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Following synthesis, RNA can be modified with over 100 chemically distinct modifications, which can potentially regulate

RNA expression post-transcriptionally. Pseudouridine (Ψ) was recently established to be widespread and dynamically reg-

ulated on yeast mRNA, but less is known about Ψ presence, regulation, and biogenesis in mammalian mRNA. Here, we

sought to characterize the Ψ landscape on mammalian mRNA, to identify the main Ψ-synthases (PUSs) catalyzing Ψ for-

mation, and to understand the factors governing their specificity toward selected targets. We first developed a framework

allowing analysis, evaluation, and integration of Ψ mappings, which we applied to >2.5 billion reads from 30 human sam-

ples. These maps, complemented with genetic perturbations, allowed us to uncover TRUB1 and PUS7 as the two key PUSs

acting on mammalian mRNA and to computationally model the sequence and structural elements governing the specificity

of TRUB1, achieving near-perfect prediction of its substrates (AUC = 0.974). We then validated and extended these maps

and the inferred specificity of TRUB1 usingmassively parallel reporter assays in which wemonitoredΨ levels at thousands of

synthetically designed sequence variants comprising either the sequences surrounding pseudouridylation targets or system-

atically designed mutants perturbing RNA sequence and structure. Our findings provide an extensive and high-quality

characterization of the transcriptome-wide distribution of pseudouridine in human and the factors governing it and provide

an important resource for the community, paving the path toward functional and mechanistic dissection of this emerging

layer of post-transcriptional regulation.

[Supplemental material is available for this article.]

Following synthesis, RNA can be modified with over 100 chemi-
cally distinct modifications (Machnicka et al. 2013), each cata-
lyzed by one or more dedicated and often highly conserved
(Anantharaman et al. 2002) enzymes. In an analogous manner
to modifications occurring post-synthesis on proteins (e.g., phos-
phorylation, ubiquitination) or on DNA (e.g., 5-methylcytosine),
chemical modifications on RNA—and particularly within
mRNA—harbor the potential of regulating the complex life cycle
of mRNAs.

Pseudouridine (Ψ), the first RNA modification to be uncov-
ered, is also the most ubiquitous modification on RNA. Ψ forma-
tion is catalyzed by diverse pseudouridine synthases (PUSs),
which break the carbon-nitrogen bond of uridine and create a car-
bon-carbon bond by attaching the C5 position of the cleaved uri-
dine to the ribose (Charette and Gray 2000). PUSs can either act in
a site-specific manner, by directly recognizing their substrates, or
can be guided to their targets via H/ACA box snoRNAs (Charette
and Gray 2000; Spenkuch et al. 2014; McMahon et al. 2015).

For decades, Ψ was studied only within a very limited set of
RNAs (almost exclusively in tRNA, rRNA, and snRNA) whose
high expression levels had facilitated the biochemical identifi-
cation of Ψ. Recently, three groups, including our own, have

established methodologies for mapping Ψ in a transcriptome-
wide manner, relying on a conceptually similar approach, of gen-
erating an RNA-seq library following pretreatment of RNA with
a N-cyclohexyl-N′-(β-[N-methylmorpholino]ethyl)carbodiimide
p-toluenesulfonate salt (CMC) which selectively binds to Ψ and
presents a barrier to reverse-transcription. Following library gener-
ation and sequencing, modified sites are characterized by a pileup
of reads beginning 1 nt downstream from theΨ site. These studies
have revealed that, rather than being present only on tRNA, rRNA,
and snRNA, Ψ is widespread, and dynamically regulated, on yeast
mRNA (Carlile et al. 2014; Lovejoy et al. 2014; Schwartz et al.
2014), where it is catalyzed by at least four distinct PUSs.

Two of these groups (Carlile et al. 2014; Schwartz et al. 2014),
along with a later study (Li et al. 2015), mapped Ψ in human sam-
ples, where they collectively identified thousands of putative Ψ
sites. However, because measurements of Ψ rely on the presence
of reads at a single nucleotide (and cannot be aggregated over an
entire gene, as for example, in RNA-seq), ultradeep coverage is re-
quired to obtain robust and accuratemeasurements for siteswithin
mRNAs (Schwartz et al. 2014). The limitations in achieving such
depth for the majority of sites within mRNA can give rise to a

5These authors contributed equally to this work.
Corresponding author: schwartz@weizmann.ac.il
Article published online before print. Article, supplemental material, and publi-
cation date are at http://www.genome.org/cgi/doi/10.1101/gr.207613.116.

© 2017 Safra et al. This article is distributed exclusively by Cold Spring Harbor
Laboratory Press for the first six months after the full-issue publication date (see
http://genome.cshlp.org/site/misc/terms.xhtml). After six months, it is avail-
able under a Creative Commons License (Attribution-NonCommercial 4.0 Inter-
national), as described at http://creativecommons.org/licenses/by-nc/4.0/.

Research

27:393–406 Published by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/17; www.genome.org Genome Research 393
www.genome.org

mailto:schwartz@weizmann.ac.il
mailto:schwartz@weizmann.ac.il
mailto:schwartz@weizmann.ac.il
http://www.genome.org/cgi/doi/10.1101/gr.207613.116
http://www.genome.org/cgi/doi/10.1101/gr.207613.116
http://genome.cshlp.org/site/misc/terms.xhtml
http://genome.cshlp.org/site/misc/terms.xhtml
http://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/site/misc/terms.xhtml


substantial number of both false negatives and false positives (see
also below).

Obtaining accurate maps of Ψ in the human transcriptome is
crucial for addressing fundamental questions pertaining to human
mRNA pseudouridylation and its potential roles in post-transcrip-
tional regulation of RNA. Key questions of interest in this context
are understanding which of the 13 PUSs in human have which
mRNA substrates, and which is of particular interest, as mutations
in at least three human PUSs underlie various diseases, including
mitochondrial myopathies and intellectual disability (Heiss et al.
1998; Bykhovskaya et al. 2004; Fernandez-Vizarra et al. 2009;
Shaheen et al. 2016). An additional critical question is unravelling
the sequence and structural elements collectively defining the
specificity of enzymes toward their targets. Elucidation of the
code governing catalysis of Ψ at their targets is critical to allowing
interpretation of how mutations, such as in a disease-related con-
text, impact mRNA pseudouridylation. Understanding substrate
specificity can further provide important insight into how the
presence and levels of Ψ at individual sites can be differentially
tuned between different conditions and cell types.

Here, we sought to obtain high-confidence maps of Ψ on
mammalianmRNA, to identify themain PUSs catalyzingΨ forma-
tion, and to understand the factors governing their specificity to-
ward their targets. We established a computational pipeline for
integrating >2.5 billion reads from 30 available pseudouridine
mapping experiments in human, to identify reproducibly detected
putative Ψ sites. These maps, complemented with genetic pertur-
bations, allowed us to uncover TRUB1 and PUS7 as the two key
PUSs collectively accounting for pseudouridylation at ∼60% of
high-confidence pseudouridylation sites in human and to compu-
tationally model the sequence and structural elements governing
the specificity of TRUB1. We validate these maps and the inferred
specificity of TRUB1 using massively parallel reporter assays
(MPRA) in which we monitor Ψ levels at thousands of syntheti-
cally designed sequence variants comprising either wild-type
(WT) sequences surrounding pseudouridylation targets or careful-
ly designed mutants perturbing the RNA sequence and structure.
Our study broadly and extensively characterizes the transcrip-
tome-wide distribution of pseudouridine on mammalian mRNA
and the key enzymes catalyzing its formation and provides high-
quality maps of Ψ in mammals to the community. We expect
that these will facilitate functional and mechanistic dissection of
this emerging layer of post-transcriptional regulation.

