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The 30 untranslated region (30 UTR) of mRNA contains elements that play regulatory roles in polyadeny-
lation, localization, translation efficiency, and mRNA stability. Despite the significance of the 30 UTR, there
is no popular method for annotating 30 UTRs and for profiling their isoforms. Recently, poly(A)-position
profiling by sequencing (3P-seq) and other similar methods have successfully been used to annotate 30

UTRs; however, they contain complex RNA-biochemical experimental steps, resulting in a low yield of
products. In this paper, we propose heuristic and regression methods to estimate and quantify the usage
of 30 UTRs with widely profiled RNA sequencing (RNA-seq) data. With this approach, the 30 UTR usage
estimated from RNA-seq was found to be highly correlated to that of 3P-seq, and poly(A) cleavage signals
of 30 UTRs were detected upstream of the predicted poly(A) cleavage sites. Our methods predicted greater
number of 30 UTRs than 3P-seq, which allows the profiling of the 30 UTRs of most expressed genes in
diverse cell-types, stages, and species. Hence, the computational RNA-seq method for the estimation of
the 30 UTR landscape would be useful as a tool for studying not only the functional roles of 30 UTR but
also gene regulation by 30 UTR in a cell type-specific context. The method is implemented in open-source
code, which is available at http://big.hanyang.ac.kr/GETUTR.

� 2015 Elsevier Inc. All rights reserved.
1. Introduction

The 30 untranslated region (30 UTR) of an mRNA contains cis
sequence elements that are recognized and bound by trans factors,
which mediate mRNA expression and localization [1]. The specific
set of cis regulatory elements such as polyadenylation signals
(PASs), miRNA/argonaute binding sites (MABs), AU-rich elements,
and so on is defined by the 30 UTR, which is immediately followed
by a stop codon and ends in a polyadenylation cleavage site (PCS)
of an mRNA. Where an mRNA is cleaved and polyadenylated is
determined by PASs and downstream motifs, to which polyadeny-
lation (poly(A)) cleavage factors and stimulating factors bind [2,3].

The interplay of PASs and their trans factors on the same gene
regulates the usage of PCSs [4], mediating either the lengthening
or shortening of the 30 UTR. The dynamic change of 30 UTR usage
leads to the formation of 30 UTR isoforms that contain different
cis regulatory elements. This process is called alternative cleavage
and polyadenylation (APA), which enables cell type- and condi-
tion-specific expression of 30 UTR isoforms [4–8]. The importance
of alternative 30 UTR usage is well demonstrated in the secretion
of immunoglobulin heavy chains, which is directed by 30 UTR
shortening in activated B cells [9].

Despite the importance of 30 UTRs, there are few genome-wide
profiling studies of 30 UTR usages. Analysis of expressed sequence
tags (ESTs) provides genome-wide annotations of 30 UTRs, demon-
strating that a majority of mammalian genes have multiple 30 UTR
isoforms [10]. Systematic analysis of ESTs presented in specific tis-
sues reveals that mRNAs specific to neuronal cells tend to have
longer 30 UTRs, while mRNAs specifically expressed in liver cells
tend to have shorter 30 UTRs [11]. The EST-based approach is, how-
ever, not sufficient to quantify the relative amounts of 30 UTR
isoforms. More recently, poly(A) position profiling followed by
high-throughput sequencing (3P-seq) [12–14], as well as other
similar methods [15–20], has been introduced to globally annotate
the 30 UTRs of genes in yeast, worm, fly, zebrafish, mouse, and
human genomes. These methods successfully allowed the quanti-
tative and precise detection of alternative 30 UTR usages.
However, they require complex biochemical steps to yield a
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sufficient amount of final product and, thus, they require a large
amount of RNA as an input. Because of this problem, the methods
were only applied to a few cell types, stages, and species where
3P-seq data are available.

