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SUMMARY

Transcription start site (TSS) selection influences transcript stability and translation as well as 

protein sequence. Alternative TSS usage is pervasive in organismal development, is a major 

contributor to transcript isoform diversity in humans, and is frequently observed in human diseases 

including cancer. In this review, we discuss the breadth of techniques that have been used to 

globally profile TSSs and the resulting insights into gene regulation, as well as future prospects in 

this area of inquiry.

INTRODUCTION

The first base of a gene to be transcribed by an RNA polymerase, corresponding to the 

5′-most base of the resulting transcript, is referred to as the transcription start site (TSS). 

Within a given gene promoter, there is generally not a single TSS, but rather a cluster of 

TSSs, referred to as a transcription start region (TSR). Furthermore, a gene might have 

multiple TSRs interspersed throughout the locus, indicating the presence of alternative 

promoters. The phenomenon of alternative transcription initiation is widespread in biology. 

For instance, several studies have described large-scale shifts in patterns of initiation during 

development (Batut et al., 2013; Danks et al., 2018; Zhang et al., 2017). This is perhaps 

most strikingly apparent in zebra-fish, wherein the maternal and zygotic forms of more than 

900 transcripts display differential TSS usage (Haberle et al., 2014), a phenomenon that 

appears to be conserved in mice (Cvetesic et al., 2020). Alternative promoter usage has 

also been reported to be widespread in human cancers, and use of alternative promoters is 

predictive of patient survival in some cases (Demircioğlu et al., 2019).

Broadly speaking, TSS shifting impacts gene regulation by altering the length of 5′ 
transcript leaders (5′ TLs). The 5′ TLs have been shown to play a large role in modulating 

both the stability and translation of mRNAs (Figure 1A) (Arribere and Gilbert, 2013; 
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Dieudonné et al., 2015; Malabat et al., 2015; Rojas-Duran and Gilbert, 2012; Wang et 

al., 2016). In many cases, 5′ TLs encode upstream open reading frames (uORFs), which 

are short peptide-coding regions upstream of the primary ORF of a given transcript. 

uORFs might repress translation by preventing ribosomes from reaching the start codon 

of the primary ORF and might also lead to nonsense-mediated decay if the uORF 

stop codon is recognized as premature (Barbosa et al., 2013). A striking example of 

counteraction of uORF-mediated repression is observed in Arabidopsis thaliana, wherein 

exposure of seedlings to blue light causes downstream shifts in the TSS usage of 220 

uORF-containing genes (Kurihara et al., 2018). Secondary structures within the 5′ TL, such 

as G-quadruplexes and pseudo-knots, can also influence transcript stability and translation, 

and internal ribosome entry sites (IRESs) can promote cap-independent translation (Leppek 

et al., 2018).

In addition to altering transcript regulation via 5′ TL length modulation, alternative TSS 

selection can give rise to transcript isoforms with distinct protein-coding potential. Indeed, 

it is estimated that the contributions of alternative promoters and transcription termination 

sites to transcript isoform diversity exceeds that of alternative splicing in multiple contexts, 

including normal human tissues (Reyes and Huber, 2018; Shabalina et al., 2014). Studies 

in plants have provided notable examples of alternative TSS selection giving rise to distinct 

transcript and protein isoforms. In maize, transcription of the mybr35 gene, encoding a 

MYB-family transcription factor, initiates from downstream TSSs in shoots, which gives 

rise to a protein lacking an N-terminal zinc finger domain. In contrast, upstream TSSs are 

used in roots, generating a full-length protein (Mejía-Guerra et al., 2015). In Arabidopsis, 

exposure of seedlings to red light globally alters TSS usage, leading to the production of 

N-terminally truncated protein isoforms with distinct subcellular localizations (Ushijima et 

al., 2017).

Although much work has been done on the impact of TSS selection on the regulation 

of the resulting transcript, it is becoming increasingly clear that transcription itself can 

inhibit TSS usage (Gowthaman et al., 2020). This phenomenon, termed transcriptional 

interference, refers to suppression in cis of transcription from one transcript unit by the act 

of RNAPII transcription of a second overlapping transcription unit. For instance, initiation 

from upstream TSSs might inhibit the use of downstream TSSs, a process termed tandem 

transcriptional interference (tTI). tTI might be induced by transcription of an mRNA isoform 

with an extended 5′ TL (Chen et al., 2017; Chia et al., 2017; Hollerer et al., 2019; Jorgensen 

et al., 2020; Nielsen et al., 2019) or an upstream noncoding RNA (Lin et al., 2018). In 

some cases, the long mRNA isoform might contain a uORF in its 5′ TL, downregulating 

translation (Chen et al., 2017; Chia et al., 2017; Hollerer et al., 2019), leading to a model of 

integrated transcriptional and translational repression.

Because of the importance of TSS selection in numerous biological contexts, a large number 

of methods for global TSS profiling have been developed. In this review, we describe the 

general enzymatic approaches used for this purpose, and the specific techniques that have 

used them. We also lay out computational strategies for TSS mapping data analysis. Last, 

we discuss current challenges and future prospects for the field, with a particular focus on 

single-cell mapping of heterogeneity in TSS usage.
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MOLECULAR APPROACHES TO GLOBAL TSS MAPPING

Oligo-capping

Oligo-capping was originally developed to facilitate recovery of 5′-complete cDNAs (Kazuo 

and Sumio, 1994; Suzuki and Sugano, 2003). Oligo-capping involves enzymatic removal 

of the 7-methylguanosine (m7G) cap of mRNAs (and other RNA species such as long non­

coding RNAs, pre-micro RNAs, and enhancer RNAs) followed by ligation of a synthetic 

oligonucleotide (Figure 2A). In practice, the original oligo-capping protocol first uses 

Bacterial Alkaline Phosphatase (BAP) to hydrolyze the 5′ phosphates of uncapped RNA 

molecules, preventing subsequent adapter ligation. Tobacco Acid Pyrophosphatase (TAP) is 

then used to remove m7G caps, leaving a 5′ mono-phosphate suitable for adapter ligation. 