Results

Identification and integration of putative Ψ sites

from multiple data sets

To characterize the Ψ landscape in humanmRNA, we began by re-
analyzing >2.5 billion reads (or read pairs) from three available
data sets harboring transcriptome-wide mappings of Ψ in human
cell lines. The first data set, previously produced by us (Schwartz
et al. 2014), comprised eight samples fromHEK293 cells and fibro-
blasts. The second data set, by Carlile et al. (2014), comprised nine
samples in HeLa cells grown under WT or serum starvation condi-
tions. The third data set, by Li et al. (2015), comprised 13 samples
in HEK293 cells under a range of conditions/perturbations.

We generated a computational pipeline to allow analysis,
evaluation, and integration ofΨmappings from these diverse sam-
ples across multiple data sets (Fig. 1A; Methods). This pipeline im-
plements a three-tiered analysis, beginning with an analysis of

CMC-treated and untreated sample pairs (sample level), followed
by integration of multiple sample pairs (data set level). As a final
step, information from multiple data sets is integrated. Ψ level es-
timates and QC metrics are derived at the different levels, includ-
ing: (1) the Ψ-ratio, quantifying the number of reads in which
reverse-transcription terminated at the site divided by the overall
number of reads overlapping it; in the presence of sufficient se-
quencing depth, this ratio is in excellent correlation with actual
Ψ stoichiometries (Schwartz et al. 2014); (2) quality ofΨmapping,
estimated based on strength of signal at known Ψ sites in rRNA,
measured via the area under the curve (AUC) value capturing the
tradeoff between sensitivity and specificity; and (3) a lower bound
on the false detection rate (mFDR), estimated by assessing the pro-
portion of sites passing the thresholds at each level that do not har-
bor a uridine and hence are, by definition, false positives.

Application of this pipeline to the three above-defined data
sets identified varying numbers of sites across the data sets, with
858, 32,105 and 58,412 sites identified in the data sets of
Schwartz et al., Carlile et al., and Li et al., respectively (Fig. 1B;
Supplemental Fig. S1A; Supplemental Table S1). Across at least
two data sets, 1386 sites were shared, 91 of which were common
to all three (Fig. 1B). This relatively low overlap likely reflects, in
part, technical aspects, including the varying quality of the data
sets as assessed using the known rRNA sites (Supplemental Fig.
S1A,B) and variability in read distribution stemming from low
read-counts that can give rise to a high false discovery rate at all lev-
els of analysis (Supplemental Fig. S1A) and to both false positives
and false negatives (Supplemental Fig. S1C,D). In addition, the
low overlap may also reflect biological variability between the dif-
ferent samples, which originate from distinct cell lines and/or
growth conditions.

Reassuringly, our analyses indicate that the false detection
rate is dramatically reduced at sites that are reproducibly detected
across multiple samples and data sets. To evaluate this, we divided
all sites into one of five confidence bins: “lowest,” if the site
was detected in two samples in a single data set; “low,” if it was de-
tected in three samples in a single data set; “medium,” if it was
detected in >3 conditions in a single data set; “high,” if it was de-
tected in two data sets; and “highest,” if it was detected across all
three data sets. Examining the proportion of sites harboring a U
as a lower boundary on false detection rate, we found that, while in
the lowest bin >40%of the sites had a nucleotide other than aU, in
the “high” confidence bin, 1184/1295 (91.4%) harbored a U, and
in the “highest” bin, all but a single site (90/91, 99%) harbored a
U (Fig. 1C). Confidence in these consistently identified positions
in the “highest” bin was further boosted by using known sites in
tRNAs as a positive control: The “highest” bin comprised 14 posi-
tions in tRNA, 13 of which were at positions known to undergo
pseudouridylation (positions 14, 28, and 55 of various tRNAs),
and one (at position 54 of valine tRNA) likely reflects a “stuttering”
effect of RT termination at CMC-bound sites (Bakin andOfengand
1998). Thus, the reproducibly detected sites represent a stringently
defined subset of pseudouridylation sites with a very low false pos-
itive rate (albeit presumablywith ahigh false negative rate), provid-
ing the opportunity to explore and characterize this high-
confidence subset of the human pseudouridylation landscape.

Two dominant sequence motifs are present at Ψ sites

PUSs are guided to their targets via specific sequence and/or struc-
tural motifs. As a first step toward uncovering which PUSs catalyze
Ψ onmammalianmRNA, we focused on deciphering the sequence
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Figure 1. Detection and sequence analysis of Ψ sites across experimental data sets. (A) Scheme outlining computational approach for detection and
integration of Ψ sites from multiple samples and data sets. For each sample pair, consisting of CMC-treated and untreated (input) samples in a specific
data set, genomicmappings of reads are first cast onto transcriptome coordinates, followingwhich a set ofΨmetrics is computed for each site, comprising
the total number of reads terminating and overlapping the site in the input and treated samples, theΨ-ratio (# terminating/# overlapping) for each of the
samples, and the Ψ fold-change (Ψ-ratio treated/Ψ-ratio untreated). Sites surpassing thresholds in terms of coverage, Ψ-ratio and Ψ fold-change are
flagged as putative Ψ sites. In parallel, QC metrics for the sample pair are derived, the most informative of which we found to be (1) area under the
ROC curve (AUC) values capturing the trade-off between sensitivity and specificity when overlapping the ranked set of detected sites (ordered based
on Ψ-ratio) in the 18S rRNA with the known set of modified sites, and (2) % of putative pseudouridylated sites harboring a U at detected site. For each
data set (harboring multiple sample pairs), all sites detected in any of the positions are first concatenated, following which Ψ metrics are recalculated
for all sites across all samples, in addition to summarizing metrics including the median Ψ-ratio and the number of samples in which evidence for pseu-
douridylation exists. Stringent filters are applied at this level, to identify sites that are reproducibly identified at high Ψ levels. (B) Venn diagram showing
extent of overlap between detected sites across the three analyzed data sets. (C) Fraction of putativeΨ sites harboring a U at the detected position (y-axis)
plotted as a function of confidence group, capturing both the number of samples and data sets in which the putative position was detected. The fraction of
sites not harboring a U is considered a lower bound on the false detection rate. (D) Sequence logos of the top motifs identified in the Schwartz et al. and
Carlile et al. data sets are depicted. (E) MedianΨ-ratios for sites harboring a PUS7, TRUB1, or other motif across the three data sets. (F) Fraction of putative
pseudouridylated sites comprising a TRUB1 (left) and PUS7 (right) motif, plotted for each confidence group (see panel C ).
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and structuralmotifs in the data set ofΨ positions.We developed a
clustering procedure that identifies, ranks, and clusters sequence
motifs based on their prevalence in a sample and on the pseudour-
idylation levels of targets harboring those motifs, such that motifs
are ranked higher with increasing frequency and pseudouridyla-
tion levels (Methods).

