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Abstract

Cellular RNA levels are the result of a juggling act between RNA transcription, processing, and
degradation. By tuning one or more of these parameters, cells can rapidly alter the available pool
of transcripts in response to stimuli. While RNA sequencing (RNA-seq) is a vital method to
quantify RNA levels genome-wide, it is unable to capture the dynamics of different RNA
populations at steady-state or distinguish between different mechanisms that induce changes to the
steady-state (i.e. altered rate of transcription versus degradation). The dynamics of different RNA
populations can be studied by targeted incorporation of non-canonical nucleosides. 4-thiouridine
(s*U) is a commonly used and versatile RNA metabolic label that allows the study of many
properties of RNA metabolism from synthesis to degradation. Numerous experimental strategies
have been developed that leverage the power of s*U to label newly transcribed RNA in whole
cells, followed by enrichment with activated disulfides or chemistry to induce C mutations at sites
of s*U during sequencing. This review presents existing methods to study RNA population
dynamics genome-wide using s*U metabolic labeling, as well as a discussion of considerations
and challenges when designing s*U metabolic labeling experiments.
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Newly transcribed RNAs can be metabolically labeled with 4-thiouridine (s*U) to study many
aspects of RNA metabolism genome-wide, including RNA turnover, transient transcription, and
polymerase elongation. New RNAs can be detected via biochemical enrichment (top) or
nucleoside recoding to induce U to C mutations in s*U-RNA in high-throughput sequencing.

INTRODUCTION

RNA levels are determined by the tight regulation of RNA synthesis and degradation.
Eukaryotes can modulate RNA levels by altering transcription, processing or decay. This
dynamic regulation can lead to the same RNA steady-state levels via multiple pathways. For
example, a cell can increase RNA levels by increasing transcription or decreasing
degradation. Therefore, while RNA-seq can be used to detect changes in RNA levels upon
stimulation, one cannot distinguish what mechanism led to a given RNA profile. Detailed
studies of the kinetics of RNA transcription and degradation have been performed in
response to a range of stimuli such as lipopolysaccharide (LPS) in mouse dendritic cells
(Rabani et al., 2011), interleukin 7 (IL7) in mouse naive T-cells (Li et al., 2017), and 4-
hydroxytamoxifen (OHT) in mouse fibroblasts (de Pretis et al., 2017). These studies
demonstrate that cells regulate RNA levels by multiple mechanisms in a transcript-specific
manner. RNA turnover can be tissue-specific as well as stimulus-specific, highlighting the
need to understand the contribution of RNA population dynamics in a variety of metabolic
and cellular contexts.

Standard biochemical analyses have been widely used to probe specific aspects of RNA
regulation. These include RNA polymerase 11 (RNAPII) ChIP and nuclear run-on to study
transcription, as well as transcriptional shutoff using small molecules to study RNA
degradation. However, metabolic labeling with non-canonical nucleosides provides a handle
for analysis of transcripts throughout the lifetime of the RNA, creating a versatile platform
to probe many facets of RNA metabolism in a single experimental workflow. This versatility
not only streamlines experimental optimization, but also enables clearer interpretation of
cellular responses where changes in RNA synthesis and degradation simultaneously occur.
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In order to study the dynamics of different populations of RNA, classic studies used
incorporation of radiolabeled orthophosphate or nucleotides that facilitated analysis of bulk
RNA population dynamics (for early examples, see (Hokin & Hokin, 1954; Logan, Heagy,
& Rossiter, 1955; Muramatsu & Busch, 1964). However, the application of non-canonical
nucleosides opened the door for later genome-wide analyses by enabling the biochemical
separation of new RNAs from pre-existing RNAs (reviewed by (Tani & Akimitsu, 2012).
The three most common non-canonical nucleosides used for metabolic labeling of RNA are
5-bromouridine (BrU), 5-ethynyluridine (EU) and 4-thiouridine (s*U) (Box 1). BrU
triphosphate can be added to isolated nuclei in global nuclear run-on sequencing (GRO-seq,
(Core, Waterfall, & Lis, 2008) to study transcription, or BrU nucleoside can be incorporated
into whole cells to study RNA stability (BRIC-seq,(Tani et al., 2012). Both techniques
enrich BrU in newly transcribed RNAs by immunoprecipitation with anti-BrdU antibodies in
order to separate new RNAs from old. Alternatively, 5-ethynyluridine (5-EU) can be
incorporated into newly transcribed RNAs in whole cells and enriched using click-chemistry
(Jao & Salic, 2008), a strategy which was later adapted to a high-throughput sequencing
platform (Meryet-Figuiere et al., 2014). Click-compatible nucleosides hold the advantage
that they are orthogonal to cellular functional groups and therefore can be used for a wide
variety of applications including RNA imaging (Jao & Salic, 2008) with reduced cross
reactivity with other macromolecules including proteins. The use of BrUTP in nuclear run-
on experiments has been replaced with the use of biotinylated nucleotide triphosphates for
streptavidin purification (PRO-seq, Kwak, Fuda, Core, & Lis, 2013). These PRO-seq
experiments and analogue-free enrichment strategies based on the immunopurification of
RNAPII (NET-seq, (Churchman & Weissman, 2011) can reveal the 3’-most nucleotide in a
nascent transcript, providing high resolution views of transcription. Finally, s*U is rapidly
incorporated into newly transcribed RNA in living cells without the need for nuclear
isolation. As we will discuss in detail below, s*U provides a range of chemical opportunities.
s*U-RNA can be enriched using activated disulfides conjugated to biotin, which hold the
advantage that this chemistry is covalent (unlike BrU) and the disulfide bond is reversible
(unlike EU), allowing for efficient elution of s*U-RNA from streptavidin beads and analysis.
As an alternative to biochemical enrichment, the presence of s*U in an RNA can be
identified by chemically recoding the hydrogen bonding pattern of s*U to induce apparent T-
to-C mutations in genome-wide RNA-seq experiments (Herzog et al., 2017; Schofield,
Duffy, Kiefer, Sullivan, & Simon, 2018). These opportunities provide a common platform to
study the kinetics and regulation of the entire RNA life-cycle from synthesis to degradation.

Historically, metabolically labeled s*U-RNAs were isolated using organomercurial affinity
matrices (Melvin, Milne, Slater, Allen, & Keir, 1978) based on the high affinity of thiols for
mercury. While this purification strategy remains a powerful way to enrich s*U-RNA (for
example, see (Kenzelmann et al., 2007; Ussuf, Anikumar, & Nair, 1995; Woodford,
Schlegel, & Pardee, 1988), the practicality of s*U metabolic labeling was expanded with the
development of activated disulfide purification; the endogenous uracil
phosphoribosyltransferase (UPRT) activity in 7. gondiiwas harnessed to metabolically label
cells with 4-thiouracil and enrich RNAs using HPDP-biotin, a 2-pyridylthio-activated
disulfide of biotin, followed by enrichment using a streptavidin matrix (Cleary, Meiering,
Jan, Guymon, & Boothroyd, 2005). Later, s*U nucleosides were found to be incorporated
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into mammalian cells without the need for UPRT expression (Délken et al., 2008), thereby
streamlining the process of metabolic labeling and expanding the utility of this method to
many different cell types.

Following the application of s*U to metabolically label newly transcribed RNAs in
mammalian cells, this strategy revealed relationships between mRNA half-lives and protein
stability (Friedel, Dolken, Ruzsics, Koszinowski, & Zimmer, 2009; Schwanhausser et al.,
2011). In parallel, important s*U metabolic labeling experiments were achieved in S.
cerevisiae through the expression of exogenous transporters (hHENT1 (C. Miller et al., 2011)
or Fuil (Swiatkowska et al., 2012) that are necessary for efficient s*U uptake and RNA
labeling (unlike S. pombe that express UPRT or mammalian cells that express uridine
transporters). Following these single time point analyses, multiple time point experiments
were developed in yeast, including a pulse-chase approach to reveal RNA stability and a
time course of s*U labeling to study RNA processing and/or stability (Munchel,
Shultzaberger, Takizawa, & Weis, 2011; Neymotin, Athanasiadou, & Gresham, 2014;
Windhanger et al., 2012). Transient RNAs, including introns and unstable non-coding
RNAs, were enriched in yeast following 1.5 to 5 min of s*U labeling (Barrass et al., 2015),
and in human cells following 5 min of s*U labeling (Schwalb et al., 2016; Windhanger et al.,
2012). These techniques illustrate the diverse array of experimental strategies that leverage
s*U metabolic labeling and allow for the study of RNA metabolism in many different cell
types and biological contexts.