Prior to the widespread adoption of high-throughput sequencing, oligo-capping was used 

for an iteration of 5′ Serial Analysis of Gene Expression (5′ SAGE) (Hashimoto et al., 

2004), wherein transcript 5′ sequences (5′ SAGE tags) are concatemerized, cloned, and 

sequenced. Oligo-capping was then adapted to high-throughput sequencing by ligation of 5′ 
tags to Solexa sequencing adapters and sequencing on the Illumina GA platform (Tsuchihara 

et al., 2009; Wakaguri et al., 2008), an approach later termed TSS-seq (Yamashita et al., 

2011). Since the original implementation of TSS-seq, numerous TSS mapping methods 

have employed oligo-capping. Firstly, the Paired-End Analysis of TSSs (PEAT) approach 

(Ni et al., 2010) adapted oligo-capping for paired-end sequencing. Other oligo-capping 

approaches varied the enzymes used for RNA 5′ end processing. CapSeq (Gu et al., 2012), 

Transcript Leader sequencing (TL-seq) (Arribere and Gilbert, 2013), and Transcript IsoForm 

sequencing (TIF-seq) (Pelechano et al., 2013) used Calf Intestinal alkaline Phosphatase 

(CIP) instead of BAP for dephosphorylation of uncapped RNA, given that it can be heat 

inactivated, whereas Start-seq employed RNA 5′ Polyphosphatase (Nechaev et al., 2010). 

Start-seq and CapSeq also added a Terminator 5′ phosphate-dependent exonuclease (TEX) 

treatment to further reduce uncapped RNA (predominantly rRNA) levels, whereas TIF-seq 

provides both 5′and 3′ transcript end sequences thanks to a circular ligation step in the 

protocol. Simultaneous Mapping of RNA Ends by sequencing (SMORE-seq) enables 5′and 

3′ transcript end mapping through sequential adapter ligation and also omits the phosphatase 

treatment prior to decapping, enabling capture of RNA degradation intermediates (Park et 

al., 2014).

One note for oligo-capping methods is that TAP is no longer commercially available, so 

alternative enzymes are required. The E.coli RNA 5′ pyrophosphohydrolase RppH has been 

successfully used for decapping in Start-seq (Scheidegger et al., 2019), and a recombinant 

fusion of the Schizosaccharomyces pombe Dcp1-Dcp2 to its activator Edc1 has also shown 

promise in this regard (Paquette et al., 2018). Oligo-capping methods also tend to have high 

input requirements. For instance, it was reported that 30 μg of total RNA was necessary to 

construct an Arabidopsis PEAT library (Morton et al., 2014). Lastly, oligo-capping methods 

might suffer from sequence and/or structure biases in the RNA ligases used to add adapters 

(Baldrich et al., 2020; Fuchs et al., 2015; Hafner et al., 2011; Jayaprakash et al., 2011).

Policastro and Zentner Page 3

Cell Rep Methods. Author manuscript; available in PMC 2021 October 07.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Cap-trapping

In addition to oligo-capping, early efforts to generate libraries of 5′-complete cDNAs led 

to the development of the cap-trapping approach (Carninci et al., 1996), in which the 

m7G cap is oxidized and biotinylated to allow streptavidin purification of 5′-complete 

cDNAs after reverse transcription (Figure 2B). In addition to its use in the generation of 

large cDNA libraries (Kawai et al., 2001; Okazaki et al., 2002), cap-trapping serves as 

the basis of Cap Analysis of Gene Expression (CAGE), perhaps the most widely known 

TSS mapping method. In the initial iteration of CAGE (Kodzius et al., 2006; Shiraki et 

al., 2003), reverse transcription and cap-trapping are performed, followed by ligation of a 

5′ linker containing XmaJI and MmeI restriction sites. After second-strand synthesis, the 

double-stranded cDNA is digested with MmeI. MmeI is a Type IIs restriction enzyme that 

cuts 20 and 18 nucleotides downstream of the 3′ end of its recognition site, generating an 

asymmetric overhang to which a second adapter containing an XmaJI site can be ligated. 

XmaJI cleavage then releases the ligated cDNA fragments (referred to as CAGE tags), 

which are concatemerized, cloned, and sequenced by using the RIKEN Integrated Sequence 

Analysis (RISA) system (Shibata et al., 2000). A further iteration of CAGE, DeepCAGE, 

adapted the method to the 454 Life Sciences GS20 pyrosequencer (Balwierz et al., 2009; 

Valen et al., 2009). The first no-amplification version of CAGE, HeliScopeCAGE, greatly 

reduced input requirements and removed PCR biases by directly sequencing first-strand 

cDNA with the HeliScope Genetic Analysis System (Kanamori-Katayama et al., 2011). 