Applying this unbiased approach to each of the data sets re-
vealed two motifs to be the highest ranking motifs across all data
sets. The firstmotif consisted of a GUUCNANNC core and strongly
resembles the target of pseudouridylation by yeast Pus4, and the
second consisted of a UGUAGcore, strongly resembling the targets
of yeast Pus7 (Fig. 1D; Supplemental Fig. S1E). We refer to these
motifs as TRUB1 and PUS7 motifs, respectively, based on the
human homologs of these proteins, the functionality of which
we confirm below. Across all three data sets, sites harboring a
TRUB1 and PUS7 motif were pseudouridylated at significantly
higher levels than at sites lacking these motifs, with highest levels
achieved at TRUB1 motifs (Fig. 1E). Importantly, both TRUB1 and
PUS7 motifs were increasingly enriched in higher confidence bins
(Fig. 1F), with 39 of 70 (56%) Ψ sites on mRNA in the “highest”
confidence bin harboring a TRUB1 motif, and 3/70 (4%) sites har-
boring a PUS7motif, compared to <1% of both targets in the “low-
est” confidence bin. Thus, TRUB1 and PUS7 motifs collectively
account for 60% of all robustly identified sites in mRNA, establish-
ing them—and in particular TRUB1 motifs—as the dominant
pseudouridylated substrates in human mRNA.

Characterization and modeling of TRUB1 substrates

Why isΨ detected at only a fraction of the 14,381 sites harboring a
TRUB1 consensus sequence in the human transcriptome? And
what determinesΨ levels at TRUB1 targets? To address these ques-
tions, we assembled a data set of 91 test sites harboring the strin-
gently defined TRUB1 consensus sequence with evidence of
pseudouridylation in HEK293 cells based on the Schwartz et al.
data set. In addition, we defined a data set of 1587 control sites
that (1) harbored the TRUB1 consensus sequence, (2) lacked evi-
dence of pseudouridylation in the Schwartz et al. data set, and
(3) had at least 30 reads overlapping them, to ensure that lack of
detection of Ψ did not reflect a lack of data. We then compared
the test and control sites in terms of sequence and secondary struc-
ture features. Strikingly, we found that within the test sites, posi-
tions −3 to −6 with respect to the Ψ site, are highly likely to be
complementary to positions +7 to +10, respectively (Fig. 2A).
This effect was absent in the control sites. Along with invariable
position −2 (G) which is complementary to invariable position
+6 (C), the test sites are thus predicted to give rise to a hairpin,
consisting of a 5-bp stem and a 7-bp loop, with the Ψ site being
the second base in the loop (Fig. 2B). Of note, this local secondary
structure matches the one typically present at position 55 of
tRNA, where Ψ is catalyzed by Pus4, the yeast TRUB1 homolog
(Becker et al. 1997; Gu et al. 1998; Hoang and Ferré-D’Amaré
2001). Thus, our data strongly suggest that this stem and
loop structure can form on mRNA and is sufficient for mRNA
pseudouridylation.

On the basis of this observation, we defined several variables
capturing the secondary structure, including the predicted free en-
ergy of the binding and the number of bases undergoing base-pair-
ing, in addition to individual binary variables capturing the base-
pairing propensity between each set of positions in the stem
(equaling 1 if the positions form C/G or A/T pairs, 0 otherwise)
(Methods). Further comparison between the test and control sites

revealed additional sequence characteristics of pseudouridylated
sites including a preference for a G at position −3 and for a pyrim-
idine at position +5.

These features, derived solely based on sequence and predict-
ed secondary structure, are sufficient to provide accurate pre-
dictions on whether a site will undergo pseudouridylation. A
logistic regression model integrating these features and trained
to predict pseudouridylation state attained an AUC value of 0.97
(where 1 reflects perfect separation between targets and nontar-
gets, whereas 0.5 reflects random separation), indicating that the
model is both highly sensitive and specific (Fig. 2C). The features
capturing the secondary structure were the most informative
ones, among which the most informative feature was the number
of complementary bases in the stem, which in itself was sufficient
for training a classifier with an AUC of 0.9 (Fig. 2D).We further
found that, although themodel was designed to predict pseudour-
idylation state, the probabilities assigned by the model correlated
with pseudouridylation levels, such that sites with higher likeli-
hoods of being pseudouridylated had stronger Ψ-ratios (Fig. 2E).
As levels of pseudouridylation were not used in the training of
the model, this result strongly argues for its biological relevance,
i.e., that the features captured by the model are also “perceived”
by TRUB1.

The near-perfect separation between the positive and nega-
tive set of sites achieved by the model (Fig. 2F) argues that pseu-
douridylation by TRUB1 is determined almost exclusively at the
cis level and that the combination of sequence and structural ele-
ments identified here are both necessary and sufficient for acquisi-
tion of pseudouridylation. Nonetheless, the model assigned low
probabilities of pseudouridylation to a number of sites that are
pseudouridylated to high levels (Fig. 2F). Examination of these ex-
ceptions found them to be in a context predicted to fold into var-
iations of the consensus stem–loop structure. In one case, the 7-bp
loopwas extended to 8 bp (Fig. 2G) and in another reduced to 6 bp
(Fig. 2H) and hence not accurately predicted by the model. We
found other cases in which base-pairing at some of the positions
in the stem was abolished but compensated by an overall longer
stem (Fig. 2I–L). Inmany of the cases, we further observed a poten-
tial for G-U base-pairing in the stem, often also compensated by a
longer stem (Fig. 2H–L). Thus, these exceptions reinforce the
requirement for both the stem and the loop for achieving pseu-
douridylation and suggest various layers of flexibility in their
formation.

Validation of pseudouridylation maps using massively

parallel reporter assays

To comprehensively validate the putative pseudouridylated posi-
tion and to allow direct assessment of the factors contributing to
their specificity, we employed massively parallel reporter assays.
Specifically, we designed 6411 sequence variants comprising 65
nt surrounding a putative pseudouridylated site, alongwith a large
set of carefully designed counterparts, designed to systematically
impact the sequence and secondary structure surrounding the pu-
tative sites. Each of these sequences further comprised a unique 8-
nt barcode and common adapters on both ends (Supplemental
Table S2). These pooled sequences were cloned as 3′ UTR elements
downstream from an arbitrarily selected gene (Fig. 3A). To ensure
obtaining adequate sequence coverage for each of the sequence
variants, we developed a targeted version ofΨ-seq, relying on con-
struct-specific primingof reverse-transcription (Methods) that pro-
vided readouts of Ψ levels exclusively within the constructs (Fig.
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3B). Using this strategy, relatively shallow sequencing depth
(∼2–20M reads) yielded deep coverage for the vastmajority of con-
structs, with 98.5% of the constructs covered by >200 reads.