In addition to improvements in experimental design, methodologies for detecting s*U-RNAs
have also advanced. While HPDP-biotin expanded the use of s*U metabolic labeling, it was
later shown to be inefficient in its reactivity with s*U, leading to low yields and biases in
enrichment (Duffy et al., 2015). A more efficient activated disulfide, methane thiosulfonate
conjugated to biotin (MTS-biotin), was demonstrated to improve s*U metabolic labeling by
increasing yields and alleviating length bias. This advance enabled the first study of s*U
labeled microRNA turnover in proliferating cells, which revealed a population of mature
miRNAs with rapid turnover in 293T cells (Duffy et al., 2015). Recently, methane
thiosulfonate was directly coupled to magnetic sepharose, which reduces the number of
handling steps through a one-step capture of s*U-RNAs (Duffy, Canzio, Maniatis, & Simon,
2018). This enables s*U-RNA enrichment from small numbers of cells and extending the
utility of s*U metabolic labeling from yeast and cell culture models to primary cells
including neurons. Enrichment-free techniques have also been developed that either alkylate
the s*U (SLAM-seq,(Herzog et al., 2017) or recode the hydrogen bonding pattern of s*U
(TimeLapse-seq, (Schofield et al., 2018) in order to induce T-to-C mutations in genome-
wide RNA-seq experiments. These techniques offer an additional layer to mRNA 3’end
sequencing (Herzog et al., 2017) and total RNA-seq (Schofield et al., 2018) by identifying
new RNAs. Importantly nucleoside recoding approaches have been shown to be compatible
with traditional enrichment-based techniques (Schofield et al., 2018), thereby combining the
ability to enrich rare transcripts with stringent filtering of new reads over nonspecific
background.

Here we review recent advances in s*U metabolic labeling techniques that have been used
for global analysis of RNA population dynamics. We have limited our discussion to methods
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that have already been applied to genome-wide studies; while many other methods in
principle can be extended to genome-wide, it is difficult to predict how much optimization is
required in practice to establish compatibility with next-generation sequencing platforms. In
addition, we present readers with important considerations and existing challenges when
designing genome-wide s*U metabolic labeling experiments.

STEADY-STATE RNA POPULATION DYNAMICS

When a population of cells are at homeostasis, RNA-seq provides important information
about the relative abundance of each RNA, which offers a transcriptome-wide snapshot of
the steady-state. However, this freeze-frame view of the transcriptome does not capture the
rich dynamics of RNA turnover that are required for cells to remain at homeostasis. In
addition, mechanisms for maintaining the steady-state contribute to our understanding of
how cells dynamically change their transcriptome in response to changes in their
environment. For instance, transcription factors and histone mRNAs tend to be rapidly
transcribed and degraded, whereas transcripts involved in cellular metabolism tend to exhibit
slower turnover (Yang et al., 2003). Standard RNA-seq experiments are unable to decipher
mechanisms of RNA processing and regulation, particularly when cells are at the steady-
state. In order to measure transcription and degradation genome-wide, s*U can be used to
label newly transcribed RNAs. Importantly, only transcripts that are actively being
transcribed will incorporate s*U during the feed, which has implications for low abundance
transcripts or transcripts that are tissue and/or cell cycle dependent. As there are many
different ways to design a metabolic labeling experiment, each with unique acronyms, we
instead provide modules for each step of the experiment in Figure 1. We also discuss
considerations and challenges when designing and interpreting s*U metabolic labeling
experiments for cells at the steady-state.

Cellular incorporation of s*U

To study RNA turnover, s*U can be added to cell culture media at a range of times and
concentrations depending on the desired application (Russo, Heck, Wilusz, & Wilusz, 2017).
The nucleobase 4-thiouracil can be used as a metabolic labeling reagent in any cell line that
expresses UPRT, including S. cerevisiae and some archaea (Kniippel, Kuttenberger, &
Ferreira-Cerca, 2017), while the nucleoside 4-thiouridine is readily uptaken by mammalian
cells and converted into s*UTP by the endogenous nucleotide salvage pathway. Exogenous
nucleoside transporters can be expressed in order to facilitate more efficient uptake of s*U
(C. Miller et al., 2011; Swiatkowska et al., 2012). Finally, while s*UTP does not readily
cross cell membranes due to its charge, sS*UTP has been directly injected into zebrafish
embryos for RNA metabolic labeling (Heyn et al., 2014).

While metabolic labeling experiments have been successful across a range of conditions,
labeling time and s*U concentration are critical parameters to consider when designing an
experiment in addition to sequencing depth and variability in enrichment (see below). RNA
metabolism can be studied via approach-to-equilibrium, where cells are harvested at
different times following the addition of s*U until labeling approaches the steady-state
(Figure 1C), or single time point analyses, where the relative populations of s*U-RNA and
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unlabelled RNA allow the calculation of RNA synthesis and decay rates for each transcript.
Ideally, the length of s*U metabolic labeling should be tuned in these cases such that the
desired population of transcripts contain 15-90% new RNA (that has been labeled with s*U)
at the end of the labeling period (Russo et al., 2017). Short labeling times decrease the
amount of s*U-RNA available for analysis. This complicates handling and increasing
concerns about contamination from non-s*U-labeled RNAs, although short labeling times
also provide the greatest differences for certain RNAs from the steady-state. Long labeling
times will eventually lead to labeling of the entire RNA population and reflect the steady-
state levels. This will obscure the different kinetics in regulated RNA turnover that these
experiments are designed to study, although more s*U-RNA generally improves the
enrichment step. For analysis of individual transcripts, maximum sensitivity is achieved
using a labeling time of approximately one half-life (Russo et al., 2017).

Alternatively, a pulse-chase approach can be used to study RNA stability, where cells are
labeled with s*U for several hours (pulse), followed by the addition of a molar excess of
uridine (chase) in order to inhibit further incorporation of s*U into new transcripts (Figure
1B). Cells are harvested at different times following the addition of uridine, and the relative
proportion of s*U-RNA remaining can be fit to a single exponential decay function that
reveals the half-life of the RNA. While ideally the length of the pulse should not affect the
calculation of RNA half-life because s*U incorporation is assumed to be a homogenous
process, in practice different sub-populations of RNA may have different s*U labeling and in
this case a shorter pulse can be problematic. Therefore, we recommend that the length of
s*U pulse be tuned such that most transcripts are at the steady-state of s*U incorporation.