In this paper, we propose a new method for estimating the 30

UTR landscape from RNA-seq, which allows the precise detection
of PCSs in greatly diverse cell types, stages, and species where
RNA-seqs are available. For most mRNAs expressed in four human
cell lines, the 30 UTR usage was able to be profiled by this method,
which has a higher coverage than that of the 3P-seq-based method.
The estimated 30 UTR usage was highly correlated with that based
on 3P-seq in terms of the average lengths and PCSs.
Smoothed
RNA-seq signal

3’ UTR landscape

Fig. 1. A flow chart of the GETUTR pipeline.
2. Materials and methods

2.1. Global estimation of the 30 UTR landscape based on RNA-seq
(GETUTR)

The theoretical landscape of 30 UTRs must be either uniform or
monotonically decreasing because a majority of mRNAs contain
tandem 30 UTR isoforms. However, the signal generated by RNA-
seq often fluctuates along the 30 UTR, and it must be processed to
estimate the precise 30 UTR landscape. As a result, the whole pro-
cedure of GETUTR comprises three steps (Fig. 1): preprocessing,
landscape smoothing, and normalization.
2.2. Preprocessing of RNA-seq reads

Using Tophat (version 1.2.0), we mapped RNA-seq reads from
HeLa, HEK293, Huh7, and IMR90 cells to the reference human gen-
ome (hg19) with a mapped parameter set ‘‘-i 40 – I 70000 – a 8 – p
4 – m 0 – g 10 – solexa1.3-quals’’. In total, approximately 130 mil-
lion reads were properly mapped in the four cell-types. The result-
ing map files were converted to BAM files using SAMtools (version
0.1.16) [21]. Based on the RefSeq gene annotation (hg19, August 22
2011), GETUTR extracted all reads mapped to the 30 UTRs from the
BAM files and made a density function of RNA-seq using kernel
density estimation. It used a Gaussian kernel and found the opti-
mal kernel bandwidth value for density estimation. The data were
then subjected to the smoothing step.
2.3. Smoothing of the RNA-seq signal

The goal of smoothing is to flatten erroneous variations in the
RNA-seq signal while also maintaining the biological changes of
the 30 UTR, thereby directing a monotonic decrease of the 30 UTR
toward the 30 end of a transcript. Here, we propose three smooth-
ing algorithms: two heuristic algorithms and one regression
algorithm.
2.3.1. Heuristic approaches
We developed two different heuristic approaches that use local

maximum values (Max-fitting, Max.fit) and local minimum values
(Min-fitting, Min.fit), respectively. Here, a value indicates the cov-
erage of RNA-seq at a certain position. Max.fit scans all values from
the 30 end of the transcript to a stop-codon and stores local maxi-
mum values. If a value is less than the local maximum value, it is
replaced by the local maximum value. Otherwise, the local maxi-
mum value is updated with the current value (Fig. 2A).
Conversely, Min.fit scans all values from a stop codon to the 30

end of the transcript and stores local minimum values. If a value
is greater than the local minimum value, it is replaced by the local
minimum value. Otherwise, the local minimum value is updated
with the current value (Fig. 2B). Both heuristic methods are very
simple and fast approximation algorithms; their computational
complexity is O(l) where l is the length of UTR of the gene.

2.3.2. Pool-adjacent-violators algorithm (PAVA)
We also implemented an isotonic regression algorithm that

calculates weighted least-squares while keeping the total order
constraint (Eq. (1)),

min
Xn

i¼1

wiðyi � xiÞ2 for i 6 j and yi 6 yj; ð1Þ

where n is the number of data samples, x is an input value, w is its
corresponding weight (w P 0), and y is an estimated output.
Therefore, the result of isotonic regression naturally has a monoton-
ically increasing or decreasing pattern (Fig. 2D). The pool-adjacent-
violators algorithm (PAVA) [22,23] is an iterative isotonic regression
algorithm for fitting data, which minimizes the error from the orig-
inal under the constraint of monotonic increases/decreases. After
scanning all values from the 30 end of the transcript to its stop
codon, if the monotonic constraint is violated at a certain position,
PAVA goes back to find larger values than that of the position, and it
fits all violated values to a local weighted average (Fig. 2C).
Therefore, the output function of the PAVA resembles a step func-
tion. Although the PAVA seems to be more complex than heuristic
methods, it still has a computational complexity of O(l) where l is
UTR length of the gene [24].

