisher’s exact test to determine
the enrichment.

Multi-tissue 5′aOutlier calling and rare variants enrichment
analysis
We called 5′aOutliers following the previous methods used for calling
outliers of alternative polyadenylation (3′aOutliers)41. Briefly, we firstly
removed covariates for ATTSS quantifications by calculating DTUI
residuals, in which known covariates, including population structure,
age, sex, and sequencing platforms, and inferred hidden covariates
from raw DTUI metrics were regressed out using the function
“PEER_getResiduals” in the PEER package. DTUI residuals were then
scaled and centered to get the Z score of each ATTSS event in each
tissue. We defined 5′aOutlier as “ATTSS gene-individual” pairs with an
absolute median Z score across at least two different tissues greater
than 3. Notably, the 5′aOutlier analysis was called only for European-
ancestry individuals (N = 715), which accounts for 85% of GTEx donors,
to avoid confounding from population bias.

To examine the enrichment of rare variants (RVs, minor allele
frequency < 1%) near 5′aOutlier genes, we counted the RVs present
within 10 kb of the outlier genes in both outlier and control individuals
and built a 2 × 2 contingency table for each outlier event, containing
the number of 5′aOutliers with RVs, the number of nonoutlier controls
with RVs, the number of 5′aOutliers without RVs, and the number of
controls without RVs. We then calculated Odds Ratios (ORs), P-value,
and 95% confidence interval (CI) using Fisher’s exact test in the R base
package. Similar enrichment analysis was also conducted for RVs
stratified by functional annotations and constraint scores.

SNP heritability estimation within GWAS risk loci and genetic
correlation
We applied stratified LD score regression (v1.0.1) to cancer and non-
cancer GWAS results to assess the enrichment of heritability attribu-
table to 5′aQTLs and eQTLs within GWAS risk loci. Briefly, genome-
wide association study (GWAS) summary statistics for each trait were
first converted into the sumstats format using the script munge_sum-
stats.py. To ensure allele alignment between our summary statistics
and the reference data used for LD score estimation, we restricted
analyses to HapMap3 SNPs with the option --merge-alleles
w_hm3.snplist, where w_hm3.snplist contains the list of SNPs and cor-
responding alleles. SNP heritability was then calculated from the for-
matted sumstats files using pre-computed ancestry-matched LD
scores, obtained from the LDSC website.

Enrichment of molecular QTLs within GWAS risk loci
We used fgwas (v.0.3.6) to assess the enrichment of molecular QTLs
withinGWAS risk loci. Briefly, GWAS lociwere annotated as 5′aQTLs (or
eQTLs) in a binary manner. We considered all molecular QTLs that
were significant (FDR < 5%). fgwas then constructed a hierarchical
Bayesian model to estimate the enrichment effects of different mole-
cular annotations within GWAS loci.

Colocalization of 5′aQTL and eQTL with GWAS signal
We collected well-curated GWAS summary statistics for 84 traits/dis-
eases (Supplementary Data 4) from the UK Biobank and the literature.
Colocalization analysis of 5′aQTL and GWAS signals was conducted
with Coloc (v5.2.3) software49. In detail, Coloc uses the approximate
Bayes factor test approach and calculates five posterior probabilities
(PP0-PP4) representing five hypotheses: PP0, the posterior prob-
abilities of the null model of no association; PP1, the posterior prob-
abilities that causal SNPs are associated with GWAS signals only; PP2,
the posterior probabilities that causal SNPs are associated with 5′
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aQTLs only; PP3, the posterior probabilities that causal SNPs of GWAS
signals and 5′aQTLs are independent; PP4, the posterior probabilities
of GWAS signals and 5′aQTLs share causal SNPs. In the current study,
we consider a significant colocalization event if PP4 >0.75 and PP4/
(PP4 + PP3) > 0.9, as also used in our previous study35.

Building 5′aTWAS model
We used FUSION50 to construct a 5′aTWAS model between ATTSS
phenotypes and individual-matched WGS genotype data. Known cov-
ariates, the same as used in 5′aQTL mapping, including sex, PCR,
platform, and hidden covariates calculated from PEER, were used to
residualize DTUI values. Residuals of DTUI values were then used to
train the cross-tissue 5′aTWAS models, along with the corresponding
genotype data. Prediction models with a heritability of Bonferroni-
corrected P <0.05 were used for 5′aTWAS analysis. For model con-
struction and downstream TWAS analysis, LD was obtained from the
1000 Genomes Project European ancestry reference panel. To ensure
ancestry matching, only European-ancestry individuals in GTEx (iden-
tified by genotype principal component analysis) were included for
model training.