The accuracy achieved when determining a half-life for an RNA also depends on the
abundance of the RNA and sequencing depth. Different RNA species have different half-
lives and no one labeling time is optimal for all RNAs in a genome-wide experiment.
Therefore, the time of labeling should be adjusted for the RNA species of interest (Figure
1A). For example, very transient RNAs like introns, enhancer RNAs and antisense
transcripts are ideally captured following 5 min of s*U (Schwalb et al., 2016), whereas most
mRNAs can be sufficiently labeled following minutes to hours of s*U treatment (Russo et
al., 2017; Schofield et al., 2018). For very stable transcripts (including most mature
miRNAs), a much longer s*U treatment (several hours to days) may be helpful (Duffy et al.,
2015). In an ideal experiment, the absolute RNA half-life should not change with the
labeling time, and half-lives of RNAs between different experiments with different labeling
times should be comparable. However, in practice different types of experimental bias (see
below) can influence RNA half-life measurements, and therefore comparing the relative
half-lives of RNAs within a single experimental condition can be more reliable than
comparing the absolute half-lives of RNAs between different experiments. In addition, s*U
incorporation has been demonstrated to vary widely by cell type (Russo et al., 2017), so the
desired s*U incorporation for a given cell type should be determined empirically, either by
gPCR of a short-lived transcript or by directly quantifying the incorporation of s*U by dot
blot or mass spectrometry (Ddlken et al., 2008; Hafner et al., 2010).

s?U-RNA isolation and handling—RNA handling is critical to analysis of s*U RNA,
and while many of the considerations are the same as for handling unlabeled RNA
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(Madabusi, Latham, & Andruss, 2006), there are additional considerations when working
with s*U-RNA. In some cases, the presence of s*U can lead to selective loss of these
subpopulations while handling, resulting in loss of new transcripts. The thiol of s*U has the
potential to form disulfides and/or oxidation products during RNA isolation and handling,
and several protocols recommend the addition of reducing agents such as dithiothreitol
(DTT) or B-mercaptoethanol (B-me) during RNA isolation (Duffy & Simon, 2016; Schofield
et al., 2018; Spitzer et al., 2014). Care should be taken to effectively remove these added
reducing reagents before downstream enrichment and/or nucleoside recoding to prevent
interfering with the s*U-specific thiol chemistry.

Potential s*U toxicity—While s*U has generally been found to cause minimal toxicity in
the cells, some reports have revealed that s*U can be toxic to certain cell types at high
concentrations. For example, s*U has been reported to cause nucleolar stress in human
U20S cells treated with as little as 50 uM s*U (Burger et al., 2013). However, this cellular
toxicity has not been widely observed in different cell types, even at higher s*U
concentrations (Duffy et al., 2015; Gregersen et al., 2014; Herzog et al., 2017; Russo et al.,
2017; Schofield et al., 2018). In addition, cells treated with s*U for longer labeling times are
more likely to exhibit cellular toxicity. Therefore, lower concentrations of s*U are desirable
for longer labeling, whereas higher concentrations of s*U may not cause adverse effects if
the labeling time is very short (i.e. minutes). These concerns can be addressed by conducting
s?U toxicity studies (for examples see (Burger et al., 2013; Schofield et al., 2018) when
performing s*U metabolic labeling in a new cell type or at a higher concentration than
previously reported. A summary of tested s*U concentrations in different cell types has been
previously reported (Russo et al., 2017) which we have updated and expanded in Table 1.
While the source of cell type-specific differences in cellular toxicity in the presence of s*U
and other metabolic labeling reagents (e.g. BrU, EU) remain unknown, potential sources of
variability include reagent cellular permeability and active transport across the cell
membrane, biochemical incorporation into the available UTP pool, the rate of total RNA
metabolism, potential off-target effects of the reagent and any metabolic derivatives, and
possible toxicity of metabolic labeling reagent within RNA, especially ribosomal RNA.

Biochemical enrichment of s*U-RNA

Choice of activated disulfide reagent—Biochemical enrichment with activated
disulfides remains the most common method to identify s*U-RNAs for genome-wide
studies. A key step in s*U biochemical enrichment is the biotinylation of thiols with
activated disulfides. While historically organomercurial matrices were used to purify s*U-
RNA, Cleary et al. used HPDP-biotin to enrich metabolically labeled RNA, causing a shift
to this reagent for the purification of s*U-RNAs. Although this activated disulfide has been
applied in numerous metabolic labeling experiments, s*U-RNA enrichment with HPDP-
biotin was shown to lead to an enrichment bias (i.e. a skew toward the purification of longer
RNAs with more U’s). This bias can be corrected for bioinformatically (See (C. Miller et al.,
2011; Rabani et al., 2011; Rabani et al., 2014), or through shearing the RNA prior to
enrichment (Schwalb et al., 2016). Labeling bias was shown to be one result of inefficient
disulfide formation between HPDP-biotin and s*U, while the more efficient activated

Wiley Interdiscip Rev RNA. Author manuscript; available in PMC 2020 January 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Duffy et al.

Page 8

disulfide MTS-biotin alleviates this bias and increases yields in s*U-RNA enrichment
(Figure 2).

While there are now approaches to mitigate bias in enrichment, given the number of reports
using HPDP-biotin without pre-shearing of the RNA, it is worth considering how HPDP-
biotin significantly biases RNA capture toward longer RNAs. Unspliced pre-mRNAS can be
significantly longer than spliced mRNAs, and an over-estimation of introns in newly
transcribed RNA compromises accurate estimation of processing rates. In addition, lower
enrichment yields complicate the calculation of RNA half-lives in methods where rates of
transcription, processing and degradation are modeled based on the relative proportion of
new RNA (enriched fraction) to pre-existing RNA (not captured fraction), although relative
rates between different transcripts are still accurate. Therefore, although issues from labeling
bias can be mitigated by bioinformatic modeling or biochemical shearing, an efficient
biochemical purification of RNA or enrichment-free chemistry is preferable.

Nonspecific RNA background—All biochemical purifications seek to maximize the
amount of real signal (in this case s*U-RNA) and minimize background contamination (non-
s*U-RNA). Non-specific contamination has been estimated in some s*U-RNA enrichment
protocols as high as 30% (Rabani et al., 2011), which can complicate quantification of new
RNAs, particularly splicing rates as highly abundant mRNAs are most likely to contribute to
background contamination. Many groups have found different ways to overcome challenges
associated with nonspecific background in s*U-RNA enrichment (summarized in Box 2),
including pre-blocking beads with polyvinylpyrrolidone (Pai et al., 2017) or glycogen
(Swiatkowska et al., 2012), adding more stringent rinses to the streptavidin beads after
incubation with biotinylated RNA (Li et al., 2017), and pre-shearing RNA before
biochemical enrichment (Duffy & Simon, 2016). Notably, while RNA pre-shearing is not
necessary for all metabolic labeling experiments, this fragmentation step is particularly
important following short s*U labeling (5 min or less) in order to capture only the portion of
the transcript that was newly made during the labeling period. For these very short
experiments, failure to fragment RNA before enrichment leads to a 5” bias in RNA coverage
(Schwalb et al., 2016).

Others have opted to compare s*U-RNA signal to RNA enriched from cells that were not
treated with s*U, as nonspecific background can be bioinformatically calculated from s#U-
RNA samples (Barrass et al., 2015). However, this strategy only accounts for nonspecific
background on the beads and does not account for unlabeled RNA that is retrieved through
base pairing with s*U-RNA. Therefore, background contamination may be underestimated
by this approach.

A strategy to avoid the multiple steps required for biotinylation, purification and capture has
been developed where MTS activated disulfide was directly coupled to magnetic sepharose,
allowing for more stringent rinses and higher fold enrichment of s*U, which is particularly
advantageous for small-scale RNA samples including primary tissues and microdissections
(Duffy et al., 2018). When using this MTS-resin for s*U-RNA enrichment, we have
observed variable amounts of length bias which is not observed with MTS-biotin (Duffy et
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al., 2015), although these concerns can be addressed by shearing the RNA prior to
enrichment.

In addition, nucleoside recoding can be used to filter non-specific background in
biochemically enriched s*U-RNA during sequencing (Schofield et al., 2018). In a 5 min s*U
metabolic labeling experiment, where the relative proportion of newly transcribed RNA to
total RNA is low and enrichment is desirable, nucleoside recoding chemistry was applied to
enriched RNA to identify bona fide metabolically labeled RNAs via T-to-C mutations in
sequencing. These analyses revealed that, with MTS-biotin enrichment and RNA shearing,
nonspecific RNA contamination still comprised 18% of the total signal, but with mutational
information these two populations could be analysed separately and new RNAs could be
validated in two independent ways (enrichment and T-to-C mutation content). Therefore, we
recommend the addition of nucleoside recoding chemistry as a gold-standard for reducing
nonspecific RNA background in s*U-RNA enrichment experiments.