Switching to the EcoP15I restriction enzyme allowed for longer CAGE tags, facilitating 

more confident mapping to the genome (Takahashi et al., 2012), and eventually the need 

for restriction enzymes was removed in no-amplification non-tagging CAGE for Illumina 

sequencers (nAnT-iCAGE) (Murata et al., 2014). The major limitation of standard CAGE 

methods has been their high input requirements, though the nAnT-iCAGE protocol has been 

adapted to nanogram levels of RNA input via the use of capped, selectively degradable 

carrier RNA as Super-Low-Input Carrier CAGE (SLIC-CAGE) (Cvetesic et al., 2018).

Whereas CAGE relies on chemical modification of the cap structure to facilitate isolation 

of 5′-complete cDNAs, the recently published Multiplexed Affinity Purification of Capped 

RNA (MAPCap) method instead uses an antibody against m7G to isolate capped RNA prior 

to reverse transcription (Bhardwaj et al., 2019). Notably, MAPCap was reported to work 

well with as little as 100 ng RNA, suggesting that it is suitable for TSS mapping in precious 

samples. Natural proteins could also be used to isolate capped RNA for TSS mapping: 

a high-affinity mutant of the eukaryotic translation initiation factor 4E (eIF4E) (Choi and 

Hagedorn, 2003) has successfully been used to isolate mRNA (Blower et al., 2013) and 

nascent RNA (Matveeva et al., 2019) for sequencing.

Template-switching reverse transcription

Much like oligo-capping and cap-trapping, template-switching reverse transcription (TSRT) 

was initially leveraged as a means to generate 5′-complete cDNA molecules (Schmidt 

and Mueller, 1999; Zhu et al., 2001). TSRT leverages the propensity of Moloney murine 

leukemia virus (MMLV)-based reverse transcriptases to add 1–3 nontemplated bases to the 

5′ end of a cDNA molecule. The prevailing view is that TSRT adds 1–3 predominantly 

cytosine residues, which can then serve as a handle for annealing of a template-switching 
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oligo (TSO) with a three-riboguanosine overhang, allowing direct incorporation of a 

sequencing adapter at the 5′ end of the first-strand cDNA (Figure 2C). Interestingly, recent 

work indicates that the CCC overhang is a relatively rare result of TSRT (Wulf et al., 2019). 

Given that TSOs with riboguanosine overhangs have long been effective in TSRT despite 

the apparent paucity of CCC addition, it stands to reason that the mechanism of template 

switching does not necessarily rely on base pairing between templates.

Prior to the widespread adoption of high-throughput sequencing, TSRT was used to profile 

budding yeast TSSs in a modification of 5′ SAGE (Zhang and Dietrich, 2005). TSRT-based 

TSS mapping was brought into the high-throughput sequencing era via the original iteration 

of nanoCAGE (hereafter referred to as nanoCAGE [2010]) and CAGEscan (Plessy et al., 

2010). After TSRT, nanoCAGE (2010) uses semi-suppressive PCR to reduce the prevalence 

of small artifactual fragments, followed by EcoP15I cleavage, adapter ligation, and library 

PCR, similar to first-generation CAGE approaches. CAGEscan simplified the nanoCAGE 

(2010) protocol by only requiring library PCR after semi-suppressive PCR, and also enabled 

paired-end sequencing of CAGE tags. CAGEscan, originally designed for the Illumina 

Genome AnalyzerIIX system, was subsequently adapted to the more modern Illumina HiSeq 

2000 platform as NanoCAGE-XL (Cumbie et al., 2015). A further iteration of nanoCAGE 

(hereafter referred to as nanoCAGE [2017]), took advantage of Tn5 tagmentation to reduce 

input requirements and improve library size distribution, and added an optional TEX 

treatment step to reduce the prevalence of uncapped RNAs (such as rRNA) in the final 

libraries (Poulain et al., 2017). RNA Annotation and Mapping of Promoters for the Analysis 

of Gene Expression (RAMPAGE) combined TSRT with cap-trapping to provide additional 

specificity for capped transcripts (Batut et al., 2013). TSRT was later adapted to mapping 

of TSSs at single-cell resolution in methods such as C1-CAGE (Kouno et al., 2019), 

Tn5Prime (Cole et al., 2018), and low-input Parallel Analysis of RNA Ends (nanoPARE) 

(Schon et al., 2018). Finally, Survey of TRanscription Initiation and Promoter Elements with 

high-throughput sequencing (STRIPE-seq) (Policastro et al., 2020) removed the need for 

semi-suppressive PCR or tagmentation for modest RNA input amounts, and further reduced 

the prevalence of artifactual reads through improved oligo design and methodological 

optimizations.

TSRT-based methods are vulnerable to artifactual TSSs arising from a process termed strand 

invasion, wherein the TSO hybridizes to the first-strand cDNA before polymerization is 

complete, resulting in an artificially truncated cDNA molecule (Tang et al., 2013). Such 

artifacts can be reduced by introducing a spacer sequence into the TSO between the ribo-G 

overhang and the remaining sequence (e.g., TATAGGG in STRIPE-seq). This enables more 

confident filtering of such artifacts, as there are fewer matches to such a sequence within 

transcripts versus GGG. TSRT can also result in TSO chaining, wherein once RT reaches the 

5′ end of the TSO, it performs another round of non-templated nucleotide addition, allowing 

another TSO to bind. The prevalence of the resulting TSO concatemers can be reduced by 

3′ modification of the TSO with non-natural nucleotides (Kapteyn et al., 2010) or biotin 

(Turchinovich et al., 2014).
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MAPPING TSSs FROM NASCENT RNA