Confirming the validity of this approach, we found that pseu-
douridylation within the constructs occurs precisely at the endog-
enouspositionbut is completely abolishedusing sequencevariants

Figure 2. Characterization and modeling of TRUB1 sites. (A) Heat map depicting proportion of sites comprising a TRUB1 consensus sequence in which
the indicated pairs of positions (labeledwith respect to theΨ position) are complementary to each other. This analysis was performed separately for 92 sites
harboring a GUUCNANNCmotif with evidence of pseudouridylation in HEK293 cells (Methods) and for 1587 control sites harboring the same consensus
sequence but lacking evidence of pseudouridylation. Only varying positions are depicted, hence excluding positions −2, −1, 0, 1, 3, and 6. (B) Hairpin
predicted to formbased on complementarity identified in A. (C) Receiver-operator curves (ROCs) for distinctmodels predicting the likelihood of a site being
a TRUB1 substrate based either on predicted free energy of secondary structure calculated for a sequence of 24 bases surrounding the putative Ψ site, the
number of complementary bases in the stem (a value from 1 to 4), or a linear combination of all of the features shown in D. (D) Area under the ROC curve
(AUC) values shown for prediction of pseudouridylation status based on indicated features. (E) Distribution of Ψ-ratios across four classes of sites, divided
according to the logistic regression-based probability of being pseudouridylated. (F ) All 1679 TRUB1 consensus-containing sites with sufficient coverage
are ranked based on their logistic score and color-coded as indicated based on whether pseudouridylation was detected experimentally. (G–L) Predicted
secondary structure of indicated sites that harbor a TRUB1 consensus sequence and are reproducibly detected as pseudouridylated, yet obtain very low
logistic regression-based scores of undergoing pseudouridylation. Canonical base pairs are joined by a line; noncanonical G-U pairs are joined by a dot.
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in which the pseudouridylated position is point-mutated to a “C”
(Fig. 3C). Moreover, no evidence for termination of reverse-tran-
scription at the pseudouridylated site is present in the untreated
(CMC-) samples, which were otherwise subjected to an identical

protocol (Fig. 3C). Furthermore, the quantification of Ψ levels in
this assay was highly reproducible (R = 0.93, P < 2.2 × 10−16) and
not impacted by the sequence-specific barcodes, asmeasured using
identical sets of sequences differing only in their barcode (Fig. 3D).

Figure 3. Establishment of massively parallel reporter assay and validation of selected targets. (A) Thousands of sequence variants surrounding pseudour-
idylated sites or mutated counterparts, each harboring a unique 8-nt barcode and flanked by an adapter set, are cloned downstream from a reporter gene
and transfected into cells. (B) Strategy employed for obtaining targeted readouts of pseudouridine within the constructs. Following CMC-treatment, total
RNA was reverse-transcribed using a construct-specific primer. A DNA adapter was subsequently ligated to the cDNA, and DNA was amplified using one
primer harboring complementarity to the adapter sequence and a second one downstream from the sequence employed for reverse-transcription
(Methods). (C) Ψ-ratios across a 70-nt window surrounding three endogenously pseudouridylated sites at TRUB1 targets, within the indicated genes.
In all three cases, the pseudouridylation is precisely recapitulated at the correct site in theWT, CMC-treated sample (upper panel) but completely eliminated
in the absence of CMC treatment (middle panel), or upon point-mutation of the pseudouridylated site (lower panel). (D) Scatterplot presenting the cor-
relation between Ψ-ratios measured for identical sequences (the set of 74 WT TRUB1 sites), differing only in their 8-nt barcode. (E) Correlation between
Ψ-ratios, as captured in themassively parallel reporter assay, and themedianmed-Ψ- ratios measured across the three large data sets analyzed in this study.
TRUB1 sites are defined as harboring a GTTCNANNC consensus, and TRUB1-like sites are defined as GTT[A/G/T]NANNC. The regression curve is plotted in
red for all TRUB1 and TRUB1-like sites, in black for all remaining sites. (F) Pie chart depicting the distribution of TRUB1, PUS7, and other consensus sequenc-
es throughout the 789 validated sites (left panel) and among all sites with Ψ-ratios > 0.1 (right panel).
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We then analyzed a set of 789 sites, comprising all “T”harbor-
ing sites in the “high” and “highest” confidence groups (i.e., repro-
ducibly detected in at least two of the three studies), excluding sites
within noncoding genes (tRNAs, snoRNAs, snRNAs). In 125 of 789
sites, we were able to recapitulate termination of reverse-tran-
scription in the constructs at relatively high rates (Ψ-ratio >0.1)
(Fig. 3E). Strikingly, the set of sites in which we could recapitulate
RT termination was strongly enriched for sequences containing
TRUB1 and PUS7 consensus sequences—these targets were present
at 86 of the validated targets (69%), compared to 19% across the
entire data set chosen for validation (Fig. 3F). Moreover, levels of
Ψ at TRUB1 targets were relatively well-correlated with the mea-
surements at the endogenous targets (R = 0.48, P = 6.2 × 10−7)
(Fig. 3E); This correlation was substantially poorer for non-
TRUB1-containing sequences (R = 0.19, P = 5.4 × 10−7). Collective-
ly, this experiment strongly suggests that the RNA sequence is suf-
ficient to direct specific levels of pseudouridylation at TRUB1
targets, and to a lesser extent at targets of PUS7. The fact that Ψ
at other putative targets was typically only recapitulated to low lev-
els, or not at all, in the reporter assays may either imply that the
regulation on the PUSs catalyzingΨ at these sites is more complex
or the presence of false positives among these sites.

Validating TRUB1 specificity using massively parallel

reporter assays

We next sought to systematically test the extent to which the var-
ious elements identified in our computational model are required
for achieving pseudouridylation. To this end, we first assembled a
data set of 74 TRUB1 targets, harboring all sites within mRNAs
comprising a GTTCNANNC motif identified in the Schwartz
et al. data set. On the basis of these targets we next systematically
point-mutated elements in the loop (Fig. 4A), perturbed and re-
stored complementarity in the stem region (Fig. 4B,C), and charac-
terized the constraints on loop length (Fig. 4D).

We began by measuring the extent to which each individual
nucleotide in the loop region and at the first stem position is re-
quired for pseudouridylation by systematically point-mutating
each nucleotide at each of these positions into every other nucle-
otide (Fig. 4A). Using this analysis, we were able to reconstruct
de novo the precise TRUB1 consensus sequence (Fig. 4E). This
analysis further highlighted sequence flexibility and constraints
not apparent in the consensus sequence, including a flexibility
at position +1, in contrast to the originally defined consensus se-
quence in which it is invariably a “C,” and a strong preference
for A and T at position +4 (Fig. 4E). Indeed, pseudouridylation is
apparent at sites containing nucleotides other than “C” at position
+1, as is apparent among the validated set of sites in the “high” and
“highest” confidence bins (TRUB1-like motifs ) (Fig. 3E).

We then systematically assayed the consequences of perturb-
ing the stem structure by abolishing the ability of each of positions
−2 to −6 to base-pair with their opposite sequences (+6 to +10, re-
spectively). Our results clearly indicate that the requirement for
base-pairing decreases as a function of distance from the loop,
with base-pairing of positions −2 and −3 being critical for pseu-
douridylation and more distant positions being of decreasing im-
portance (Fig. 4G).

As a complementary experiment, we next completely abol-
ished the ability of positions −2 to −6 to base-pair with their oppo-
site sequences. This completely abolished pseudouridylation (Fig.
4H). We then systematically restored base-pairing between an in-
creasing number of consecutive positions, beginning at position

−2. Pseudouridylation levels increased as a function of base-pair-
ing positions: While base-pairing only of position −2 was insuffi-
cient to achieve pseudouridylation, base-pairing of −2 and −3
was sufficient to achieve low levels of pseudouridylation, and these
increased continuously, achieving maximal levels when all of po-
sitions −2 to −7 could form base pairs with positions +6 to +11. Of
note, levels obtained at maximal complementarity of the stem
were even higher than the ones observed in the WT sequences,
in which the extent of complementarity is typically reduced.