2.4. Normalization

To make RNA-seq comparable to 3P-seq, we normalized signals,
which were smoothed by the smoothing algorithms, by scaling
them to range between zero and one. To correct for 30 UTR ends
erroneously extended by a low background RNA-seq signal, the
5% endmost signals of RNA-seq on the 30 UTR were trimmed. The
resulting values and corresponding coordinates were stored with
a BED format.

2.5. The usage of GETUTR

GETUTR takes three inputs; RNA-seq mapping BAM/BED file,
gene annotation file in GTF format, and a choice of the smoothing
algorithm. Using these inputs and the chosen smoothing
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Fig. 2. Heuristic- and regression-based smoothing algorithms. Shown are two heuristic algorithms with pseudocodes, Max.fit (A) and Min.fit (B), and one isotonic regression
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algorithm, GETUTR predicts 30 UTR landscape in BED format as out-
put and provides a list of poly(A) cleavage sites from the positions
of local-maximum gradients based on the predicted 30 UTR land-
scape (Supplementary Table S1). More detail usage is described
at http://big.hanyang.ac.kr/GETUTR.
2.6. Time complexity of GETUTR

GETUTR has three steps: preprocessing, smoothing, and nor-
malization. Preprocessing extracts all reads in RNA-seq data, then
it matches genes to their corresponding reads. It stores RNA-seq
reads in a hash table structure for fast matching, so time complex-
ity of preprocessing is O(r + g), where r is the number of reads in an
RNA-seq library and g is the number of genes from the reference
human genome (hg19). Meanwhile, algorithms in smoothing and
normalization, which are applied for all genes, have O(l) time com-
plexity, where l is the 30 UTR length of a gene, but the length of 30

UTR is mostly less than 5000 nt. Therefore their time complexities
are estimated as O(g). Overall, time complexity of GETUTR is
O(r + g); preprocessing has O(r + g), smoothing has O(g), and nor-
malization has O(g) time complexity.
2.7. Experimental design

2.7.1. Data
To apply GETUTR and for the analysis of unmapped reads with

untemplated poly(A) sequences, publicly available poly(A)-se-
lected RNA-seqs of four wild-type cell lines, HeLa, HEK293, Huh7,
and IMR90, were downloaded from the NIH gene expression omni-
bus (GEO) (accession number: GSE52530). 3P-seq data in corre-
sponding cells were downloaded from the GEO (accession
number: GSE52527).
2.7.2. Evaluation of GETUTR
To evaluate the 30 UTR landscape estimated by GETUTR, we

compared the results to those based on 3P-seq in two different
aspects: (i) average lengths of 30 UTRs and (ii) prediction of PCSs.

2.7.3. Average lengths of 30 UTRs
The average length of a 30 UTR is defined as the sum of the mul-

tiplications of the ratio of 3P-seq reads by the total reads and by
the lengths of the corresponding isoforms (Supplementary
Fig. S1A). The average length estimated by GETUTR was compared
to that based on 3P-seq. A high correlation of average length indi-
cates GETUTR is comparable to the 3P-seq-based method in esti-
mating the landscape of 30 UTRs.

2.7.4. Prediction of PCSs and PASs
The canonical PAS, AAUAAA, and its variants (AUUAAA,

UAUAAA, AGUAAA, UUUAAA, CAUAAA, AAUACA, AAUGAA,
AAUAUA, GAUAAA, and UGUAAA) are mostly located from 15 to
30 nt upstream of a PCS [2,25,26]. To identify these motifs, the
positions of local-maximum gradients based on the predicted 30

UTR landscape were predicted to be PCS candidates (Fig. 5A). All
possible hexamers were counted in the upstream region of the
PCS candidates and compared to those for randomly chosen posi-
tions as a control.
3. Results and discussion