The methods discussed to this point profile the TSSs of stable, mature transcripts. However, 

in some cases, capture of TSSs from nascent transcripts might be desired. For instance, this 

is useful for unstable transcripts, which would be underrepresented in the steady-state RNA 

pool of the cell because of their rapid turnover after synthesis. The first iterations of nascent 

RNA 5′ end capture involved modifications of the Global Run-On sequencing (GRO-seq) 

and Precision Run-On sequencing (PRO-seq) protocols. The GRO-seq protocol involves 

isolation of nuclei, extension of nascent RNA, and simultaneous incorporation of the 

ribonucleotide analog 5-bromouridine 5′-triphosphate (BrUTP), and pulldown of nascent 

RNA with an anti-BrUTP antibody. PRO-seq, on the other hand, employs four parallel 

run-on reactions, each of which contains one of four biotinylated nucleotides, resulting 

in the incorporation of the biotinylated base and subsequent stalling of transcription, and 

streptavidin pulldown to capture nascent RNA (Kwak et al., 2013). GRO/PRO-cap (Core 

et al., 2014; Kwak et al., 2013) are modifications to the GRO/PRO-seq protocols designed 

to capture TSSs of nascent transcripts wherein, after the run-on reactions, nascent RNA is 

treated with TEX in the case of GRO-cap, and for both methods the subsequent addition of 

an oligo-capping strategy to the protocol. CAGE has also been extended to mapping TSSs 

from nascent RNA as Native Elongating Transcript sequencing and CAGE (NET-CAGE) 

(Hirabayashi et al., 2019). NET-CAGE combines CAGE with an approach to nascent RNA 

isolation used in 3′NT (Weber et al., 2014) and one iteration of mammalian NET-seq 

(Mayer et al., 2015). Both methods take advantage of the extraordinary resistance of the 

RNAPII:DNA:RNA ternary complex to harsh conditions such as high salt and urea (Cai and 

Luse, 1987; Wuarin and Schibler, 1994) to isolate chromatin-associated nascent RNAs.

COMPUTATIONAL PROCESSING CONSIDERATIONS

There are a few important points of consideration for preprocessing of TSS mapping data. 

TSS mapping data require precise alignment of reads to the genome, and for this task the 

STAR aligner (Dobin et al., 2013) is most often used. Another preprocessing consideration 

is the presence of PCR duplicates. Although more common in low-input methods such 

as nanoCAGE and STRIPE-seq, PCR duplicates can lead to inaccurate TSS and TSR 

quantification in all methods. In some methods (e.g., STRIPE-seq), a random sequence 

called a unique molecular identifier (UMI) is included in the R1 read, which for single-end 

sequencing data allows for the computational removal of PCR duplicates, as reads with the 

same genomic position and UMI are not expected to occur frequently by chance. For this 

task, UMI-tools (Smith et al., 2017) is recommended because of its ability to correct for 

PCR and sequencing errors that could lead to incorrect bases called in UMIs. For paired-end 

data, the read not anchored to the TSS tends to be somewhat randomly positioned because 

of random priming of RT or tag-mentation. This can be used to remove PCR duplicates by 

using Samtools (Li et al., 2009), as unique reads would not be expected to have the same R1 

and R2 positions by chance.

After PCR duplicate removal, there are two main steps shared by most methods. First, the 

5′-most aligned bases should be processed for various artifacts. In TSRT-based methods, it 

is expected that 1–3 nontemplated bases will be added to the 3′ end of the cDNA. During 
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alignment, these are generally marked as soft-clipped (that is, they are present in the read 

but are not part of the read’s alignment to the genome). After removal of soft-clipped bases, 

additional processing is necessary. Reverse transcription of capped RNA in cap-trapping and 

TSRT-based methods often leads to the addition of a C to the cDNA, likely templated by 

the m7G cap itself, which results in a G at this position in the R1 sequencing read. If this 

base does not match the genome during alignment, it will be soft-clipped; however, it is 

possible (particularly in mammalian genomes, where promoters tend to be GC-rich [Fenouil 

et al., 2012]) that this cap-templated base will match the genome and it is thus impossible 

to determine if it represents the true TSS. Both TSRexploreR (Policastro et al., 2021) and 

CAGEr (Haberle et al., 2015) implement probability-based stochastic removal of mapped 

5′ Gs to mitigate this artifact. It is worthwhile to note that analysis of data generated by 

oligo-capping methods such as TSS-seq do not require G correction, as the native cap is 

removed prior to reverse transcription.

Data generated by various TSS mapping techniques can also be used to quantify transcript 

abundance. Thus, an RNA-seq-like analysis of such data can be performed, using software 

such as HTSeq (Anders et al., 2014) or featureCounts (Liao et al., 2019) to quantify counts 

at the gene level, or software such as RSEM (Li and Dewey, 2011), Salmon (Patro et al., 

2017), or Kallisto (Bray et al., 2016) to estimate counts at the transcript level. For transcript 

quantification, it is recommended to extend the transcript sequences upstream roughly 100 

to 200 base pairs (bp), given that the TSS-containing read will often be fully or partially 

upstream of the annotated 5′ TL, complicating analysis.

SOFTWARE AND ANALYTICAL CONSIDERATIONS

After preprocessing of TSS mapping data, there exists a wide breadth of tools available to 

explore and analyze the data (Figure 3). Because of the large number of possible analyses, 

this section is not intended to be comprehensive, but rather a show-case of important 

and interesting computational considerations. For more information, refer to the vignettes 

and papers for CAGEr (Haberle et al., 2015), TSRexploreR (Policastro et al., 2021), 

CAGEfighteR (Thodberg et al., 2019), and other tools mentioned to learn the full breadth of 

available analyses.