To assess the impact of loop length, we next either decreased
the size of the loop to 6 nt or increased it to 8 or to 9 nt.
Pseudouridine levels were severely impacted by these perturba-
tions, albeit remaining higher than upon T→C point-mutation
of the pseudouridylated position (Fig. 4I). To assess whether a
stronger stem can compensate for an increased/decreased loop,
we assessed the impact of altering loop length in the set of con-
structs described above in which positions −2 to −7 are fully com-
plementary to positions +6 to 11 and which are pseudouridylated
to higher levels than WT. Indeed, this analysis revealed that pseu-
douridylation is achieved within such constructs when the loop is
expanded to 8 nt, but that only very low levels are obtained when
the loop is expanded to 9 bp or reduced to 6 (Fig. 4I). Thus, these
results demonstrate that a more stable stem can compensate for a
nonoptimal loop. More broadly, these systematic mutations com-
prehensively characterize the sequence and structural require-
ments required for pseudouridylation via TRUB1.

Genome-wide prediction and validation of TRUB1-dependent

Ψ sites

While experimental detection of all TRUB1 sites using Ψ-seq is
challenging because within any given cell type only a fraction of
the genes harboring a TRUB1 consensus site are expressed and
ultradeep coverage is required for reliable detection, our computa-
tional model provided an opportunity to predict TRUB1 substrates
at a genome-wide level.We applied our computationalmodel to all
14,381 sites in humanharboring a TRUB1 consensusmotif, and as-
signed each site a logistic score, predicting its susceptibility to
TRUB1-mediated pseudouridylation (Supplemental Table S3).

To validate the predictions by the model, we selected 250
sites, with predicted logistic scores uniformly distributed between
0 and 1 and that had not been identified as pseudouridylated in
the Schwartz et al. data set. We then used MPRA to measure pseu-
douridylation levels at each of these sites upon introduction into a
synthetic sequence environment.Weobtained a strong correspon-
dence between the predicted pseudouridylation scores and the
tested levels (R = 0.62, P < 2.2 × 10−16) (Fig. 4J), strongly supporting
the predictions made by the model.

To further validate the predictions by the model in an endog-
enous context, we next assessed whether we could find evidence
for pseudouridylation at sites predicted by the model (which had
been trained exclusively on the Schwartz et al. data set) in the
Carlile et al. and Li et al. data sets. A sitewas considered as validated
it if had been identified as a putative Ψ site in either of these two
data sets. Importantly, the model had been trained exclusively
based on Ψ data in HEK293 cells in the Schwartz et al. data set,
and for this analysis we eliminated all sites that had formed part
of the test group in training the above model. We observed a strik-
ing overlap between the model’s prediction and pseudouridyla-
tion state in these two data sets (Fig. 5A). Fifty-five percent (173/
317) of the sites predicted to be TRUB1 substrates (logistic score
> 0.9) had been identified as pseudouridylated in at least one of
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Figure 4. Validation of TRUB1 consensus motif using MPRA analysis. (A–D) Scheme of systematic mutations employed in this study, perturbing the se-
quence of the loop (A), individual positions in the stem structure (B), all positions in the stem structure along with compensatory mutations systematically
restoring complementarity (C), and the size of the loop (D). (E) Seventy-four sites containing a TRUB1 consensusmotif were systematically point-mutated at
each position. Boxplots capturing the distribution ofΨ-ratios across each of the 74 sites are depicted in each of the perturbations. (F) (Top panel) For each of
the indicated positions, we first extracted the median Ψ-ratio obtained using each of the 4 nt. The median Ψ-ratio for each of these nucleotides was then
divided by the sum of the Ψ-ratios across all 4 nt, to yield relative Ψ-ratios (summing up to 1, at each position). The height of each nucleotide at each po-
sition was then plotted in direct proportion to its relativeΨ-ratio. (Bottom panel) The sequence motif of TRUB1, as identified in Figure 1D, is plotted to ease
the comparison with the functionally defined motif. (G) Distribution of Ψ-ratios, following disruption of the base-pairing ability of each of the indicated
positions in the stem structure. The distribution forWT sequences is presented in comparison. (H) Distribution ofΨ-ratios following elimination and gradual
sequential restoration of the stem structure, beginning with zero complementary bases up to six complementary bases. (I) Distribution of Ψ-ratios follow-
ing extension (to 8 or 9 nt) or shrinking (to 6 nt) of loop length, either based on theWT TRUB1 sites (left), or based on variants with particularly strong stems
(right) of six consecutive base pairs. (J) Distribution of Ψ-ratios across 250 sites with varying logistic scores of TRUB1-mediated pseudouridylation. Twenty-
five sites were selected for each of 10 logistic score bins, ranging from 0 to 1. As controls, distributions of Ψ-ratios are shown also for 250 counterparts in
which we designed a T→C point-mutation at the pseudouridylated site.
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the two data sets. Conversely, of 12,750 predicted nontargets (lo-
gistic score < 0.1), only 62 (0.5%) had been identified as potentially
pseudouridylated in either of the two data sets.

TRUB1-dependent pseudouridylation of mRNA is conserved in

mouse tissues

To assess the extent to which features of TRUB1-mediated pseu-
douridylation are conserved between human and mouse, we ap-
plied the computational model to the mouse transcriptome and
generated predictions for 14,763 nonredundant sites containing
the TRUB1 consensus to which we applied the above logistic mod-
el.We then obtainedmeasurements forΨ-mapping in brain and in
liver (Li et al. 2015),whichwere analyzedusing the above-described
pipeline. As in human, the top motif identified de novo, using the
above-described unbiased motif detection scheme, was the TRUB1
motif, followed by a PUS7 -motif, although pseudouridylation at
the latter was more abundant (Supplemental Fig. S2A,B; see also
the Discussion). Correlating the Ψ predictions against the Ψ mea-
surements for 3688 sites for which sufficient read depth was avail-
able, we found that the human-derived computational model
predicting Ψ state was able to capture both whether and the extent
to which sites harboring a mouse TRUB1 consensus signal were
pseudouridylated (Fig. 5B,C). These findings further establish the
computational model, confirm that predictable TRUB1-dependent
pseudouridylation ofmRNA is not restricted to cell lines, and estab-
lish TRUB1-dependent mRNA pseudouridylation as evolutionarily
conserved between human and mouse.