Applying 5′aTWAS prediction models to GWAS summary
statistics
We applied our 5′aTWASmodels to the 84 sufficiently powered GWAS
summary statistics (Supplementary Data 7) used for colocalization
analysis in the current study. Variants inGWAS summary statisticswere
filtered to remove variants with minor allele frequency less than 0.01,
indels, and all variants with ambiguous ref/alt alleles using the LDSC
software. We then applied 5′aTWAS models to all the cleaned GWAS
summary statistics data to associate the ATTSS with disease risks.

Cell culture
HEK 293 T (GNHu44) cells were purchased from the Cell Bank of the
Type Culture Collection at the Shanghai Institute of Biochemistry &
Cell Biology, Chinese Academy of Science and HEK 293 T and MCF-7
cells were maintained in high-glucose DMEM (Thermo Fisher Scien-
tific) containing 10% FBS (VISTECH) and 1% penicillin/streptomycin
(Thermo Fisher Scientific). MCF-10A (ATCC-originated) were main-
tained inMammary Epithelial Basal Medium (Thermo Fisher Scientific)
with 10% FBS (VISTECH), 20 ng/ml Epidermal Growth Factor (Thermo
Fisher Scientific), 100 ng/ml cholera toxin (Sigma-Aldrich), and 1%
Penicillin/Streptomycin (Thermo Fisher Scientific). No mycoplasma
contamination was detected during cell culture.

Rapid amplification of cDNA ends
To investigate the impact of alternative alleles on tandem TSS usage,
the promoter ofOSGEP (-1 ~ 1724 bp) with reference alleles (rs3120064
C) or alternative alleles (rs3120064 A) was inserted into hPGK-
luciferase (Addgene 19360) by replacing the hPGK promoter. To
minimize the impact of other promoters, we deleted the PGK-
puromycin sequence. All constructs were validated by Sanger
sequencing. Viruses were harvested from HEK293T cells transfected
with the indicated plasmid and the packaging plasmids pMD2G and
psPAX2 using PEI MAX transfection reagents (Polysciences), con-
centrated, and titrated.MCF-7 andHEK293T cellswere transfected at a
calculated MOI of 0.8 with eight µg/ml polybrene (Thermo Fisher
Scientific) for 16 hr at 37 °C. Three days post-infection, cells were col-
lected for RNA and DNA extraction. The full length of 5′UTR ofOSGEP
was identified and amplified from the total RNA of MCF-7 cells, which
were infected with the indicated plasmid, by 5′-RACE using Template
Switching RT Enzyme Mix (NEB, M0466S) following the manu-
facturer’s protocol. Partial RACE-PCR products were separated on a 2%
agarose gel for gel detection, and others were extracted by M5 Hiper
Gel Extraction Kit (Mei5bio) for Next-generation sequencing (NGS).
The primers used for 5′-RACE are listed in Supplementary Data 8.

Luciferase reporter assay
To investigate the impact of alternative 5′ UTR sequence on transla-
tion, longer and shorter versions of 5′ UTRs were inserted into
psiCHECK-2 Vector (Promega, catalog no. C8021) for Dual-Luciferase
assay. Briefly, the 5′UTR of interest was cloned downstreamof an HSV-
TK promoter and upstreamof the Firefly luciferase ORF. All constructs
were validated by Sanger sequencing. HEK293T cells were seeded in
24-well plates at a density of 30 ~ 40%, and 500 ng of the indicated
plasmid was transfected using PEI MAX transfection reagents. Renilla
and Firefly luciferase activities were measured two days post-
transfection using the Dual-Luciferase Reporter 1000 Assay System
(Promega) on a BioTek Synergy H1 plate reader with whole waveband.

To investigate the impact of an alternative allele on translation,
the promoter of OSGEP (-1 ~ 1724 bp) with reference allele (rs3120064
C) or alternative allele (rs3120064 A) was inserted into the psiCHECK-2
Vector by replacing the SV40 promoter, Renilla luciferase, andHSV-TK
promoter, upstream of the Firefly luciferase ORF. HEK293T cells were
seeded in 24-well plates at a density of 30 ~ 40%, and 500 ng of the
indicated plasmid was transfected using PEI MAX transfection
reagents. Two days post-transfection, Firefly luciferase activity was
measured using the Dual-Luciferase Reporter 1000 Assay System
(Promega) on a BioTek Synergy H1 plate reader with a whole-
wavelength range. Genomic DNA was extracted from the same
lysate, and firefly luciferase DNA levels were measured by qRT-PCR
analysis to standardize firefly luciferase activity. All the primer
sequences are listed in Supplementary Data 8.