Bioinformatic analysis of enriched s*U-RNAs—Bioinformatic analysis of s*U-RNA
is largely similar to traditional RNA-seq, the best practices for which have been reviewed
elsewhere (Madabusi et al., 2006). Reads are aligned to a reference genome and transcript
annotation, and expression levels are quantified. However, several parameters are unique to
s%U enrichment and genome-wide sequencing. As discussed above, the incorporation rate of
s*U into transcripts of interest and little variability in biochemical enrichment is important
for robust bioinformatic quantification. In addition, the accuracy of quantification depends
on many factors including the depth of sequencing (i.e. the number of reads that map to the
transcripts of interest), normalization between samples (particularly those with different s*U
content), and in some cases the ability to identify transcripts from transiently expressed
RNA species. These bioinformatic considerations, in conjunction with experimental design
and biochemical enrichment, are critical for the interpretation and reproducibility of s*U
metabolic labeling experiments.

Unstable transcript identification—Metabolic labeling experiments with short s*U
labeling (< 1h), enriches for unstable RNAs including enhancer RNAs (eRNAS), antisense
transcription at promoters (uaRNAs), and introns from nascent transcripts, which allows the
study of transcription output in cells. These unstable RNA species are difficult to detect in
the steady-state population because they are rapidly degraded after transcription and/or
processing, and their steady-state levels are very low. Therefore, these transcriptional
features are typically not included in gene annotations, so alternative methods are required to
accurately quantify unstable transcripts in short s*U labeling experiments. Prior knowledge
of the genomic context can aid in the quantification of unstable transcripts; for instance, the
presence of CREB-binding protein (CBP) and H3K4me1 was used to identify thousands of
activity-dependent enhancers in neurons (Kim et al., 2010). However, for this analysis only
regions 1.5 kb from the CBP binding site are considered, so the length of the RNA is not
determined using this analysis. In principle, unspliced RNA species including eRNAs,
uaRNAs and pre-mRNAs can be identified in regions of continuous transcription. In
practice, however, insufficient read depth or repetitive elements within a transcript can affect
read mappability and lead to an under-estimation of unstable transcripts when requiring
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continuous transcription for quantification. Alternatively, several pipelines have been
developed that use hidden Markov modeling (HMM) to identify transcriptional units
independent of a known transcript annotation or prior knowledge of the genomic context of
the transcript (for examples, see (Chae, Danko, & Kraus, 2015; Heinz et al., 2010; Spitzer et
al., 2014; Zacher et al., 2017). Bioinformatic methods that were developed to analyze
nuclear run-on sequencing data (GRO-seq and PRO-seq) have also been applied successfully
to s*U sequencing data, such as identifying intergenic pri-miRNA transcripts (Duffy et al.,
2018), suggesting that the general principles of HMM transcript identification are applicable
to multiple metabolic labeling strategies, although depth of sequencing and mappability of
repeat elements should be considered for these analyses as well.

Normalization—RNA-seq libraries can be normalized based on reads per kilobase per
million reads (RPKM), but s*U-RNA samples cannot be directly compared to RNA-seq or
even other s*U-RNA samples when different lengths of s*U labeling time are used (Figure
3A). Therefore, an exogenous spike-in must be used to normalize different s*U-RNA-seq
samples in order to bioinformatically compare them. In order to control for variability in
handling during s*U-RNA enrichment, an exogenous s*U-labeled RNA spike-in can be
added before biotinylation, although in theory these spike-ins can be added during cell lysis
to control for variability in total RNA purification as well. For the study of mammalian or S.
cerevisiae RNA dynamics, S. pombe cells can be labeled with s*U and the same amount of
s?U-labeled S. pombe RNA is added to each experimental sample of 4-thiouracil-treated S.
cerevisiae cells (Sun et al., 2012). Following enrichment, the samples can be analyzed by a
custom microarray for both S. pombe and S. cerevisiae, where S. cerevisiae s*U-RNA levels
are normalized by setting the median intensity of S. pombe s*U-RNA for all samples equal
to 1. A similar strategy was be used for a high-throughput sequencing format ; 4-thiouracil-
labeled S. cerevisiae RNA was added to HEK293T s*U-RNA samples, and the resulting
RNA was sequenced and normalized based on the upper quantile of expression for the S.
cerevisiae s*U-RNA spike-in (Gregersen et al., 2014). /n vitro transcribed spike-ins can also
be synthesized with s*U by adding s*UTP to the transcription reaction (Munchel et al., 2011;
Neymotin et al., 2014), followed by addition to total RNA and identification by high-
throughput sequencing (Figure 3A).

While in principle, normalization with exogenous spike-ins, either synthetic or from S.
pombe, are an effective way to normalize different s*U-RNA levels from different times of
metabolic labeling, in practice the normalization has been shown to be variable (Lugowski,
Nicholson, & Rissland, 2018). Specifically, small variability in enrichment from cells
labeled with s*U-RNA for only a few minutes can significantly influence synthesis and
degradation rates in an enrichment-independent manner. An alternative strategy uses introns
to normalize between s*U-RNA samples in order to avoid potential variability from
exogenous spike-ins (DRUID, Lugowski et al., 2018). Enrichment-free methods based on
chemistry that recodes s*U to induce mutations (discussed below) can also alleviate these
normalization issues, as information about steady-state transcripts and new RNAs are
included in the same sample and traditional normalization strategies for RNA-seq libraries
can be used to compare different samples.
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Calculating rates of RNA metabolism—The final step of any genome-wide s*U
metabolic labeling experiment is to use the quantification of s*U-RNAs in order to gain
insight into RNA metabolism. Consequently, the models used to calculate these rates of
transcription, processing and degradation should be considered carefully. While considerable
progress has been made in developing computational algorithms to analyze metabolic
labeling data, most models have relatively simple assumptions, which may not accurately
reflect the kinetics of RNA metabolism. For example, many RNA decay assays, including
s*U pulse-chase, assume simple first-order decay kinetics. RNA turnover assays that
compare a single sample of enriched s*U-RNA to the steady-state assume that all s*U-RNA
has been captured (Délken et al., 2008), while enrichment with HPDP-biotin was later
shown to be inefficient at capturing s*U-RNA, resulting in an under-estimation of the
proportion of new transcription (Duffy et al., 2015). In addition, while properties of RNA
metabolism can be studied using many variations of s*U metabolic labeling (see Figure 1),
very few studies have directly compared the relative power of different methods side-by-side
for the ability to accurately reflect absolute rates of RNA metabolism. Therefore, the same
techniques reviewed here are the ones necessary to tease apart these differences.

Enrichment-free identification of s*U-RNA

Many of the challenges identifying s*U-RNAs through biochemical enrichment can be
avoided by chemical techniques that allow nucleotide recoding (Herzog et al., 2017; Riml et
al., 2017; Schofield et al., 2018). Chemical treatment of s*U-RNA can be used to convert
s?U into a nucleotide with an altered hydrogen bonding pattern that is more likely to be read
as a C during reverse transcription. Two chemical approaches that rely on different types of
chemical reactivity have been developed to globally map sites of s*U incorporation across
the transcriptome (Figure 4A). These approaches provide opportunities to identify s*U-
RNAs that are complementary to enrichment-based approaches (Herzog et al., 2017;
Schofield et al., 2018).

Sites of s*U lead to low levels of T-to-C mutations upon reverse transcription (Hafner et al.,
2010; Rabani et al., 2014) but these mutation levels are too low to identify most s*U-labeled
transcripts. To increase the frequency of apparent U-to-C transitions, the s*U hydrogen
bonding pattern can be chemically recoded. The tendency of s*U to chemically convert to
products that produce T-to-C mutations in sequencing experiments has been used as part of
photoactivatable ribonucleoside-enhanced crosslinking and immunoprecipitation (PAR-
CLIP) to map protein-RNA interactions at nucleotide resolution (Ascanno, Hafner, Cekan,
Gerstberger, & Tuschl, 2012; Hafner et al., 2010). Chemistry specifically developed to
induce U to C mutations in global sequencing experiments has been developed based on the
two chemical strategies: (1) Alkylating the thione of s*U to make a S4-alkyl-thiouridine
(Herzog et al., 2017) (2) oxidize the thione of s*U to create a leaving group, which allows an
amine to substitute into the ring yielding a N4-alkyl cytidine analogue (Schofield et al.,
2018).