TRUB1 and PUS7 catalyze formation of Ψ on human mRNAs

In human, there are 13 enzymes harboring a PUS domain, which
cluster—along with the yeast PUSs—into six families, consistent
with previous classifications (Fig. 6A; Gustafsson et al. 1996;
Koonin 1996). Yeast Pus4 and Pus7 both have two paralogs in hu-
man: TRUB1 and TRUB2 are homologous to yeast Pus4, and PUS7
and PUS7L are homologous to yeast Pus7 (Fig. 6A). To identify
which of these enzymes catalyzes Ψ at the sites harboring the
Pus4-like and Pus7-like consensus sequences, we knocked down
PUS7, TRUB1, and TRUB2 in HEK293 cells using siRNAs and ob-
tained globalmeasurements ofΨ levels usingΨ-seq; PUS7Lwas ex-
pressed at negligible levels in HEK293 cells and hence omitted
from this analysis. In all cases, we achieved >80% knockdown
(Supplemental Fig. S3A–D). We found that Ψ at sites harboring

the PUS7 consensus sequence was significantly reduced with re-
spect to WT following knockdown of human PUS7 (Paired t-test,
P = 1 × 10−3) (Fig. 6B). Conversely, performing a similar analysis
on sites harboring the TRUB1 consensus sequences, we found
that Ψ was dramatically reduced at these sites following knock-
down of TRUB1 (P = 4.8 × 10−15) (Fig. 6C) but not of TRUB2 (P =
0.07) (Fig. 6D). Putative sites lacking these motifs did not show
any decrease following knockdown of these factors (Supplemental
Fig. S3E). These results were further confirmed in an unbiased
analysis (not limiting the analysis a priori to sites harboring specif-
ic sequence motifs) which revealed that the overwhelming major-
ity of sites with a considerable and statistical drop in Ψ levels
following TRUB1 knockdown harbored a TRUB1 consensus se-
quence (Fig. 6E).

To further test the requirement of TRUB1 for catalyzing Ψ at
TRUB1 consensus sequences, we overexpressed TRUB1 and
TRUB2 in HEK293 cells (Supplemental Fig. S3F–H). The over-
whelming majority of sites with a significant increase in Ψ levels
following overexpression of TRUB1, but not of TRUB2, contained
the TRUB1 consensus sequences or derivatives thereof (Fig. 6F),
strongly confirming the involvement of TRUB1, and not of
TRUB2, in their catalysis.

Interestingly, wenoted that distinct TRUB1 targets responded
in different ways to overexpression of TRUB1. For instance, at
∼30% of TRUB1 consensus sequence (GUUCNANNC),Ψ-ratios in-
creased by >10% following overexpression, whereas in ∼14% there
was no change or even a decrease in TRUB1 levels. The inducibility
of sites correlated inverselywith theΨ-ratio at these sites, such that
the most inducible sites were ones that—in the absence of overex-
pression—were pseudouridylated to the lowest levels, suggesting
that they are poorer substrates of TRUB1 (Fig. 6G). Consistently,
the sites that acquired Ψ upon overexpression have a significantly
lower Ψ logistic score than their uninducible counterparts (Fig.
6H). Thus, the nonoptimal sequence and structure composition
of these sites likely leads to lower affinity of binding of TRUB1, re-
sulting in lower levels (or lack) of pseudouridylation at these sites
underWT conditions and can be compensated for by increased ex-
pression of TRUB1.

TRUB1-dependent mRNA pseudouridylation occurs

in the nucleus

Finally, we sought to assess within which subcellular compart-
ment Ψ at TRUB1 target sites is catalyzed, given that PUSs can

Figure 5. Validation of model predicting TRUB1 sites. (A) Percentage of control sites identified as being putatively pseudouridylated in either the Carlile
et al. or Li et al. data sets, calculated across six bins of the logistic regression-based score. (B) Correlation of the logistic score with sites identified in mouse.
Fraction of sites with experimentally measured pseudouridine are depicted across five bins of increasing logistic scores. (C) Ψ levels (captured by med-Ψ-
ratios) in mouse, shown across the five bins in B.
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shuttle between different cellular compartments (Becker et al.
1997; Lecointe et al. 1998; Schwartz et al. 2014). Immunofluores-
cent staining against FLAG-tagged TRUB1 revealed it to be present
in both the nuclear and cytosolic fractions (Fig. 7A; Supplemental
Fig. S4A). These findings were confirmed via Western blotting of
cytosolic-enriched and nuclear fractions of TRUB1 (Supplemental

Fig. S4B) and are further supported by published mass-spectrome-
try data sets of nuclear and cytoplasmic fractions, based on which
TRUB1 is present in both (Boisvert et al. 2012). To assess whether
TRUB1 is already active in the nucleus, we purified nuclear and cy-
toplasmic-enriched subcellular fractions and performed Ψ-seq on
these fractions in triplicate. Purity of the nuclear fraction was

Figure 6. Genetic perturbations reveal proteins catalyzing Ψ at PUS7 and TRUB1 mRNA targets. (A) Phylogenetic tree of all human and yeast proteins
comprising a PUS domain. Multiple alignments and trees were generated usingMAFFT. Nodes were collapsed to highlight the classification of PUS domain
families in bacteria, which are indicatedwhen available. (B) Distribution ofΨ-ratios for sites containing a PUS7-likemotif (n = 13)measured following knock-
down of PUS7, TRUB1, or mock knockdown in HEK293 cells. Experiments were performed at least in replicates; putative peaks were identified based on the
full data set (Methods), followingwhich an aggregatedΨ-ratiowas calculated for each site, defined as the number of reads from all replicates terminating at
the site, divided by all reads overlapping it. (C) Analysis as in B but for sites harboring a TRUB1 consensus motif (n = 49). Panels B and C are based on the
same experimental data set. (D) Distribution ofΨ-ratios for sites containing a TRUB1motif (n = 14) following knockdown of either TRUB1 or TRUB2, ormock
knockdown. (E) Volcano plot depicting the difference in Ψ-ratio between TRUB1 knockdown and mock knockdown cells (x-axis) and the associated t-test-
derived P-value based on triplicates in each condition (y-axis) for each of the putative Ψ positions. Sites harboring a TRUB1 consensus sequence, or deriv-
atives thereof, are colored as indicated. (F) Volcano plot, as in E. Differences in Ψ-ratios following overexpression of TRUB1 and Ψ-ratios following TRUB2
overexpression (used as a proxy for a negative control) are plotted. (G) Distribution of aggregatedΨ-ratios measured in the TRUB1 overexpression samples,
plotted as a function of the difference in Ψ-ratios in samples overexpressing TRUB1 versus TRUB2. (H) Distributions of logistic regression-based pseudour-
idylation scores across sites that are induced following overexpression, divided into four bins as in Figure 2E.
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confirmed by Western blot (Supplemental Fig. S4C), as well as by
the strong enrichment for intronic RNAs and for nuclear RNAs
(Supplemental Fig. S4D,E). Analysis of sites harboring TRUB1 mo-
tifs in these fractions revealed that pseudouridylation was already
observed, in the majority of cases, in the nucleus (Fig. 7B,C). We
observed a strong overall correlation betweenΨ levels in the nucle-
us and in the cytoplasm (Fig. 7C). Nonetheless, Ψ levels were gen-
erally reduced in the nuclear fraction (P = 0.02) (Fig. 7C), likely
reflecting the fact that the nuclear fraction also contains nascent
and very partially processed RNAs that have not yet acquired the
modification, whereas the cytoplasmic fraction is strongly en-
riched for fully processed transcripts. Thus, while we cannot ex-
clude that some TRUB1-mediated pseudouridylation does occur
in the cytoplasm, our results suggest that such pseudouridylation
is predominantly nuclear.