3.1. The RNA-seq signal roughly reflects the 30 UTR landscape

The RNA-seq signal generally covers an entire gene body,
including UTRs with local variations, and its mean-coverage is
interpreted as the endogenous level of the transcript. Although
local variations of coverage partly result from technical biases,

http://big.hanyang.ac.kr/GETUTR
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the majority of them occur due to biological reasons such as iso-
form usages. For example, the 30 UTR landscape appears to be
roughly represented by an RNA-seq whose coverage dramatically
dropped at the PCSs of a dominant 30 UTR isoform (Fig. 3A). To
examine the global correlation of RNA-seq and 3P-seq signals over
30 UTRs, we compared them with respect to the isoform ratio,
defined as the fraction of 30 UTR isoforms at a particular position.
For 3P-seq, the isoform ratio is calculated as the sum of 3P-seq
reads downstream of a particular position divided by the total of
3P-seq reads on a particular gene (Supplementary Fig. S1B). The
isoform ratio for RNA-seq is calculated as the read coverage in
the variable region divided by the read coverage in the constant
region of a particular gene (Supplementary Fig. S1C). We found a
positive correlation between RNA-seq and 3P-seq, regardless of cell
types (Fig. 3B), along with inconsistencies in some genes. This sug-
gests that 30 UTR isoform usage, to some extent, can be predicted
by the RNA-seq signal. The majority of the inconsistencies, where
the logarithm base 2 of the RNA-seq-based isoform ratio is greater
than 1, resulted from variations in the RNA-seq signal due to
technical errors (Fig. 3B).

3.2. RNA-seq-based estimation of the 30 UTR landscape

Using GETUTR, we estimated 30 UTR landscapes of mRNAs in
four human cell types, HeLa, HEK293, Huh7, and IMR90, from their
RNA-seq data. GETUTR uses kernel density estimation with
Gaussian kernel, of which the bandwidth size is adjusted based
on the pre-investigated value (Supplementary Fig. S2), and three
smoothing algorithms for estimation. To evaluate the 30 UTR land-
scapes estimated from the suggested smoothing algorithms, we
compared them with that of 3P-seq, in terms of the average lengths
of the 30 UTRs. The average lengths of the estimated 30 UTRs were
strongly correlated with those of 3P-seq, regardless of smoothing
methods and cell types (Fig. 4A). As previously observed by
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3P-seq [14], the average length of 30 UTRs predicted by the smooth-
ing methods was longest in HEK293 and shortest in Huh7 cells
(Fig. 4B).
3.3. Prediction of PCSs using RNA-seq

To confirm the biological relevance of RNA-seq-based 30 UTR
usage, we predicted the PCSs of 11,902–13,079 genes supported
by RNA-seq (Supplementary Table S2), as described in Section 2.
Of more than 30,000 PCSs, 8597–12,151 (26.0–38.6%) co-occurred
within 100 nt upstream or downstream of sites based on 3P-seq. To
further evaluate the predicted PCSs, we checked the occurrence
ratios of PASs by scanning 15-nt windows without overlap (six sec-
tions), up to 90 nt upstream of the sites, and compared them to
those observed upstream of randomly chosen positions in the 30

UTR. Significantly more PASs were detected upstream of the cleav-
age site candidates (5–12%) compared with the random sites (3–
4%) (Figs. 5B, C, S3A and B). Particularly, PASs were most often
observed within 15–30 nt upstream of the PCSs, which was consis-
tent with previous observations. A canonical PAS, AAUAAA, was the
most significantly enriched 6-mer, compared with the control
(Supplementary Table S3). To check the occurrences of PASs
nearest the PCSs at single-base resolution, we further checked
PASs up to 150 nt upstream of the cleavage sites. While PASs for
the control were evenly distributed over all 150 nt (Fig. 5D), those
for all three smoothing algorithms were more often detected
within 30 nt upstream of the PCSs and, after that, they gradually
decreased (Fig. 5E–G).
3.4. RNA-seq reads with untemplated poly(A) sequences predict PCSs

Because RNA-seq reads with poly(A) sequences can be
sequenced, PCSs could also be detected by such reads [27,28].
The reads with poly(A) sequences, however, failed to map to the
reference due to the non-genomic poly(A) sequences of the reads,
called reads with untemplated poly(A) sequences. To gather such
reads, we examined approximately 130 million unmapped reads.
We identified 1.6 million reads with at least two untemplated
‘A’s in their 30 end (Fig. 6A). After trimming the untemplated ‘A’,
144,459 reads were uniquely mapped to the genome using
Bowtie [29]. As described in a previous paper [14], the reads were
clustered in 30 UTRs and their flanking regions; the 30 end of the
major read in each cluster was then set as the PCS. We only used
clusters with at least two reads that contained untemplated