Chemistry to induce T-to-C mutations during sequencing—In the case of

alkylation chemistry, the thione of s*U can act as a nucleophile. The nucleophilicity of the
thione is also the basis of the disulfide chemistry described above. While other bases in RNA
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can be alkylated, especially N7 of guanosine (reviewed by (Gillingham, Geigle, & Anatole
von Lilienfeld, 2016), early work demonstrated that s*U in E. coli tRNA could be
specifically alkylated with chemical labels based on alkyl halides (Hara, Horiuchi,
Saneyoshi, & Nishimura, 1970). For the purposes of nucleotide recoding, alkylation of the
thione traps thiouridine in a tautomer with one of the hydrogen bonds recoded (from
acceptor-donor-acceptor to acceptor-acceptor-acceptor, Figure 4B). This alkylation results in
a base that is more likely to be read as C than U during reverse transcription. The use of
iodoacetamide was developed for identifying sites of s*U in RNA in 3’-ends of RNA across
the transcriptome (SLAM-seq, (Herzog et al., 2017), allowing analysis of s*U-RNA
including the steady state RNA dynamics of poly-adenylated RNAs.

Alternatively, the hydrogen bonding of s*U can be fully recoded using oxidative
nucleophilic aromatic substitution. In this case the thione of s*U is oxidized to create a
leaving group which can be displaced with alkylamines to make cytidine analogues.
Oxidative nucleophilic aromatic substitution chemistry was first used with s*U to
specifically modify £. colitRNA s*U bases (Ziff & Fresco, 1969), (Hayatsu & Yano, 1969).
Extending this reactivity for use transcriptome-wide involved migrating from strong
oxidants such as KMnQOy4 to more specific oxidants such as NalO4 (Schofield et al., 2018).
Similarly, while the use of ammonia provides the bone fide cytidine product (Hayatsu &
Yano, 1969; Riml et al., 2017), amines with lower pKa values such as trifluoroethylamine
can be used that remain deprotonated at neutral pH values. We refer to this reactivity as
TimeLapse chemistry. The effect of TimeLapse chemistry is to convert s*U to cytosine
analogues, resulting in complete recoding of s*U from the pattern of U to the pattern of C
(from acceptor-donor-acceptor to donor-acceptor-acceptor). TimeLapse-seq was validated to
monitor the location of s*U in transcriptome-wide RNA-seq experiments where intronic
reads, non-poly-adenylated RNAs, and different transcript isoforms could be observed
(Schofield et al., 2018).

Both alkylation and TimeLapse chemistry efficiently convert s*U to their respective
analogue (s*U* or C*). While the mutation rate in the context of a complex RNA mixture
has not been determined for either approach, both reactions convert the majority of s*U in
model substrates. Reverse transcriptase enzymes have a non-zero termination rate for even
natural nucleotides, so it is reasonable to wonder if the adducts induced by these
transformations (S4-alkyl thiouridine for SLAM-seq, and N4-alkyl cytidine for TimeLapse-
seq) induce an increase in termination in reverse transcriptase reactions. When analyzed
using test substrates, neither SLAM-seq nor TimeLapse-seq led to a substantial increase in
termination of reverse transcription at modified bases. The importance of full versus partial
recoding of the s*U hydrogen bonding pattern will require a side-by-side analysis of both
methods, which has not yet been published.

Bioinformatic analysis of T-to-C mutations—After conversion of s*U to s*U* or C*,
the reverse transcriptase records the site of s*U as a G in the cDNA, and these locations are
identifiable as T-to-C mutations in sequencing data. Ideally all sequencing reads could be
classified as either resulting from metabolically labeled s*U-RNA or as unlabeled RNA. The
combination of s*U treatment conditions and chemistries that have been developed generally
lead to 1-10% T-to-C mutation rates. These rates are low enough to avoid substantial
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problems during read alignment using standard pipelines. Under conditions where 2% of
uridines are substituted with s*U and result is chemically induced T-to-C mutations, many
reads from metabolically labeled transcripts will have zero mutations (as predicted from a
binomial distribution). For example, in a sequencing experiment with a single-end 50 nt
reads, with a 2% mutation rate less than a quarter of the reads (22%) are expected to contain
s*U-induced mutations. The number of reads with mutations can be increased by increasing
s*U incorporation rates (e.g., higher [s*U] treatments) or by using a longer sequencing
format. In the example here, switching from a single-end 50 nt format to a paired-end 150 nt
format substantially increases the fraction of s*U-RNA reads expected to contain mutations
(from 22% to 78%). The 1-10% T-to-C mutation rates observed in these experiments is well
above background rates which vary experiment to experiment but tend to be less than 0.2%
using standard RNA-seq workflows. It is worth noting that even these low background rates
of T-to-C mutations can become problematic when there are very high numbers of unlabeled
transcripts. For example, if only 1% of a transcript is labeled with s*U, the background
mutations from unlabeled transcripts will frequently outnumber the s*U induced mutations.

There are two approaches that have been used to analyze steady state RNA dynamics from
nucleotide recoding experiments with s*U: (1) using averaged mutation rates (Herzog et al.,
2017); or (2) single-molecule analysis of sequencing reads using statistical modeling
(Schofield et al., 2018). The first approach (using averaged mutation rates) was applied to a
chase-style experiment where cells were treated for a long time with s*U (100 uM for 12h)
prior to a chase with uridine. The change in background-subtracted average mutation rates
over time was used for curve fitting to determine the RNA half-lives.

Alternatively, statistical modeling can be used to take advantage of single-molecule
information that is inherent to techniques such as TimeLapse-seq (Schofield et al., 2018).
This information is lost when T-to-C mutation rates are averaged. Each sequencing read
reports on a single RNA transcript that was either s*U-labeled or unlabeled. The distribution
of the number of T-to-C mutations in each read can be used to infer the likelihood that the
read came from an RNA was labeled (Schofield et al., 2018). The distribution of mutations
can be modeled as a mixture of two populations: labeled and unlabeled RNA molecules.
These single-molecule distributions can be modeled using either a Poisson (using the rate of
mutations per read) or a binomial model (which accounts for the number of uridines in each
read). The background distributions can be determined from control experiments, and the
mutation rates of s*U-labeled RNAs can be inferred from the data. Using likelihood
maximization or bayesian hierarchical modeling, the fraction of each transcript (or other
feature such as exon) that was labeled with s*U can be inferred with high reproducibility.
The advantage of using single molecule information from the sequencing reads is
particularly apparent in cases where only a small fraction of RNA is labeled. In this case, the
average T-to-C mutation rate is very close to background levels, yet the increase in
mutations from the labeled RNASs is apparent from the ratios of different numbers of
mutations, including high numbers of mutations (which are very rare in unlabeled reads; in
the example in Box 3 less than 0.002% of reads derived from pre-existing transcripts have
three or greater mutations). By treating the data as single-molecule data, the frequency of
mutations can be used to reproducibly infer even small fractions of labeled RNA.
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Nucleotide recoding as a method to identify s*U-RNA offers several advantages over
enrichment-based techniques. Nucleotide recoding requires fewer steps than biochemical
approaches and many samples can be processed in parallel. Because there is no need for
biochemical purification, these approaches can be performed on very little input RNA---
orders of magnitude less RNA than is generally required for biochemical enrichment. One
particularly useful advantage is that all the reads are sequenced in the same experiment; the
data are internally normalized, avoiding the challenges described above. For nucleotide
recoding approaches to be effective, the total amount of s*U-labeled material that is
sequenced needs to be a significant fraction of a sequencing lane. Very short sU treatments
(such as the 5 min transient transcriptome sequencing) produce very few reads that have T-
to-C mutations, and therefore biochemical enrichment is still advantageous. Even in cases
that require biochemical enrichment, however, including nucleotide recoding after
enrichment is useful to distinguish real signal from contaminating non-s*U-labeled
background.