Discussion

Characterization of PUSs acting on human mRNA

Characterization of the landscape of Ψ on human mRNA and the
factors underlying their biogenesis is a crucial stepping stone to-
ward dissecting the regulatory role of this previously unrecognized
layer of transcriptional complexity. Focusing on a conservatively
defined high-confidence set of sites reproducibly detected across
three large data sets and aided by genetic perturbations, we found
that a single PUS, TRUB1, catalyzes the formation of the majority
ofdetectedsites and that itsmRNAsubstrates arealso theonespseu-
douridylated to the highest levels. TRUB1 homologs are conserved
frombacteria to humanandhave traditionally been studied almost
exclusively in the context of their role in modifying a highly con-
served site in position 55 of tRNA (Nurse et al. 1995; Gu et al.
1998; Hoang and Ferré-D’Amaré 2001; Zucchini et al. 2003).
Recently, we and others have found some yeast mRNA substrates
to be modified by Pus4 (Carlile et al. 2014; Lovejoy et al. 2014;
Schwartz et al. 2014), and this activity on mammalian mRNA is

thus conserved from yeast to human. An open question pertains
to the role of TRUB2. Despite its sequence homology to TRUB1
and itshigher levelsof expression, itdoesnotcompensate fordeple-
tion of TRUB1 nor does its overexpression lead to Ψ at TRUB1 tar-
gets. Thus, the targets of TRUB2 remain to be determined.

An additional PUS which we find to direct pseudouridylation
of mammalian mRNA is PUS7. Across all analyzed data sets, levels
of Ψ achieved at PUS7 targets were decreased compared to TRUB1
targets, and the size of the PUS7 repertoire amonghigh-confidence
target sites was much reduced compared to TRUB1. However, this
must be interpreted with caution, as in the unbiased motif search
in both the Carlile et al. data set (Supplemental Fig. S1E) and in the
mouse data set (Supplemental Fig. S2), PUS7 motifs were the most
frequent. The relative paucity in PUS7 targets at the intersection of
the three analyzed data sets here may therefore reflect cell-type–
specific activity of PUS7, leading to its detection in only some
cell types or conditions but not in others. This would be in line
with our observations of dynamic PUS7-mediated pseudouridyla-
tion of mRNA in yeast, which occurs at only a low number of sites
under standard growth conditions but is induced at hundreds of
sites in heat shock (Schwartz et al. 2014).

While TRUB1 and PUS7 together account for ∼60% of repro-
ducibly detected sites across all three data sets, the remaining
∼40% remain unaccounted for, in addition to thousands of puta-
tive sites identified across only a subset of the data sets, which for
the most part are not attributable to either of these enzymes. It is
thus likely that at least a subset of these sites reflects accumulation
of Ψ via additional PUSs acting either in a site-specific manner
and/or guided by H/ACA box snoRNAs.

Specificity of site-recognition by TRUB1

Our characterization of TRUB1 targets demonstrates the require-
ment for a well-defined stem and loop structure for achieving
pseudouridylation, well in line with in vitro experiments charac-
terizing TRUB1 binding to a 17-nt synthetic sequence capturing

Figure 7. TRUB1-mediated pseudouridylation occurs in the nucleus. (A) HEK293T cells overexpressing FLAG-tagged TRUB1 were stained with αTRUB1
(red), αFLAG (green), and DAPI (blue). Representative image (600×) is shown, with overexpressed TRUB1 found in both the cytoplasm and the nucleus of
transfected cells. (B) Depiction of aggregateΨ-ratios across the SGSM2 gene in the cytoplasmic-enriched (top) or nuclear (bottom) fractions; values at pseu-
douridylated position 2412 are highlighted in yellow. (C ) Scatterplot depicting aggregateΨ-ratios across the nuclear and cytoplasmic fractions for 20 sites
that passed the thresholds of detection in our pipeline, harbored a “GUUC” coremotif, and with ≥15 reads overlapping the site in the treated fraction. The
regression line (lm[y∼ x]) and the y = x lines are depicted.
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theΨ site on position 55 of tRNA (Gu et al. 1998). The near-perfect
performance of a computational model in discriminating
TRUB1 targets from nontargets, coupled with our analyses based
on the massively parallel reporter assays, demonstrate that these
features are both necessary and sufficient for achieving mRNA
pseudouridylation.

Given these observations, it is likely that TRUB1-mediated
pseudouridylation ofmRNA is, at least to some extent, a “constitu-
tive” feature of mRNA, hard-coded into the RNA sequence, and
one which is not controlled locally. Nonetheless, by modulating
levels of TRUB1 (or its subcellular localization), cells can retain a
potential for dynamic global control over TRUB1-mediated
pseudouridylation. Increased levels of TRUB1 under specific con-
ditions/tissues/disease states are expected to lead to global increas-
es both in the number of pseudouridylated targets and in Ψ levels
at low-affinity sites, whereas decrease in TRUB1 levels is expected
to lead to the opposite scenario.

Thus, TRUB1-mediatedpseudouridylation is the first example
for an mRNA modification whose specificity is close to being
completely understood and hence predictable. In contrast, far
less is understood about the specificity of N6-methyladenosine
(m6A) (Dominissini et al. 2012; Meyer et al. 2012; Schwartz et al.
2013),N5-methylcytosine (m5C) (Squires et al. 2012), or N1-meth-
yladenosine (m1A) (Dominissini et al. 2016; Li et al. 2016) on
mRNA, which have all been mapped globally and yet whose con-
sensus sequences are far more degenerate. Elucidating the factors
governing the specificity of thesemodifications is of crucial impor-
tance to unravel the regulatory constraints to which they are sub-
jected, and the approach utilized by this study of dissecting the
modification specificity using massively parallel reporter assays
may be generalizable to these modifications as well.

Function of TRUB1-mediated pseuoduridylation of mRNA

A critical question remaining to be addressed is the functional role
of TRUB1-mediated pseudouridylation inmRNA. In the context of
tRNAand rRNA, studies havemostly focused on the impact ofΨ on
RNA structure, where it is thought to contribute to structural stabil-
ity through the potential formation of an extra hydrogen bond
(Durant and Davis 1997, 1999; Kierzek et al. 2014). Such a struc-
tural role, if present on mRNA, could modulate the ability of
RNA binding proteins to bind to the mRNA, perhaps in an analo-
gousmanner to the role recently reported forN6-methyladenosine
(Liu et al. 2015; Zhou et al. 2015) and, in this manner, impact its
localization, stability, or translation. In yeast, we previously ob-
served that steady state levels of mRNAs pseudouridylated via
Pus7 were ∼25% decreased following knockout of PUS7, suggestive
of a potential role for pseudouridine in stabilizing messages
(Schwartz et al. 2014). We do not observe such an effect for sites
pseudouridylated via TRUB1 following TRUB1 knockdown (data
not shown). Pseudouridine of mRNA may potentially lead to
recoding of the encoded amino acid, a hypothesis that is support-
ed by findings of robust read-through observed beyond the stop
codon when a stop codon is synthetically pseudouridylated
(Karijolich and Yu 2011). Thus, the functions of TRUB1-depen-
dent pseudouridylation of mRNA remain to be determined.

Challenges in transcriptome-wide detection

and quantification of Ψ

Even with the advent of the recent methodologies for detecting
and quantifying Ψ, substantial challenges remain to be overcome
to allow accurate and quantitativeΨmappings at a truly transcrip-

tome-wide level. While Ψ maps on rRNA are typically highly pre-
cise, obtaining rRNA-like depth is unrealistic for much more
lowly expressed mRNAs, and hence the thresholds used for detec-
tion ofΨ sites are ones that can result not only in a large number of
false negatives but also of false positives. Similarly, the ability to
quantify the levels of Ψ is dramatically impacted by the relatively
low read numbers that are acquired for most sites and lead to sub-
stantial variability in the estimates of Ψ levels. Here, we demon-
strate that through overlaying a large number of data sets with
orthogonal levels of evidence, including sequence motifs, genetic
perturbations, and massively parallel reporter assays, high-quality
collections of experimentally measured sites can be obtained. This
strategy can be extended to additional post-transcriptionalmodifi-
cations ofmRNA to bothprovide accuratemaps and allowdefining
the elements underlying substrate specificity.