Calling TSSs from raw data

After processing and alignment of sequencing reads, the first step in analyzing TSS mapping 

data is aggregating read 5′ ends into TSS positions. Although conceptually simple, all 

global TSS mapping technologies suffer from spurious background reads over gene bodies, 

and so some form of thresholding is necessary to remove background TSS signal while 

retaining true TSSs. Thus, a number of thresholding approaches have been put forth. In 

CAGEr (Haberle et al., 2015) and CAGEfightR (Thodberg et al., 2019), read 5′ ends are 

first aggregated into CAGE-detected TSSs without thresholding and normalized (discussed 

below). In CAGEr, TSS filtering is performed during clustering, wherein the user specifies 

the number of samples that must have at least n normalized counts at a given TSS 

position for it to be considered for TSS clustering. Similarly, CAGEfightR allows users to 

discard TSSs not meeting the above-described sample number and count thresholds prior to 
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clustering. In TSRexploreR, a genome annotation is used to determine the fraction of TSSs 

within a specified distance from an annotated TSS, as well as the number of features (genes 

or transcripts) with at least one unique TSS position (Policastro et al., 2021). We found that 

the promoter proximal TSS fraction increases markedly as the threshold is increased from a 

single read, likely indicating loss of weak TSSs within gene bodies. This gain in promoter 

proximal TSS fraction levels off as the threshold increases, and the number of features with 

a unique TSS decreases as weaker promoter proximal TSSs are progressively eliminated. We 

therefore suggest selecting a threshold within the inflection point of the promoter proximal 

fraction curve to balance removal of likely artifacts with retention of weak true TSSs. We 

found that, in STRIPE-seq data from yeast and human cells, a threshold of three raw counts 

per TSS is a suitable threshold for TSS retention (Policastro et al., 2020).

Normalization

An important step in the analysis of TSS mapping data is normalization. CAGEr and 

CAGEfighteR utilize transcripts per million normalization (Haberle et al., 2015; Thodberg 

et al., 2019), and CAGEr additionally allows for power-law normalization due to CAGE 

datasets being previously shown to follow a power-law distribution (Balwierz et al., 2009). 

TSRexploreR, on the other hand, utilizes either counts per million or DESeq2/edgeR 

normalization (Policastro et al., 2021). There are two important considerations for TSS 

normalization: the number of total sequenced reads, and compositional bias. The total 

number of sequenced reads (or library size) affects read quantification because of variations 

in counts per feature and the chance for lowly expressed features to drop out at lower 

sequencing depths. Compositional bias is a consequence of read counts being relative and 

not absolute values. At a fixed library size, as the number of reads captured for a set of genes 

increases, fewer reads are available to capture other sets of genes, which can give a false 

impression of altered expression between conditions. These considerations are similar to 

those experienced in bulk RNA-seq analysis, so software such as DESeq2 (Love et al., 2014) 

or edgeR (Robinson et al., 2010) can be used to correct for them. DESeq2 uses a geometric 

mean approach and edgeR uses the trimmed mean of M-values approach (Robinson and 

Oshlack, 2010), both of which will correct for library sequencing depth and compositional 

bias.

Clustering TSSs into TSRs

A number of different methods for clustering TSSs into TSRs have been developed. The 

simplest approach, here referred to as naive distance clustering, is available in tools such 

as CAGEr, TSRexploreR, TSRchitect (Raborn et al., 2017), and CAGEfightR (Thodberg et 

al., 2019). In this approach, TSSs meeting a specific score threshold and within a specified 

distance of one another (commonly 20–25 bp) are clustered into TSRs. CAGEr additionally 

offers a parametric clustering (PARACLU) algorithm that aims to find regions within 

chromosomes of maximal local TSS density (Frith et al., 2008). Reproducible clustering 

(RECLU) is a further iteration of PARACLU introduced by the functional annotation of the 

mammalian genome (FANTOM) consortium that incorporated a number of improvements, 

including irreproducible discovery rate analysis to enable assessment of TSR reproducibility 

(Ohmiya et al., 2014). Hypergeometric Optimization of Motif EnRichment (HOMER) 

employs a chromatin immunoprecipitation sequencing (ChIP-seq)-like clustering algorithm 
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to cluster densities of TSSs, and can optionally perform additional quality control and 

filtering steps by using an available genome annotation (Duttke et al., 2019). Integrating 

Cap Enrichment with Transcript Expression Analysis (icetea), the software accompanying 

MAPCap, calls peaks with a ChIP-seq-like window-based method utilizing a negative 

binomial distribution (Bhardwaj et al., 2019). ADAPT-CAGE adopted a machine learning 

approach by using support vector machines and stochastic gradient boosting, whereby DNA 

shape features, motifs, and CAGE signal are used to discern strong putative TSSs from 

background (Georgakilas et al., 2020).

Differential TSSs and TSRs

Differential TSS and TSR state between conditions has received much interest because of 

the implications for transcript expression and isoform behavior. CAGEexploreR utilizes a 

user-supplied set of promoters to find differential promoter usage (Dimont et al., 2014), 

and a classification approach has been proposed to find differential TSS distributions (shape 

changes) between conditions (Liang et al., 2014). CAGEr and TSRexploreR use a more 

traditional approach, employing either edgeR or DESeq2 for differential TSS or TSR 

analysis (Haberle et al., 2015; Policastro et al., 2021).