EXTENSIONS OF TRANSCRIPTIONAL ANALYSIS

Induced changes in RNA metabolism

While s*U metabolic labeling does not require the induction of genes or the use of reporters,
many of the methods described above can be used to measure changes upon cellular
perturbation as well as steady-state RNA population dynamics. For instance, s*U metabolic
labeling has been used with s*U treatment at multiple time points following interferon (INF)
stimulation in mouse embryonic fibroblasts (Délken et al., 2008), lipopolysaccharide (LPS)
stimulation in dendritic cells (Rabani et al., 2011), and interleukin-7 stimulation in naive T-
cells (Li et al., 2017) in order to assess the relative contribution of transcription and
processing to the changes in RNA steady-state levels that occur upon stimulation. Analogous
methods have been applied in S. cerevisiae to measure transcriptional changes upon osmotic
stress (C. Miller et al., 2011) and Ccr4-Not knockout (Sun et al., 2012). In addition,
enrichment-free nucleoside conversion has been used to observe transcriptional changes
after 1 hour of heat shock in MEF cells, which revealed induction of heat shock transcripts
that were not detectable by RNA-seq alone at this short time scale (Schofield et al., 2018).

An important component of these protocols is using bioinformatic analyses to assess the
relative contribution of transcription, processing, and decay to changes in total RNA levels.
To model synthesis, processing, and degradation rates, Rabani et al. developed a
computational approach that infers degradation rates based on steady-state RNA levels from
total RNA and s*U-RNA populations (Rabani et al., 2014). The simplest model (“constant
degradation”) assumes that no degradation of s*U-RNA occurs during the metabolic labeling
period, whereas the “varying degradation” model assumes that degradation occurs during
labeling. Transcripts that significantly reject the constant degradation model are highly
transient, so the degradation rate significantly contributes to changes in steady-state levels.
Processing rates can be estimated by comparing the ratio of intronic reads to spliced reads
that contain exon-exon junctions. These methods were later refined and formalized into
publicly available computational pipelines available in different programming languages
(DRILL (Rabani et al., 2014) is available in MATLAB, and INSPeCT (de Pretis et al., 2015)
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in R). Therefore, small changes in experimental design and bicinformatic analysis can easily
extend our understanding of steady-state RNA dynamics to mechanisms of inducible
changes in RNA metabolism that allow cells to respond to the surrounding environment.

RNAPII elongation

Recent genome-wide experiments have revealed that RNAPII pausing, as well as the rate of
elongation following release from pausing, are tightly coupled to co-transcriptional
processes such as splicing, termination, and RNA stability (reviewed by (Jonkers & Lis,
2015). Measuring RNAPII elongation rates genome-wide requires quantifying the distance
that the polymerase travels as a function of elapsed time. This can be achieved by treatment
with 5,6-dichloro-1-B-D-ribofuranosylbenzimidazole (DRB), a small molecule that inhibits
pTEFb phosphorylation and therefore prevents RNAPII from releasing from the pause site
into productive elongation. Even if s*U is added during the DRB treatment, a paused
polymerase will not incorporate s*U. Upon washout of DRB, new transcripts are labeled
with s?U, and cells are harvested at multiple times following washout. Because RNAPII
becomes effectively synchronized at the pause site during DRB treatment, the distance
RNAPII travels directly measures the elongation rate, and rates can be measured genome-
wide (Fuchs et al., 2014). RNAPII elongation rates calculated by this method are unable to
detect variations in elongation within genes, and only relatively long genes can be used.
During the same metabolic labeling period, RNA produced from small genes would be
synthesized and exported to the cytoplasm faster than larger genes, and therefore the rates of
RNAPII elongation at these short genes requires temporal resolution that is not currently
feasible. Regardless, genome-wide DRB-seq methods offer improvements over previous
methods that use RT-PCR (Singh & Padgett, 2009) or fluorescent labeling (Darzacq et al.,
2007) to measure elongation rates of only a handful of genes at a time. In addition, DRB
inhibition combined with s*U metabolic labeling was recently used to demonstrate that
genome-wide variation in RNAPII elongation rate is consistent between cell culture models
and mouse primary neurons (Duffy et al., 2018).

Tissue-specific transcription

In addition to capturing new RNAs with temporal resolution, s*U metabolic labeling can
also be leveraged for spatial resolution of new transcripts in a whole organism (TU-tagging,
(M. R. Miller, Robinson, Cleary, & Doe, 2009). The UPRT enzyme, which converts 4-
thiouracil into 4-thio-UTP, can be expressed in the cell type of interest via targeted transgene
expression, followed by injection of the nucleobase 4-thiouracil (4TU). Only cells that
express the UPRT transgene are able to incorporate 4TU into newly transcribed RNA, thus
allowing cell type-specific RNA enrichment from whole tissues. While in principle TU
tagging can also give temporal resolution of transcripts via the methods described above, in
practice the kinetics of 4TU incorporation into new transcripts in a whole organism are not
well characterized, which may complicate analyses of RNA stability or transcription rate.
Regardless, this approach is particularly advantageous over methods that isolate cell type
specific translating ribosomes (TRAP,(Heiman et al., 2008) because TU tagging captures
non-coding RNAs in addition to protein coding transcripts, or methods that isolate cell-
specific nuclei (INTACT,(Deal & Henikoff, 2010) because only nuclear RNAs are detected.
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Conclusion

Methods that enable the study of RNA population dynamics give a rich picture of how
steady-state RNA levels are regulated and how cells dynamically respond to environmental
stimuli. 4-thiouridine has proven to be a versatile metabolic label for understanding RNA
transcription, processing and degradation in a variety of organisms. For example, short
pulses of s*U have been used to measure differences in transcriptional efficiency of TATA-
less versus TATA-containing promoters in yeast (Donczew & Hahn, 2018) as well as the
influence of the RNA helicase DDX54 on pre-mRNA splicing efficiency in response to
DNA damage (Milek et al., 2018). RNA half-life measurements have demonstrated the
contribution of RNA helicase MOV10 RNA stability (Gregersen et al., 2014) as well as the
importance of m®A to regulate RNA stability during interleukin-7-dependent T-cell
maturation (Li et al., 2017). Approach-to-equilibrium experiments have helped to identify
cellular factors that facilitate rapid mMRNA degradation in response to changes in
environmental nitrogen in S. cerevisiae (D. Miller, Brandt, & Gresham, 2018) and revealed a
subset of mature miRNAs with rapid turnover in proliferating HEK293T cells (Duffy et al.,
2015). In addition, transcript isoforms like ASXL1 in human cells have been shown to have
different stabilities, which suggests that differential isoform stability may be a more
widespread consequence of alternative splicing (Schofield et al., 2018).

These methods can also be modified and combined to add additional power to s*U-RNA
identification, as demonstrated in Figure 1. For example, tissue-specific expression of the
UPRT enzyme enables the spatial and temporal analysis of RNA dynamics in living
organisms (TU-tagging). In general, these strategies are also compatible with other RNA-seq
workflows. For example, s*U-RNAs enriched after a short pulse of s*U can be treated with
nucleoside recoding chemistry in order to bioinformatically filter out nonspecific RNA
background using the presence of T-to-C mutations in enriched reads (TT-TimeLapse-seq,
Schofield et al. 2018). Enrichment is required in these cases in order to detect the small
proportion of s*U-RNAs that would not be abundant enough to easily detect with nucleoside
recoding strategies alone, and the addition of T-to-C mutations in the RNA-seq data allows
the precise calculation of RNA contamination levels and removal of non-s*U reads from
downstream analysis. Given that all of the information from biochemical enrichment
experiments is retained when T-to-C mutations are added, there is good reason to apply
recoding chemistry when performing biochemical enrichment experiments.