To evaluate the impact of uORF residing in the long 5′UTR, on the
translation of OSGEP, we constructed two vectors containing the wild-
type uORF (uORF+) (atgtgcaagagggaaaaaaacagtggagaaggctgggctggacc
acgggaaagagataggaaaacggatacgaatgtaaggcacagagttggctcggcgtccctgg
cagttaggaagacaggtccctggaggggccttggcgggtctccgctcgcgggagttccgcg
gtgtctttcccagtgctatctgcaggctggccagcttcctctgcgctccggaaagctgcggcc-
cagcgcggactag) and the mutant uORF (uORF-), respectively. uORF+

vector was constructed with the long UTR sequence and luciferase;
uORF- vector was constructed with the long UTR sequence with a
mutation (to disrupt the start codon sequence of the uORF) and was
inserted into psiCHECK-2 Vector. Both constructs were validated by
Sanger sequencing. HEK293T cells were seeded in 24-well plates at a
density of 30 ~ 40%, and 500ng of indicated plasmid was transfected
by using PEI MAX transfection reagents. Two days post-transfection,
Renilla and Firefly luciferase activities were measured using the Dual-
Luciferase Reporter 1000 Assay System (Promega) on a BioTek
Synergy H1 plate reader with full waveband.

DNA and RNA preparation
Genomic DNA was extracted with the TIANamp Genomic DNA Kit
(DP304, TIANGEN) for DNA analysis. For RNA analysis, total RNA was
extracted with Quick-RNA™ Miniprep Kit (cat#: R1055; Zymo
Research), followed by cDNA synthesis with Template Switching RT
EnzymeMix (YNEB,M0466S). Quantitative RT-qPCRwas performed in
a Real-Time PCR system (Bio-Rad) using SYBR Green Supermix. The
primer sequences used are listed in Supplementary Data 8.

Cell colony formation assay
Cell colony formation assay was performed as previously described.
2000MCF-7 cells were seeded into 12-well plates for long-termculture
for approximately 2 weeks. The cultured cells were then washed with
PBS and fixed with 4% paraformaldehyde for 20min. Subsequently,
they were stained with 0.1% crystal violet (Sangon Biotech, cat #:
A600331-0025) for 20min at room temperature. Colony counting was
performed using ImageJ.

Lentivirus preparation and titration
To construct lentiviral vectors expressing sgRNA targeting OSGEP,
sgNTC, or other sgRNA, corresponding sgRNA oligonucleotides
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(Supplementary Data 8) were inserted into the cloning site of lenti-
CRISPRv2 (Addgene, #52961) following the manufacturer’s instruc-
tions. To construct lentiviral vectors expressing shRNA targeting E2F4,
the corresponding shRNA oligonucleotides (Supplementary Data 8)
were inserted into the cloning site of pLKO.1 (Addgene, # 10878) fol-
lowing the manufacturer’s instructions. To construct lentiviral vectors
expressing OSGEP, the corresponding cDNAs were amplified by PCR
and cloned into hPGK-luciferase (Addgene 19360) by replacing the
hPGK promoter with the EF1α promoter. Lentivirus was packaged as
previously described. For virus titration, viruses were tested by
counting the cell clones after puromycin selection.

DNA and RNA preparation
Genomic DNA was extracted with the TIANamp Genomic DNA Kit
(DP304, TIANGEN) for DNA analysis. For RNA analysis, total RNA was
extracted with Quick-RNA™ Miniprep Kit (cat#: R1055; Zymo
Research), followed by cDNA synthesis with Template Switching RT
EnzymeMix (YNEB,M0466S). Quantitative RT-qPCRwas performed in
a Real-Time PCR system (Bio-Rad) using SYBR Green Supermix. The
primer sequences used are listed in Supplementary Data 8.

RNA sequencing library construction
To investigate the impact of E2F Transcription Factor 4 (E2F4) on
tandem TSS usage of the OSGEP promoter, MCF-7 cells were trans-
fected with shE2F4 and the corresponding control shRNA. After pur-
omycin selection, total RNA was extracted using the Quick-RNA™
Miniprep Kit (cat#: R1055; Zymo Research) according to the manu-
facturer’s protocol. After total RNA was quantified using a Fragment
Analyzer (Advanced Analytical), 1–2 µg of total RNA was used to pre-
pare a sequencing library with a TruSeq RNA Sample Preparation Kit
(Illumina) according to the manufacturer’s protocol.

RNA sequencing data processing
The raw RNA sequencing readswere subjected to quality control using
FastQC to assess sequencing quality metrics. Adapter sequences and
low-quality bases were trimmed using TrimGalore (v0.6.6), with
default parameters. Cleaned reads were aligned to the human refer-
ence genome (GRCh38) using STAR (v2.7.3a). Only uniquely mapped
reads were retained for downstream analyses. Gene-level expression
quantification was performed using RNA-SeQC (v2.4.3), generating
read count and normalized expression estimates based on GENCODE
gene annotations (v38). Standard quality control metrics, including
mapping rate, rRNA content, and gene body coverage, were evaluated
to ensure data integrity. In parallel, the RNA-seq data in K562 cell lines
with MAZ knockdown (ENCSR129WCZ) and three controls
(ENCSR126QVF, ENCSR109YDL, and ENCSR287SHU) aligned to the
human reference genome hg38 were downloaded from the ENCODE
database, and further gene-level quantification was performed with
RNA-SeQC.