TSS cluster shifting

It is increasingly clear that large-scale shifts in TSS usage are commonplace during 

development, disease, and in response to environmental perturbations. Shifting of TSS 

clusters is defined as TSS density, shifting a relatively short but meaningful distance (often 

~100 bases) upstream or downstream between conditions. For instance, a comprehensive 

CAGE study of zebrafish development uncovered over 900 transcripts with shifted TSRs 

corresponding to the transition between maternal and zygotic gene expression (Haberle et 

al., 2014). Shifting of TSSs at thousands of genes is also seen in budding yeast strains 

bearing various mutations in RNAPII and general transcription factors (Qiu et al., 2020), and 

also during certain meiotic and mitotic cell cycle stages (Chia et al., 2021).

Because of the emerging importance of TSS clustering shifting, various computational 

methods have been developed to detect this phenomenon. Generally, such approaches merge 

TSRs within a given distance to generate a set of consensus regions in which shifting will 

be assessed. As the distribution of TSSs within a TSR is essentially a discrete probability 

distribution, computational detection of TSS shifts might be approached as testing for 

differences between two such distributions. CAGEr introduced the first such method, 

which performs two distinct calculations. First, a shift score is calculated based on the 

maximal difference between the empirical cumulative distribution functions of the two TSS 

distributions. The magnitude of the shift score is reported to reflect the degree to which the 

TSS signal in the compared distributions is nonoverlapping (e.g., a CAGEr shift score of 0.4 

indicates that 40% of the initiation between the two samples does not overlap). Second, a 

two-sample Kolmogorov-Smirnov (KS) test is performed to test for a significant difference 

between distributions. The KS test allows detection of shifts in TSS “mass” within a given 

TSR when the positions of initiation are largely or completely overlapping. Although this 

approach has been used to great effect in detecting TSS shifts in various contexts, there 

are limitations. The shift score does not capture shifts in TSS distribution that take place in 
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largely overlapping positions, and its scale is somewhat unintuitive, ranging from negative 

infinity to 1 with a sign that does not reflect the directionality of the shift. Calculation of the 

KS test is also independent of the shift score, and the discrete nature of TSS distributions 

violates the KS test assumption of continuous distributions.

To address these limitations, we implemented an alternative approach based on the earth 

mover’s distance (EMD) that we termed earth mover’s score (EMS) Policastro et al., 2021. 

EMS has an intuitive scale that spans from −1 to 1: in accordance with conventions for 

denoting sequence positions in relation to a reference point, a negative EMS indicates an 

upstream shift and a positive EMS indicates a downstream shift. Furthermore, the p value 

is computed directly from the test statistic by using a permutation test, which facilitates 

agreement between EMS and p value. One limitation of the EMS is that a very small 

score, with attendant lack of significance, could mask “balanced” shifts, meaning expansion 

or contraction of a TSS cluster in which the movement of TSS density is symmetrical 

in both directions. To capture these cases, we also report standard unsigned EMD, which 

reports the overall difference between two distributions without regard to direction, and a 

corresponding permuted p value and false discovery rate threshold. EMD spans from 0 to 

1, with 0 indicating identical TSS positions and 1 indicating no overlap of TSS positions. 

Balanced shifts are marked by an EMS score near 0, often without a significant p value, 

and a significant EMD with high magnitude. It is possible that these balanced shifts could 

be related to changes in peak shape (broad versus peaked), so more exploration of this 

phenomenon is required.

TSR shape

Early global studies found that TSRs can often be functionally classified by their overall 

shape. The first detailed global study of TSR shape generated human and mouse CAGE data 

for the FANTOM consortium (Carninci et al., 2006). In this paper, TSRs were classified into 

one of four shape categories (single dominant peak [SP], broad [BP], multimodal [MU], or 

broad with dominant peak [PB]) on the basis of the interquartile range (the distance between 

the TSS positions encompassing specified upper and lower quantiles of a TSR’s signal) 

and distance between TSSs. They found that TATA box-containing promoters tended to 

have more peaked TSS distributions, whereas TATA-less, CpG-rich promoters had broader 

TSS distributions on average. A study of Drosophila melanogaster TSRs derived from EST 

data used a simpler classification scheme wherein TSRs with a single TSS were considered 

peaked and those with more than one were annotated as broad (Rach et al., 2009). In 

addition to the TATA box, peaked promoters were also associated with the Initiator element 

(Inr), Downstream Promoter Element (DPE), and the Motif Ten Element (MTE). In contrast, 

broad promoters were enriched for the DNA Replication Element (DRE), and the Ohler 1, 6, 

and 7 elements. The original PEAT paper introduced another classification strategy wherein 

a smoothed density estimate was fit to each TSR followed by condensation of each TSR 

to the shortest width containing 95% of its constituent reads and classification into three 

patterns (narrow with peak, broad with peak [BP], or weak peak) on the basis of the width 

of the smoothed TSS density (Ni et al., 2010). This classification scheme yielded results 

similar to those of Rach et al. (2009) in terms of motif enrichment in peaked versus broad 

promoters.
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The most popular contemporary TSR shape measurement is perhaps the shape index (SI). SI 

quantifies the number of TSSs at each position within a TSR. The scale of SI ranges from 

negative infinity to one, with scores > −1 classified as peaked and ≤ −1 as broad (Hoskins et 

al., 2011). SI is a more robust measure of TSR shape than TSR width, as it is not sensitive 

to low-scoring outlier TSSs. Furthermore, the continuous nature of SI allowed description of 

a continuum of TSR shapes. Application of SI to Drosophila CAGE data revealed many of 

the same motifs as Rach et al., 2009 and Ni et al. (2010), but additionally found the Pause 