We anticipate that recent improvements to s*U metabolic labeling techniques, including
more efficient chemistry, single-step capture of s*U, improved normalization strategies and
enrichment-free nucleoside conversion chemistry, will provide a robust toolkit of
experimental strategies to understand RNA population dynamics in many biological
contexts. Recent advances in single-cell RNA sequencing also present the opportunity to
apply s*U metabolic labeling to understand cellular heterogeneity of RNA population
dynamics. In addition, improvements to sample normalization, as well as the addition of
nucleoside conversion chemistry to filter nonspecific RNA contamination, should enable
more robust measurements of RNA transcription and processing events genome-wide. With
proper considerations for experimental design, RNA handling and bioinformatic analysis,
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s*U metabolic labeling holds the power to help reveal the numerous strategies that
organisms have evolved in order to regulate RNA population dynamics.
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Box 1: Metabolic labeling reagents for the capture of newly transcribed RNA.

s
7ONH
HO N’&O
0
OH OH

4-thiouridine (s*U)

S*U (or 4-thiouracil in cells that express UPRT) is rapidly uptaken by cells, and
s*U-RNA can be enriched with activated disulfide chemistry (e.g. HPDP-biotin
[Cleary 2005], MTS-biotin [Duffy 2015], or MTS-resin [Duffy 2018]) or
identified by enrichment-free conversion chemistry (Herzog 2017, Schofield
2018). Advantages: activated disulfide chemistry is both efficient and
reversible, and enrichment-free chemistry offers single-nucleotide resolution.

o
Br.

I NH
HO N)\\O
o]

OH OH
5-bromouridine (BrU)

BrUTP is added to isolated nuclei for rapid uptake and short RNA labeling
(Core 2008), while BrU is uptaken by cells at a slower rate and is applicable for
pulse-chase experiments (Tani 2012). BrU-RNA is enriched using anti-BrdU
antibodies. Advantages: BrU metabolic labeling methods are widely used and
well validated. BrU is also compatible with immunostaining (Wansink 1993).

N™ "0

0
\‘:\fl\
| NH
HO ’g
1)
OH OH
5-ethynyluridine (EU)

EU is rapidly uptaken into cells, and EU-RNA can be enriched with click
chemistry (azide-conjugated biotin) or used for live-cell nascent RNA labeling
(Jao 2008). Advantages: 5-EU enrichment chemistry is covalent (although
irreversible) and compatible with live-cell imaging.

]

A"NJ‘\NH
S5
5 b H/\\
g 9. 8 Lbaso |
HO-B-0-F-0-B-0- _¢_|
OH OH OH
OH OH
biotin-NTP

Biotin-NTPs are added in four separate reactions to isolated nuclei for rapid
uptake and short RNA labeling, although all four biotin-NTPs can be added to
the same reaction (Kwak 2013). Biotinylated RNA is enriched with
streptavidin-coated magnetic beads. Advantages: Single base-pair resolution is
achieved for the precise localization of RNA polymerase.
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Box 2: Potential sources of nonspecific RNA background and methods to filter this
contamination experimentally and bioinformatically.

Sour ce of background

Experimental strategy

Nonspecific RNA binding
to surfaces

» Use low retention tubes

e Transfer streptavidin beads or MTS resin to new tube before elution step
» Perform nucleoside conversion chemistry after enrichment to identify
s*U-containing reads during bioinformatic analysis

Nonspecific RNA binding
to beads

Fragment total RNA before enrichment

Pre-block beads with polyvinylpyrrolidone or glycogen

Add high salt rinses to RNA on beads

Compare s*U-RNA to a non-s*U RNA sample

Perform nucleoside conversion chemistry after enrichment to identify
s*U-containing reads during bioinformatic analysis

Nonspecific RNA base-
pairing with s*U-RNA on
beads

* Add low salt and/or denaturing washes to RNA on beads
» Perform nucleoside conversion chemistry after enrichment to identify
s*U-containing reads during bioinformatic analysis

Contamination from
endogenously thiolated
RNAs (e.g. 2-thiouridine-
containing tRNA)

» Compare s*U-RNA to a non-s*U RNA sample
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A. Using average mutation rates to determine f, _ (Herzog et al):

£ no 5*U reatmant E] fong 5°U treatment § oIt )
H < \
g § amd |
-} | g 5
g g PR
o (] A .
& & F o
“lals 8 s | I E \.
F 000 gy ®
- 1S I L3 -.«
. . Chase (hours)
= Use multiphe time points in & 5'U pulse chase experiment
« Fit to expodential decay model for each transcript 1o dedermine £, v
B. Using i ing of single molecules to ine t, . (Schofield et al):
£.: rmber of uridines in read 4h s*U treatment no §'U treatment control

P,.; background T-o-C mutation rate in oid reads
£, TimoLapse nduced mutation min in new reads
i Fraction of reads made after stan of s'U ireatment ol

6000
@
B Model fraction new (5] _/
% 4004 - and transcript hatf-life {f, ) 5 s
¥ oo 2 :
4 1 B
z L - _.__..!"":' e
I RER] G1z234887 01za
T-to-C T-10-C T-to-C

T-to-C mutations

* Model the distribution of T-to-C mutations as a mixture of rew and old reads, each with a binomial dstributon of Mutatons.
= Lise the moded 12 infer the fraction of reads that are new () and the 1, , of each transcript from a single tme point

Box 3: Overveiew of two different approaches to analyse data from nucleotide recoding
experiments. A. Simulated data demonstrating how average T-to-C mutation rates can be
used to fit transcript half-lives. B. Simulated data demonstrating how statistically
modelling of the mutations in single molecules of RNA of 100 nt reads with a 0.2%
background rate of T-to-C mutations at each uridine (gy1q) and a 5% mutation rate of T to
C mutations at each uridine in labelled reads (phew)- In this simulated example, half of the
reads are from new, labelled transcripts and half are from unlabelled transcripts (6= 0.5),

representing a transcript with a 4h half-life.

9
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A
Module 1: Label cells with s*U Module 3a: Enrich with activated disulfides Module 3b: Enrichment-free s*U chemistry
S )
R Busg o s 05 ReyH
cells ! NAO I } 8- '§ Me (‘\NH oxidant \N R-| NHz SN
H i Y o N0 ‘ A
l 4-thiouracil -~ o b‘J °
HPDP-biotin MTS-biotin s4U . o
S. cerevisiae or + streptavidin beads  + streptavidin beads s*U-to-C conversion
Wioduia labeling UPRT-expressing cells (e.g. Cleary 2005) (e.g. Duffy 2015) (e.g. Schofield 2018)
odule reagent (e.g. Cleary 2005) s R
9 >
s } §\S/:S:»~Me (LNH !
l NH 6 N"So o
o | MTS-resin P s*U alkylation o
| Lo ° (e.g. Duffy 2018) s%U (e.g. Herzog 2017)  s‘U"
Module 2 labeling S }
odule conditions OH OH
4-thiouridine Module 4: Measure s*U-RNA levels
RNA-seq, 3-end seq,
l S. pombe or RT-qPCR dot blot distribution average number
mammalian/insect cells (e.g. Russo 2017) (e.g. DBlken 2008) of mutations of mutations
(e.g. Dolken 2008) microarray RNA-seq
Module 3b .
Module 3a odde (e.9. Délken 2008) (e.9. Rabani 2011) (e.g. Schofield 2018)  (e.g. Herzog 2017)
activated "~ enrichment- Module 2: Choose time of labeling
disulfide free . - 5 = = =
enrichment chemistry Biological interest  Transient transcription/  RNAPII elongation RNA turnover and stability
RNA processing
3h DRB Pulse-chase: Approach-to-equilibrium: Relative proportion:
l 1 Experimental setup 1-5 min s*U wash out DRB 2-24h s*U 5 min - 22d s*U 1h s*U, compare
4-20 min s*U excess U 10 min-24h enriched to steady-state
4U-
Module 4 sa:ale: Examples Barrass 2015 Fuchs 2014 Munchel 2011 Neymotin 2014 Miller 2011
¥ Schwalb 2016 Herzog 2017 Duffy 2015 Délken 2008
RNAPII elongation rate (4sUDRB-seq) Transient Transcriptome + TimeLapse sequencing (TT-TimelLapse-seq)
3hDRB  4-thiouridine HPDP-biotin 4-thiouridine MTS-biotin s*U-to-C conversion RNA-seq,
RNA-seq distribution of
0,4, 8min 5 min mutations
Hel a cells Fuchs 2014 K562 cells Schofield 2018
Figure 1:

(A) Overview of s*U metabolic labeling experiments. Different options are indicated for
each module, along with references for representative examples. In the case where two
references are listed, the first applies to yeast and the second to mammalian cells, as the time
of s*U labeling can vary widely between organisms. (B) Representative examples of two s*U
metabolic labeling experiments that leverage different module options: 4sUDRB-seq to

measure RNAPII elongation and TT-TimeLapse-seq to detect unstable RNAs.
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Figure 2:
(A) Estimated range of RNA half-lives in mammalian cells based on data from (Schofield et

al., 2018; Schwalb et al., 2016; Yang et al., 2003). (B) Simulation of RNA decay rates for a
s*U pulse-chase experiment for three different RNA half-lives, represented as a fraction of
the total amount of s*U-labeled RNA at the start of the chase. (C) Simulation of s*U
approach-to-equilibrium kinetics for three different RNA half-lives. (D) Kinetics of s*U
incorporation during 5 min of s*U labeling for a transient RNA (t1/> = 5 min) and two
MRNAS (t1/2 = 0.5h and 4h).
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Figure 3:

Significance of inefficient chemistry toward length bias in s*U metabolic labeling
experiments. (A) Chemistry of activated disulfide reactivity with s*U. When HPDP-biotin is
used as the activated disulfide, any biotin-s*U (bio-s*U) product results in a more activated
disulfide due to the electron-poor pyrimidine ring of s*U, therefore favoring the reverse
rather than the forward biotinylation reaction. In contrast, MTS-biotin reacts irreversibly
with s*U to form the bio-s*U product under the reaction conditions, and the covalent
disulfide bond can only be reversed under reducing conditions. (B) Schematic of s*U-RNA
enrichment with HPDP- and MTS-biotin. Efficient activated disulfide reactivity of MTS-
biotin results in greater yields of s*U-RNA and alleviates potential biases toward longer
RNAs with more uridines.

Wiley Interdiscip Rev RNA. Author manuscript; available in PMC 2020 January 01.



1duosnuey Joyiny

1duosnuely Joyiny

Duffy et al. Page 27

Total reads Normalized reads
S
o— RNA-s'U . S K'—*l
o —ws | T
S — L
O » | ¥> ;_»
—— O— — - =) s S .
[T S — Harvest cells | Add s*U spike-in, Add non-s*U spike-in,
labeling time Extract RNA enrich s*U-RNA prepare cDNA libraries,
Total RNA s‘U-RNA sequence
1.2 3 4 1 2
time (h) time (h)
Normalize s*U-RNA reads
based on spike-in levels
Total reads Normalized reads
o— RNA-s‘U )
Sy S S
o > S  E— S _—
o = 7*“ i "
[ — Harvest cells L [ Enrich s*U-RNA I Prepare cDNA libraries,
labeling time — Extract RNA sequence
Total RNA s‘U-RNA
1.2 3 4 1.2 3 4
time (h) time (h)

Normalize s*U-RNA reads
based on intron levels

Figure 4:
Methods to normalize s*U-RNA data after high-throughput sequencing. (A) After cells are

metabolically labeled with s*U and total RNA is extracted, exogenous s*U-RNA (s*U-
labeled RNA from S. pombe, or in vitro-transcribed s*U-RNAs) are added to each sample
and then enriched. Alternatively or in addition, exogenous RNA without s*U can also be
added to samples after enrichment. Samples are then analyzed by high-throughput
sequencing and normalized based on the number of reads that align to the spike-in sample.
(B) Samples can also be enriched without RNA spike-ins and normalized based on the
relative proportion of introns in each sample (Lugowski et al., 2018). First, intron coverage
for each transcript is determined based on the number of reads that map to introns in the
longest isoform of a given transcript without overlapping exons or any other isoform. Next,
introns are filtered for coverage and time-dependent changes in expression. Reads that map
to exons are finally normalized to the sum of all reads mapping to the well-behaved intron
set.
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Figureb5:
(A) Hydrogen bonding pattern of modified or recoded s*U nucleosides following

enrichment-free chemistry. (B) Example TimeLapse-seq tracks adapted from Schofield et al.
2018 for faster turnover (ler3) and slower turnover (Srsf3) transcripts in MEF cells treated
with 1 mM s#U for 1h.
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Examples of studies using s*U labeling to assess mRNA stability in cell lines of different organisms.

Table 1:

Human
Cell type Concentration Timeof feed Citation
BL41 (lymphoma) 100 uM s*U 1h Délken 2008, Friedel 2009
Hela (cervical carcinoma) 100 uM s*U 1h Délken 2008
250 pM s4U 1h Borowski 2014
Jurkat (T tymphocyte) 100 uM s*U 1h Délken 2008
200 pM séU 1h Blackinton 2016
DG75 (B lymphocyte) 100 uM s*U 1h Délken 2008
500 pM s4U 5-60 min Windhanger 2012
HEK293T (embryonic kidney) 250 pM s*U 1h Borowski 2014
100 pM s*U 20min-22d  Duffy 2015
700 UM SAU 1h Gregersen 2014, Duffy 2015
293A (embryonic kidney 25 uM s*U 2h Stubbs 2015
iPS (stem cell 400 UM s*U 2h Russo 2017
LCL (lymphoblast) 200 uM s*U 2h Duan 2013
MEWO (melanoma) 500 uM s*U 1h Azarkh 2011
Primary T-cells 200 uM s*U 1-6h Payne 2014
RAJI (lymphoblast) 300 uM s*U 30 min Donato 2016
RCC (renal carcinoma) 2 uM s*U 2h Bresson 2015
SH-SY5Y (neuroblastoma) 500 UM s*U 30 min Schwarzl 2015
143B (osteosarcoma 250 uM s*U 1h Borowski 2014
500 uM s*U 5 min Schwalb 2016
K562 100 pM séU 4h Schofield 2018
1mM S4U 5 min DUf'fy 2018
MDA-MB-231 (breast cancer) 200 uM s*U 20 min Cho 2018
MCF7 (breast cancer) 400 UM s*U 2h Schwanhausser 2011
Mouse
NIH-3T3 (fibroblasts) 200 uM s*U 1h Délken 2008
500 pM s4U <30 min Délken 2008
400 UM U 2h Schwanhausser 2011
RAW 264.7 (macrophages) 100 uM s*U 1h Dolken 2008
SVEC 4-10 (endothelial) 100 uM s*U 1h Délken 2008
MEF 1 mM s*U 1h Schofield 2018
200 pM s*U 2h Kenzelmann 2007
Primary T-cells 250 UM s*U 15 min Li 2017
Dendritic cells 150 uM s*U 45 min Rabani 2011
Yeast
S. cerevisiae + UPRT 200 puM 4-thiouracil ~ 3h Muchel 2011
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Human
Cell type Concentration Timeof feed Citation
S. cerevisiae + hENT1 500 uM s*U 3-24 min Miller 2011
S. cerevisiae 5 mM 4-thiouracil 6 min Sun 2012
S. pombe 500 uM s*U 6 min Sun 2012
S. cerevisiae + FUIL 100 uM s*U 2-7 min Swaitkowska 2012
S. cerevisiae 500 pM 4-thiouracil ~ 3-100 min Neymotin 2014
S. cerevisiae + FUI1 500 UM 4-thiouracil ~ 1.5-5 min Barrass 2015
S. cerevisiae 50 uM 4-thiouracil 16h Miller 2018
Other
H. volcanii 300 UM 4-thiouracil 45 min Kniippel 2017
S. acidocalaarius 135 pM 4-thiouracil 45 min Knuppel 2017
D. melanogaster kc167 500 uM s*U 5-20 min Pai 2017
D. melanogaster kc167 300 uM s*U 30-450 min  Chen and van Steensel 2017
D. melanogaster S2 200 uM s*U 2-6h Khong 2017
0-9 cell
D. rerio (zebrafish) embryo 1nL 50 mMs*UTP  divisions Heyn 2014
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