Conclusion

Our understanding of the role ofΨ onmRNA is in its infancy. Our
findings here substantially advance our understanding regarding
the Ψ landscape in human and the key factors catalyzing and reg-
ulating its formation. The resource of a validated high-confidence
and ranked collectionofΨ sites is anticipated to allow further func-
tional and mechanistic dissection of this post-transcriptional and
disease-implicated modification.

Methods

Read mapping and Ψ detection

Detection of Ψ was performed essentially as described in Schwartz
et al. (2014), in the form of a single pipeline that was applied to
data sets of Li et al. (2015), Carlile et al. (2014), and Schwartz
et al. (2014). A detailed explanation of the three tiers of analysis
is presented in the Supplemental Methods.

Detection and clustering of prevalent and highly

pseudouridylated sequence motifs

We developed a motif-finding approach that simultaneously takes
into consideration both the prevalence of a motif in a data set and
the extent to which sites harboring the motif are pseudouridy-
lated. The full details of our approach along with a script imple-
menting it are provided in the Supplemental Methods.

Prediction of RNA secondary structure

For predicting secondary structure in the region surround-
ing TRUB1-dependent pseudouridylation sites, we extracted a se-
quence window of 24 bp, beginning 10 bp upstream of the
pseudouridylation site until 13 bp downstream. Free energy calcu-
lations for predicted secondary structures were calculated using
RNAfold version 2.1.5, applying a constraint that the constant
U,U, C, andA at positions−1, 0,1, and 3, respectively, be unpaired,
using the parameter ‘--constraint……..xxx.x………..’.

Characterization and modeling of TRUB1-dependent

pseudouridylation sites

Details pertaining to data set generation, feature selection, and the
generated model are presented in Supplemental Methods.
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Massively parallel reporter assay

Design

All sequences describedwithin themanuscript were synthesized as
a single pool using oligo arrays (Twist Bioscience). Each sequence
was designed as a 109-nt-long sequence, comprising an 18-nt-
long adapter (ATGGGGTTCGGTATGCGC), a 65-nt-long variable
region comprising 32 bases upstream of the pseudouridylated sites
and 32 downstream, an 8-nt-long barcode, and a 3′ 18-nt-long
adapter (AAGGCTCCCCGAGACGAT). Additional details pertain-
ing to design and cloning of the sequences are presented in
Supplemental Methods.

Targeted measurement of pseudouridylation within the construct

A 10-cmplate of HEK293T cells was transiently transfectedwith 20
µg of the library plasmid using jet-PEI (polyplus transfection). RNA
was purified using Nucleozol reagent (Macherey Nagel).Ψ-seq was
performed on total RNA essentially as described in Schwartz et al.
(2014), without adapter ligation to the RNA, as reverse-transcrip-
tion was carried out from a constant sequence stemming from
the plasmid (AGCATTAACCCTCACTAAAGGGAAAGG). Adapter
ligation to the cDNA was carried out as described, followed by
PCR enrichment with an inner plasmid-specific primer
(GGTCCGATATCGAATGGCGC), carrying indexed Illumina
adapters (primers used for the amplification were: Indexed_
oligo_A1_pZDonor_FC_specific CAAGCAGAAGACGGCATACGA
GATCCTGGTAGGTGACTGGAGTTCAGACGTGTGCTCTTCCGAT
CTGGTCCGATATCGAATGGCGC 2P_universal AATGATACGGC
GACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCG
ATCT).

MPRA data analysis

A custom reference transcriptomewas generated, comprising each
of the variable 6380 sequences (“chromosomes”) embedded with-
in a 328-bp target environment in the plasmid, into which it was
cloned. Paired-end reads from both CMC-treated (CMC+) and
nontreated (CMC−, Input) were aligned to the custom reference
transcriptome, using the STAR aligner (version 2.1.5b), enforcing
a global (rather than local) alignment with a maximum of three
mismatches, and without allowing introns, using the parameters
“--alignEndsType EndToEnd --outFilterMismatchNmax 3
--alignIntronMax1.”A custom script was subsequently used to cal-
culate the number of reads starting and overlapping each site,
based on which Ψ-ratios were calculated for each position.

Prediction of TRUB1 targets in mouse

For the analysis in mouse, we generated a data set of 14,763 non-
redundant sites containing the TRUB1 consensus, to which we ap-
plied the above logistic model. We identified a set of 3688 sites
with a median coverage of >30 reads, overlapping them across
the four mouse data sets (two in liver and two in brain) in Li
et al., which were used as a basis for the analyses in Figure 5.

Cell culture for knockdown and overexpression experiments

Knockdown and overexpression were performed in HEK293 cells
based on standard protocols (Supplemental Methods).

Analysis of differential pseudouridylation

The two knockdown sets of experiments and the overexpression
experiment presented in this manuscript were performed and an-
alyzed as separate data sets, using the above-detailed procedure.
For the volcano plots (Fig. 6E,F), we then defined a test and control

condition, whereby test consisted of all replicates harboring the
perturbation of choice (e.g., knockdown/overexpression of
TRUB1), and control consisted of all remaining samples in the
data set (e.g., siControl, siTRUB2).We then aggregated read counts
across the replicates and recalculated Ψ-ratios for test/control
based on the aggregated reads. The aggregated counts were used
to calculate a χ2 P-value for each putative site, based on a contin-
gency matrix comprising an aggregated count of reads beginning
or overlapping the putative site in the test condition and the cor-
responding values in the control condition. These P-values were
plotted on the volcano plot y-axis (Fig. 6E,F), and the difference be-
tween the aggregatedΨ ratio between the test and controlwas plot-
ted on the x-axis.

Immunostaining

HEK293T cells were transfected with plasmid encoding FLAG-
tagged TRUB1 using PolyJet reagent (SignaGen Laboratories).
Two days after transfection, cells were fixedwith 4%paraformalde-
hyde, permeabilized with 0.1% Triton X-100, blocked (3% BSA +
4% FBS), and stained overnight with the following antibodies: rab-
bit anti-TRUB1 (Sigma) and mouse anti-FLAG (Sigma). Cy2 anti-
mouse and Cy3 anti-rabbit (Jackson) were used as secondary anti-
bodies. Nuclear staining was performed using DAPI following a
standard protocol.

Microscopy

Confocal microscopy was carried out using a LSM 780 system
(Zeiss). Fluorescent microscopy was carried out using an Olympus
IX73 system.

Nuclear/cytoplasmic fraction

HEK293T cells were fractionated using the PARIS kit (Ambion) ac-
cording to themanufacturer’s instructions. Cells were filtered prior
to fractionation to avoid clumps.

Data access

Raw and processed sequencing data from this study have been sub-
mitted to theNCBIGene ExpressionOmnibus (GEO; https://www.
ncbi.nlm.nih.gov/geo/) under accession number GSE90851.
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