Button and GAGA motifs enriched in peaked promoters and the NDM1 and DMv1 motifs 

in broad promoters. Furthermore, it was found that genes with broad promoters tended to 

be constitutively expressed through development, whereas peaked promoters tended to be 

activated at certain times during development Hoskins et al., 2011. TSRchitect (Raborn et 

al., 2021) introduced the Modified Shape Index, which ranges from −1 to 1 rather than 

negative infinity to 1. Another approach devised a two-step clustering method that utilized 

a dissimilarity metric called generalized minimum distance of distributions (GM-distance) 

which is a modified form of minimum distance of pair assignments, and a peakedness 

score (Zhao et al., 2011). Using this strategy, three TSR cluster shapes emerged: scattered, 

dense, and ultradense, with most dense and ultradense TSRs corresponding to the SP class 

in Carninci et al., 2006, and the scattered TSR corresponding to BP, MU, and PB. In 

addition to motif findings similar to Carninci et al., 2006, exploration of various ChIP-seq 

datasets showed interesting correlations such as H3K4 methylation, H2A.Z, and H3K79me3 

being more associated with scattered promoters, and H3K27me3, H3K9me3, and DNA 

methylation being more associated with dense and ultradense promoters.

FUTURE PROSPECTS

Single-cell TSS profiling

The past several years have seen a rapid proliferation of techniques for measuring transcript 

levels (Ramsköld et al., 2012; Tang et al., 2009), DNA methylation (Guo et al., 2013), 

chromosome conformation (Nagano et al., 2013), chromatin accessibility (Buenrostro et 

al., 2015; Cusanovich et al., 2015), and protein-DNA interactions (Bartosovic et al., 2021; 

Grosselin et al., 2019; Rotem et al., 2015; Wu et al., 2021) in single cells. However, little 

work has been done on cell-to-cell variation in TSS usage: to our knowledge, only two 

such studies have been performed. Tn5Prime (Cole et al., 2018) uses TSRT of RNA from a 

single lysed cell followed by tagmentation with Tn5 for library construction. In the second 

study, nanoCAGE (2017) was combined with the C1 microfluidic platform to yield C1 

CAGE (Kouno et al., 2019). The resulting analysis of TSS usage in 136 single cells revealed 

heterogeneity in the transcriptional response of cells to transforming growth factor (TGF)-β 
as well as unidirectional enhancer transcription in each cell, suggesting that the bidirectional 

transcription often observed at enhancers is a result of sampling a population of cells.

Moving forward, how else might single-cell TSS profiling be performed? A number of 

scRNA-seq approaches use TSRT, already in wide use as a means for TSS mapping. 

Smart-seq3 (and its predecessors) (Hagemann-Jensen et al., 2020) and Single-cell Tagged 

Reverse Transcription (STRT) (Islam et al., 2011) use TSRT on single isolated cells, and 

STRT has been tested for TSS profiling from bulk RNA (Adiconis et al., 2018). The 
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10X Genomics Chromium microfluidic platform uses TSRT for 5′-centric gene expression 

profiling, suggesting that a combination of cell isolation and TSRT on the Chromium 

instrument with a TSS-focused library preparation protocol (e.g., STRIPE-seq) could yield 

single-cell TSS maps. Further development of such approaches will undoubtedly yield 

further insight into cell-to-cell variability in gene regulation.

Long-read sequencing

Although short-read sequencing (e.g., on Illumina platforms) is the standard readout 

for functional genomics methods, long-read sequencing technologies (Oxford NanoPore 

Technologies (ONT) and Pacific Biosciences Single-Molecule Real-Time (SMRT) 

sequencing) have gained popularity for applications such as improving existing genome 

assemblies and assessing structural variation in chromosomes (Logsdon et al., 2020). ONT 

and SMRT have also been used to determine full-length transcript sequences via cDNA 

sequencing (Byrne et al., 2017; Sharon et al., 2013), and ONT is capable of direct RNA 

sequencing for both transcriptome profiling (Garalde et al., 2018; Workman et al., 2019) 

and detection of modified bases (Leger et al., 2019; Liu et al., 2019). For TSS analysis, 

long-read sequencing would be advantageous in that a single read would contain both a 

transcript’s TSS and complete coding sequencing, enabling one-to-one assignment of a TSS 

to its corresponding transcript. However, it has been observed that ONT direct RNA-seq 

reads, originating from a transcript’s 3′ end, are often truncated before the transcript’s true 

TSS (Workman et al., 2019). This might arise from electrical abnormalities because of 

enzyme stalling during RNA translocation or voltage spikes of unknown origin. Extremely 

rapid translocation of the 5′-most 10–15 nucleotides of a transcript though a pore also 

prevents reading of these terminal nucleotides. Thus, dedicated methods are still required to 

confidently detect TSSs when ONT direct RNA-seq is performed.