Prime editing of rs3120064 in the promoter of OSGEP
To investigate the impact of alternative alleles on tandemTSS usage of
the OSGEP promoter in vivo, we firstly cloned the lentiV2-EFS-nCas9/
RT (PEmax) plasmid. We first excised the U6-sgRNA cassette from the
lentiCRISPR v2 plasmid (Addgene, #52961) and replaced the Cas9
cassette with an nCas9/MMLV-RT cassette (sequence from the pCMV-
PEmax plasmid (Addgene, #174820)). Subsequently, we cloned prime-
editing guide RNAs (pegRNAs) into the lentiV2-pegRNA vector back-
bone (Supplementary Data 8). MCF-7 cells were seeded in 24-well
plates at a density of 12,500 cells per well and co-infected with the
PEmax and pegRNA lentiviral vectors. Following infection, transduced
cellswere enrichedbyfluorescence-activated cell sorting (FACS) based
on dual positivity for mCherry and EGFP. Cells were then cultured for
six weeks post-infection before harvest.

To assess prime editing efficiency, genomic DNA was extracted
from the harvested cells, and the target genomic lociwere amplifiedby
PCR from the purified DNA for next-generation sequencing (NGS)
analysis. Briefly, sequencing libraries were prepared using a two-step
PCR protocol. The NGS primers are listed in Supplementary Data 8.

Construction of the 5′aQTL-atlas website
We developed a web-accessible database, the 5′aQTL Atlas (https://
bioinfo.szbl.ac.cn/5aQTLatlas), as a comprehensive resource for
alternative tandem transcription start site (TSS) events and their
associated genetic variants. All 5′aQTL data spanning 49 normal
human tissues and 33 tumor types are stored in a MySQL database.

The web interface was implemented using Vue 3 with TypeScript,
built with Vite. UI components were provided by PrimeVue and Ant
Design Vue. IGV.js was used for genome browser visualization. The
backend API was implemented in Python using Flask and deployed on
an Ubuntu Linux server with Apache HTTP Server.

The 5′aQTL Atlas provides an interactive environment for
exploring tissue-specific 5′aQTLs and their potential disease associa-
tions. Users can search and browse data by gene name or genetic
variant and visualize results through an integrated genome browser.
The platform also supports querying colocalization results between 5′
aQTLs and GWAS signals, with visualization via locus-level plots. In
addition, users can download DTUI profiles and summary statistics for
5′aQTLs across tissues in batchmode. The database is freely accessible
without registration or login requirements.

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

Data availability
The raw data from the GTEx project V8 used in this study are available
at the database of Genotypes and Phenotypes (dbGaP) under acces-
sion number phs000424.v7.p2 [https://www.ncbi.nlm.nih.gov/
projects/gap/cgi-bin/study.cgi?study_id=phs000424.v7.p2]. The can-
cer transcriptome and genotype data of The Cancer Genome Atlas
(TCGA) are available from the Genomic Data Commons (GDC) Data
Portal (https://portal.gdc.cancer.gov/). GWAS summary statistics are
from NHGRI–EBI GWAS catalog (https://www.ebi.ac.uk/gwas/), UK
Biobank GWAS (http://www.nealelab.is/uk-biobank/), FinnGen
(https://www.finngen.fi/en), and JENGER (http://jenger.riken.jp), with a
complete list of GWAS summary statistics in Supplementary Data 4.
RNA-seq data in K562 cell lines were downloaded from ENCODE
(https://www.encodeproject.org/) under accession numbers:
ENCSR129WCZ, ENCSR126QVF, ENCSR109YDL, and ENCSR287SHU.
The RNA-seq data generated in this study have been deposited in the
GEO database under accession code GSE311085. The data described in
this study are freely available for querying, visualizing, and down-
loading at https://bioinfo.szbl.ac.cn/5aQTLatlas/, a website portal
dedicated to 5′aQTL. Source data are provided in this paper.

Code availability
Code for detecting and quantifying alternative tandem TSS events is
available on GitHub (https://github.com/ZhaozzReal/DATTSS). Codes
used for the analyses presented in this paper are available on GitHub
(https://github.com/Xu-Dong/5aQTL)51 and Zenodo (https://doi.org/
10.5281/zenodo.21287300).
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