B

Untemplated A
3P-seq

Max.fit
Min.fit
PAVA

0

2,000

4,000

6,000

8,000

10,000

12,000

14,000

HeLa HEK293 Huh7 IMR90

C

Untemplated A
3P-seq

Max.fit
Min.fit
PAVA

0

1

2

3

4

HeLa HEK293 Huh7 IMR90

A

N
um

be
r 

of
 g

en
es

M
ea

n 
nu

m
be

r 
of

 P
CS

s
N

um
be

r 
of

 re
ad

s

0

1

2

3

4

HeLa HEK293 Huh7 IMR90

5

Unmapped reads
Reads with untemplated poly(A)

HeLa

HEK293

Huh7

IMR90

Unmapped reads
Reads with 
untemplated poly(A)

40,212 (0.14%)

36,528 (0.14%)

40,745 (0.09%)

26,974 (0.09%)

27,756,584

25,909,097

44,711,192

30,264,222

(x107)

Fig. 6. GETUTR predicts the 30 UTRs of most expressed mRNAs. (A) Shown are the numbers of unmapped reads and percentages of reads with untemplated poly(A) sequences
in four cell types (HeLa, HEK293, Huh7, and IMR90). (B) Shown are the numbers of genes that contain at least one polyadenylation cleavage site (PCS) detected by Max.fit
(blue), Min.fit (red), the pool-adjacent-violators algorithm (PAVA) (green), 3P-seq (purple), and reads with untemplated poly(A) sequences (orange). (C) Shown are the
average numbers of the PCSs in a 30 UTR detected by Max.fit (blue), Min.fit (red), PAVA (green), 3P-seq (purple), and reads with untemplated poly(A) sequences (orange).

116 M. Kim et al. / Methods 83 (2015) 111–117
poly(A) sequences over the four cell types. As a result, approxi-
mately 2000 protein-coding genes (2467 for HeLa, 2164 for
HEK293, 1765 for Huh7, and 1936 for IMR90 cells) included at least
one PCS in their 30 UTRs and within their 5-kb downstream regions,
which was much fewer than those (�11,000) predicted by 3P-seq
and those (�12,000) predicted by the three smoothing algorithms
of GETUTR (Fig. 6B). We also examined the average number of PCSs
in each 30 UTR and found 1.1 PCSs using reads with untemplated
poly(A) sequences, which was much fewer than that for 3P-seq
(2.8 PCSs) and those for GETUTR (Max.fit: 2.7, Min.fit: 2.4, and
the PAVA: 2.7 PCSs). The numbers of PCSs predicted by the
three algorithms of GETUTR were very close to that of 3P-seq
(Fig. 6C).

4. Conclusion

We presented GETUTR, global estimation of the 30 UTR land-
scape from RNA-seq. The main goal of GETUTR is to smooth fluctu-
ating RNA-seq signals to estimate a monotonically decreasing
landscape of 30 UTRs. The three smoothing algorithms of GETUTR
were evaluated with two perspectives: average lengths of 30

UTRs and the prediction of PCSs. The PAVA and Max.fit showed rel-
atively good performance; in particular, the PAVA showed a better
or comparable performance for the average lengths of 30 UTRs and
in the prediction of PCSs associated with poly(A) signals. The
GETUTR provides considerably fast, low complexity algorithms to
process enormous public RNA-seq data, but it is more feasible than
3P-seq. Using GETUTR, the dynamic changes of 30 UTR usage can be
quantified in any cell type, stage, and species for which RNA-seq
data are available, thereby leading to a better understanding of 30

UTR biology.
Previously, applying cell type-specific usage of 30 UTRs to

miRNA target prediction significantly improved the current
TargetScan model [14]. Dynamic changes of 30 UTRs exert con-
text-specific miRNA targeting on mRNAs, thereby mediating the
cell type-specific expression of mRNAs [14]. Our method can be
applied to develop a cell type-specific, context-score model for
miRNA target prediction in many different cell types.
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