CONCLUDING REMARKS

Despite the development of a wide variety of techniques for global TSS mapping over the 

past few decades, such methods are integrated into global studies of gene expression far 

less frequently than approaches for quantifying transcript levels (e.g., RNA-seq) or mapping 

protein-DNA interactions (e.g., ChIP-seq, CUT&RUN). Given that heterogeneity in TSS 

usage is a major driver of transcript isoform diversity (Reyes and Huber, 2018; Shabalina 

et al., 2014), likely plays important roles in development (Cvetesic et al., 2020; Haberle et 

al., 2014), is involved in the response to environmental stimuli (Kurihara et al., 2018; Lu 

and Lin, 2019; Ushijima et al., 2017), and is altered in cancer (Demircioğlu et al., 2019), we 

argue that TSS mapping techniques can provide insights into gene regulation complementary 

or inaccessible to those obtained with other more commonly used techniques. Indeed, 

CAGE has been extensively used alongside methods such as RNA-seq and ChIP-seq in 

the context of large consortia such as FANTOM (Forrest et al., 2014) and encyclopedia 

of DNA elements (ENCODE) (ENCODE Project Consortium, 2012) groups, where it has 

provided great insight into promoter-level gene regulation. Furthermore, many TSS mapping 

techniques can also provide information on transcript levels comparable to those obtained 

with various RNA-seq approaches, increasing the cost efficiency of each experiment. In 

some cases, widespread adoption of TSS mapping techniques might have been hampered 
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by barriers of cost and/or technical difficulty. For instance, we calculated the per-sample 

cost of nAnT-iCAGE and SLIC-CAGE to be > $100 USD, with protocols spanning 

multiple days (Policastro et al., 2020), whereas a commercial nAnT-iCAGE kit (https://cage­

seq.com/cage_kit/index.html) has a cost of 25,000 JPY (~$230 USD) per sample. However, 

these methods are currently regarded as the gold standards for TSS mapping thanks to 

their sensitivity, resolution, and low bias (Cvetesic et al., 2018) and so are preferred for 

applications in which high sensitivity is essential. More routine profiling of TSS usage can 

easily be performed with TSRT-based methods, which trade a moderate degree of sensitivity 

for reduced cost and simpler, faster protocols (Policastro et al., 2020). Given the range 

of methods available, we surmise that any researchers interested in profiling transcription 

initiation will be able to find a method that suits their needs. To facilitate methodological 

comparisons, we provide Table 1, which outlines the general advantages and disadvantages 

associated with each of the three enzymatic approaches discussed here as well as salient 

features of specific techniques, and Table 2, which lists reported RNA input amounts for 

each protocol.
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Figure 1. Effects of TSS selection on gene expression
(A) Possible effects of 5′ TL lengthening on transcript stability and translation. 

Transcription factor (TF) 1 specifies use of a proximal promoter, leading to a transcript 

with a short 5′ TL, while TF2 activates an upstream promoter that produces a transcript 

with a long 5′ TL. The extended 5′ TL may contain a uORF, which can act as a “sponge” 

for ribosomes by preventing them from reaching the transcript’s primary ORF and may 

also lead to destruction of the transcript via NMD if the uORF stop codon is recognized as 

premature. The 5′ TL may also contain an IRES, enabling cap-independent translation. We 

note that these 5′ TL features are not mutually exclusive and direct interested readers to a 

recent comprehensive review on the roles of 5′ TLs in gene regulation (Leppek et al., 2018).

(B) Production of transcripts encoding distinct protein isoforms by TF-mediated activation 

of alternative promoters.
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Figure 2. General approaches for TSS mapping
In oligo-capping, total RNA is first treated enzymatically to dephosphorylate uncapped 

RNAs. Caps are then removed, leaving 5′ monophosphates compatible with ligation. The 

cap oligo is ligated to the decapped RNAs and reverse transcription is performed, yielding 

5′-complete cDNA ready for further processing. In cap-trapping, RNA:cDNA hybrids 

are chemically treated to oxidize RNA caps, which are then biotinylated. Streptavidin 

purification is then used to selectively enrich capped hybrids for further processing. In 

TSRT, total RNA is reverse transcribed, and the cap stimulates the addition of nontemplated 

nucleotides to the 3′ end of the first-strand cDNA. A TSO then interacts with the additional 

nucleotides and reverse transcriptase incorporates the complement of the TSO sequence into 

the first-strand cDNA, resulting in 5′-complete cDNA ready for further processing.

See Table 1 for advantages and disadvantages of each approach and Table 2 for RNA input 

requirements.
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Figure 3. Computational processing of TSS mapping data
A general workflow for processing and analysis of TSS mapping data is shown, with 

software that can be used for each step indicated. Asterisks indicate optional steps. 

More information on each piece of software listed here can be found at the following 

URLs: FastQC (https://www.bioinformatics.babraham.ac.uk/projects/fastqc); UMI-tools 

(https://github.com/CGATOxford/UMI-tools); Cutadapt (https://cutadapt.readthedocs.io/en/

stable); STAR (https://github.com/alexdobin/STAR); Samtools (http://www.htslib.org); 

CAGEr (https://www.bioconductor.org/packages/release/bioc/html/CAGEr.html); icetea 

(https://www.bioconductor.org/packages/release/bioc/html/icetea.html); TSRchitect (https://
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www.bioconductor.org/packages/release/bioc/html/TSRchitect.html); TSRexploreR (https://

zentnerlab.github.io/TSRexploreR/index.html); CAGEexploreR (https://github.com/edimont/

CAGExploreR); CAGEd-oPPOSSUM (http://cagedop.cmmt.ubc.ca/CAGEd_oPOSSUM/); 

CAGEfightR (https://www.bioconductor.org/packages/release/bioc/html/CAGEfightR.html).
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